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Abstract

Grey-box modelling deals with models which are able to integrate the following two kinds
of information: qualitative (expert) knowledge and quantitative (data) knowledge, with equal
importance. The doctoral thesis has two aims: the improvement of an existing neuro-fuzzy ap-
proach (LOLIMOT algorithm), and the development of a new model class with corresponding
identification algorithm, based on multiresolution analysis (wavelets) and statistical methods.
The identification algorithm is able to identify both hiddendifferential dynamics and hysteretic
components.

After the presentation of some improvements of the LOLIMOT algorithm based on readily
normalized weight functions derived from decision trees, we investigate several mathematical
theories, i.e. the theory of nonlinear dynamical systems and hysteresis, statistical decision the-
ory, and approximation theory, in view of their applicability for grey-box modelling. These
theories show us directly the way onto a new model class and its identification algorithm.
The new model class will be derived from the local model networks through the following
modifications: Inclusion of non-Gaussian noise sources; allowance of internal nonlinear dif-
ferential dynamics represented by multi-dimensional realfunctions; introduction of internal
hysteresis models through two-dimensional “primitive functions”; replacement respectively
approximation of the weight functions and of the mentioned multi-dimensional functions by
wavelets; usage of the sparseness of the matrix of the wavelet coefficients; and identification of
the wavelet coefficients with Sequential Monte Carlo methods. We also apply this modelling
scheme to the identification of a shock absorber.
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Abstrakt

Grey-Box-Modellierung beschäftigt sich mit Modellen, diein der Lage sind folgende zwei
Arten von Information über ein reales System gleichbedeutend einzubeziehen: qualitatives
(Experten-)Wissen, und quantitatives (Daten-)Wissen. Die Dissertation hat zwei Ziele: die
Verbesserung eines existierenden Neuro-Fuzzy-Ansatzes (LOLIMOT-Algorithmus); und die
Entwicklung einer neuen Modellklasse mit zugehörigem Identifikations-Algorithmus, basie-
rend auf Multiskalenanalyse (Wavelets) und statistischenMethoden. Der resultierende Iden-
tifikationsalgorithmus ist in der Lage, sowohl verborgene Differentialdynamik als auch hyste-
retische Komponenten zu identifizieren.

Nach der Vorstellung einiger Verbesserungen des LOLIMOT-Algorithmus basierend auf
von vorneherein normalisierten Gewichtsfunktionen, die auf einer Konstruktion mit Entschei-
dungsbäumen beruhen, untersuchen wir einige mathematische Theorien, das sind die Theorie
nichtlinearer Systeme und Hysterese, statistische Entscheidungstheorie and Approximations-
theorie, im Hinblick auf deren Anwendbarkeit für Grey-Box-Modellierung. Diese Theorien
führen dann auf direktem Wege zu einer neuen Modellklasse und deren Identifikationsalgo-
rithmus. Die neue Modellklasse wird von Lokalmodellnetzwerken durch folgende Modifika-
tionen abgeleitet: Einbeziehung von nicht-Gaußschen Rauschquellen; Zulassung von inter-
ner nichtlinearer Differentialdynamik repräsentiert durch mehrdimensionale reelle Funktio-
nen; Einführung interner Hysterese-Modelle mittels zweidimensionaler „Stammfunktionen“;
Ersetzung bzw. Approximation der Gewichtsfunktionen und der erwähnten mehrdimensiona-
len Funktionen durch Wavelet-Koeffizienten; Ausnutzung der Dünnbesetztheit der Wavelet-
Koeffizienten-Matrix; und Identifikation der Wavelet-Koeffizienten mit Sequentiellen Monte
Carlo-Methoden. Wir wenden dieses Modellierungsschema dann auf die Identifikation eines
Stoßdämpfers an.
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Overview

Grey-box models for nonlinear systems

The task of building mathematical models is the translationof certain interesting properties
of a real system into mathematical equations. To execute this task, it is necessary to have
access to information about the real system one wants to model. This information is of three
kinds (see e.g. Bernardo [2003]). First of all, it is necessary to have knowledge (K) about the
real system, be it structural knowledge on the constructionof the system, physical knowledge
gained by first principles, or be it historically adopted empirical knowledge. The second kind
of information is data (D) taken from deliberately planned experiments on the system. The
third kind is more comprehensive: it consists in the assumptions (A) we have to make on the
relationship of model and system, for example about the correctness of our model.

Depending on the influences of these three kinds of information during the building of our
model, we distinguish roughly between several model types.Since the assumptions (A) of
the correctness of our model generally have to be made for allmodel types, the distinction
is along the other two kinds of information, namely knowledge (K) and data (D). Looking at
the extreme poles, we on one side have models which are built only by using knowledge (K),
called the white-box models, and on the other side, the models which are to be estimated by
experimental data (D). In reality, models do not belong to exactly one type. Generally all kinds
of information have to be applied, but often there is a tendency towards one of these extrema.

White-box models thus subsume all kinds of (ordinary or partial) differential equations de-
rived from first principles. Another example is the rule-based models like e.g. realized by
fuzzy-systems, or more general by expert systems. Conversely, black-box models are mainly
given by parameterized model classes, e.g. consist of combinations of simple basis functions
respectively basis models (compare Sjöberg et al. [1995] and Juditsky et al. [1995]). The
parameters occurring in theses models have to be identified (estimated) through useful data.
Into these classes also the neural networks may be counted, which some years ago gained
much attention similar to the fuzzy-systems. A problem concerning neural networks as well
as fuzzy-systems is that from a mathematical viewpoint, there do not exist well founded un-
derlying theories for their convergence behaviour especially in high dimensions and in the
presence of noise. Because of their conceptual simplicity they are nevertheless very popular
within the engineering and technical communities.

A third kind of model type is called grey-box model. This typeactually subsumes all mod-
els in-between the two extremes of white- and black-box models. As already mentioned, a
model development process is always driven by both prior knowledge and experimental data,
hence principally all models are in some respect grey-box models. As an example we men-
tion models consisting of differential equations where several parameters occurring in these
equations are not known and have to be extracted from the system by data-based methods.

xvii
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Conversely, when models are built by a basis-function approach, one can and has to choose
these basis functions according to the properties of the real system. To do the right choice,
one needs knowledge about the system.

Grey-box modelling, as we want to have it understood, is ableto integrate both kinds of
information: qualitative knowledge and quantitative (data) knowledge with equal importance.
We have to provide two means: a model class and a corresponding identification algorithm.
Both are equally important and have to fit to each other.

In this thesis we want to pursue a mainly non-parametric approach. Non-parametric in the
case of model identification means that we do not just estimate a fixed number of scalar pa-
rameters. Instead, the models come from classes with a variable number of parameters, and
this number (corresponding to the model size) has to be estimated as well. It appears that the
methods used in the literature for non-parametric grey-boxmodelling are not easily treated
with mathematical investigations. With the existing methods, every system identification re-
duces to the solution of the following problem:

• Approximate a multi-dimensional real function which is known only on irregular dis-
tributed and finitely many values, these values being additionally disturbed by noise and
errors.

These errors are measurement errors which are unavoidable during the data acquisition process
(data errors), as well as unmodelled system influences (model errors), or disturbances (from
inside or outside). In all cases, it seems that the most natural procedure to handle these in
detail unknown errors is the usage of stochastic processes for modelling. Often, errors are
simply assumed to be Gaussian noise (if not neglected at all), what in many cases may not be
sufficient.

As an example for grey-box modelling we mention the so-called neuro-fuzzy systems.
These consist of a combination of fuzzy-system and neural network, and can thus be used
for the purpose of grey-box modelling. Both fuzzy-systems and neural networks are used as
approximators. In both cases, one tries to approximate a real function which is defined on
several variables (multi-dimensional function) by a weighted sum of one-dimensional (and
thus easier to handle) real functions. This problem is closely connected with (and is actually
a generalization of) Hilbert’s 13th problem where a solution (for continuous functions) was
given by Kolmogorov and Arnol’d in 1957 (see appendix). Thisoriginally purely theoreti-
cal concept showed not to be practically applicable, because the mentioned one-dimensional
functions could not be computed explicitly. Both fuzzy-systems and neural networks try to
overcome these problems.

In the case of fuzzy-systems, predefined data points — these are given through the modelled
rule base — are interpolated by fuzzy-logic. Fuzzy-logic isa generalization of the usual two-
valued logic through accounting also for intermediate logical values. In contrast, the neural
networks can be seen as a formalization of the structure of animal brains. This formalization
was given by McCulloch and Pitts already in 1943. Hecht-Nielsen and Funahashi could show
in the 1980s that an approximation of a multi-dimensional real function using the so-called
three-layered feedforward network, is principally possible. Three-layered neural networks re-
semble the solution found by Kolmogorov and Arnol’d. There arise several problems: How to
find the right complexity of the network (number of neurons)?How to identify the parameters
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(weights)? How can errors and disturbances be treated? Onlyafter the introduction of the
backpropagation algorithm some success could be achieved.The backpropagation algorithm
is nothing else than a local optimization algorithm based onthe gradient of the real function
realizing the neural network, regarded as function on the parameters. The optimization is thus
only done locally and depends strongly on the choice of the initial parameters. The initial
parameters are usually chosen randomly, whereas there seldom exist precise descriptions on
how to choose them (e.g. with respect to the right probability distributions; without the choice
of a probability distribution it is not possible in reality to apply random selections). The orig-
inal steepest descent method is known to be extremely slow. There are methods which fasten
the convergence, like Newton or quasi-Newton methods (see e.g. Sjöberg et al. [1994]), but
nevertheless they still seem to be seldom used in applications.

Neuro-fuzzy systems inherit this backpropagation algorithm, but the initial values of the
parameters are determined in a more constructive way. Sincethe parameters are mainly part
of the fuzzy-rule system, they can be initialized via a-priori knowledge. Another possibility
is the successive addition of new rules, for example by splitting an old rule into two or more
derived rules. Also the inverse procedure is reasonable, the merging of two or more rules into
one. These split-and-merge algorithms appear also in different settings.

We want to show in this thesis that the mentioned methods (fuzzy-systems coupled with
neural networks) can be replaced by other mathematically more grounded ones. Furthermore,
after doing this, an essentially larger class of nonlinear systems can be identified. This doctoral
thesis has two aims:

• the improvement of an existing neuro-fuzzy approach (LOLIMOT algorithm), and

• the development of a new model class with corresponding identification algorithm,
based on multiresolution analysis (wavelets) and statistical methods.

Altogether the following theories play a role:

• theory of nonlinear dynamical systems and hysteresis,

• statistical decision theory,

• approximation theory.

The structure of this thesis is as follows: After the presentation of the improvements of
the LOLIMOT algorithm, we want to describe the mentioned theories in the view of their
application for grey-box modelling in the subsequent chapters. These theories show us directly
the way onto the new model class and its identification algorithm, presented in the last chapter.

Local model networks (chapter 1)

We first want to investigate in this thesis the model class provided by the local model networks
which serve equally well for black-box and grey-box models;from the local model networks
also the new model class will be derived. The corresponding identification algorithm is the
so-called LOLIMOT algorithm (Nelles [2001]). LOLIMOT stands for “LOcal LInear MOdel
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Tree”. Local model networks (see also Johansen and Murray-Smith [1997]) represent a gen-
eralization of the basis-function approach. The basis elements in this case are not functions
but (linear) dynamic models. These models are weighted and superposed in such a way that in
certain parts of the regime space (this is where the global model lives) mainly only one basis
model is “active”. In this way the name “local” models for thebasis models is justified. The
LOLIMOT algorithm produces successively a more and more complex global model: begin-
ning with only one basis model, it iteratively divides the regime space and identifies the newly
obtained local models. Since the superposition of the (linear) local models is done through
nonlinear weight functions, the overall global model is nonlinear. Principally, the linearity of
the basis models — meant is the linearity with respect to the inputs — is not essential for the
identification procedure; it is only necessary that the parameters occurring in the basis models
are linear. This is also the case for polynomial models. The algorithm works equally well for
this kind of models.

We will provide some improvements on the original algorithm. For this reason the weight
functions, originally normalized Gaussian bell functions, are replaced by decision-tree based
weight functions. These are already normalized, i.e. they form a non-negative partition of
the unity. They do not need to be forced to normality. Exactlythis procedure leads to some
problems when using the Gaussian bells. The introduction ofthe decision-tree based weight
functions enables further improvements: more flexible partitions of the regime space (orig-
inally, the only divisions possible have been axis-parallel ones), the application of pruning
methods (this means the “resection” of the model tree which originally could only grow) and
the introduction of gradient-based optimization procedures. Then the transfer from an over-
all NARX model to an overall NOE model (better suited for simulation) is possible without
problems. The local model networks thus approach even more the neural networks, and simi-
lar to their case mathematical convergence results are not available. Nevertheless, an optimal
approximation cannot be expected, the algorithm works onlysuboptimal. Although it seems
to be quite stable, at least if linear basis models are used, the restriction to these models may
lead to many divisions of the regime space and thus to very complex models. Conversely, the
usage of polynomials of higher degree may lead to instabilities during the estimation of the
coefficients.

A further extension of the algorithm for the estimation of hysteresis models will be pre-
sented in the following chapter.

Theory of nonlinear dynamical systems and hysteresis (chapter 2)

The focus here lies on the nonlinearity. Recently, more and more applications gain attention
wherein hysteresis plays a major role (see e.g. Visintin [1994]). Hysteresis in its broadest sense
can be seen as the dependence of two signals occurring in the system such that this dependence
concerns the whole history of the system. This very broad definition should be sharpened to
extreme cases to make investigations possible; otherwise virtually every system could be sub-
sumed under this definition. Therefore one focusses in most cases on rate-independent hys-
teresis. It is in some way an extreme opposite of the usual systems with differential dynamics:
signals which follow rate-independent hysteresis are in a certain way independent of the veloc-
ities these signals occur with. Since changes of the velocity are mathematically equally well

xx
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described by time transformations, rate-independence is equivalent to the invariance of the
system against every time transformation. In reality this extreme case will occur quite seldom,
but for theoretical investigations the restriction to thiskind of hysteresis enlightens matters. In
the literature, the notion of hysteresis is often used in this restricted sense of rate-independent
hysteresis. One of the most popular models for (a special kind) of hysteresis is the Preisach
model. For an incorporation of Preisach hysteresis into neural network models see Kirchmair
[2002].

A further extension of the LOLIMOT algorithm was done by applying it to hysteresis mod-
els of Preisach type. Therefore some kind of primitive function of the Preisach function was
used, which can be identified with exactly the same methods asthe linear models in the orig-
inal algorithm. Though some examples of hystereses could beidentified exactly, the above
mentioned problems of the original LOLIMOT algorithm appeared also in this case. Further-
more, a reasonable coupling of differential-dynamical andhysteresis models appeared to be
difficult. Generally, the usage of state space models (with hidden states) is not possible with
the existing algorithms. For these reasons, a further development or even complete rearrange-
ment of model and algorithm seemed necessary.

Statistical decision theory (chapter 3)

Decision theory is a branch of probability theory and deals with the question which decisions
can be made under uncertainty and how reliable these decisions are (an introduction can be
found in Berger [1980] or, newer, in Robert [2001]). Decision theory is closely connected with
the Bayesian interpretation of probability theory. The Bayesian interpretation of probability
theory (in some way represented already by Laplace, later byRamsey, de Finetti and Savage)
led in the past (and is still leading) to quarrels between the“Bayesians” and the “Frequentists”
(the latter ones represented by Fisher, Pearson, Neyman).

One main point criticized on the Bayesian approach is the necessity to introduce a-priori
knowledge. But this actually must be seen as an advantage rather than as a disadvantage. The
frequentist viewpoint, which consists of the opinion that astatistical analysis must be based
on the pure data and not on a possibly subjective prior knowledge, leads often to senseless
assumptions and unnecessary conservative and even wrong estimates (examples can be found
in Jaynes [1976]). Contributing to this, in frequentist probability, statements are only allowed
to be done for random experiments which are principally repeatable arbitrarily often in the
same way. The Bayesian approach is much more flexible: to eachvariable (belonging to a
random experiment or not), a distribution can be assigned. For this reason virtually every data
set is useful (it does not need to be a random sample of a randomexperiment and also does
not need to be “sufficiently large”).

In the course of the mentioned quarrels, trials were undertaken to show Bayesian probability
theory as the only reasonable theory serving to the modelling of uncertainty (known as Cox’s
theorem, see e.g. Jaynes [1990] and Arnborg and Sjödin [2003]). Despite some gaps in the
original proofs it seems that this task has been treated successfully, albeit the definition of
“reasonable theory” always stays to be somewhat arbitrary.In this sense the fuzzy-logic drops
out as an alternative theory. Indeed, the fuzzy-logic provides a plentitude of possibilities (so,
there exist several different fuzzy-logics), but does not provide any means to decide which of
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these logics should be used under which circumstances. In contrast, if one accepts the above
mentioned “reasonable” assumptions, then there is only onepossible answer: the logic as
induced by the Bayesian probability theory.

In system identification, parameter estimation in state space models can be done with
Bayesian methods. A sever problem occurring is that apart from discrete or normal linear
state space models, an analytic formula for the estimation of the hidden states is not available.
Even in linear normal models, the joint estimation of hiddenstates and parameters is difficult.
An estimate can only be approximated by numerical methods, and promising candidates for
such methods are the nowadays investigated Sequential Monte Carlo (SMC) methods (some-
times also called particle filters; see e.g. Künsch [2005]).

Approximation theory (chapter 4)

Approximation theory (see e.g. DeVore [1998]) investigates the possibilities for the approx-
imation of a complicated real function by other simpler realfunctions called approximants,
and their convergence properties. The questions arising are:

• Which functions are suited to be used as approximants?

• Which functions can be approximated therewith?

• How good is this approximation?

Nonlinear approximation theory (the approximants are not taken from a vector space but from
a manifold) is represented in the one-dimensional case by atleast two classes of approxi-
mants: splines (with free knots) and wavelets. In the one-dimensional case both approaches
lead to equivalent conclusions. In higher dimensions (the approximated function is multi-
dimensional) this analogy breaks down, and it appears that the theory is no longer applicable
to splines. Concerning wavelets, the theory is transposed to higher dimensions without prob-
lems. Thus, the question for the right approximants seems tobe decided in favour of the
wavelets. The other two questions mentioned, which functions can be approximated and how
well this is done (i.e. how fast is the convergence?), can be answered by the theory of Besov
spaces. These spaces can be obtained as interpolations of Sobolev spaces and encompass large
classes of functions. Through the combination of these three theories, namely approximation,
wavelet, and Besov space theory, which at first look do not seem to have something in com-
mon and which have developed independently, a powerful and flexible tool is gained for the
approximation and analysis of finite-dimensional real functions. A similar theory for neural
networks used as approximants does not exist, and some negative results indicate that such
strong propositions as they exist for wavelets are not to be expected (see e.g. Hush [1999]).
This is even more true for the approximation by means of fuzzy-logic: here not even an ap-
propriate algorithm exists.

We mentioned above that three theories play a major rôle in this thesis: theory of nonlinear
dynamical models and hysteresis, statistical decision theory based on Bayesian probability
theory, and approximation theory in connection with wavelets. A combination of the first
two theories may be done with the Sequential Monte Carlo methods. On the other hand, the

xxii



i i ii

i i ii

Overview

combination of Bayesian probability theory and wavelets was successfully applied in the field
of image processing, both to the compression of (real or artificial) images and to the removal
of noise (denoising); see Abramovich et al. [1998]. The crucial point can be found in the fact
that the same technique which is used in function approximation with wavelets is also applied
to the compression and denoising of images: the so-called thresholding. The effectiveness of
this technique is guaranteed by two important properties ofwavelets:

• the sparsity of the wavelet coefficient matrix and

• the decorrelation of the wavelet coefficients.

Exactly these properties lead to a new model class with corresponding identification algorithm.
The third possible combination of the above mentioned threetheories essential for the thesis

is the usage of wavelets for system identification. This is astonishingly a seldom appearing
combination in the literature. For example, Hasiewicz [2001] uses wavelets for the identifica-
tion of Hammerstein models. This model type is a simple form of nonlinear modelling, done
by a serial connection of a nonlinear static and a linear dynamical model. The static part in this
case is realized by a wavelet approximation whereas the linear dynamical part is treated with
the usual identification procedures of linear systems theory. A complete different approach
is given by the Unified Transform (UT) as presented in Feuer etal. [2006], a generalization
of the Laplace, Laguerre, Hambo (Heuberger et al. [2003]), and other transforms given for
Linear Time Invariant (LTI) systems. The Unified Transform shows properties closely related
to the wavelet transform. It is however only applicable to linear systems. Nevertheless, a
combination with the here presented methods could be interesting.

The new model class (chapter 5)

The new model class will be derived from the local model networks through the following
modifications:

• Inclusion of non-Gaussian noise sources;

• Allowance of internal nonlinear differential dynamics represented by multi-dimensional
real functions;

• Introduction of internal hysteresis models through two-dimensional “primitive func-
tions”;

• Replacement respectively approximation of the weight functions and of the mentioned
multi-dimensional functions by wavelets;

• Usage of the sparseness of the matrix of the wavelet coefficients;

• Identification of the wavelet coefficients with SMC methods.
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The justification of these rearrangements is based upon results of the above mentioned theo-
ries. The new model class enables the identification of an essentially larger class of systems.
Of course, these systems can further on have differential-dynamical properties, but also hys-
teresis properties and hidden states may now be incorporated. This enhanced flexibility is
payed on the other side by an increased effort necessary for the identification. Once identified,
the models are extremely fast during the simulation: The models resulting after the identifi-
cation of the parameters consist mainly of recurrent linearfilter banks (the same filter banks
used with the fast wavelet transform FWT, which is known to befaster than the fast Fourier
transform FFT).
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Notations

l := r : definition of the left hand sidel by the right hand sider

#A: number of elements of a finite setA

∁A: complement of the setA (in a larger setΩ)

A
.
∪B: disjoint union of the setsA andB

N :=
{

0,1,2,3, . . .
}

set of natural numbers including 0

N∗ :=
{

1,2,3, . . .
}

set of natural numbers excluding 0

R: set of real numbers

R≥0 :=
{

x∈R
∣∣ x > 0

}
: set of positive real numbers

R>0 :=
{

x∈R
∣∣ x≥ 0

}
: set of non-negative real numbers

R := R∪
{
−∞,+∞

}
: set of real numbers including negative and positive infinity

C: set of complex numbers

ḡ(x) := g(x): complex conjugate

ℓ2(Z): square summable sequences overZ

L2(R): square integrable functions onR

L2(Ω,µ): square integrable functions onΩ with respect to a measureµ (defined on aσ -
algebraA on Ω)

〈 f ,g〉 :=
∫

f (x)ḡ(x)dx: scalar product onL2

Lp
loc(T,X): locally p-integrable functions fromT to X

C0(Rd): set of all continuous and bounded functionsf : Rd −→R (orC)

S⊤: transpose of the matrixS

1A(x) :=

{
1, if x∈ A,
0, else:

characteristic function of the setA

Pr(A|E): probability of the event A given the event E
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Notations

x∼ p(x): x is distributed according top(x)

g(x) ∝ h(x): g(x) is proportional toh(x)

Ep[h(x)] :=
∫

h(x)p(x)dx: expectation ofh(x) under the densityp(x)

Eθ [h(y)]: expectation ofh(y) under the distributiony∼ f (y|θ)

Eπ [h(θ) |y]: expectation ofh(θ) under the posterior distribution ofθ , π(θ |y), given the
prior π

x1:n: x1, . . . ,xn or (x1, . . . ,xn)

A≍ B: there are constantsC1,C2 > 0 such thatC1A≤ B≤C2A
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1 Introduction: Grey-box models

and the LOLIMOT algorithm

This chapter wants to give a first introduction into the main topics of this thesis. These topics
are centred around the LOLIMOT algorithm, a simple and heuristic identification algorithm
for local model networks. Local model networks will be described as a generalization of the
concept of linear combinations of basis functions. Some of the topics presented in a rather
informal way in the present chapter will be revisited in the subsequent chapters, where pre-
cise mathematical formulations and generalizations follow: dynamical systems, nonlinearity,
parameter identification, atomic decompositions (of whichlocal model networks are a special
case), approximation theory.

Nevertheless, some fundamental notions of graph theory andespecially a precise definition
of decision trees will be given already in the present chapter. The structure of decision trees
allows for the construction of normalized weight functionswhich can replace the weight func-
tions originally used in the LOLIMOT algorithm. We consideralso the application of a gradi-
ent based optimization method to locally optimize the parameters obtained by the LOLIMOT
algorithm. This method enables some further improvements of the LOLIMOT algorithm, like
the ability to use basis models other than ARX models, more flexible partitions of the regime
space, and a pruning method.

Overview In the first section we describe (exemplified through a simpleshock absorber)
the relations between real systems and their models, focussing on several model schemes like
white-, black- and grey-box models. We treat local model networks with the LOLIMOT algo-
rithm as special nonlinear models with corresponding non-parametric identification algorithm.
We then describe problems arising with this identification scheme and possible improvements.
Some of these improvements that are easily implementable will be presented in greater detail.

Contributions

• Analysis of the problems occurring with LOLIMOT algorithm;

• Simple improvements given by incorporation of decision-tree based weight functions
and gradient based local optimization algorithm;

• Further improvements based on the previous ones: incorporation of NOE model struc-
ture, and pruning.
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1.1 Systems and models

1.1.1 Nonlinear dynamical systems and model schemes

Shock absorber as example of a nonlinear system

Looking inside We take a look inside a shock absorber as it is used in every car(see fig-
ure 1.1). We recognize a wide variety of different parts withdifferent physical properties. The
main part consists of a cylinder which surrounds a movable piston. Moved by a shock from
outside, the piston presses oil inside the cylinder throughwholes in the wall, thus dampening
oscillations. A spring pushes the piston back to its original position, and a rubber stopper pre-
vents the piston from plugging against the walls of the cylinder when shocks are too strong.
Thus, the shock absorber comprises the interaction of the mechanical movements of rigid bod-
ies, the visco-elastic dynamics of fluids, the elastic behaviour of spring-damper systems, the
deformations of elasto-plastic materials, etc. If one wanted to simulate all these effects based
on the equations representing the physical laws that governthe individual parts, a complicated
coupling of solvers for algebraic differential equations,ordinary nonlinear differential equa-
tions and partial differential equations would be needed. The computational complexity would
be very high.

Looking from outside In contrast, looking from outside onto the shock absorber, we only
are aware of the phenomenological properties. We observe aspects like nonlinear stiffness,
like nonlinear viscous damping when the shock absorber is excited with high frequencies,
like hysteretic effects when excited with low frequencies,but we are not able to assign these
phenomena to the individual parts of the shock absorber. There exist also classes of mathe-
matical equations describing these more phenomenologicalproperties of the shock absorber.
The knowledge in this case is of a more qualitative nature. Experiments with corresponding
measurements have to be done to gain the necessary quantitative information needed to be
able to decide for the right equations and exact parameters.

Figure 1.1: Schematic view inside a shock absorber

Nonlinear systems and adequate models Nonlinear dynamical systems like the shock
absorber play an important role in technical, biological, medical, and social life and sciences.
In all these disciplines where individual parts interact intime and space in a complex way, one
tries to build models of the systems to get insight into them.The complexity of these systems
forces one to use computers for simulation, analysis, and control of the systems, and this in
turn cannot be done without adequate models of the given realsystems. This adequacy of
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the models can be seen under different aspects. Thus, the main interest may be in exactness
or interpretability of the model, in the necessity of simpleand fast computations, in models
which are robust against uncertainties concerning the system or the model, in the ability to use
the models to make prognoses of future behaviour or in the applicability as underlying basis
for control tasks.

When dealing with simulations of reality, we are concerned with at least two “systems”: the
real system, and the mathematical system reflecting the behaviour of thereal system, called the
modelof the real system. The real system is what we find in reality. It is governed by the laws
of nature, may it be a physical, chemical, biological or social system. The model tries to mimic
the behaviour of the real system. The model is represented asa set of mathematical equations
which we believe describe the laws of nature, at least up to anadequate approximation. To
test our believes, we need to apply experiments on the real system and to compare the results
to the results predicted by the model.

Information relating real system and model Thus, our information about the real sys-
tem in relation to its model consists of three kinds:prior knowledgeabout the real system like
physical phenomena or structure,observed datadriven from experiments, andassumptions
on the adequacy of our model. We return to these three kinds ofinformation in more detail in
chapter 3.

We want to take for granted that our assumptions on the relations between real system and
model are correct. But how can we incorporate the other two types of information into our
model, the prior knowledge and the data? These two types of information lead to two different
ways of modelling.

White-box models If we model the a-priori knowledge about the structure of thesystem,
we try to directly translate this knowledge into mathematical equations. Ideally, these equa-
tions already give the model. Since we have a complete insight into the way our system works
and because we use this to build the model, this kind of model is called awhite-box model.
White-box models try to make a more or less exact image of the physical laws and behaviour
of the given real system. Model structures belonging into this category are ordinary or partial
differential equations and their discrete counterparts the difference equations, as well as differ-
ential algebraic equations (used in multi-body systems); also expert systems or fuzzy systems
may be mentioned.

Black-box models In contrast, when using measurements gained by experimentson the
real system to build the model, these measurements alone do not give us any insight into the
real system, and also no understanding of how the system works is brought into the construc-
tion of the model. Therefore, this type of model is called ablack-box model. Black-box
models are mainly provided by weighted combinations of general or specialized basis func-
tions (prominent examples are artificial neural networks).Generally speaking, we have to
choose out of an often parameterized set of possible models that model which fits optimally to
the measured data. We are concerned with an optimization problem: The parameters (as e.g.
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included in the basis functions or appearing through the weight functions) have to be identified
using measured data taken from the real system.

Advantages and disadvantages The different model schemes have different advantages
and disadvantages. The white-box structures provide exactmodels. But with increasing com-
plexity of the real system also the complexity of the model increases and with this the efforts
in time and costs for both implementing and running the model. On the other side, the (non-
interpretable) black-box models often need by far less of the mentioned efforts. The disad-
vantage of this model scheme is the difficulty to introduce many kinds of phenomenological
or qualitative knowledge one surely has got about the real system. This may lead to badly
identified parameters. One should note that each experimentcan reveal only a small aspect of
the behaviour of a complex system. Our measurements alone are never sufficient to build a
model. We always need to add some more of our knowledge about the system.

Grey-box models Of course, the notions of white- and black-box models are idealistic
ones. In reality, modelling is always something in between these two extremal views: Even
if we have some structural insight into our real system and wewant to apply white-box mod-
elling, we often do not know the exact parameters in the derived equations. These parameters
have to be identified via measurements and optimization. Or,reversibly, the set of possible
models for black-box modelling is often guided by some knowledge about the phenomeno-
logical behaviour of the given system. In all cases, we are actually using a model type called
grey-box model, which constitutes a mixture between white- and black-box model schemes
(see figure 1.2).

Whitebox Greybox Blackbox

White-box Modelling:

• Physical knowledge used

• Differential equations,
Fuzzy Systems

• +: very high interpretability

• −: needs exact knowledge of system

Black-box Modelling:

• Measured data used

• Parameter identification,
Neural Nets

• +: Simulation very fast

• −: not interpretable

Figure 1.2: White-box and Black-box models compared

Examples of grey-box models are neuro-fuzzy systems or semi-physical models (e.g. Sjö-
berg [2000], Lindskog and Ljung [1995]).

Linearity and nonlinearity A nice property of systems islinearity. The characterizing
property of alinear systemis that:
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(i) if the system is excited with inputu1 resulting in an outputy1, and on the other side with
input u2 resulting in the outputy2, then the superposed inputu1 + u2 will result in the
superposed outputy1 +y2; and

(ii) if the system is excited with the inputu resulting in an outputy, then the scaled inputλu
will result in the scaled outputλy.

Summarized, a superposition of several scaled inputs will result in a corresponding superpo-
sition of scaled outputs. If this property is not necessarily fulfilled, the system is called a
nonlinear system.

In real systems, linearity is often only approximately given in certain ranges of excitements
of the system. An example may be a spring. If a relatively small force is applied to the spring
by pulling on a loose end while the other end is fixed, the displacement of the former end is
in a fairly linear relationship to the applied force; but if the force increases, the displacement
will be bounded to some maximal position, and a kind of saturation effect occurs: this is a
nonlinear behaviour. Nevertheless, this effect may still be described by a nonlinear differential
equation. This is not anymore possible if the force even moreincreases: then the spring looses
its property of being elastic, and irreversible plastic deformations show an even more nonlinear
effect. Such plastic effects are common to materials like rubber, and lead at the end to long-
memory effects called hysteresis which cannot be captured by ordinary differential equations.

The aim of this thesis Grey-box models provide the possibility to include both physi-
cal knowledge for structural modelling and data knowledge for the choice, identification and
adaptation of the included parameters. Our aim in this thesis is to answer at least partly the
question: How is it possible to build models out of structural or phenomenological knowledge
together with measured data driven from experiments in a systematic way? The provision of
model types for grey-box modelling of nonlinear systems together with appropriate identifi-
cation algorithms is the aim of this thesis. Our focus will beon phenomenological models for
nonlinear dynamical systems. Therefore we will provide model classes for several phenomena
(such as nonlinear differential dynamics or hysteresis) together with algorithms which allow
to choose in some way an optimal or nearly optimal model whichfits to given measurements.

What is needed? Generally speaking, at first we need a mathematical formalization (model
or model scheme) of dynamical systems which is able to describe several nonlinear phenom-
ena like:

• nonlinear differential dynamics,

• hysteresis effects,

• etc.

We need secondly an identification algorithm which adapts the model to data (measurements)
obtained from a given real system through experiments (identification). At last, we also need
an implementation into a computer programme.

5



i i ii

i i ii

1 Introduction: Grey-box models and the LOLIMOT algorithm

Shock absorber revisited Returning to the shock absorber example, we are aware that
modelling the physics is very complicated and time consuming. Whereas white-box mod-
els are too complicated, black-box models are too restricted concerning the incorporation of
phenomenological aspects. Halfway between both of them we locate the grey-box models:
simpler models based on more phenomenological considerations which can easily be adapted
after measurements are available.

1.1.2 Properties of systems and models

Deterministic and stochastic models

The identification of a model by measured data is complicatedby the problem that measured
data are always disturbed by errors. The sources of these errors are different. We have:

• Measurement errors due to restrictions of measurement equipment,

• Model errors due to unmodelled phenomena (like aging etc.),

• Noise originating from outside or inside the system,

• etc.

Therefore, each identification algorithm must be robust against data errors. To deal with
disturbed data and errors, we must include these errors intoour models. One can find two
possibilities to do this:

• Deterministic: We assume that our data are given by a function which is affected by
some (usually bounded) function.

• Stochastic:We assume that our data are given by a stochastic process equipped with a
probability distribution.

In this chapter we specialize on systems which can be described by a finite superposition
of linear difference equations. There is no hidden dynamics, i.e. all quantities determining
the dynamical behaviour of the systems are observable from outside. Furthermore, all noises
are assumed to be Gaussian (or simply neglected). This allows us to use a relatively simple
algorithm. In the following chapters, we will subsequentlywiden our systems and models.

Static and dynamical systems

When is a system a dynamical system? What makes the difference to static systems? Shortly
said: Dynamical systems evolve in time. Mathematically, (amodel of) the time may be given
by valuest out of a subsetT of R. Let further be given a setU of inputsu∈U and a setY of
outputsy∈Y . A stochastic model for astatic systemis given by a probability measure on aσ -
algebra ofY conditioned on the inputu∈U . This reduces to a simple functionf : U −→Y
defined on the input domainU with values in the output domainY in the deterministic
case. IfU andY themselves depend on the timeT , and if for some timest1 and t2 the
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corresponding inputsu(t1) andu(t2) are equal,u(t1) = u(t2), then the corresponding outputs
y(t1) andy(t2) are equally distributed, and in the deterministic case thusequal,y(t1) = y(t2).
For dynamical systems, this may not be true. Here, we have to use stochastic processes, or,
in the deterministic case, an operatorΓ to describe the system. For now, we want to consider
dynamical systems given by

y(t) := Γ(u(·))(t)+V(t) for all t ∈ T ⊆R

whereV(t) is the noise process which is usually assumed to be „small“ insome sense. Thus,
the outputy(t) at timet does not depend on the inputu(t) at timet only, but on the whole
function u : T −→ U , which we sometimes denote byu(·) if we want to emphasize that
it is a function. For real systems, we surely expect that at a time t the system outputy(t)
does actually only depend on inputsu(τ) in the past and the present,τ ≤ t, but not in the
future τ > t. This causality aspect and some others necessary to define dynamical systems
in a plausible way will be treated axiomatically in chapter 2for the deterministic case, and in
chapter 3 for the general stochastic case. There, we will give a definition of dynamical systems
covering a wide variety of real and theoretical systems evolving in time. For now, we will be
content with the sloppy definition given above by the input-output operatorΓ and the noise
processV. In this chapter we always assumeU to be them-dimensional Euclidean spaceRm,
m∈N, and similarlyY to be thed-dimensional Euclidean spaceRd.

Time-continuous and time-discrete models

One distinguishes between models where the time domainT is R (or an interval onR),
called(time)-continuous models, or models whereT =Z (or an interval ofZ), called(time)-
discrete models. Since observations are anyway almost always given only forsome discrete
time points, it is usually enough to consider time-discretemodels.

Predictors and error function

Our aim is to construct a model which fits best to the real system. Often, this fitting is measured
by means of some kind oferror function e : M −→ R whereM is some model class. The
simplest possibility is to use some norm on the difference between measured outputy of the
real system and some predicted output ˆy of a given modelΣ:

e(Σ) := ‖y(·)− ŷ(·)‖ for all Σ ∈M .

For example, if the predictor is given by the operatorΓ, i.e.

ŷ(t) = (Γu(·))(t),

and the datay are realizations ofΓ(u(·))(t)+V(t), then the differencey(t)− ŷ(t) is just a
realization of the noise processV(t).

If the right model is unknown and we are looking for the best model in M fitting to the
data, we may choose a modelΣ out of the model classM which minimizes the error function
e. In most cases, this setM of proposal models is given by a parameterized family of models.
In the next subsection we show some examples of how to obtain such model classes.
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1.1.3 Separation of dynamics

Inner and outer dynamics

As mentioned earlier, the measured outputy(t) of a dynamical system or the predicted output
ŷ(t) of the model at timet does not only depend on the inputu(t) at the actual timet but also
on previous inputsu(τ) for τ ≤ t, and the system is described by means of an operatorΓ with

ŷ(t) = (Γu(·))(t).
To get a better grip on such an operator, we decompose it into the (dynamical)state transition
operatorϕ and a (static)output function η:

Γ := η ◦ϕ with x(t) := ϕ(u(·))(t) and ŷ(t) := η(x(t)),

thus introducing(internal) statesx taken from somestate domainX . In this chapter we
also assumeX to be equal to some Euclidean spaceRn. It is of course always possible
to decompose an operatorΓ in this way, one just has to chooseX = Y andη the identity
function. But for a model to be astate space modelor state space system, one requires
additionally that the statex(t) at a timet has accumulated all information from the history of
the system necessary to determine the output of the system aswell as all future states. Then
the choiceX = Y is in most cases not justified. We distinguish two cases: Either the states
x(t) depend exclusively on past and present inputsu(τ), τ ≤ t, on past outputsy(τ), τ < t, of
the real system, and on past outputs ˆy(t), τ < t, of the model via a multi-dimensional function;
then we say the model exhibitsouter dynamics. Or else the states are not observable from
outside; then we say the model exhibitsinner dynamicsand the states arehidden.

State transitions In the general case whereX is different fromY with states which
are not visible from outside, one often gains enough flexibility that also the state transition
operator can be defined by means of a static recursive function. In this case, the statex(t +1)
at timet +1 exclusively depends on the statex(t) at timet and on the inputu(t) at timet. The
operatorϕ is thus given through astate transition functionψ : X ×U −→X and aninitial
statex0∈X at some initial timet0∈T . We are then able to computex(t) recursively, at least
for all t ≥ t0. In the case of discrete models showing outer dynamics wherethe states consist
of afinitenumber of past inputs and outputs, this is always possible.

Difference dynamics Outer dynamics in the discrete case is usually given bydifference
dynamics, also calledtapped delays. Here the components of the state vectorx∈X =Rn are
delayed inputs and outputs; if the outputs are the outputs ofthe real system (measurements),
the states are defined as

x(t) =
(
u(t),u(t−1), . . . ,u(t−nu),y(t−1), . . . ,y(t−ny)

)⊤
.

The overall model (with noise process) is then calledNARX (NonlinearAutoRegressive with
eXternal input) model ornonlinear equation error model. If we instead take the delayed
model outputs, we get

x(t) =
(
u(t),u(t−1), . . . ,u(t−nu), ŷ(t−1), . . . , ŷ(t−ny)

)⊤
,
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System

Static
Model

−

u(t) y(t)

ε(t)

ŷ(t)

z−1

z−1

z−1

z−1 z−1 z−1

z−1 z−1 z−1

z−1: delay of the signal
by one time step, e.g.
(z−1u)(t) = u(t−1)

Figure 1.3: Tapped Delays

which yields the so-calledNOE (NonlinearOutput Error) model (see figure 1.3). In both
cases the natural numbersnu andny denote the maximal number of steps we have access to of
the input respectively output values in the past.

Simulation There is a fundamental difference between these two model types concerning
the inputs into the model. We defined the input into the systemas functionsu(·) : T −→U .
For the NARX model, this is not correct. When looking at the definition of x, we see that we
need the actual inputsu(t),u(t−1), . . . ,u(t−nu), but we need as well the measured(!) outputs
y(t−1), . . . ,y(t−ny). So the real input into the system is defined by functions overtime with
values given by pairs(u,y) ∈U ×Y :

ŷ(·) := ΓNARX(u(·),y(·)).

In the case of the NOE model, the measured outputs are not needed, and we simply have

ŷ(·) := ΓNOE(u(·)).

Thus, if we want tosimulatethe model without recourse to measured output data, we need to
replace all occurring measured outputsy by thesimulated outputŝyu (depending onu alone,
and not ony). In the case of the NARX model, we have thus obviously ˆy 6= ŷu, whereas in
the NOE model ˆy = ŷu. Since the model choice (parameter identification) is done with the
predictorŷ (using measured output data), it is probable that the use of aNOE model will lead
to better simulation results than the use of an ARX model.

Initial values We still need some more information: initial values for the state x at the
initial time t0. If we start our computations at timet0, the valuesu(t),u(t−1), . . . ,u(t−nu)
andy(t−1), . . . ,y(t−ny) may not be defined, and the values ˆy(t−1), . . . , ŷ(t−ny) are surely
not defined. For this reason, we have to fix them in advance and put them as additional inputs
into the model. In both cases, the initial statex0 = x(t0) looks like:

x0 =
(
ut0,ut0−1, . . . ,ut0−nu,yt0−1, . . . ,yt0−ny

)⊤

9
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with
ut0,ut0−1, . . . ,ut0−nu ∈U , yt0−1, . . . ,yt0−ny ∈ Y .

The predicted/simulated output is then defined for all timest ≥ t0. We denote the set formed
by these times byTt0:

Tt0 :=
{

t ∈ T
∣∣ t ≥ t0

}
for somet0 ∈ T .

When depending on the initial timet0 and initial statex0, we write the operatorΓ asΓt0,x0.
The predicted output ˆy(·) = Γt0,x0(u(·)) is then a map ˆy(·) : Tt0 −→ Y , or shorter ˆy(·) ∈Y Tt0 .
(One actually needs only input functionsu(·) ∈U Tt0 and output functionsy(·) ∈ Y Tt0.)

Linear models Let nowU := Rm andY := Rd. Linearity of the NARX models (in this
case one simply calls them ARX models) is then given when ford = m= 1

η(x(t)) = A
(
u(t),u(t−1), . . . ,u(t−nu)

)
+B
(
y(t−1), . . . ,y(t−ny)

)⊤

with matricesA∈ Rd×nu+1 andB∈ Rd×ny. In the general cased ≥ 1 andm≥ 1, we needm
matricesAi ∈Rd×nu+1, i = 1, . . . ,m, andd matricesB j ∈Rd×ny, j = 1, . . . ,d. Then:

η(x(t)) =
m

∑
i=1

Ai
(
ui(t),ui(t−1), . . . ,ui(t−nu)

)
+

d

∑
j=1

B j
(
y j(t−1), . . . ,y j(t−ny)

)⊤
,

ui(τ) andy j(τ) being the components of the vectorsu(τ) andy(τ), respectively. All these
components can be rearranged such thatx is a column vector of dimension

n := m· (nu+1)+d ·ny,

and the coefficients of theAi andB j can be gathered into ad×n matrixθ . We thus can simply
write

ŷ(t) := η(x(t)) = θx(t).

The case for the linear NOE model (called OE model) is similar(replacey by ŷ).
Both model types have a special property: they arelinear on the inputs. If we have two

input functionsu(1)(·),u(2)(·) ∈U =R
m, and a scalarλ ∈R, then the sumu(1)(·)+u(2)(·) as

well as the productλu(1)(·) are again inU , and the linearity property requires the following
equations to hold:

Γ
(
u1(·)+u2(·)

)
= Γ

(
u1(·)

)
+Γ
(
u2(·)

)
,

Γ
(
λu1(·)

)
= λΓ

(
u1(·)

)
.

This does not mean anything else but that the input-output operatorΓ is a linear operator. The
linearity for the ARX and OE models is easily established.

There exists a broad and well developped theory for the identification of continuous and
discrete linear models (see e.g. Ljung [1999]). We are interested in nonlinear systems. In the
next section, we describe how nonlinear systems may be builtwith linear building blocks, or,
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reversing the direction, how nonlinear systems can be decomposed into these linear building
blocks.

The ARX model has an additional linearity. Here, also the model is linear in the parameters.
This is not true for the OE model, because in the formulaθx(t) thex(t) depends also on the
parameterθ (remember thatx(t) contains past model outputs which obviously depend on
the parameters of the model!). The linearity in the parameters of the ARX model makes the
identification of these parameters extremely easy. Only linear regression has to be applied.
The disadvantage of this model is the need for measured outputs of the real system. This may
be available in some control settings, but for applicationswhere simulation of the real system
is needed without having access to measurements during the simulation run, this model is not
adequate. Here, the OE model must be used. But identificationof the parameters is more
involved and can be done only using iterative algorithms.

1.1.4 Linear combinations of basis functions and networks

Linear combinations of basis functions We follow Sjöberg et al. [1995]. We consider
the case where the output mapη(x) is nonlinear. In this case, a usual method is to approximate
η by a linear combination of basis functionsηk:

η(x)≈∑
k

αkηk(x).

These basis functionsηk do not necessarily have to be functional bases (like orthonormal bases
of a Hilbert space). The key is to determine the basis functions ηk. In most cases, they are
derived from amother basis functionκ through translations and dilations:

ηk(x) := κ(x;βk,γk) = κ
(x− γk

βk

)
,

where this equation has to be interpreted more or less symbolically. Thescale parameterβk

refers thus to a scale or directional property ofηk, whereas thelocation parameterγk denotes
a location or position of theηk.

Basis functions in the scalar case Examples in the scalar (single-variable) case, i.e.
x∈R, are:

• Fourier series:κ(x) = cos(x); the corresponding linear combination is then the Fourier
series expansion, with 1/βk corresponding to the frequencies andγk to the phase.

• Piecewise constant functions: Takeκ as the characteristic function of the unit interval:

κ(x) :=

{
1 if 0≤ x < 1,
0 else.

Take further e.g.γk := C∆k andβk := C∆ with a constantC∆ ∈R+. With αk := η(C∆k),
the linear combination

η(x)≈∑αkκ
(x− γk

βk

)
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yields then a piecewise continuous approximation ofη. A similar result can be obtained
by using a smooth version of the characteristic function, e.g.

κ(x) :=
1√
2π

e−x2/2,

the Gaussian bell function.

• A variant of the last example is the following: Take the unitstep function

κ(x) :=

{
0 if x < 0,
1 if x≥ 0.

This gives similar results as the previous example, becausethe characteristic function
of the unit interval can be obtained by the difference of two step functions. A smooth
version is thesigmoid function

κ(x) := s(x) :=
1

1+e−x

with similar results.

One can distinguish two classes of basis functions on a single variable; the discrimination is
done according to the variability of theηk’s, given by the behaviour of the gradient

η ′k(x) :=
dηk(x)

dx
.

One has:

• Local basis functions: their gradientη ′k has a bounded support or at least vanishes
rapidly at infinity; thus, the variations are essentially bounded to some interval.

• Global basis functions: their gradientη ′k has infinite support with values≫ 0 (these
may be bounded or not).

The Fourier series provides global basis functions, whereas the other examples are based on
local basis functions.

Basis functions in the multi-dimensional case In the multi-dimensional case (x∈Rn

with n > 1), the basis functionsηk are multi-variable functions which are often derived from
a single-variable mother basis functionκ . The following constructions can be found:

• Tensor product: Let be givenn single-variable basis functionsη(1)
k , . . . ,η(n)

k , then the
multi-variable basis functionηk given by the tensor product construction is defined by
the product

ηk(x) := η(1)
k (x1) · · ·η(n)

k (xn).
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• Radial construction: Let κ be an arbitrary single-variable function. Then the radial
construction of multi-variable basis functions is given by

ηk(x) := ηk(x;βk,γk) := κ(‖x− γk‖βk
) for x∈R

n

whereγk ∈Rn and‖·‖βk
is a norm depending onβk, e.g.

‖x‖βk
=
√

x⊤βkx

with βk a positive definite matrix of scale parameters depending onk.

• Ridge construction: Let κ be a single-variable function. Then for allβk ∈ Rn and
γk ∈R, a ridge function is given by

ηk(x) := ηk(x;βk,γk) := κ(β⊤k x+ γk), for x∈R
n.

Examples falling in the above mentioned categories are wavelets, sigmoidal or radial basis
networks, kernel estimators, B-splines, hinging hyperplanes, projection pursuit regression,
and even Fuzzy models (compare to Sjöberg et al. [1995] and Juditsky et al. [1995]). Several
of them will be presented in later chapters.

Neural networks If we write the linear combination of basis functions in the slightly dif-
ferent form

η(x) =
n

∑
k=1

αkκ(β⊤k x+ γk), for αk ∈R, βk,γk ∈R
n

(which is nevertheless equivalent to the previously given expression), we have exactly the
equation of amultilayer networkwith onehidden layer. The hidden layer, where “hidden”
means “not accessible from outside”, is given by the functionsηk := κ(βkx+ γk). Accessible
from outside is the input layer given by the inputx = (x1, . . . ,xn)

⊤, and the output layer,
the valueη(x). We could now increase the number of layers by repeating the procedure of

building linear combinations: Writex(1) := x, β (1)
k := βk, andγ(1)

k := γk, denote the outputs of
the basis functions by

x(2)
k := κ(β (1)⊤

k x(1) + γ(1)
k ),

and collect them into a vectorx(2) := (x(2)
1 , . . . ,x(2)

d )⊤. Now this value is taken as the input into
the next layer, and so on,

x(i+1)
k := κ(β (i)⊤

k x(i) + γ(i)
k ), for β (i)

k ,γ(i)
k ∈R

n.

The basis functions
κ(x(i);β (i)

k ,γ(i)
k ) = κ(β (i)⊤

k x(i) + γ(i)
k )

constitute thus thei-th hidden layer. The output layer of anN-hidden-layer network is finally
given by

η(x) :=
n

∑
k=1

αkx
(N)
k , for αk ∈R.

Nevertheless, the most common multilayer networks containonly one hidden layer and are
thus equivalent to linear combinations of basis functions.
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Recurrent neural networks In contrast to feedforward neural networks where the con-
nections are directed from the inputs to the outputs,recurrent neural networkshave also
feedback connections (loops) and show a dynamical behaviour: The backward transitions of
the signals usually occur at the next time-step. If the recurrent network is represented as a
feedforward network with additional feedback connectionsonly going from the outputs to the
inputs of this feedforward network, then this recurrent network is called to be incanonical
form. In this special case we are again in the situation of outer dynamics, as with the NARX
and NOE models. The NOE model can be seen as a special kind of recurrent neural network in
canonical form. In contrast to the NOE model, recurrent neural networks usually have hidden
nodes which are not accessible from outside. It may also be that some nodes of the input and
output layers of the feedforward network are not available from outside.

It should be noted that every recurrent neural network can berearranged such that it is
in canonical form (see [Nerrand et al., 1993]). These nets have then exactly the form of a
state space model, where the state transition functionϕ is realized by the feedforward neural
net. Such neural nets may also be obtained by semi-physical modelling, where some phys-
ical knowledge on the system is given by differential equations and the unknown parts are
modelled as black box with neural networks. After discretization, the resulting difference
equations can be interpreted as a recurrent neural network which afterwards can be rearranged
into the canonical form (see Dreyfus and Idan [1998]).

1.2 Local model networks

Local model networks were developed in different fields withdifferent names. Nelles [2001]
mentions also the names Takagi-Sugeno fuzzy-models, operating regime based models, piece-
wise models and local regression, coming from disciplines like neural networks, fuzzy logic,
statistics, and artificial intelligence, with close links to multiple model, mixture of experts, and
gain scheduling approaches (see also Johansen and Murray-Smith [1997]).

Definition

A local model network (LMN)is a parallel superposition of partial models which become
local models by localizing weights (see figure 1.4). Mathematically, a parallel superposition
of the partial models is just given by summing up the outputs of these models. Since differ-
ent partial models should be valid for different parts in thestate space, weight functions are
introduced which provide this localizing effect:

(Γu)(t) :=
N

∑
k=1

αk(t)(Γku)(t)

where theΓi are the local models andαk : T −→R are the weight functions. If we write the
partial models in state space form with joint state transition function,

(Γku)(t) = ηk(x(t)), k = 1, . . . ,N, x(t) = (ϕu)(t),
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we have

(Γu)(t) =
N

∑
k=1

αk(t)ηk(x(t)).

In this definition, the weights are time dependent. The usualapproach is to restrict this depen-
dency on the “active regime”, i.e. one assumes also a decomposition

αk(t) = wk(x(t)), k = 1, . . . ,N.

In this case, the weight functions are calledregime based weight functions. The overall local
model network in state space form with regime based weight functions is then

(Γu)(t) =
N

∑
k=1

wk(x(t))ηk(x(t)).

We usually want to assume this form of local model networks. Using the terminology of
artificial neural networks, the single local models are often calledneuronsof the local model
network.

Local
Linear
Model

×

Weight Function
(„Regime“)

LLM

×

LLM

×

LLM

×

LLM

×

LLM

×

+x ŷ

Neuron of a Local Model Network

Figure 1.4: Local Model Network and Neuron

Weights To provide a better interpretability of local model networks, we put some condi-
tions on the weight functionswk : X −→R:

N

∑
k=1

wk(x) = 1 and wk(x)≥ 0 for all x∈X .

We call such weight functionsnormalized. The local model network is thus a convex combi-
nation of the partial models.
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Parameters Usually weight functionswk and output functionsηk are given by parameter-
ized families, i.e.:

wk(x) := w
(
x;θw

k

)
and ηk(x) := η

(
x;θ η

k

)

whereθw
k and θ η

k are usually taken from Euclidean spaces. These parameters are a-priori
unknown and must therefore be identified. For the identification process it is important to
know how they are involved in the equations. Here lies the main difference between weight
functionswk and output functionsηk: The parametersθw

k of the weight functions are assumed
to be nonlinear, whereas the parametersθ η

k of the output functions are linear parameters.

Regression vector Under the assumption that the parametersθ η
k are linear, one can decom-

pose each output function into a scalar product ofθ η
k and a vectorhη(x), calledregression

vector. It is usually assumed that the functionhη is known and computable. We thus have the
output functions

η
(
x;θ η

k

)
= θ η

k
⊤

hη(x).

In this way, also e.g. polynomial models can be summarized under the term “linear model”,
then understood as linear with respect to the regression vector hη(x). It should be noted that
with this interpretation, there is no difference any more between our models which are linear
in the parameters and the usually so-called linear models: they are linear with respect to the
regression vectorhη(x).

Linear partial models If we take the functionhη to be the identity, then the output function
is linear with respect to the statesx∈X . If additionally the state transitionϕ is also a linear
operator, the partial models are called linear. Models withlinear output function can be written
in the form

η
(
x;θ η

k

)
= θ η

k
⊤

x.

But it should be observed that this linearity, i.e. the linearity with respect to the statesx∈X , is
not necessary for identification purposes. Here, only the linearity in the parameters is decisive.
Often, one considers affine-linear models with an additional constant:

η
(
x;θ η

k

)
= θ η

k
⊤

x+θk0.

One could also use polynomials of a higher degree. For example, in dimensiond = 2, we have
the second order polynomials

η
(
x;θ η

k

)
= akx

2
1 +bkx1x2 +ckx

2
2 +dkx1 +ekx2+ fk

with θ η
k := (ak,bk,ck,dk,ek, fk) ∈R6.
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Normalized radial basis functions We return to the parameterized weight functions
wk(x) := w

(
x;θw

k

)
for k = 1, . . . ,N. We have to fulfill the normalizing conditions mentioned

above. Given any set of parameterized functions ˜w(x;θw
k ), k = 1, . . . ,N, we are able to force

these functions to fulfill the normalizing conditions by just normalizing them. Doing this, the
normalizedweight functions are

w
(
x;θw

k

)
:=

w̃(x;θw
k )

∑N
j=1w̃(x;θw

j )
.

A possible choice for ˜w are theradial basis functions(Gauss bells)

w̃(x;θw
k ) := exp

(
− 1

2

(
hw(x)−µk

)⊤Σk
(
hw(x)−µk

))

wherehw : X −→ Rm denotes a known function. For some statex∈X the imagehw(x) is
calledregime vector. In the simplest case, allΣk are diagonal, and the parameters are

θw
k := (µk,σk) ∈R

m× (R+)m, Σk := diag(1/σ2
k,1, . . . ,1/σ2

k,m).

Decision trees and regimes We have two kinds of parameters: thelocation parameters
µk and thescale parametersσk. Both can be computed from a given rectangular partition
of the regime spaceΨ := hw(X ). If the regime spaceΨ is a hypercuboid, such a partition
is given by a disjoint union of subsets ofΨ which are by itself hypercuboids. The partition
is described easily by a decision tree (a detailled definition will follow in subsection 1.4.1).
Both, an example of a partition for a 2-dimensional regime spaceΨ and the corresponding
decision tree are shown in figure 1.5.

The parametersµk andσk are then chosen as follows:

• µk: as the middle point of thek-th regime,

• σk: proportional to the edge lengths of thek-th regime.

An example of the resulting global model given by a local model network is shown in
figure 1.6, together with the partial models. In this figure, the partial models are restricted
to their regimes, but actually they are valid over the whole regime space. The localization is
provided only by the weight functions (the weight functionsare not shown in the figure).

Remark: We have derived local model networks as a generalization of the basis function
approach such that the weight functions correspond to the linear parametersαk of the basis
function decomposition

∑
k

αkηk(x).

The partial modelsΓk correspond then to the basis functionsηk. With the same right we
could have done it in the opposite way: the weight functions are the basis functions, and the
parametersαk are generalized to the partial modelsΓk. This ambiguity in interpretation may
be a hint that the separation into weight functions and partial models is not a natural but only
a pragmatical one: it separates the nonlinear from the linear parameters. In chapter 5 we
will reunite both weight functions and partial models into basis functions given by a wavelet
decomposition.
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Decision tree describing
the regime partitioning

Resulting partitioning
of the regime space

ψ1 > 0.5

ψ2 > 0.5 ψ1 > 0.75

A ψ1 > 0.25 D E

B C

FALSE TRUE

FALSE TRUE FALSE TRUE

FALSE TRUE

ψ1

ψ2

1

0
0 1

A

B C

D E

Figure 1.5: Decision tree and corresponding partition of the regime spaceΨ

Partial models
(restricted to regimes)

Resulting global model
after weighted superposition

ψ1

ψ2

ŷ

1

0
0 1 ψ1

ψ2

ŷ

1

0
0 1

Figure 1.6: Partial models and global model
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1.3 The LOLIMOT algorithm

Given input/output data of a real system, how can we identify/construct a local model network
fitting to these data? TheLOLIMOT algorithm serves to this purpose. The term LOLIMOT
stands forLOcalLI nearMOdelTree. The algorithm was developed by Oliver Nelles (Nelles
[1997], see also Nelles [2001]).

The algorithm The idea behind the algorithm is simple: beginning with an overall iden-
tified global linear model the algorithm divides this model into two local linear models, each
of them reigning on its own regime. They are identified separately on their respective regime
and superposed in a smooth way. In the next step, out of these models the one is chosen which
fits worst to the data. This model is further divided into two new local models. This proce-
dure will be repeated iteratively until a certain stopping criterion is fulfilled (see figure 1.7 on
the left). The algorithm is greedy in the sense that in each step it picks out the best choice
available during this step. It is nevertheless not guaranteed that this choice is also the best
choice concerning the overall model because a decision oncemade will never be revised. The
resulting model is thus not optimal. The algorithm works only from coarse to fine, a step
backwards is not possible. If one draws a picture of the generations of models created during
a run of the algorithm, one recognizes a growing tree-like structure. On the root we will find
the first global linear model, its descendant branches designate the models produced in the
first division step and so going on onto the leaves where the active local models are located.
A similar picture could be drawn concerning the underlying regime spaces where the local
models live on. Then the resulting tree will have the same structure but its branching points
will be labelled with the regimes resulting from the partitioning of the regime space (see the
right part of figure 1.7). If we put together all regimes on theleaves we get a disjoint union of
the complete regime space.

Choice of local model and split The critical points of the algorithm are the decisions
it has to make: the choice of the local model to split, and the decision how the split should
be done. The choice of the model is based on anerror function which measures the error
between the output of a considered local model and the measurements observed on the real
system. Basis for the error functione(Γ) of the global modelΓ is the simulated NOE-output
ŷ(t):

e2(Γ) := ‖y(·)− ŷ(·)‖22 = ∑
t
|y(t)− ŷ(t)|2.

The error functionek(Γk) for one local modelΓk for somek is then obtained via a certain
weighting ofe:

e2
k(Γk) := ∑

t
wk(x(t))|y(t)− ŷ(t)|2.

In this way an error for each local model is obtained and the model with largest error will be
chosen. The second decision to make is much more involved: how to split optimally the chosen
model into two new models? This actually comes back to decidehow the regime of the chosen
model is to be partitioned into two disjoint regimes. Of course, without any restrictions on the
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possible splits this is a far too difficult problem. In the original algorithm, the regime space is
always a hypercuboid in the vector spaceR

n. Only splits which are given by an axis-parallel
hyperplane are allowed. Splitting the original hypercuboid in the first step of the algorithm
results thus in two new hypercuboids. These hypercuboids can be divided in the same way.
We see that the regimes are always hypercuboids. But the number of possible splits, say: the
number of possible hyperplanes intersecting a given hypercuboid, is still too high. Therefore
the original algorithm does allow only splits which dividesthe hypercuboid into two equal-
sized halves. This procedure is calleddyadic partitioning. The number of possible splits is
thus drastically reduced: If the regime space is lying inRn, only the choice betweenn splits
remains. The algorithm just tests all these splits, identifies the local models, computes the
error function for all these models, and chooses the split which yields the smallest overall
error. Apart from splitting the hypercuboids only once intotwo new hypercuboids, alsok−1
splits intok equal-sized hypercuboids are possible (Nelles [1997]).

Begin with
one regime

Find regime
with largest error

Test all
partitions

Choose best
partition

Stop

Stopping-
criterium
fulfilled?

Yes

No

1. Iteration

2. Iteration

3. Iteration

4. Iteration

Figure 1.7: The LOLIMOT algorithm (left); example of a growing tree structure and partition-
ing of regime space (right)

Identification of local ARX models

Another question is how to identify the local models. This question is of course strongly
related to the question of which model type is used for the local models. In the original
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algorithm linear ARX models constitute these local models.They have the advantage that
they are not only linear in the input of the model, but also, and this is much more important,
in the parameters which have to be identified. So, simple linear regression can be used for
identification. Of course, when combining the local models to a global model, one has to
modify the identification algorithm slightly. Nelles [1997] proposes two types of parameter
estimation procedures (see also Nelles [2001]): global estimation and local estimation. Before
going into details we fix some notational conventions. Givena local model network

(Γu)(t) =
N

∑
k=1

wk(x(t))ηk(x(t))

with local ARX models, we may write

ηk(x(t)) = θ η
k hη(x(t))

with d×n-matrixθ η
k andn×1 regression vectorhη(x(t)) (d being the dimension of the output

spaceY andn being the dimension of the regression spaceΨ := hη(X )). The estimation can
be done for each component of the output ˆy separately. Thej-th component corresponds to the
j-th rows of the matricesθ η

k . For notational convenience we therefore assume in the following
thatd = 1. The matricesθ η

k are then 1×n row vectors. For generald, the procedures have to
be repeatedd times.

Global estimation For the global estimation procedure one needs to recognize that the
parametersθ η

k remain linear in the global model:

(Γu)(t) =
N

∑
k=1

wk(x(t))θ
η
k hη(x(t)) =

N

∑
k=1

θ η
k

(
wk(x(t))h

η(x(t))
)
= D(t)θ η⊤

with the 1×Nn row vector
θ η := (θ η

1 , . . . ,θ η
N )

and the 1×Nn row vector

D(t) :=
(
w1(x(t))h

η(x(t))⊤, . . . ,wN(x(t))hη(x(t))⊤
)
.

The global estimation procedure estimates in each iteration the complete parameter vector
θ η = (θ η

1 , . . . ,θ η
N ) by the least squares method: we have to find the parameter vector θ η

which minimizes the error function

e(Γ) = ‖y− ŷ‖2

where we assume that we are givenM measurementsy(t j) and corresponding model outputs
ŷ(t j) and set

y := y(t j)
M
j=1 and ŷ := ŷ(t j)

M
j=1.
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The number of measurementsM has to be greater than the number of scalar parametersNn.
The model outputs ˆy(t j) lead to a system of equations

ŷ = Dθ η⊤

with theM×Nn-matrix

D :=




D(t1)
D(t2)

...
D(tM)


 .

The optimal parameter̂θ η minimizing the error function can be attained by the solution of the
so-called normal equations:

θ̂ η⊤ = (D⊤D)−1D⊤y.

If the matrix D is ill-conditioned, the inversion of(D⊤D)−1 leads to numerical instabilities
and one should use other methods, e.g. using the pseudo-inverseD† (computed by means of
the singular value decomposition ofD) and setting

θ̂ η⊤ = D†y.

The computational complexity of the inversion of the matrix(D⊤D) is

O((Nn)3),

the computation of the pseudo-inverseD† is even more involved. For generald ≥ 1 we have
thus at least the complexity

O(d(Nn)3).

Local estimation The local estimation procedure uses the fact that in each LOLIMOT
iteration the parameters change only locally: a split at a vertexu produces two new modelsΓu1

andΓu2 at the childrenu1 andu2 of u. The parameters of the corresponding output functions
ηk1 andηk2 have to be identified, the parameters of the other local models remain unchanged.
If the weight functions were disjunct (not overlapping), this procedure would be equivalent to
global estimation. In the case of overlapping weight functions (as the normalized Gaussian
bell functions are), an error is introduced which is assumedto be negligible. Local estimation
is done by weighted least squares, the weights being given bythe weight functions: for a given
local model

(Γku)(t) = wk(x(t))θ
η
k hη(x(t)) = θ η

k

(
wk(x(t))h

η(x(t))
)
= Dk(t)θ

η⊤
k

with the 1×n row vector
Dk(t) := wk(x(t))h

η(x(t))⊤,

we want to find the 1×n row vectorθ η
k which minimizes the error function

‖y− ŷ‖2,Wk
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where‖·‖2,Wk denotes the weighted square norm

‖z‖2,Wk :=
√

z⊤Wkz for z∈R
M,

with theM×M diagonal matrix

Wk := diag
(
wk(x(t1)), . . . ,wk(x(tM))

)
.

Now M has only to be greater thann. Defining theM×n-matrix

Dk :=




Dk(t1)
Dk(t2)

...
Dk(tM)


 ,

the weighted least squares estimator is given by

θ̂ η⊤
k = (D⊤k WkDk)

−1D⊤k Wky.

Also here, the matrix we have to invert may be ill-conditioned, and we could e.g. use the
pseudo-inverse(WkDk)

† leading to

θ̂ η⊤
k = (WkDk)

†Wky.

The computational complexity for the matrix inversions (not using the pseudo-inverse) in-
volved in estimatingM local models is now only

O(Mn3),

and for generald≥ 1 we have thus a complexity of

O(dMn3).

One has gained a factor ofM2: the complexity of the LOLIMOT algorithm with local estima-
tion grows only linearly with the number of local modelsM. Similar arguments hold when
using the pseudo-inverse.

Modelling of uncertainties It should be noted that, in the LOLIMOT algorithm, the un-
certainties like measurement or process noise are only modelled implicitly. The LOLIMOT
algorithm separates the estimation problem into two steps,the structure and the parameter op-
timization. The structure optimization is given by the constructive determination of the (non-
linear) weight parameters, whereas the parameter optimization concerns the regression step for
the (linear) parameters of the local models. As already Nelles [1997] notes, for the structure
optimization the NOE-error is used, whereas for the parameter optimization the ARX-error
is used. In this sense, the overall error is hybrid, and even assuming Gaussian errors in the
outputs, the estimation is biased. Nelles [1997] points outthe possibility of a later iterative
NOE-optimization with iterative (e.g. gradient-based) algorithms.
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Stopping criterion The algorithm will stop if some stopping criterion is fulfilled. This
could be after a fixed number of steps or better by applying some statistical or information
theoretical model selection criterion.

Model selection Model selection is of general interest, and we shortly review some of the
most common model selection criteria.Model selectionusually aims at an optimal choice
concerning the trade-off of goodness-of-fit versus model complexity. This is a bias/variance
trade-off: Inference under models with too few parameter can be biased, while models with
too many parameters may lead to identifications of effects which actually belong to the noise
(Burnham and Anderson [2004]). Model selection should therefore be seen as a regularization
technique. This trade-off is obtained by adding a suitable penalizing term to the regression
error and by selecting the model and parameters that minimize this augmented term. A special
case of model selection is variable-selection in regression. In the following, we assume that
n datay1, . . . ,yn are observed, and one wants to choose a model out of a setM of possible
models, indexed by parameter vectorsθ ∈ Θ. In this setting, models and parameters are in a
one-to-one relation. A two-step procedure is necessary: First, one has to choose the model
structure (given by the dimensionp of the parameter vectorθ ; selections step) and then, one
has to estimate the values of the parameters (estimation step; see Foster and George [1994]).
In some situations, e.g. in wavelet regression (see chapter4), there is a maximal valuem
for the dimension of the parameters (e.g. wavelet coefficients), which plays a rôle for some
information criteria.

The model selection criteria reviewed here are all based on maximum likelihood estimation
(for alternative Bayesian approaches see chapter 3). Byℓ(θ ;y) we denote the likelihood of the
parameterθ given the datay which is to be maximized. If we assume Gaussian innovations
with unknown varianceσ2, then the log-likelihood can be given in terms of the Mean Square
Error, because in this case

logℓ(θ ,σ2;y) =−1
2

n

∑
i=1

ε2
i (θ)

σ2 −
n
2

logσ2− n
2

log2π

with
εi(θ) := yi− ŷi(θ)

(see e.g. Ljung [1999]). Thus, ifσ2 is assumed to be known, minimizing logℓ(θ ,σ2;y) es-
sentially results in minimizing

ε2
i = ‖y− ŷ‖22 = e2.

Maximum likelihood estimation leads to choosing the highest possible dimension. Therefore,
the model selection criteria based on maximum likelihood usually add a term which penalizes
the model complexity, e.g. the dimension of the parameter vector.

The earliest model selection criterium is theAkaike Information Criterion, AIC, Akaike
[1973]. It is given by maximizing the term

logℓ(θ ;y)− p

and originated as a method to minimize the expected Kullback-Leibler distance of the fitted
model to the true model (see e.g. Foster and Stine [1997]). The AIC criterium is known to
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overfit when presented with data originating from a finite-dimensional model: it yields models
with too many parameters. TheBayesian Information Criterion, BIC, also calledSchwarz’s
Information Criterion, SIC (Schwarz [1978]) has a larger penalty term compared to the AIC,
and avoids this overfitting. The BIC/SIC is given by maximizing

logℓ(θ ;y)− p
2

logn.

The resulting models are thus more parsimonious than those obtained with AIC. The BIC was
derived by Schwarz [1978] as a limiting case of Bayesian estimators, hence the name; but
it should be noted that the criterion itself is not Bayesian (it is not depending on any prior
distributions, cf. chapter 3).

Among the model selection criteria which assume a maximal numberm of parameter di-
mensions is theRisk Inflation Criterion, RIC, of Foster and George [1994]. It is obtained by
maximizing

logℓ(θ ;y)− plogm

and is based on considerations of the risk inflations, i.e. the maximum increase in risk due to
selecting rather than knowing the „correct“ model. The sameboundplogm was obtained by
Donoho and Johnstone [1994] for hard thresholding in the context of wavelets, see chapter 4.

There are many other model selection criteria, and there is no best one: Different classes of
problems yield different optimal selection criteria. There are several trials for unification of
these different criteria, e.g. Foster and Stine [1997] use an information-theoretical approach
where a model is seen as a reduction (compression) of the observed data, and model selection
is thus the task to look for the best compression in terms of the number of bits which is needed
to describe the models (parameters) selected and the associated values. The different model
selection criteria then result from different model representations.

1.4 Problems and possible improvements

For some nonlinear systems, the LOLIMOT identification algorithm has shown to work well.
But nevertheless, problems with this identification schemearise concerning:

• the identifiability of models,

• the estimation of the parameters,

• the use of prior knowledge,

• the convergence of the global model,

• the extrapolation behaviour,

• the model size (number of parameters).
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In the following sections we will discuss each of these points separately and provide some
possible solutions. While in this chapter we sketch some immediate improvements which alter
the original algorithm only slightly, we will present basictheories which lead to an alternative
algorithm in the subsequent chapters. This new algorithm will be able to identify a wider range
of nonlinear systems with a better justification of its usefulness regarding nonlinearity and
non-normality (non-Gaussian noises). The price to be paid is that it needs more resources for
identification, like computation time and computer memory.But once identified, the resulting
model is much more compact and so faster during simulation than the original one. We will
come back to all this in the chapters 2 to 5. For the time being,we discuss shortly problems
and possible improvements of the original LOLIMOT algorithm, and discuss afterwards in
more detail the easier ones of them.

Limited types of models

Problem The original LOLIMOT algorithm uses only ARX models derivedfrom determin-
istic difference equations. These models cannot handle long memory effects (like hysteresis),
as will be explained in chapter 2. The ARX models look back into the past only a fixed num-
ber of time steps. This fixed number is given by the valuesnu andny. The modelling of long
memory effects like hysteresis needs typically a memory which is not restricted in size. An-
other point already mentioned is that ARX models are not wellsuited for simulation purposes
because they are based on measured outputs of the real systemwhich are often not available.

Possible solutions A solution is to provide a wider range of basic models and combinations
of them, e.g. for hysteresis, and to include OE models for simulation purposes (based on
calculated output).

As an example of the incorporation of a long memory effect letus mention the Preisach
model as basis model. The Preisach model requires a so-called representation stringr(t)
which has to be updated at each time stept. A memory element for the storage of this string
could replace the tapped delay structure used for difference dynamics in the original local
model network, see figure 1.8 and compare to figure 1.3 on page 9. The statex(t) is then given
by this representation stringr(t). This idea will be developed in more detail in chapter 2.

Least squares estimation not suited for nonlinear identification

Problem The original algorithm uses a linear weighted least squares(LS) algorithm for
parameter identification. This is equivalent to Maximum Likelihood (ML) estimation if the
parameters are linear and model as well as data errors are Gaussian. This estimation provides
also confidence intervals for the estimated parameters. If the parameters arenot linear or the
data error isnotGaussian, then the least squares estimation is only approximately valid. There
is no possibility to say how good this approximation is in a concrete application. For strong
nonlinearities, parameter estimation and confidence intervals can be completely wrong. We
will go into more details concerning the estimation problemin chapter 3.
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System

Static
Model

−

u(t) y(t)

ε(t)

ŷ(t)

Preisach
Memory

r(t)r(t): String of local
increasing minimamk

and decreasing maximaMk

Figure 1.8: Separation of dynamics with Preisach memory

Possible solutions To solve this problem, use stochastic models like stochastic state space
models or more general graphical models, also called beliefnetworks, and replace the least
squares estimation by an estimation more suited for this kind of models, e.g. Bayesian esti-
mation in combination with decision theory. We give a sketchy idea where the difference lies
between deterministic and stochastic models in table 1.1.

Deterministic Models Stochastic Models
Knowledge

Used

Given by
Operators on
Hilbert spaces

Stochastic Pocesses

Data Error Bounded White Noise Data
(Black Box)Estimation Inversion Bayes Inference

+ +
Regularization Loss function

(“Ill-Posed Problem”) (“Unstable Problem”)
A priori
knowledge

Regularity Prior Distributions
Structural

(White Box)

Table 1.1: Deterministic versus stochastic models

Very restricted usage of prior knowledge

Problem Prior knowledge is used only to decide the model type. No smoothness and reg-
ularity properties of the real system or signals are used. The local model network and its
identification algorithm provide a black-box model which isquite black. The only grey ingre-
dient is the interpretability of the local models. But notice that these local models are actually
also black-box models. There is also no way to put constraints on the parameters.
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Possible solutions A solution may be to use regularization techniques in the determin-
istic case or Bayesian techniques where prior knowledge is provided by prior distributions.
Bayesian statistics may be used as “stochastic regularization”. Bayesian probability theory is
treated in chapter 3.

A short word concerning the notion of regularization: As every identification or estimation
process must be seen as an inverse problem, i.e. as a problem where the result is given and
the cause is sought, one has to be careful because slight errors in the given results can lead
to arbitrarily large errors in the estimated causes (“inverse and ill-posed problems”). Instable
algorithms arise if no care is taken. To circumvent these instabilities, regularization methods
must be applied. These methods consist usually in approximating the original problem by a
family of slightly modified but stable problems. To do this, always prior knowledge about
the sought solution is needed. In deterministic settings, this prior knowledge is given by
smoothness conditions on the solution like differentiability. In Bayesian settings, the prior
knowledge is always given by prior distributions for the sought values.

Convergence and convergence rates

Problem Very few is known about the convergence properties of artificial neural networks
with activation functions of sigmoidal or radial basis shape. As the local model network can
be interpreted as a special kind of neural network, the same is true in this case.

Possible solutions Our solution will be to use wavelets and multiresolution analysis. For
these issues, an elaborated mathematical theory exists, and wavelets are successfully used for
nonlinear approximation of functions. Approximation theory offers here good convergence re-
sults, and the functions which can be well approximated are characterized by well-understood
function spaces, the Besov spaces. These in turn can be characterized by sparsity proper-
ties of wavelet coefficients. The close interconnections between these three different theories,
wavelet theory, approximation theory, and functional analysis, will be treated in chapter 4.

How can function approximation help for system identification? The answer is given by the
separation of the dynamics. In the case of difference basis models like ARX models we only
have to identify the static functionsηk : X −→ Y . In the above mentioned case of Preisach
hysteresis basis models, we will show in chapter 2 that a kindof primitive function can be
derived which completely describes the Preisach model. In both cases, the identification of
the model is reduced to the identification of a function

f : D −→R
n with D ⊆R

d

or, better said, the approximation of this function. This inturn can be done by the established
methods of Constructive Approximation for functions, developed in Approximation Theory.
The main idea for the identification off is:

• For all m∈N, choose nested setsXm of functions mappingD toRn.

• Choosem∈N and a functiong∈ Xm which approximatesf best (in a certain sense).
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Extrapolation behaviour of model is extremely bad

Problem The normalization procedure of weight functions leads to unexpected effects in
the extrapolation area, that is the area of the regime space outside the hypercuboid which is
used for identification. Even regimes inside the interpolation area have distorted boundaries.
More details will be shown in a subsequent section.

Possible solutions Since the problem lies in the normalization procedure, one should try
to avoid it and to use weight functions which are already normalized by themselves.

A possibility to produce readily normalized weight functions is easily derived when we
translate the LOLIMOT decision tree into fuzzy rules. We will follow an idea of Eva Barrena
(see [Barrena Algara, 2007]). The decision tree can be translated step by step into correspond-
ing fuzzy rules. Interpreting the binary operator> in an adequate way, for example as fuzzy
operator, we get normalized smooth weight functions. More in a subsequent section of the
present chapter.

Models are too large

Problem Due to the restrictions of the subdivision algorithm (axis-parallel and dyadic sub-
divisions) the size of the global model can be very large. By alarge model size we mean
a model with many local models and thus many parameters. Thisis not favourable because
it reduces interpretability and increases computation time during simulation. The algorithm
does not work on scales, and so the parameters do not decay if model size increases, so these
parameters cannot be neglected (no thresholding is possible). One reason for the large model
sizes is that the algorithm works only from “coarse to fine”.

Possible solutions As solution, again the use of wavelets may help: Multiresolution anal-
ysis works on scales. Another possibility is the development of pruning methods: “from fine
to coarse”, as well as the development of more flexible subdivisions: not axis-parallel and/or
non-dyadic subdivisions. More details will be given in somesubsequent section in this chapter.

Summary of improvements of the LOLIMOT algorithm

We summarize the possible improvements:

• More flexible basic models (hysteresis, simulation),

• Stochastic models,

• Bayesian estimation (“stochastic regularization”),

• Normalized weight functions and/or wavelets,

• Mulitresolution analysis,

• Nonlinear approximation,
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• More flexible decision trees (subdivisions),

• Pruning (coarse to fineandfine to coarse).

The immediate improvements of the LOLIMOT algorithm in the subsequent sections will
be:

• We want to allow more splits, not only dividing the cuboids into two equal halves, but
providing other split ratios or even diagonal splits.

• We will add a gradient based optimization algorithm to optimize the parameters of the
whole model, especially

– the parameters belonging to the weight functions,

– the parameters belonging to the local models, especially after changing the model
type from ARX to OE.

• We will provide a pruning mechanism which cuts away unnecessary branches of the
tree.

All these modifications of the original LOLIMOT algorithm will of course yield a longer
computation time. But they will also establish smaller models, i.e. the global model will need
less partial models than with the original algorithm to perform the same accuracy. Anyhow,
we did not implement the proposed improvements because evenwith these improvements the
LOLIMOT algorithm is not able to identify systems with long-time memory like hysteresis.

1.4.1 Decision trees und weight functions

Our aim now is to define normalized weight functions using directly the structure of decision
trees. We first provide the necessary graph-theoretical foundations, eventually turning to a
definition of decision trees suited to our purposes. It is then easy to construct normalized and
flexible weight functions.

Finite graphs

In this section we provide the basic notions of graph theory which are needed here. The graph
terminology differs more or less among different authors orfor different usages. We follow
roughly Lauritzen in Barndorff-Nielsen et al. [2001] for the graph terminology.

Definition of graphs We begin with the definition of graphs.

Definition 1.1 (Graphs):

• We call a pair G= (V,E) a (finite) graph, if V is a finite set and E⊆V×V is a binary
relation of V . We call V thevertices(or nodes), and E theedges(or links) of the graph
G. Given an edge(u,v) ∈ E, the vertices u and v are called theendverticesof this edge.
The graph G is calledcompleteif E = V×V.
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• We call an edge(u,v) ∈ E undirected if the reversed relation(v,u) is also in E. We
write then u∼ v and call u and vneighboursof each other. We denote the set of all
neighbours of a vertex u∈V byne(u).

• We call an edge(u,v)∈ E directedif (v,u)∈ E is not in E. We write u→ v. In this case,
u is called theparentof v, and v is called thechild of u. We denote the set of all parents
of a node u∈V bypa(u) and the set of all children of u bych(u).

• We call the graph Gundirected if all edges are undirected, i.e. if the relation E is
symmetric. We call the graph Gdirectedif all edges are directed.

• We call an edge(u,u) ∈ E for some u∈ V a loop. A Graph without loops is called a
simple graph.

Graphs are often pictured as points representing the verticesV which are connected by lines
and arrows according to the relations given by the edges inE. For a directed edge(u,v) ∈ E,
an arrow is drawn with the head pointing in direction ofv. If an edge(u,v) ∈ E is undirected,
then this edge and its reversed edge(v,u) ∈ E are pictured as only one line connecting the
pointsu andv, without arrow head (see figure 1.9).

Figure 1.9: A graph with 8 vertices and directed and undirected edges

Definition 1.2 (Subgraphs and Cliques): Let G= (V,E) be a graph. We call GA = (A,EA)
a subgraphof G if A⊆ V and EA ⊆ E∩ (A×A). If EA = E∩ (A×A) then we call GA the
subgraph of Ginducedby A. A maximal complete subgraph is calledcliqueof G.

The subgraphGA may contain the same vertex set as the graphG, i.e.V = A, but possibly
fewer edges. Cliques will occur in chapter 3 in connection with graphical models.

Degree Counting the ingoing and outgoing edges of a given vertex leads to the notion of
the degree of a vertex.

Definition 1.3 (Degree of a vertex): Let G= (V,E) be a graph, and let u∈V be a vertex. We
define theoutdegreedout of u to be the number of its children,

dout := #ch(u) = #
{

v
∣∣ u→ v

}
,

the indegreedin of u to be the number of its parents,

din := #pa(u) = #
{

v
∣∣ v→ u

}
,
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and thedegreed of u to be the number of its neighbours,

d := #ne(u) = #
{

v
∣∣ u∼ v

}
.

(We denote the number of elements in a finite setA by #A.)

Paths in a graph We can follow several edges inside a graph. We get paths and cycles.
The definitions differ slightly from author to author; we will fix them as follows:

Definition 1.4 (Paths, cycles, trails): Let G= (V,E) be a graph. A sequence(u0, . . . ,un) of
pairwise distinct vertices u0, . . . ,un ∈ V with n∈ N is calledpath of length n if all binary
relations (ui ,ui+1), i = 1, . . . ,n− 1, are in E. Acycle is a path(u0, . . . ,un) with u0 = un.
In contrast, a sequence(u0, . . . ,un) of pairwise distinct vertices u0, . . . ,un ∈V with n∈N is
calledtrail of length n if for all i= 1, . . . ,n−1 either(ui→ ui+1), (ui+1→ ui) or (ui ∼ ui+1).
The graph G is calledconnectedif for each u,v ∈ G there exists a trail(u0, . . . ,un) with
u0 = u and un = v. A maximal connected subgraph induced by G will be called aconnected
componentof G.

Paths and cycles thus follow always the direction of the edges and do not cross itself. A
trail may go against the direction, but still does not cross itself. The graph in figure 1.9 has 3
connected components.

Acyclic graphs: DAGs and trees Graphs without cycles are important in many appli-
cations. In chapter 3 we will consider graphical models, i.e. statistical models based on an
underlying graph. An important case is given by the following definition:

Definition 1.5 (Directed acyclic graph (DAG)): A graph is called adirected acyclic graph
(DAG) if all edges are directed and there are no (directed) cycles.

Whereas DAGs exclusively have directed edges, forests and trees are undirected:

Definition 1.6 (Forests and trees): We call anundirectedgraph G:= (V,E) a forest if it has
no cycles. We call G atree if G has no cycles and is connected.

The connected components of a forest are thus trees. There are many equivalent characteri-
zations of trees which can be found in every book on graph theory. We will just mention:

Theorem 1.1: Let G= (V,E) be an undirected connected graph. The following conditions
are equivalent:

(a) G is a tree, i.e. G has no cycles.

(b) We have#V = #E−1.

(c) For arbitrary vertices u,v∈V there exists at most one path from u to v.
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Rooted trees Until now we have no ordering on the set of vertices in our trees: trees are
undirected graphs by definition, and thus an ordering cannotbe derived by the direction of
edges. To enforce an ordering on a given treeG = (V,E), we only need to choose one vertex
out ofV which shall be on the top of the tree. We will call this vertex the root of the treeG.

Definition 1.7 (Rooted tree): We call the pair T= (G, r) a rooted treeif G = (V,E) is a tree
and r∈V is a vertex, called theroot of G. Thecanonical ordering≥ of (G, r) is then defined
by

• u≥ v for u,v∈V if u lies on the path from r to v.

For simplicity, we often suppress mentioning the rootr and often call alreadyG a rooted
tree. It is easy to prove that the canonical ordering is indeed an ordering on the verticesV. As
usual, one writesu > v if u≥ v but u 6= v, u≤ v if v≥ u, andu < v if v > u. The ordering≥
has an additional property: it is directed (as ordering), i.e. for each two verticesu,v∈V, there
is a vertexw∈V suchw≥ u andw≥ v (one simply may choosew = r).

With this ordering≥, we may construct an associateddirectedgraphG∗(V,E∗) which is
directed according to≥: The verticesV are the same, and the directed edgeu→ v is in
E∗ if and only if u∼ v andu > v. We will often switch between these two graphs without
mentioning. With this interpretation, we may say: Given a vertex u∈V of a treeT = (G, r)
with G := (V,E), the vertices which lie directly aboveu are theparentsof u,

pa(u) =
{

v∈V
∣∣ v > u and there is no vertexw∈V with v > w > u

}
,

and the vertices lying directly belowu are thechildren of u,

ch(u) =
{

v∈V
∣∣ u > v and there is no vertexw∈V with u > w > v

}
.

We can distinguish two kinds of vertices in a rooted tree:

Definition 1.8 (Inner vertices and leaves): Let T = (G, r), G= (V,E), be a rooted tree and let
u∈V be a vertex. We call u aleaf if ch(u) = /0, andinner vertex(or inner node) else.

We usually denote the set of all leaves of a rooted treeT by LT , and the set of all inner
nodes ofT by NT . In this way, we get the disjoint union

V = NT
.
∪LT .

In a rooted tree, there exists at most one parent for each vertexu. Otherwise, if we assumed
that there are two different parentsv1 andv2, then, since the ordering is directed, there would
exist a third vertexv with v≥ v1 andv≥ v2. In this way we would have constructed a circuit,
from u via v1 to v and back viav2 to u. But circuits are not allowed in trees, thus we have
at most one parent. And most vertices have indeed a parent; the rootr is the only exception.
It has no parent by definition (because it is on the top of the ordering), and again since the
ordering is directed, for each vertexu there exists a vertexv with v≥ u andv≥ r. It follows
v = r from the last assertion, and thusr ≥ u from the first one, sou must either be equal to the
root, or it has a parent (lying on the path fromu to r).

Each vertex of a rooted tree can be assigned to a certain level:
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Definition 1.9 (Height and levels of a rooted tree): Let T = (G, r) be a rooted tree.

(a) We call the set Vl ⊆ V the set of vertices oflevel l with l ∈ N, if Vl contains all vertices
v∈V such that the path from r to v has length l.

(b) Theheight h∈N of T is the length of a maximal path in T beginning at the root r.

Thus: The root builds the level 0, its children level 1, theirchildren level 2, and so on. On
the “highest” levelh, the height ofT, we find only leaves. But leaves can of course also appear
on other levels.

k-ary trees As further enrichment of structure of rooted trees we want tointroduce an
enumeration of the neighbours of an arbitrary vertexu∈V.

Definition 1.10(Enumerations): Let (G, r) be a rooted tree with G= (V,E). Anenumeration
or orientationq := (qu)u∈V of (G, r) is given by a family of maps

qu : ne(u)−→N∪
{
−1
}
,

which assigns to each neighbour of u an integer such that

(a) the number−1 is assigned to the parent v of u, i.e. qu(v) =−1 if pa(u) =
{

v
}

, and

(b) the map qu is injective.

We call the enumerationstrict if the image of each qu is equal either to
{
−1,0,1, . . . ,d−2

}

or to
{

0,1, . . . ,d−1
}

where d= degu is the degree of u.

Given an enumeration, we can assign to each vertex inV a unique stringb(v) = (b1, . . . ,bl )
with length #b = l equal to the level ofv andbi ∈N for eachi = 1, . . . , l in the following way:
We take the path(r = v0,v1, . . . ,vl−1,vl = v) from the rootr to the vertixv, and set

bi := qvi−1(vi),

that isbi is the number ofvi with respect to its parentvi−1. We will call this theassociated
string of the vertexv and the enumerationq. (We will use the associated strings in chapter 4
in connection with wavelet packets.) The root has alwaysb(r) = (), the empty string.

Definition 1.11 (k-ary trees): Let T = (G, r) be a rooted tree. We call T a (full or proper)
k-ary tree if the root r has degree k and all other vertices have either degree k+1 or degree 1.

Recall that the leaves are the vertices with degree 1. Thus all inner vertices of a fullk-ary
tree except the root have degreek+1. There is also the namek-regular tree for this kind of
tree used in the literature, but we want to avoid it because aregular graphis a graph where
eachvertex has degreek, and so the definitions are not congruent. We will often drop the
word full (or proper) in the above definition, but it should bementioned that in other contexts
the meaning ofk-ary could be that each vertex hasat mostdegreek+1. The most prominent
k-ary tree is thebinary tree, wherek = 2 (see figure 1.10).

For a full k-ary treeT = (G, r) with G = (V,E) and enumerationq, we usually assume that
this enumeration is strict. Considering a binary tree and a nodeu∈V, we use the notionleft
child for the childv with qu(v) = 0 andright child for the childv with qu(v) = 1.
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Root
0 1

0 1 0 1

0 1 0 1 0 1 0 1

Root
0 1

0 1 0 1

0 1

Figure 1.10: Binary trees with strict enumeration (the leaves are pictured as squares; the num-
bers−1 from the vertices to the parents are suppressed; the associated string for
each node can directly be read by moving along the path from the root towards
the node)

Probability trees As a last ingredient we want to add a weight to the edges.

Definition 1.12 (Edge weights and probability trees): Let G= (V,E) be a tree. Anedge
weightw on G is just a non-negative map w: E −→ R≥0 such that for the undirected edges
(u,v) ∈ E the following symmetry condition holds:

• w((u,v)) = w((v,u)).

We say the edge weight isnormalizedif the edge weights to the children of u sum up to 1, i.e.

∑
v∈ch(u)

w(u,v) = 1.

A probability tree(T,w) is a rooted tree T= (G, r) together with a normalized edge weight w.

Decision trees We are now ready to define the notion of a decision tree in a precise way:

Definition 1.13 (Decision trees): Let T := (G, r) with G= (V,E) be a rooted tree,Ω a set,
andδ : Ω×E −→ R a map. Then T is calleddecision treeon Ω with decision mapδ if the
following condition holds:

• For eachω ∈Ω, the mapδ (ω, ·) is a normalized edge weight on G.

Theassociated family of weight functions(wu)u∈V with wu : Ω −→ R is recursively defined
by

• wr(ω) = 1 for all ω ∈Ω (where r is the root),

• wu(ω) = wv(ω) ·δ (ω,(v,u)) if v denotes the parent of u.

Thus, for each fixedω ∈ Ω, T together withδ (ω, ·) is a probability tree. We usually con-
sider onlyfull binary decision trees. If we additionally fix a strict enumeration(qu)u∈V , then
we are able to distinguish for each inner vertexu between a left and a right child, i.e. the child
with number 0 and 1, respectively, sayv0 andv1. We then have a left edge(u,v0) and a right
edge(u,v1), as well as a left edge weightδ (·,(u,v0)) and right edge weightδ (·,(u,v1)). From
the definition of decision trees we get

δ (·,(u,v0))+δ (·,(u,v1))≡ 1,
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such that it is enough to provide one of these maps (we use the right edge weight!), which
equally well might be assigned to the vertexu, by defining

δu(·) := δ (·,(u,v1)).

We call theseδu’s thecomponentsof the decision mapδ . This is the way we have pictured
the decision map in the forgoing sections (for example in figure 1.5 on page 18). It follows

δ (·,(u,v1)) = δu(·) and δ (·,(u,v0)) = 1−δu(·).

The componentsδu of the decision map are thus defined for all inner nodesu∈NT .

Decision trees and logic If the components of the decision map are boolean functions,
i.e. the image consists of the two-element set

{
0,1
}

,

δu : Ω−→
{

0,1
}

for all u∈NT ,

then boolean logic tells us that the operator 1− · appearing in the above equation for the
left edge decision map is exactly theNOT operator of boolean logic. It is then clear why
the left edge of an inner nodeu can be labelled byFALSE and the right edge labelled by
TRUE. The associated weight functions of the decision tree represent then boolean functions
wu : Ω−→

{
0,1
}

. If we return to the general decision maps with images on the whole interval
[0,1], we could use fuzzy logic to interpret the decision tree logically. Here, theNOT operator
is still defined by 1−·. The labelsFALSE andTRUE still make sense.

Decision trees and weight functions We will now show a simple lemma concerning
the associated weight functions. It says that each decisiontreeT actually builds a family of
probability treesTω , indexed byω ∈Ω.

Lemma 1.1: LetΩ be a non-empty set and let T= (G, r), G= (V,E), be a decision tree with
decision mapδ . Let(wu)u∈V be the associated family of weight functions. Then the following
holds:

(a) For all u ∈V and allω ∈Ω we have wu(ω)≥ 0.

(b) For an arbitrary u∈V let ch(u) denote the (finite) set of children of u. Then we have for
all ω ∈Ω

∑
v∈ch(u)

wv(ω) = wu(ω) if ch(u) 6= /0.

(c) LetLT denote the set of leaves of T . Then we have for allω ∈Ω:

∑
v∈LT

wv(ω) = 1.
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Proof. We fix an arbitraryω ∈Ω.

(a) If a vertexu has no parent, thenwu(ω) = 1≥ 0. If u has a parentv then we may assume by
induction thatwv(ω)≥ 0 and thuswu(ω) = wv(ω) ·δ (ω,(v,u))≥ 0 becauseδ (ω,(v,u))≥ 0
by definition.

(b) From the definition ofwv for eachv∈ ch(u) we get:

wv(ω) = wu(ω) ·δ (ω,(u,v)),

and thus it follows:

∑
v∈ch(u)

wv(ω) = ∑
v∈ch(u)

wu(ω) ·δ (ω,(u,v)) = wu(ω) · ∑
v∈ch(u)

δ (ω,(u,v)) = wu(ω)

because∑v∈ch(u) δ (ω,(u,v)) = 1 according to the definition ofδ .

(c) We proceed by induction over the heighth of the treeT. Forh= 0 we have exactly the one
noder which is root and leaf, and we have

∑
v∈LT

wv(ω) = wr(ω) = 1

for all ω ∈ Ω by definition. For the induction step letTh−1 denote the subtree generated by
the vertices in the levels up toh−1, i.e. the tree where the leaves of the last levelh and the
corresponding edges are removed. The definition of the associated weights shows that for all
u∈ Th−1 the weights coincide with those associated withT. The induction hypothesis yields
then

∑
u∈LTh−1

wu(ω) = 1.

We have a partition ofLTh−1 into two sets

L1 :=
{

u∈LTh−1

∣∣ ch(u) = /0 in T
}

and L2 :=
{

u∈LTh−1

∣∣ ch(u) 6= /0 in T
}
.

The leaves inLT are then given by the disjoint union

LT = L1
.∪

.⋃
u∈L2

ch(u).

From this it follows that

∑
u∈LT

wu(ω) = ∑
u∈L1

wu(ω)+ ∑
u∈L2

∑
v∈ch(u)

wv(ω)

= ∑
u∈L1

wu(ω)+ ∑
u∈L2

wu(ω)

= ∑
u∈LTh−1

wu(ω) = 1

where we have used(b) with

∑
v∈ch(u)

wv(ω) = wu(ω)

for eachu∈L2 and eachω ∈Ω.
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As an immediate consequence of this lemma we get:

Theorem 1.2: Let Ω be a non-empty set and let T= (G, r), G = (V,E), be a decision tree
with decision mapδ . Let (wu)u∈V be the associated family of weight functions. Then the
family (wu)u∈LT , i.e. the family of weight functions associated with the leaves of T , provides
a normalized family of weight functions.

We call this family(wu)u∈LT thedecision tree based weight functionsonΩ induced by the
decision treeT and the decision mapδ .

To be able to write the weight functions in a different way forbinary decision trees, we need
the complement operator

c : [0,1]−→ [0,1], x 7−→ 1−x.

It is strongly monotonously decreasing, i.e.

x < y =⇒ c(x) > c(y) for all x,y∈ [0,1],

and involutory, i.e.
c(c(x)) = x for all x∈ [0,1].

By the latter property it follows (using operator notation):

cn(x) =

{
Id(x) = x n∈N, n even,
c(x) = 1−x n∈N, n odd,

where we set, as usual,c0(x) := Id(x) := x, and recursivleycn(x) = c(cn−1(c)) for n ∈ Nr{
0
}

.
Let u∈LT be a leaf of a binary decision treeT = (G, r), G = (V,E), and(u0, . . . ,un) with

u0 = r andun = u the path from the rootr to the leafu. Then it is easy to see by induction that

wu(ω) =
n−1

∑
i=0

cqui (ui+1)δui (ω)

wherequ : V −→
{

0,1
}

denotes for each nodeu∈V the enumeration of the (binary) decision
treeT.

Examples of decision tree based weight functions We proceed now with special
realizations of families of decision tree based weight functions in the case of a binary decision
treeT. We only need to define the components of the decision map, i.e. for each inner node
u∈NT we have to fix

δu : Ω−→ [0,1].

Examples: 1. ChooseΩ := Rd for somed ∈ N, and assign to each inner nodeu ∈ LT a
vectorαu ∈Rd and a real numberβu ∈R. Then asplitting rule is defined by

δu(ω) := (α⊤u ω > βu) for all ω ∈Ω

where we interpret> as a binary operator> : R×R −→
{

0,1
}

with values 0 (FALSE)
and 1 (TRUE). The resulting decision tree based weight functions are then the characteristic
functions describing a partition ofΩ = Rd into a finite set of polyhedra.
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2. If in the previous example we choose especially the vectorsαu to be unit vectors,

αu ∈
{

ei
∣∣ i = 1, . . . ,d

}

with

ei ∈R
d, (ei) j :=

{
1 if i = j,
0 else,

then we get a partition ofΩ into hypercuboids with axis-parallel edges.

3. We may also „fuzzyficate“ the operator> to get smoother weight functions. Following
Barrena Algara [2007], we do this by first choosing a sigmoid functions : R−→ [0,1], i.e.
s is a monotonously increasing and continuous function with

s(x)→ 0 for x→−∞ and s(x)→ 1 for x→+∞.

We then define
δu(ω) := s(α⊤u ω−βu).

We may especially choose thelogistic function

s : R−→ [0,1], s(x) :=
1

1+e−x .

This function is well-known as the solution of the so-calledlogistic differential equation or
as the usual activity function for neural networks. For the logistic function, the additional
property

1−s(x) = s(−x)

holds, and the decision map is thus given by

δ (ω,(u,v1)) = δu(ω) = s(α⊤u ω−βu)

and
δ (ω,(u,v0)) = 1−δu(ω) = s(βu−α⊤u ω).

The decision tree based weight functions presented in this section are based on an idea of
Eva Barrena [Barrena Algara, 2007]. Her idea is the application of so-called fuzzy-less and
fuzzy-greater operators in the splitting rules occurring in decision trees. Barrena uses these
modified decision trees, calledsoft operator decision trees (SODT), for the purpose of clas-
sification: exactly the task decision trees have been invented for. In her thesis, Eva Barrena
investigates the improvements of SODTs over the usual “crisp” decision trees with hard split-
ting rules. She already defines what we call probability trees (there: possibility trees), and
also the weight functions we called decision tree based weight functions. Here, in this the-
sis, we want to use her weight functions for local model networks and thus in the LOLIMOT
algorithm. All proofs concerning probability trees and decision tree based weight functions
can already be found in Eva Barrena’s thesis. We have imbedded them in our framework,
trying to unify these concepts with the original concepts used in local model networks and the
LOLIMOT algorithm on one side, and on the other side to revealthus the differences.

39



i i ii

i i ii

1 Introduction: Grey-box models and the LOLIMOT algorithm

Smooth decision tree based weight functions for the LOLIMOT algorithm

As already mentioned, the normalized Gaussian weight functions originally used for local
model networks and the LOLIMOT algorithm have some sever disadvantages.

Reactivation One of the disadvantages is the uncertainty about the behaviour outside the
prescribed data area. Here, the normalization of the Gaussian weight functions causes effects
which are called reactivation. That means, one of the weightfunctions reappears unexpectedly
in some region far outside the data area. To avoid this, Nelles [1997] proposes to freeze the
values given at the borders of the data area when going outside. The phenomenon already
appears in the 1-dimensional case with two unnormalized weight functions

wi = exp
(
− 1

2
(x−µi)

2

σ2
i

)
, i = 1,2,

with µ1 6= µ2, σ1 6= σ2 andσ1,σ2 > 0. If we assume e.g.µ1 < µ2, thenw1 constitutes the left
andw2 the right regime. One would expect that for allx < µ1 the weightw1 dominatesw2,
i.e. w1(x) > w2(x), and that on the other side forx > µ2, we would havew1(x) < w2(x). We
will show that this is not possible: If we take a look at those pointsx∈R wherew1 andw2 are
equally valid, i.e.

exp
(
− 1

2
(x−µ1)

2

σ2
1

)
= exp

(
− 1

2
(x−µ2)

2

σ2
2

)
,

then from the bijectivity of the exponential function it follows that this is equivalent to

(x−µ1)
2

σ2
1

=
(x−µ2)

2

σ2
2

,

and this in turn is equivalent to

q(x) :=
(
σ1(x−µ2)

)2−
(
σ2(x−µ1)

)2
= 0.

We thus have to determine the zeros of the quadratic polynomial q(x). They are given by

x1 =
σ1µ2−σ2µ1

σ1−σ2
and x2 =

σ1µ2 +σ2µ1

σ1 +σ2
.

They exist becauseσ1 6= σ2 andσ1,σ2 > 0. They are not equal, because from

x2−x1 =
(σ1−σ2)(σ1µ2 +σ2µ1)− (σ1+σ2)(σ1µ2−σ2µ1)

σ2
1 −σ2

2

=
2σ1σ2(µ1−µ2)

σ2
1 −σ2

2

it is easily seen thatx1 = x2 if and only if µ1 = µ2. Also, we see, under the assumptionµ1 < µ2,
thatx1 < x2 if and only if σ1 < σ2.

The derivativeq′(x) := dq(x)/dxof the above polynomial is given by

q′(x) = 2
(
(σ2

1 −σ2
2)x−σ2

1 µ2 +σ2
2 µ1
)
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and insertingx1 andx2 results in

q′(x1) = 2σ1σ2(µ2−µ1) 6= 0

and
q′(x2) = 2σ1σ2(µ1−µ2) 6= 0,

respectively. Concluding, we see that at the pointsx1 andx2, and only at these points, the
dominant weight changes.

The derivative of the weight functionswi at the crossing pointsx1 andx2 are given by

d
dx

wi(x)
∣∣
x=x j

= wi(x j) ·
(
− x j −µi

σ2
i

)
,

and sincew1(x j) = w2(x j) > 0, j = 1,2, we have that

d
dx

(w2(x)−w1(x))
∣∣
x=x j

> 0

if and only if

−x j −µ2

σ2
2

+
x j −µ1

σ2
1

> 0.

Since

−x j −µ2

σ2
2

+
x j −µ1

σ2
1

=





µ1−µ2

σ1σ2
if j = 1,

µ2−µ1

σ1σ2
if j = 2,

we have that the sign of
d
dx

(w2(x)−w1(x))
∣∣
x=x j

depends only on the sign ofµ2−µ1: at x1, we have the opposite sign, and atx2, we have the
same sign. In our case, the sign ofµ2−µ1 is positive, and we observe that atx1 the dominance
of the weight functions changes fromw2(x) > w1(x) for all x < x1 to w2(x) < w1(x) for all
x with x1 < x < x2, and it changes again atx2 to w2(x) > w1(x) for all x > x2. This is the
reactivation ofw2 at the left side. (We considered the non-normalized weight functions, but
the dominance does not change after normalization).

Other problems Another problem is the fast (exponential) convergence to zero outside of
the data area of all weight functions, which finally brings all the weight functions numerically
to zero. During normalization, a division by zero occurs. But even inside the data area,
the normalized Gaussian weight functions may show unexpected shapes: there occur bumps
and curls in the overlapping areas. Another disadvantage isthe impossibility to rotate the
Gaussian functions around their middlepoints without overlapping the neighbouring areas.
This overlapping would even aggravate the former mentionedproblems. So it is practically
not easy to obtain areas with oblique borders.
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To avoid all these problems, we apply the decision tree basedweight functions as another
kind of weight functions for the LOLIMOT algorithm. It is notnecessary to normalize them,
because they already build a partition of one through their construction. So, all the problems
caused by normalization do not appear.

To use this kind of weight functions for the LOLIMOT algorithm, we just have to compute
them via the binary decision trees constructed during the run of the LOLIMOT algorithm. It
is clear that we thus get only rules of the formα⊤u ω > βu with αu = ei for some unit vectorei ,
or at mostαu = σei for some chosen positive constantσ as in the original algorithm. We will
provide some possibilities to loosen these restrictions atthe end of the present chapter.

In figure 1.11 a comparison of the different weight functionsis shown through colour plots
with an example.

Interpretation as Fuzzy rules If, as in the second example of the previous section,αu = ei

for some unit vectorei , then, the decision tree based weight functions can be directly translated
into Fuzzy rules using so-called Fuzzy operators. Following Barrena Algara [2007], we define
the Fuzzy operator>s by

>s: R×R−→R, x >s y := s(x−y)

with

s(z) =
1

1+e−z.

InterpretingAND as multiplication andNOTx as 1−x and settingx > y := x >s y andx < y :=
NOT(x > y) := 1− (x >s y) for all x,y∈ R, we can for example transform the weighted basis
function

w(ψ1,ψ2) · f (ψ1,ψ2)

with

w(ψ1,ψ2) = (1− (ψ1 >s 0.5)) · (ψ2 >s 0.5) · (ψ1 >s 0.25)

= (1−s(ψ1−0.5))s(ψ2−0.5)s(ψ1−0.25)

into the Fuzzy-rule

IF NOT ψ1 > 0.5 AND ψ2 > 0.5 AND ψ1 > 0.25 THEN f (ψ1,ψ2)

(see figure 1.12; the weight function corresponds to the areaC and yields the third Fuzzy rule).
One could as well reverse the procedure.

Generalization to oblique borders Giving up the restrictionαu = ei , we get areas with
oblique borders. By replacing for example the first condition in the weight function considered
above, i.e.

w(ψ1,ψ2) = (1− (ψ1 >s 0.5)) · (ψ2 >s 0.5) · (ψ1 >s 0.25)

= (1−s(ψ1−0.5))s(ψ2−0.5)s(ψ1−0.25),
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Figure 1.11: Weight functions: Gauss (top), Normalized Gauss (middle), Decision Tree Based
(bottom); shown are respectively the weight functions of each of the five regimes,
and (in the respective lower right corner) the dominant regimes
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Decision tree describing
the regime partitioning

Extracted Fuzzy rules

ψ1 > 0.5

ψ2 > 0.5 ψ1 > 0.75

A ψ1 > 0.25 D E

B C

FALSE TRUE

FALSE TRUE FALSE TRUE

FALSE TRUE

IF NOT ψ1 > 0.5 AND NOT ψ2 > 0.5 THEN A

IF NOT ψ1 > 0.5 AND ψ2 > 0.5
AND NOT ψ1 > 0.25 THEN B

IF NOT ψ1 > 0.5 AND ψ2 > 0.5
AND ψ1 > 0.25 THEN C

IF ψ1 > 0.5 AND NOT ψ1 > 0.75 THEN D

IF ψ1 > 0.5 AND ψ1 > 0.75 THEN E

Figure 1.12: Extraction of Fuzzy rules from a decision tree

we still could write something like

IF NOT α1ψ1+α2ψ2 > β AND ψ2 > 0.5 AND ψ1 > 0.25 THEN f (ψ1,ψ2),

but this contradicts the philosophy of Fuzzy theory to treateach dimension separately.

1.4.2 Gradient based optimization

We develop in this section the application of a gradient based local optimization method for
the local model networks, in addition to the constructive method realized by the LOLIMOT
algorithm. The local optimization methods always require starting values. The parameters
constructed by the LOLIMOT algorithm may serve to this purpose. The idea of an iterative
after-optimization of the local model network obtained by the LOLIMOT algorithm appears
already in Nelles [1997].

Problem formulation The problem we want to solve is an optimization problem: Let
Ω be a set andf : Ω −→ R be a function, then we want to find a valueω∗ ∈ Ω such that
f (ω∗) is minimal (or maximal) with respect to all valuesf (ω), ω ∈ Ω. We will restrict our
investigations to the case that we want to find a minimum. The maximum can be found by
the same method using the function− f instead off . If f is a complicated function, then this
problem is very difficult. An easier problem is to find a local minimum whenΩ := Rn and
the functionf is differentiable with respect toω ∈Ω. Gradient based optimization starts with
an initial valueω0 and uses the gradient off to find the direction pointing downwards. The
initial valueω0 is updated to the valueω1 by making a step towards this direction. These steps
are repeated, always going downward, thus producing a sequenceω0,ω1,ω2, . . . which (under
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certain conditions concerning the size of the steps) converges to the next local minimum. The
method thus pictured uses the steepest descent direction pointing against the gradient. There
are better choices of directions when information about thecurvature of the functionf around
the pointsωi is taken into account. This leads to the Newton and Quasi-Newton directions
(explained in detail later).

Different initial valuesω0 will lead to different local minima, and it should be clear that we
never can be sure that we have found the global minimum. Nevertheless, this method isthe
method used for the „training“ of neural networks, known as backpropagation. As mentioned,
we always need an initial value; with neural networks, the initial value is mostly chosen ran-
domly. Surprisingly, in the neural network literature the important step of looking for the right
distribution of these random values is rarely addressed, although one has necessarily to de-
cide for one distribution when implementing the algorithm.Another surprising fact is that the
backpropagation algorithm is in praxis often implemented using the steepest descent method,
resulting in an unnecessarily slow convergence. It can be fastened without much effort using
Quasi-Newton steps. Here, also ideal step sizes are known. We will describe this in more de-
tail in the following sections. Concretely spoken, we choose the Levenberg-Marquardt descent
direction and the Armijo step size.

In our case, the arguments subject to optimization are the parameters of our model. Since
the local model networks obtained by the LOLIMOT algorithm are designed in a way such
that they are differentiable with respect to the parameters, it is possible to apply a gradient
based algorithm. Our functionf is in this case an error function measuring the error between
model and real system. The derivatives of this error function will be computed by means
of the chain rule. In contrast to the usual backpropagation algorithm of neural networks we
apply a feedforward computation. This is necessary becauseour overall approach is an output
error (NOE) approach better suited to simulation purposes,see Nerrand et al. [1993]. In the
mentioned article, the algorithm we use is called undirected algorithm.

Identification set and validation set The error function compares computed output to
measured output that is necessarily noisy and disturbed. Toavoid that the parameters are too
much adapted to this noise (in neural network theory this is called overfitting), we have to
take some precautions. This is done by dividing the set of measurementsE into three disjoint
sets, theidentification set(training set)E Ident, thevalidation setE Valid, and thetest setE Test,
respectively. The identification set serves to the estimation of the parameters, whereas the
validation set is used to check against a too strong fitting ofthe optimized parameters to the
data of the identification set. The test set will be untoucheduntil after the identification to test
the quality of the identified model.

If we denote the cardinality of the setsE Ident andE Valid by N := #E Ident andM := #E Valid,
respectively, we are able to compute the difference betweenmeasured (observed) and com-
puted (estimated) data with respect to each of the setsE Ident andE Valid by means of quadratic
error functions. Thus, for all parametersθ ∈ Θ we define with respect to the identification set
E Ident the identification error

VN(θ) :=
1

2N ∑
(u,y)∈E Ident

∣∣y−Γ(u;θ)
∣∣2
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and with respect to the validation setE Valid thevalidation error

WM(θ) :=
1

2M ∑
(u,y)∈E Valid

∣∣y−Γ(u;θ)
∣∣2.

In both casesΓ denotes the parameterized model. The optimization algorithm changes the
parametersθ in such a way that the identification errorVN(θ) decreases with every optimiza-
tion step. The observation of the validation errorWM(θ) guarantees that no overfitting of the
parameters to the identification data taken fromE Ident occurs. Because of the bias-variance
decomposition of the complete expected error (see e.g. Sjöberg et al. [1994], section 6.3) an
overfitting of the parametersθ can therefore be detected by a beginning increase of the vali-
dation errorWM(θ). The observation of the error plot helps to decide when the optimization
procedure should be stopped.

Application to local model networks

We give now a detailed description of the application of the gradient based optimization for
local model networks.

Given data Let E Ident =
{
(u1,y1), . . . ,(uN,yN)

}
be a finite set of input/output measure-

ments of the real system taken at timest1 < .. . < tN, respectively. These measurements may
as well come from several, sayr, experiments from the real system, starting at times

t(1)
0 , . . . , t(r)0 ∈ T ,

i.e.

(t1, . . . , tN) = (t(1)
0 , . . . , t(1)

l1−1, t(2)
0 , . . . , t(2)

l2−1, . . . , t(r)0 , . . . , t(r)lr−1)

wherel1, . . . , lr are the length of the experiments. For a given parameter vector

θ := (θ1, . . . ,θd)
⊤ ∈Θ = R

d

let further be

ŷk(θ) := Γ(u(·);θ)(tk) := Γ
t(ρ(k))
0 ,x(ρ(k))

0
(u(·);θ)(tk), k = 1, . . . ,N,

the corresponding output of the parameterized model where the initial timest(ρ(k))
0 and initial

valuesx(ρ(k))
0 are with respect to the indexρ(k) ∈

{
1, . . . , r

}
being the maximalρ such that

t(ρ)
0 ≤ tk.
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Gradient of the error function We define the following error function depending on the
parametersθ ∈Θ:

VN(θ) :=
1

2N

N

∑
k=1

∣∣yk− ŷk(θ)
∣∣2 =

1
2N

N

∑
k=1

∣∣yk−Γ(u(·);θ)(tk)
∣∣2.

The derivative of this error functionVN(θ) with respect to the parameter vectorθ is computed
by

V ′N(θ) :=
d

dθ
VN(θ) =− 1

N

N

∑
k=1

(
yk−Γ(u(·);θ)

)
(tk)

∂
∂θ

Γ(u(·);θ)(tk).

Essential for the computation of this derivative thereforeis the computation of the gradient of
the model with respect toθ , i.e. we need to compute for allk = 1, . . . ,N the(1×d) vectors

∂
∂θ

Γ(u(·);θ)(tk) =

(
∂

∂θ1
Γ(u(·);θ)(tk), . . . ,

∂
∂θd

Γ(u(·);θ)(tk)

)
.

As an abbreviation for these gradients we denote them by

ψk(θ) :=
∂

∂θ
Γ(u(·);θ)(tk) for all k = 1, . . . ,N

and their components by

ψk, j(θ) :=
∂

∂θ j
Γ(u(·);θ)(tk) for all k = 1, . . . ,N and j = 1, . . . ,d.

We fix now ak ∈ {1, . . . ,N} and consider the computation of the componentsψk, j(θ) for all
j = 1, . . . ,d. According to the definition of a local model network, our model Γ(u(·);θ)(tk) is
given by

ŷ(θ) = Γ(u(·);θ)(tk) =
N

∑
i=1

wi(x(tk);θ)ηi(x(tk);θ) =
N

∑
i=1

w
(
x(tk);θw

i

)
η
(
x(tk);θ η

i

)

resulting in the derivative

ψk, j(θ) =
∂

∂θ j
Γ(u(·);θ)(tk) =

∂
∂θ j

N

∑
i=1

w
(
x(tk);θw

i

)
η
(
x(tk);θ η

i

)

=
N

∑
i=1

[
∂w
(
x(tk);θw

i

)

∂θ j
·η
(
x(tk);θ η

i

)
+w
(
x(tk);θw

i

)
· ∂η

(
x(tk);θ η

i

)

∂θ j

]

for all j = 1, . . . ,d.
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Gradient of partial models We continue with the derivative of the partial models

η
(
x(tk);θ η

i

)
= θ η

i
⊤

x(tk)

with linear parametersθ η
i . It is given by

∂η
(
x(tk);θ η

i

)

∂θ j
=

∂θ η
i
⊤

x(tk)

∂θ j
=
(∂θ η

i

∂θ j

)⊤
x(tk)+θ η

i
⊤∂x(tk)

∂θ j

with
(∂θ η

i

∂θ j

)⊤
x(tk) =

{
x(tk), if (θ η

i )l ≡ θ j ,
0, else,

where(θ η
i )l for somel ∈N shall denote a component of the vectorθ η

i . Concerning

∂x(tk)/∂θ j ,

we have to be aware that also the state vectorx(tk) at timetk may depend onθ j . If we choose
ARX models as partial models, i.e.

x(t) =
(
u(t),u(t−1), . . . ,u(t−nu),y(t−1), . . . ,y(t−ny)

)⊤
,

this is not the case, and the derivative∂x(tk)/∂θ j is always equal to 0. In contrast, with OE
models as partial models, i.e.

x(t) =
(
u(t),u(t−1), . . . ,u(t−nu), ŷ(t−1;θ), . . . , ŷ(t−ny;θ)

)⊤
,

the corresponding derivative is given by

∂x(tk)
∂θ j

=
(

0,0, . . . ,0,
∂ ŷ(tk−1;θ)

∂θ j
, . . . ,

∂ ŷ(tk−ny;θ)

∂θ j

)⊤
.

The derivatives
∂ ŷ(τ;θ)

∂θ j
for τ < tk

can be recursively computed, as long asτ ≥ t(ρ)
0 if tk = t(ρ)

κ for some 1≤ ρ ≤ r and some
0≤ κ < lρ ; one has to provide the initial values

∂ ŷ(τ;θ)

∂θ j
for τ ≤ t(ρ)

0

for the other cases.
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Gradient of weight functions The derivation of the weight functions is a bit more in-
volved. We have two possibilities: the original weight functions consisting of normalized
Gaussian bell clocks, and the decision tree based weight functions. We look at the two possi-
bilities separately.

• Possibility 1: We may think of the original weight functions as being assigned to the
leaves of a given decision treeT = (G, r). If for every leafu∈LT the non-normalized
weight is denoted by ˜wu(t;θw), then the normalization procedure yields

wu(t;θw) =
w̃u(t;θw)

∑v∈LT
w̃v(t;θw)

.

By assuming differentiability of all non-normalized weight functionsw̃u(t;θw) with
respect toθw, we obtain the derivative of the normalized weight functions by:

∂
∂θwwu(t;θw) =

( ∂
∂θ ww̃u(t;θw)

)
·∑v∈LT

w̃v(t;θw)− w̃u(t;θw) ·∑v∈LT
∂

∂θ ww̃v(t;θw)
(

∑v∈LT
w̃v(t;θw)

)2 .

In particular, we choose as non-normalized weight functions the Gaussian bell functions

w̃u(t;θw) := exp

(
−1

2
(x(t)−µu)

⊤Σu(x(t)−µu)

)

(we suppress the usual constant factor which is without any relevance due to the normal-
ization procedure) withµu ∈ Rd and a symmetric positive definite matrixΣu ∈ Rd×d,
together building the parametersθw. SinceΣu is positive definite, the square root
Σ1/2 ∈R

d×d exists and is also symmetric and positive definite. We therefore write

xu(t;θw) := Σ1/2
u (x(t)−µu)

which leads to

w̃u(t;θw) = exp

(
−1

2
xu(t;θw)⊤xu(t;θw)

)
.

As derivative with respect toθw we obtain

∂
∂θw w̃u(t;θw) =−exp

(
−1

2
xu(t;θw)⊤xu(t;θw)

)
xu(t;θw)⊤

∂
∂θwxu(t;θw)

=−w̃u(t;θw)xu(t;θw)⊤
∂

∂θwxu(t;θw).

Inserting this into the above given derivative of the normalized weight functionwu(t;θw),
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we obtain

∂
∂θwwu(t;θw) =

(
− w̃u(t;θw)xu(t;θw)⊤ ∂

∂θ w xu(t;θw)
)
·∑v∈LT

w̃v(t;θw)
(

∑v∈LT
w̃v(t;θw)

)2

−
w̃u(t;θw) ·∑v∈LT

(−w̃v(t;θw))xv(t;θw)⊤ ∂
∂θ w xv(t;θw)

(
∑v∈LT

w̃v(t;θw)
)2

= wu(t;θw) ·
[
−xu(t;θw)⊤

∂
∂θwxu(t;θw)

+ ∑
v∈LT

wv(t;θw)xv(t;θw)⊤
∂

∂θwxv(t;θw)

]
.

We find also:

∂xu(t;θw)

∂ µu
= Σ1/2

u

(
∂x(t)
∂ µu

−1

)
and

∂xu(t;θw)

∂Σ1/2
u

= Σ1/2
u

∂x(t)

∂Σ1/2
u

+x(t)−µu,

wherex(t) may depend on the parameters, as mentioned earlier.

• Possibility 2: We use the weight functions associated with a given full binary decision
treeT = (G, r), G = (V,E), with the parameterized components of the normalized edge
weights given byδu(·;θw) for each inner vertexu∈NT . We have seen that the weight
function for a leafu∈LT can be written as

wu(t;θw) =
n−1

∑
i=0

cqui (ui+1)δui (t;θw)

where(u0, . . . ,un) with u0 = r andun = u denotes the path from the rootr to the leafu,
wherequ denotes for each nodeu∈V the enumeration of the (binary) decision treeT,
where

c : [0,1]−→ [0,1], x 7−→ 1−x,

and whereδu are the components of a decision map forT. By assuming again differen-
tiability of the componentsδu(t;θw) with respect toθw, we obtain for the derivative of
the weight functionwu for a leafu∈LT , with (u0, . . . ,un) being the path fromr to u,
as:

∂
∂θwwu(t;θw) =

n−1

∑
i=0

∂
∂θwcqui (ui+1)(δui (t;θw)) ·

n−1

∏
j=0
j 6=i

cquj (u j+1)(δu j (t;θw))

=
n−1

∑
i=0

(−1)qui (ui+1)
∂

∂θwδui (t;θw) ·
n−1

∏
j=0
j 6=i

cquj (u j+1)(δu j (t;θw)).
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In particular, in this case we may choose the logistic function

δu(t;θw) := s(α⊤u x(t)−βu) =
1

1+exp(−α⊤u x(t)+βu)

whereαu ∈Rd andβu ∈R constitute the parametersθw. If we define

xu(t;θw) := α⊤u x(t)−βu,

we can write this as

δu(t;θw) = s(xu(t;θw)) =
1

1+exp(−xu(t;θw))
.

Since

s′(x) :=
∂
∂x

s(x) = s(x)(1−s(x)) = s(x)s(−x),

the derivative ofδu with respect toθw is in this case given by

∂
∂θwδu(t;θw) = s(xu(t;θw))(1−s(xu(t;θw)))

∂
∂θwxu(t;θw)

= s(xu(t;θw))c(s(xu(t;θw)))
∂

∂θwxu(t;θw)

= δu(t;θw)c(δu(t;θw))
∂

∂θwxu(t;θw).

Inserting this into the above given derivative ofwu(t;θw), we obtain

∂
∂θwwu(t;θw) =

n−1

∑
i=0

(−1)qui (ui+1)
∂

∂θwδui (t;θw) ·
n−1

∏
j=0
j 6=i

cquj (u j+1)(δu j (t;θw))

=
n−1

∑
i=0

(−1)qui (ui+1)δui (t;θw)c(δui (t;θw))
∂

∂θwxui (t;θw)

·
n−1

∏
j=0
j 6=i

cquj (u j+1)(δu j (t;θw)).

Here, we want to use the fact that

c(x) ·x = c1(x) ·c0(x) = cq(x) ·c1−q(x) for q∈
{

0,1
}
,

and can thus write

δui (t;θw)c(δui(t;θw)) = cqui (ui+1)(δui (t;θw))c1−qui (ui+1)(δui(t;θw)).

51



i i ii

i i ii

1 Introduction: Grey-box models and the LOLIMOT algorithm

The termcqui (ui+1)(δui (t;θw)) is the term which is missing in the last product of the
above derivation; we can include it there, and the product becomes equal towu(t;θw).
We get:

∂
∂θwwu(t;θw) = wu(t;θw) ·

n−1

∑
i=0

(−1)qui (ui+1)c1−qui (ui+1)(δui(t;θw))
∂

∂θwxui (t;θw)

= wu(t;θw) ·
[

n−1

∑
i=0

qui (ui+1)=0

(1−δui (t;θw))
∂

∂θwxui (t;θw)

−
n−1

∑
i=0

qui (ui+1)=1

δui (t;θw)
∂

∂θwxui (t;θw)

]

= wu(t;θw)) ·
[

n−1

∑
i=0

qui (ui+1)=0

∂
∂θwxui (t;θw)−

n−1

∑
i=0

δui (t;θw)
∂

∂θwxui (t;θw)

]
.

Additionally, we find that

∂xu(t;θw)

∂αu
= α⊤u

∂x(t)
∂αu

+x(t) and
∂xu(t;θw)

∂βu
= α⊤u

∂x(t)
∂βu

−1.

We see that in both cases the derivative of the weight functions is itself a function on the weight
functions and the basis weight functions or the components of the decision maps, respectively.
This can be effectively used in implementations.

Computation of the Levenberg-Marquardt descent direction Our presentation fol-
lows now Sjöberg et al. [1994]. The general formula for the update of the parameter vectorθ
in one optimization step is the following:

θnew := θ + µ p,

whereµ > 0 denotes thestep sizeand the(d×1) vectorp denotes thedescent direction. We
can generally take every(d×1) vectorp which fulfills

V ′N(θ)p < 0

as descent direction (V ′N being the derivative with respect toθ of the error functionVN). One
usually choosesp to be of the form

p :=−R(θ)−1V ′N(θ)⊤

with (symmetric) positive definite matrixR(θ). Then, alsoR(θ)−1 is positive definite, and

V ′N(θ)p =−V ′N(θ)R(θ)−1V ′N(θ)⊤ < 0
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holds. The easiest choice forR(θ) here is of course the(d×d) unity matrix

R(θ) := I ,

p =−V ′N(θ)⊤ is then calledgradient descent direction. But the choice of this descent direc-
tion leads to a quite slow convergence of the procedure. In contrast, it is known that near a
local minimum of the error functionVN(θ), theNewton descent direction

p =−V ′′N(θ)−1V ′N(θ)⊤,

i.e.
R(θ) := V ′′N(θ)

with

V ′′N(θ) :=
d2

dθ2VN(θ),

results in an essentially better convergence speed. To be able to apply the Newton direction,
the computation of the second derivative (Hesse matrix)V ′′N(θ) is necessary, which in turn
may lead to numerical problems. Nevertheless, we always require the positive definiteness of
the matrixR−1(θ) for every descent direction, which is not guaranteed for thechoiceR(θ) :=
V ′′N(θ) if θ is far away from the minimum. This is the reason why instead ofV ′′N(θ) one
chooses the positive definite(d×d) matrix

H(θ) :=
1
N

N

∑
k=1

( ∂
∂θ

Γ(u(·);θ)(tk)
)⊤( ∂

∂θ
Γ(u(·);θ)(tk)

)
=

1
N

N

∑
k=1

ψ⊤k ψk

with the(1×d) vectorsψk := ∂
∂θ Γ(u(·);θ)(tk) for k = 1, . . . ,N. This choice is guided by the

decomposition

V ′′N(θ) =
1
N

N

∑
k=1

( ∂
∂θ

Γ(u(·);θ)(tk)
)⊤( ∂

∂θ
Γ(u(·);θ)(tk)

)

− 1
N

N

∑
k=1

(
yk−Γ(u(·);θ)(tk)

) ∂ 2

∂θ2 Γ(u(·);θ)(tk)

= H(θ)− 1
N

N

∑
k=1

(
yk−Γ(u(·);θ)(tk)

) ∂ 2

∂θ2Γ(u(·);θ)(tk).

The choiceR(θ) := H(θ) is called theGauß-Newton descent direction. But, if the matrix
H(θ) is ill-conditioned, the inversion ofH(θ) may lead to problems, which can be avoided
by the combination of the gradient direction with the Gauß-Newton direction:

R(θ) := H(θ)+δ I for a δ > 0.

This is the so calledLevenberg-Marquardt descent directionand is the one we choose for our
optimization.
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Remark: The Levenberg-Marquardt descent direction is actually theTikhonov regularization
of the linearization of the operator

(
Γ(u(·); .)(tk)

)N
k=1 : Θ−→R

N

at the pointθ ∈ Θ (see Engl et al. [2000], S. 285).

The optimal choice of theregularization parameterδ is still an open problem. According
to Engl et al. [2000] it shouldn’t be chosen too small. It is possible to compute the necessary
inversion of the matrixR(θ) directly or by means of the singular value decomposition ofR(θ).

Computation of the Armijo step size After the decision for the gradient descent di-
rection has been made, the question for the choice of the stepsizeµ > 0 arises. The ideal
step size using the Newton descent direction or the corresponding approximations near a local
minimum isµ = 1. But if θ is too far away from this minimum, the step size can be too large;
in this case the errorVN may even increase. To avoid this, it should be guaranteed that the
inequality

VN(θ + µ p) ≤VN(θ)+αµV ′N(θ)p

holds for a (fixed)α ∈ (0, 1
2), which for smallµ > 0 always can be fulfilled (see e.g. Werner

[1992b], p. 165ff). The choice ofα inside the above interval guarantees the superlinear con-
vergence of the quasi-Newton procedure. TheArmijo step sizecan be found as follows: Be-
ginning with the step sizeµ0 = 1 the above inequality will be tested and the step size iteratively
decreased until the inequality is fulfilled. Here, one chooses

µs+1 ∈ [lµs,uµs] with 0 < l ≤ u < 1 ands= 0,1, . . . .

If one choosesl := u := ρ for aρ ∈ (0,1), one getsµ = ρs, wheres is the smallest non-negative
integer with

VN(θ +ρsp)≤VN(θ)+αρsV ′N(θ)p.

We may set e.g.α := 1/4 andρ := 1/2. Remark that (at least) after some optimization steps
the step size obtains the optimal valueµ = 1.

Complying with constraints of the parameters Some parameters have to follow con-
straints, for example scaling parametersσ need to be positive. After an update of the parameter
vectorθ by means of

θnew := θ + µ p

these constraints for the components ofθnew may be broken. To ensure complying with the
constraints, we use the following method: We think each parameterθ j , j = 1, . . . ,d, which
shall be constraint to the open setI j ⊂R, as an image of a bijective differentiable function

ζ j : R→ I j .
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Thusθ j = ζ j(θ̄ j) holds for a pre-imagēθ j := ζ−1
j (θ j). We get the map

ζ : Rd −→ I1×·· ·× Id, x =




x1
...

xd


 7−→ ζ (x) :=




ζ1(x1)
...

ζd(xd)


 ,

such thatθ = ζ (θ̄) for θ := (θ1, . . . ,θd)
⊤ andθ̄ := (θ̄1, . . . , θ̄d)

⊤= ζ−1(θ) holds. The advan-
tage of the newly introduced parametersθ̄ j is that they do not need to obey any constraints. We
may therefore updatēθ instead ofθ . After the application ofζ , the constraints with respect
to the original parameters will be fulfilled automaticly. The update for̄θ is

θ̄new := θ̄ + µ̄ p̄,

where here the step sizēµ and the descent direction ¯p with respect to the transformed pa-
rameter vector̄θ have to be computed in the same way as was described above forθ . The
update-rule for the original parameterθ = ζ (θ̄) follows then to be:

θnew := ζ (θ̄new) = ζ (θ̄ + µ̄ p̄) = ζ (ζ−1(θ)+ µ̄ p̄).

Considering the error function with respect tōθ

V̄N(θ̄) := VN ◦ζ (θ̄),

the descent direction ¯p is given by

p̄ :=−R̄(θ̄)−1 ∂
∂ θ̄

V̄N(θ̄)⊤ =−R̄(θ̄)−1 ∂
∂ θ̄

VN(ζ (θ̄))⊤

with
R̄(θ̄) := H̄(θ̄)+δ I , δ > 0.

Here, we set

H̄(θ̄) :=
1
N

N

∑
k=1

( ∂
∂ θ̄

Γ(u(·);ζ (θ̄))(tk)
)⊤( ∂

∂ θ̄
Γ(u(·);ζ (θ̄))(tk)

)

=
1
N

N

∑
k=1

ψ̄k(θ̄)⊤ψ̄k(θ̄)

with

ψ̄k(θ̄) :=
∂

∂ θ̄
Γ(u(·);ζ (θ̄))(tk).

It follows from the chain rule that the gradient of the error functionV̄ ′N(θ̄) := ∂V̄N(θ̄)/∂ θ̄ is
given by

∂
∂ θ̄

V̄N(θ̄) =
∂

∂ θ̄
VN(ζ (θ̄)) =− 1

N

N

∑
k=1

∣∣yk−Γ(u(·);ζ (θ̄))(tk)
∣∣ · ∂

∂ θ̄
Γ(u(·);ζ (θ̄))(tk)

=− 1
N

N

∑
k=1

∣∣yk−Γ(u(·);ζ (θ̄))(tk)
∣∣ · ψ̄k(θ̄).
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All these equations lead to the conclusion that the computation of

ψ̄k(θ̄) =
∂

∂ θ̄
Γ(u(·);ζ (θ̄))(tk)

is essential for the computation of the step size ¯p. We get again by the chain rule:

ψ̄k(θ̄) =
∂

∂ θ̄
Γ(u(·);ζ (θ̄))(tk) =

( ∂
∂ζ (θ̄)

Γ(u(·);ζ (θ̄))(tk)
)( ∂

∂ θ̄
ζ (θ̄)

)
= ψk(θ)

∂
∂ θ̄

ζ (θ̄)

because

ψk(θ) =
∂

∂θ
Γ(u(·);θ)(tk) =

∂
∂ζ (θ̄)

Γ(u(·);ζ (θ̄))(tk).

Since thej-th componentθ j of θ depends only on thej-th componentθ̄ j of θ̄ , the matrix
∂ζ (θ̄)/∂ θ̄ = diag(ζ ′j(θ̄ j)) is diagonal withζ ′j(θ̄ j) := ∂ζ j(θ̄ j)/∂ θ̄ j . Considering the(1×d)
vector

ψ̄k(θ̄) = (ψ̄k,1(θ̄), . . . , ψ̄k,d(θ̄))

with components

ψ̄k, j(θ̄) :=
∂

∂ θ̄ j
Γ(u(·);ζ (θ̄))(tk)

for j = 1, . . . ,d, this yields

ψ̄k, j(θ̄) =
∂

∂ θ̄ j
Γ(u(·);ζ (θ̄))(tk) =

∂
∂θ j

Γ(u(·);θ)(tk)
∂

∂ θ̄ j
ζ j(θ̄ j) = ψk, j(θ) ·ζ ′j(θ̄ j)

where

ψk, j(θ) :=
∂

∂θ j
Γ(u(·);θ)(tk).

The step sizēµ is given by the Armijo step size with respect to the newly derived update-rules:
One decreases the initial step sizeµ̄ = µ̄0 := 1 until the inequality

V̄N(θ̄ + µ̄ p̄)≤ V̄N(θ̄)+αµ̄V̄ ′N(θ̄)p̄,

i.e. until

VN(ζ (ζ−1(θ)+ µ̄ p̄))≤VN(θ)+αµ̄
( ∂

∂ θ̄
VN(ζ (θ̄))

)
p̄

is fulfilled. In table 1.2 we show for the respective intervals I j = R, I j = (0,∞) and I j =

(0,1) some possible transformationsζ j together with the corresponding mapsζ−1
j andζ ′j as

well as the transformed gradients̄ψk, j(θ̄) and the parameter updatesθnew
j . Note that in an

implementation of the algorithm only the computation of theformulas in the last two rows of
the table is necessary, i.e. it is enough to transform the gradientsψk, j to the gradients̄ψk, j in the
described way (the descent direction ¯p = (p̄1, . . . , p̄d)

⊤ and the step sizēµ are then computed
with these transformed gradients in the usual way) and to apply the parameter update as shown
in the last row of the table. Obviously, the explicit computation of the transformed parameters
θ̄ is not necessary.
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Constraints for the parameterθ j

θ j ∈R θ j > 0 0 < θ j < 1

I j R (0,∞) (0,1)

ζ j(θ̄ j) Id(θ̄ j) exp(θ̄ j)
1

1+exp(−θ̄ j)

ζ−1
j (θ j) Id(θ j) ln(θ j) ln

θ j

1−θ j

ζ ′j(θ̄ j) 1 ζ j(θ̄ j) ζ j(θ̄ j)(1−ζ j(θ̄ j))

ψ̄k, j(θ̄) ψk, j(θ) ψk, j(θ) ·θ j ψk, j(θ) ·θ j · (1−θ j)

θnew
j θ j + µ̄ p̄ j θ j ·exp(µ̄ p̄ j)

θ j

θ j +(1−θ j)exp(−µ̄ p̄ j)

Table 1.2: Parameter transformations ensuring complying with the constraints

1.4.3 Applications of the gradient based optimization to the
improvement of the LOLIMOT algorithm

The gradient based optimization will enable the following improvements of the LOLIMOT
algorithm:

• More flexibility for the division of the regime space. The restriction that the regime
space is only divided by axis parallel partitions can be given up. Both the decision
tree based weight functions as well as the optimization algorithm allow translations and
rotations of the dividing hyperplanes. This should lead to aglobal model built by less
local models.

• The translation and rotation of the dividing hyperplanes may lead to the hiding of some
regimes, i.e. the resulting weight function can be near zeroeverywhere, such that these
regimes loose their influence on the global model. These regimes can be deleted without
changing the global model too much. The decision tree is pruned in this way. This also
leads to smaller global models.

• The parameters initially estimated for ARX models can be adapted to OE models, which
are better suited for simulation.

These points will be explained further in the next three paragraphs.
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Generalizing the dividing hyperplanes

The dividing hyperplane in the original decision treeT = (G, r), G = (V,E), at a leafu∈LT

is given by the equation

ψi = βu for some giveni ∈ 1, . . . ,mandβu ∈R

whereψ = (ψ1, . . . ,ψm)⊤ ∈Rm is an element of the regime spaceΨ := hw(x). If we define

αu := ei

whereei ∈ Rm is the unit vector whosei-th coefficient is one and the other coefficients are
zero, we can write this in the equivalent form

α⊤u ψ = βu.

If we allow αu to be any vector inRm, this results in hyperplanes which are not restricted to
be parallel to one of the axes.

The optimization proceeds as follows:

• Takeα(0)
u obtained by the LOLIMOT algorithm as initial value.

• Use the Levenberg-Marquardt gradient based update to getα(n+1)
u from α(n)

u ; use the

whole vectorα(n)
u for the optimization.

Pruning the decision tree

The translation and rotation of the dividing hyperplanes obtained in the foregoing subsection
can result in a hiding of certain regimes, as can be seen in figure 1.13. These regimes can be

ψ1

ψ2

1

0
0 1

A

B C

D E
⇒

ψ1

ψ2

1

0
0 1

A

B

C

D E

Figure 1.13: Hidden regimeC after rotation of a hyperplane
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deleted. If the splits are strict, the global model does not change after pruning. If the splits
are smooth, the global model will change only minimally. We have to decide algorithmically
which regimes are hidden. We first provide the terminology from analytical geometry.

Definition 1.14: Let d∈N.

• A hyperplaneH in Rd is given by the solution of an affine-linear equation, i.e.

H :=
{

ω ∈R
d
∣∣ α⊤ω = β

}

for someα ∈Rd, β ∈R.

• An (open) half spaceA is given by the solution of an affine-linear inequality, i.e.

A :=
{

ω ∈R
d
∣∣ α⊤ω > β

}

for someα ∈Rd, β ∈R.

• A convex (open) polytopeΠ is given by the intersection of finitely many (open) half
spaces, i.e.

Π :=
n⋂

i=1

Ai

for half spaces Ai , i = 1, . . . ,n.

A convex polytope is indeed convex as a set inRd. Therefore, a hyperplaneH, say given by
α⊤ω = β , divides the spaceRd into three disjoint parts: The hyperplane itself and two open
half spaces

A0 :=
{

ω ∈R
d
∣∣ −α⊤ω >−β

}

and
A1 :=

{
ω ∈R

d
∣∣ α⊤ω > β

}
.

If we further consider an open convex polytopeΠ and the intersection ofΠ with the hyperplane
H, we have only two possibilities:

• Either the intersectionΠ∩H is empty; then the polytopeΠ remains untouched.

• Or the intersectionΠ∩H is not empty, and then we have a division ofΠ into three
disjoint nonempty convex parts: the two convex open polytopesΠ0 := Π∩A0 andΠ1 :=
Π∩A1, and the “slice”Π∩H (being an open convex polytope in the dimensiond−1).

Neglecting the sliceΠ∩H, further hyperplanes divide the resulting polytopes into new poly-
topes (and the remaining slices). We can thus define:

Definition 1.15: Let T = (G, r), G= (V,E), be a full binary decision tree with splitting rules
αuω > βu associated to each of its inner vertices u∈NT .

• To each inner vertex u∈NT , theassociated hyperplaneHu is given by

Hu :=
{

ω ∈R
d
∣∣ αuω = βu

}
.
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• To each edge(u,v) ∈ E with u> v, theassociated half spaceA(u,v) is given by

A(u,v) :=
{

ω ∈R
d
∣∣ ζ(u,v)αuω > ζ(u,v)βu

}

where

ζ(u,v) := (−1)1−qu(v) =

{
−1 if qu(v) = 0,
+1 if qu(v) = 1.

• To each vertex u∈ V, let (u0, . . . ,un), u0 = r, un = u be the path from the root r to u.
Then theassociated polytopeΠu is given by

Πu :=
n−1⋂

i=0

A(ui ,ui+1),

with the conventionΠr := Rd.

Definition 1.16: Let T = (G, r), G = (V,E), be a full binary decision tree with the decision
map given by splitting rules, let u∈V be a vertex of T andΠu be the associated polytope. We
call the vertex uhidden if Πu = /0.

Lemma 1.2: Let T = (G, r), G= (V,E), be a full binary decision tree with the decision map
given by splitting rules. Let u∈NT be an inner vertex and u0, u1 its children. Then: u is
hidden if and only if both its children u0 and u1 are hidden. Especially, if u is hidden, then
both its children u0 and u1 are hidden, and thus all its descendants are also hidden.

Proof. From the definition of the associated polytopes it follows that

Πu = Πu0

.∪Πu1

.∪ (Hu∩Πu).

Thatu0 andu1 are hidden means that the associated polytopesΠu0 andΠu1 are both empty:

Πu0 = Πu1 = /0.

If u is hidden, i.e.Πu = /0, then this follows immediately.

If, on the other hand, this is given, we get

Πu = (Hu∩Πu).

As finite intersection of open sets,Πu is itself open. Hu as a hyperplane is a null-set (the
Lebesgue measure is 0), and so isΠu = (Hu∩Πu). As a null-set,Πu contains no open ball of
positive radius, and can thus be open only in the caseΠu = /0. We have thus proved thatu is
hidden.

To check if a given vertex is hidden, one has to check whether the associated polytope

Πu =
n−1⋂

i=0

Aui ,ui+1,
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(u0, . . . ,un) being a path fromr to u, is empty. This in turn results in showing that the inequal-
ities

ζ(ui ,ui+1)αui ω > ζ(ui ,ui+1)βui , i = 0, . . . ,n−1,

are not simultaneously solvable.
We thus have the following algorithm to detect the hidden vertices:

• Begin with the rootr. SinceΠr = Rd, the root is never hidden. SinceΠr = Rd has a
non-empty intersection with every non-empty hyperplaneHr , also the children of the
root are not hidden. Thus: proceed by recursively testing the grandchildren of the root.

• Test of a vertexu with a parentv which is not hidden:

– If the “sibling” of u has already proved to be hidden, thenu cannot be hidden
(according to the lemma); recursively check its children.

– Else, check ifΠu is empty in the following way: Let(u0, . . . ,un), u0 = r, un−1 = v,
un = u, be the path from the rootr to u. If the inequalities

ζ(ui ,ui+1)αui ω > ζ(ui ,ui+1)βui , i = 0, . . . ,n−1,

are not simultaneously solvable thenΠu is empty (if there is a solution, this so-
lution belongs toΠu). Sincev = un−1 is not hidden, we at least know that the
inequalities up ton−2, i.e.

ζ(ui ,ui+1)αui ω > ζ(ui ,ui+1)βui , i = 0, . . . ,n−2,

are simultaneously solvable. Ifu is hidden, then all its descendants are also hidden.
If u is not hidden, recursively check its children.

When we know which vertices are hidden and which not, we can easily prune them. Letu
be a vertex which is not hidden, and letu1 andu2 be its children,u2 hidden. Thenu1 is not
hidden (according to the lemma); also,u cannot be the root, and has a parentv. The pruning
of u2 is done as follows: Delete the verticesu, u2, and all descendants ofu2 together with all
edges where one of the deleted vertices is incident in. Include the new edgev∼ u1 into the
edges. (The splitting rules remain unchanged, as far as the corresponding vertices have not
been deleted.)

The algorithm may be to complex for using it in every iteration of the LOLIMOT algorithm.
Possibly one uses it only once at the end.

Adapting the parameters to simulation purposes

The difference between NARX models and NOE models is in a different state vector: The
NARX model has

x(t) =
(
u(t),u(t−1), . . . ,u(t−nu),y(t−1), . . . ,y(t−ny)

)⊤

whereas the NOE model has

x(t) =
(
u(t),u(t−1), . . . ,u(t−nu), ŷ(t−1), . . . , ŷ(t−ny)

)⊤
.
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For simulation purposes the latter model representation, i.e. the NOE model, may be more
adequate because during simulation only the computed outputs ŷ are available. But the NOE
model parameters are more difficult to compute because the outputs ŷ, which are necessary
to estimate the parameters correctly, already depend on these parameters. Therefore this esti-
mation is only possible with iterative methods, called pseudo-linear regression (see e.g. Ljung
[1999]). In contrast, the estimation of the parameters of the NARX model is easily done by
linear regression.

One could proceed in the following way: First construct a local model network of NARX
type using the original LOLIMOT algorithm based upon weighted least squares regression.
Additionally use one of the gradient-based improvements ofthe last paragraphs (oblique
boundaries, pruning). But instead of using the non-recursive derivatives of the NARX model,
one could as well use the recursive derivatives of the NOE model. Even if one does not want
to use oblique boundaries or pruning, some iterations with the NOE model derivatives are
possible, thus transforming and adjusting the local model network to a global NOE model.

62



i i ii

i i ii

2 Dealing with time: Dynamics

We already mentioned the difference between static and dynamical systems: While static sys-
tems give the same output for the same input at all times, the output of a dynamical system
depends on the history of the system. Previous inputs influence the actual output equally well
as the actual input does. Dynamical systems have been studied for several decades, especially
in the cases of linear models with normal (Gaussian) disturbances. The theory for these normal
linear models is well-developed and established. In the last years, interest has shifted more
and more away from this special kind of models: From linearity to nonlinearity as well as
from normality to non-normality. The increase in difficultyfor theoretical and computational
methods is tremendous. Linearization methods based on differentiability of nonlinear models
are in use for a long time. But these methods often have to be considered only as approxima-
tions, and seldom a rigorous theoretical framework could have been established. Furthermore,
linearization rises several problems: The differentiability of the systems has to be required;
nevertheless, apart from necessary smoothness considerations, there exist dynamical systems
which loose there typical behaviour when linearized. Thesesystems are sometimes said to
show hard nonlinearities. A typical example are systems with hysteresis. All this concerns
linearity. Other problems occur when disturbances and noise are introduced into the systems.
If this noise is Gaussian and is propagated by a linear system, the propagated noise is still
Gaussian. If the system is nonlinear, the situation is completely different. The noise looses its
Gaussianity and thus its analytical tractability.

To make things more apparent we first neglect disturbances and noise. We assume that
our systems are deterministic: Equal excitations of a deterministic system with equal initial
conditions lead always to an equal behaviour of the system. Non-determinism, which is the
same as the introduction of uncertainties in our system effected e.g. by noise and disturbances,
will be considered in the next chapter.

Overview The first section of this chapter is devoted to an axiomatic representation of a very
wide range of deterministic dynamical systems. Within thisbackground, we consider special
kinds of dynamical systems like linear and differentiable systems, and hysteretic systems as
an important example of systems with hard nonlinearities.

In the second section, we focus exclusively on those systemswhich exhibit a so-called
rate independent hysteresis, especially Preisach hysteresis. The Preisach hysteresis is defined
as a continuous superposition of simpler building blocks. This construction shows a quite
general procedure, called atomic decomposition, and we will show that also the local model
networks may be extended in this direction. We explore the important rôle of so-called reduced
memory sequences for rate independent hysteresis. Reducedmemory sequences contain the
whole information about the present state of a hysteretic system. We describe some kind of
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primitive function for Preisach hysteresis operators which can be used for both implementation
and identification of those systems. For identification purposes, we develop a variant of the
LOLIMOT algorithm.

Contributions

• The interpretation of local model networks as atomic decompositions and a generaliza-
tion of local model networks derived from this.

• Slightly modified version of reduced memory sequences (called prefixed reduced mem-
ory sequences).

• Slightly generalized Preisach hysteresis und simpler version of summation formula.

• The identification of Preisach hysteresis by a variant of the LOLIMOT algorithm.

2.1 Deterministic models for dynamical systems

Our aim in the first part of the present chapter is to provide a frame for the treatment of
deterministic nonlinear systems. Often, for reasons of simplicity and tractability, only linear
or at least differentiable systems are considered. Linear systems are always defined on a (real
or complex) vector space. Nonlinear differentiable systems are defined on a manifold and
usually treated by linearization (see e.g. Banks [1988]). An important subclass are bilinear
systems. But there are also other nonlinearities occurringin technical systems which cannot
be linearized. These nonlinearities are therefore called hard nonlinearities, examples being

• systems with hysteresis,

• systems with discontinuities,

• systems with dead zones,

• etc.

Before we present a general axiomatic approach, we introduce the main terms we will use to
describe dynamical systems by considering the most common dynamical systems, the linear
differential systems.

A motivating example: Linear differential systems Consider the following classical
“linear differential system”:

ẋ(t) = A(t)x(t)+B(t)u(t)

y(t) = C(t)x(t)+D(t)u(t)

where:A,B,C,D are suitable matrix functions and:
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• t ∈R is the time,

• u(t) is the input at timet (given),

• y(t) is the output at timet (observed),

• x(t) is the state at timet (usually not observable),

and all values are taken from some finite-dimensional Euclidean space. Then the theory of
linear differential equations tells us that, under certainconditions onA,B,C,D, we have for
each initial valuex0 at initial time t0 and for each input functionu a unique solutionx(t).
The statex(t) accumulates the whole internal knowledge of the system at timet, whereas the
outputy(t) depends directly onx(t) andu(t) at timet. Knowing the value ofx at a given time
t, we are able to exactly forecast the behaviour of the system in all future timesτ > t (for each
given inputu).

How to generalize this?

Definition of deterministic state space systems

In the following presentation we provide the broad axiomatic definition for deterministic state
space systems given in Hinrichsen and Pritchard [2005].

A dynamical systemor deterministic state space systemis defined as a 7-tuple

Σ = (T ,U ,U ∗,X ,Y ,ϕ,η)

where we further have to specify the data given in this tuple and the axioms reigning on these
data.

Data We begin with the data:

• /0 6= T ⊆R time domain → t ∈T time

• /0 6= U input value space → u∈U input value

• /0 6= U ∗ ⊆U T input function space → u(·) ∈U ∗ input function

• /0 6= X state space → x∈X state

• /0 6= Y output value space → y∈ Y output value

• ϕ : Dϕ −→X state transition map → x(t) = ϕ(t; t0,x0,u(·))

• η : T ×X ×U −→ Y output map → y(t) = η(t,x,u)

with Dϕ ⊆ T 2×X ×U ∗.

Further terminology Before we write down the axioms, we need some further terminol-
ogy. With the inputs into the systemΣ given by
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• t0 ∈T initial time,

• x0 ∈X initial state,

• u(·) ∈U ∗ input function,

we define thelife spanby

Tt0,x0,u(·) :=
{

t ∈T
∣∣ (t; t0,x0,u(·)) ∈Dϕ

}

and thestate trajectoryby

ϕ( . ; t0,x0,u(·)) : Tt0,x0,u(·) −→X

(see figure 2.1). For allt ∈ Tt0,x0,u(·) we call

x(t) := ϕ(t; t0,x0,u(·))

thestateof Σ at timet and
y(t) := η(t,x(t),u(t))

theoutput of Σ at timet.
By an interval in T ⊆R, we mean one of the following sets:

(a,b)∩T , (a,b]∩T , [a,b)∩T , [a,b]∩T ,

with −∞≤ a≤ b≤ ∞.

t ∈T

x∈X

t0

x0

ϕ(t; t0,x0,u(·))

Tt0,x0,u(·)

Figure 2.1: Life span and state trajectory

Axioms For Σ with the above given data to be a deterministic state space system we want
the following four axioms to hold (Hinrichsen and Pritchard[2005]):

• Interval axiom: If t0∈T , x0 ∈X , u(·) ∈U ∗ then the life span ofϕ( . ; t0,x0,u(·)), i.e.

Tt0,x0,u(·) :=
{

t ∈T
∣∣ (t; t0,x0,u(·)) ∈Dϕ

}
,

is an interval inT containingt0.
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• Consistency axiom: If t0 ∈ T , x0 ∈X , u(·) ∈U ∗ then

ϕ(t0; t0,x0,u(·)) = x0.

• Causality axiom: If t0 ∈ T , x0 ∈X , u(·),v(·)∈U ∗, t1 ∈ Tt0,x0,u(·)∩Tt0,x0,v(·) and

u(t) = v(t) for all t ∈ [t0, t1)

then
ϕ(t1; t0,x0,u(·)) = ϕ(t1; t0,x0,v(·)).

• Cocycle property: If t0 ∈T , x0 ∈X , u∈U ∗, t1 ∈ Tt0,x0,u(·) and

x1 := ϕ(t1; t0,x0,u(·)),

thenTt1,x1,u(·) ⊆ Tt0,x0,u(·) and

ϕ(t; t0,x0,u(·)) = ϕ(t; t1,x1,u(·))

for all t ∈Tt1,x1,u(·).

Discussion of axioms We still follow Hinrichsen and Pritchard [2005]. The interval axiom
allows the life spanTt0,x0,u(·) of a state trajectoryϕ( . ; t0,x0,u(·)) for all t0 ∈ T , x0 ∈ X ,
u(·) ∈ U ∗ to be shorter than the whole time domainT , but it ensures that it is always an
interval. The state trajectory is in this sense „connected“. The consistency guarantees that
the initial statex0 is really the initial state of the trajectoryϕ( . ; t0,x0,u(·)) at the initial time
t0. The causality axiom ensures both causality and determinism: Given initial time and initial
state, equal inputsbeforea timet cause equal effectsat time t. Thus, if two inputsu(t1) and
v(t1) are equal or not at a timet1≥ t (i.e. present or future inputs) has no influence on the state
of the system at timet, whereas the outputy(t) directly can be influenced byu(t) andv(t) (i.e.
the present input), respectively. This is the causality property: only the past does influence
the system at a timet. Determinism says then additionally that the same influences cause the
same effects. The cocycle property guarantees that the statex(t) at timet contains the complete
information on the system. If we started the system newly with initial statex0 = x(t), then the
system would show the same behaviour as if we did not restart it. We might think of the state
as accumulating the whole history of the system. It can be seen as the internal memory of the
system.

Complete and reversible systems The interval axiom says that for givent0, x0 andu(·),
the initial timet0 is always contained in the life span, i.e.t0 ∈Tt0,x0,u(·), or, written differently,

Dϕ ⊇ Diag(T 2)×X ×U ∗.

The life spanTt0,x0,u(·) tells us at which timest the statex(t) (and so the outputy(t)) is defined.
We will consider some special cases (Hinrichsen and Pritchard [2005]).
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Definition 2.1: Let Σ = (T ,U ,U ∗,X ,Y ,ϕ,η) be a deterministic state space system.

(a) Σ is calledcompleteif for all t0 ∈T , x0 ∈X , u(·) ∈U ∗:

Tt0,x0,u(·) ⊇ Tt0 :=
{

t ∈T
∣∣ t ≥ t0

}
,

i.e.
Dϕ ⊇T 2

≥ ×X ×U ∗

with
T 2
≥ :=

{
(t, t0) ∈T 2

∣∣ t ≥ t0
}
.

(b) Σ is calledreversibleif for all t0 ∈T , x0 ∈X , u(·) ∈U ∗:

Tt0,x0,u(·) = T ,

i.e.
Dϕ = T 2×X ×U ∗.

Input-ouput operator The completeness of a system allows the definition of an input-
output operator; this opens the door to functional analysis. From the causality axiom follows
that, if u(·)

∣∣
Tt0

= v(·)
∣∣
Tt0

for u(·),v(·)∈U ∗, then

y( . ; t0,x0,u(·))
∣∣
Tt0

= y( . ; t0,x0,v(·))
∣∣
Tt0

holds. The restriction ofy(·) toTt0 depends thus only on the restriction ofu(·) toTt0. Defining
U ∗

t0 :=
{

u(·)
∣∣
Tt0

∣∣ u(·) ∈U ∗}, we can formulate:

Definition 2.2: Let the deterministic state space systemΣ = (T ,U ,U ∗,X ,Y ,ϕ,η) be
complete, i.e. for all t0 ∈T ,x0 ∈X ,u(·) ∈U ∗:

Tt0,x0,u(·) ⊇Tt0 :=
{

t ∈T
∣∣ t ≥ t0

}
.

Then theinput-output operatorfor fixed t0 and x0 is defined by

Γt0,x0 : U ∗
t0 −→ Y Tt0 , u(·) 7→ y(·) = y( . ; t0,x0,u(·))

∣∣
Tt0

.

Differential dynamical systems We provide some important examples (Hinrichsen and
Pritchard [2005]).

Examples: (1) Automaton:A deterministic state space system

Σ = (T ,U ,U ∗,X ,Y ,ϕ,η)

is a (deterministic)automatonif

• T ⊆Z,
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• U , X , Y are non-empty sets,

• U ∗ ⊆U T ,

• x(·) = ϕ( . ; t0,x0,u(·)) is given recursively by

ϕ(t0+k+1;t0,x0,u(·)) = ψ(ϕ(t0+k; t0,x0,u(·)),u(t0+k)), k∈N,

ϕ(t0; t0,x0,u(·)) = x0

for a functionψ : X ×U −→X ,

• η(t,x,u) = η(x,u).

The dynamics of the automaton is thus given by the equations

x(t +1) = ψ(x(t),u(t)),

y(t) = η(x(t),u(t))

for all t = t0, t0+1, t0+2, . . . .

The automaton is exactly the deterministic counterpart of the stochastic state-space sys-
tems we will consider in chapter 3. It shows clearly what in the probabilistic context will
be the Markov property: For a given timet, the next statex(t + 1) and the outputy(t)
depend solely on the statex(t) and the inputu(t).

(2) Differential dynamical system:A deterministic state space system

Σ = (T ,U ,U ∗,X ,Y ,ϕ,η)

is adifferential dynamical systemif for K = R orC it holds that:

• T ⊆R is an open interval,

• U ⊆Km,

• U ∗ some suitable function space (see below),

• X ⊆K
n is open,

• Y ⊆Kd,

• x(·) = ϕ( . ; t0,x0,u(·)) is given as follows: There existsf : T ×X ×U −→ Kn

such that for allt0 ∈ T , x0 ∈X , u(·) ∈U ∗ the initial value problem

ẋ(t) = f (t,x(t),u(t)) for t ≥ t0, t ∈T ,

x(t0) = x0,

has a unique solution on a maximal open intervalI ,

• η : T ×X ×U −→ Y is continuous.
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The input function setU ∗ usually depends on the application, implying different condi-
tions on the solutions to be existent and unique. Thus,U ∗ may be taken e.g. as (some
subspace of) the space of (piecewise) continuous functionsor of the spaceL1

loc(T ,Km) of
locally integrable functions (i.e. of Lebesgue-measureable functions f : T −→Km such
that

∫ b
a ‖ f (t)‖dt < ∞ for all a,b∈T with a < b).

Differential systems are surely among the most important dynamical systems in physics
and many other fields. Their importance is so high that often the word dynamical system
is used as a synonym for differential systems. In control theory also the discrete coun-
terparts, the difference systems (which are special cases of automata) play an important
rôle.

Examples of deterministic state space systems in some senseopposed to the differential
dynamical systems are the range invariant systems, e.g. systems with (rate independent) hys-
teresis. Range invariance is defined via time transformations.

Time transformations One possibility to distinguish between certain kinds of state space
systems is the view at their behaviour when the underlying time is changed by a so-called time
transformation. We will now give a definition which is more general than in Hinrichsen and
Pritchard [2005].

Definition 2.3: Let ψ : R −→ R be a function. We callψ a time transformation if it is
monotonously increasing (order preserving) and bijective.

Examples:

• ψτ(t) := t + τ for someτ ∈R is called atime shift.

• ψλ (t) := λ t for someλ ∈R>0 is called atime scaling.

If for example a functionu : T −→U is given and ifψ :R−→R is a time transformation,
then the transformed function with respect toψ is given by

ũ : ψ(T )−→U , ũ(ψ(t)) = u(t),

see figure 2.2.
What happens to a systemΣ if it is subject to a time transformationψ?

Definition 2.4: Let Σ = (T ,U ,U ∗,X ,Y ,ϕ,η) be a deterministic state space system and
let ψ : R −→ R be a time transformation.Σ is called invariant with respect to the time
transformationψ if for each t0 ∈T , x0 ∈X , u(·) ∈U ∗ with ψ(Tt0,x0,u(·))⊆T , there exists
ũ∈U ∗ with

ũ(ψ(t)) = u(t) for all t ∈Tt0,x0,u(·)
such that:

ϕ(t; t0,x0,u(·)) = ϕ(ψ(t);ψ(t0),x0, ũ(·)) for all t ∈Tt0,x0,u(·)

and
η(t,x,u) = η(x,u) for all t ∈ T , x∈X , u∈U .

70



i i ii

i i ii

2.1 Deterministic models for dynamical systems

t

u

t0 ψ(t0)

u(·) ũ(·)

Figure 2.2: The functionu and the transformed function ˜u

In other words, a systemΣ which is invariant with respect to a time transformationψ does
not recognize this transformation, in the sense that if the system produces an outputy if an
input u is given, then it produces a transformed output ˜y = y◦ψ−1 if a transformed input
ũ = u◦ψ−1 is provided. There are two important cases:

Definition 2.5: Σ is calledtime invariant if it is invariant for every time shift

ψτ(t) := t + τ with τ ∈R.

This is often assumed. It means that if we start a system twice, at some timet0 and at a time
t1, with the same (but time-shifted) input, then it will produce the same (time-shifted) output:
the one beginning at timet0 and the other beginning at timet1.

The second important case is:

Definition 2.6: Σ is calledrange invariant if it is invariant for all time transformations

ψ : R−→R.

This is a much stronger requirement than time invariance andserves as defining property of
hysteresis (in the narrow sense of rate independent hysteresis). Indeed, range invariant systems
and hysteretic systems are often considered as being equivalent; but the notion of hysteresis is
actually broader, and range invariance (rate independence) should be seen as an extreme case
of hysteresis. We return to this kind of hysteretic systems in full detail in the second part of
this chapter.

Linear dynamical systems Another important property of dynamical systems is linearity
(see again Hinrichsen and Pritchard [2005]).

Definition 2.7: Let Σ = (T ,U ,U ∗,X ,Y ,ϕ,η) be a deterministic state space system and
let K be an arbitrary field.Σ is calledK-linear if the following conditions hold:

• U ,U ∗,X ,Y areK-vector spaces;
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• for all t , t0∈ T , t ≥ t0:
ϕ(t; t0, ·, ·) : X ×U ∗ −→X

and
η(t; ·, ·) : X ×U ∗ −→ Y

areK-linear maps.

(Note that each of the maps isjointly linear inX ×U ∗; this is not the same as bilinearity!)
Every linear dynamical system is by definition complete and reversible. Thus, the input-output
operator

Γt0,x0 : U ∗ −→ Y T

exists for allt0 ∈T , x0 ∈X .
For linear systems the following important properties hold(Hinrichsen and Pritchard [2005]):

Lemma 2.1: LetΣ =(T ,U ,U ∗,X ,Y ,ϕ,η) be aK-linear deterministic state space system
for a fieldK. Then the following holds:

(a) Superposition principle: For all t , t0∈T , t≥ t0, λi ∈K, xi,0,xi ∈X , ui ∈U , ui(·)∈U ∗,
i = 1, . . . ,k:

ϕ
(
t; t0,

k

∑
i=1

λixi,0,
k

∑
i=1

λiui(·)
)
=

k

∑
i=1

λiϕ(t; t0,xi,0,ui(·)),

η
(
t;

k

∑
i=1

λixi ,
k

∑
i=1

λiui
)

=
k

∑
i=1

λiη(t;xi,ui).

(b) Decomposition principle: For all t , t0 ∈T , t ≥ t0, x0 ∈X , u(·) ∈U ∗:

ϕ(t; t0,x0,u(·)) = ϕ(t; t0,x0,0U ∗)︸ ︷︷ ︸
free motion

+ϕ(t; t0,0X ,u(·))︸ ︷︷ ︸
forced motion

.

Proof. The superposition principle is just the formulation of theK-linearity. The decomposi-
tion into free and forced motion follows then immediately.

We come back to our motivating example, the differential dynamical systems. We add
linearity (Hinrichsen and Pritchard [2005]):

Example (Linear differential dynamical system): A deterministic state space systemΣ =
(T ,U ,U ∗,X ,Y ,ϕ,η) is a linear differential dynamical systemif for K = R or C the
following holds:

• T ⊆R is an open interval,

• U = Km,

• U ∗ some subspace ofL1
loc(T ,Km),
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• X = Kn,

• Y = Kd,

• x(·) = ϕ( . ; t0,x0,u(·)) is given as theuniquesolution of the linear initial value problem:

ẋ(t) = A(t)x(t)+B(t)u(t) for all t ∈ T ,

x(t0) = x0,

and

• η(t,x,u) = C(t)x+D(t)u,

whereA, B, C, D are suitable matrix functions (e.g. piecewise continuous).

The discrete-time counterpart, calledlinear difference dynamical system, is given by the
equations

x(t +1) = A(t)x(t)+B(t)u(t) for all t ∈ T ,

y(t) = C(t)x(t)+D(t)u(t).

A linear differential or difference dynamical system is time-invariant if and only if the matrices
A(t), B(t), C(t), andD(t) are constant with respect to the timet:

A(t) = A, B(t) = B, C(t) = C, D(t) = D for all t ∈T .

Such systems are calledlinear time-invariant (LTI ) (differential or difference) dynamical
systems and play a prominent rôle in systems and control theory.

Atomic decompositions At the end of this section we shortly mention a generalization of
local model networks. By specialization it can be seen that also this kind of models fits into
the given definition of deterministic state space systems.

For many operatorsΓ it is possible to find decompositions into simpler operatorstaken from
a family {

Γω ∣∣ ω ∈Ω
}
,

where the original operatorΓ can be reconstructed from a continuous weighted superposition
of the operatorsΓω . Mathematically, this superposition is done by integration with respect to
some measureµΓ, depending on the operatorΓ and playing the rôle of the weights:

Γ =

∫

ω∈Ω
ΓωdµΓ(ω).

The simpler operatorsΓω used for the decomposition are calledatoms. The representation
given in this way is thus calledatomic decompositionof Γ. As mentioned and as we will
present in more detail in the subsequent sections, Preisachhysteresis is defined following this
general strategy. The atoms are in this case calledhysterons. But also local model networks
can be seen as of this kind.

We need to be given:
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• a measurable space(Ω,A) (with a σ -algebraA on Ω),

• a family of basis systems (atoms),Σω = (T ,U ,U ∗,Xω ,Y ,ϕω ,ηω), ω ∈Ω,

• the joint state spaceX ⊆ ∏
ω∈Ω

Xω , and

• a mapµ : A×T ×X ×U −→ C.

Additionally we pose the following conditions onµ, ϕω andηω : For eacht ∈ T , x ∈X ,
u∈U :

• µt,x,u := µ(·; t,x,u) : A−→ C is a (non-negative or signed or complex) measure,

• ω 7→ ηω(t,xω ,u) is µt,x,u-integrable.

For eacht, t0∈ T , x0 ∈X , u(·) ∈U ∗:

•
(

ϕω(t; t0,xω
0 ,u(·))

)
ω∈Ω
∈X .

Then the(generalized) local model networkΣ := (T ,U ,U ∗,X ,Y ,ϕ,η) is defined by:

ϕ(t; t0,x0,u(·)) :=
(

ϕω(t; t0,x
ω
0 ,u(·))

)
ω∈Ω

, η(t,x,u) :=
∫

ω∈Ω
ηω(t,xω ,u)dµt,x,u.

This is a weighted continuous parallel superposition of thebasis (or partial) systemsΣω , the
weights given by the measuresµt,x,u. If the family Ω is finite and all measuresµt,x,u are
probability measures, i.e. they are non-negative and it holds

∫

ω∈Ω

µt,x,u(ω) = 1,

then we are exactly in the case of Local Model Networks as presented in chapter 1.

2.2 Preisach hysteresis

In the previous section, we mentioned systems with hysteresis as an important example for
systems with hard nonlinearities. Simple examples of hysteresis which occur naturally in
technical systems are the phenomena of mechanical play and stop. More complex is the
Preisach hysteresis, used for instance to model ferromagnetic phenomena.

Especially Preisach hysteresis shows a property completely new with respect to differential
dynamical systems:long-time memoryor nonlocal memory. Long-time memory means the
possibility of the system to internally store information about the history of the system which
reaches an arbitrarily long time back into the past. Opposedto this is theshort-time memory
or local memoryoccurring in differential dynamical systems or their discrete counterparts,
the difference dynamical systems. Short-time memory in this case is provided by the number
of scalar states in the state-space representation. This number corresponds to the number of
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derivatives in the continuous case or, in the discrete case,to the number of time steps the
state signals can be tracked back into the past. These numbers are usually fixed and finite. In
contrast, the long-time memory of a Preisach hysteresis cannot be stored in finite-dimensional
vectors. The necessary information is better represented by a sequence of real values of finite
or infinite length. In contrast to a vector, the length of thissequence is variable and even in the
finite case principally unbounded. Taking the Preisach hysteresis as example, the information
of the internal state of the corresponding system can be condensed into a sequence representing
certain dominant minima and maxima of the input signal.

The investigation of hysteresis has developed into an interesting mathematical theory. In
real systems, the differential and hysteresis properties mix and have to be modelled accord-
ingly.

2.2.1 Definition and properties

Generally speaking, hysteresis is the “lagging of an effectbehind its cause” (hysteresis comes
from the Old Greek word

cυστερει̃ν ≡ “to be late”). In physics, there are various definitions
for hysteresis. In encyclopedias one finds more or less the following definition:

Hysteresis in a dynamical system is a phenomenon wherein two(or more) time-
dependent (physical) quantities bear a relationship whichdepends on the whole
prior history (Walz [2000-2003]).

This notion is rather broad, and we will not follow it. There is another, more narrow definition
of hysteresis which can be found in most mathematical books on hysteresis, for example in
Visintin [1994]:

Hysteresis is rate independent memory.

Thus, with scalar variablesu = u(t) andy = y(t), the formation of hysteresis loops in the
(u(t),y(t))-diagram is seen to be typical. If the hysteretic behaviour is modelled by a hysteresis
operatorH, i.e.y = Hu, the rate independence is given if

H(u◦ψ−1) = (Hu)◦ψ−1

for all time transformationsψ, i.e. if the hysteretical system is range invariant (see theprevious
section).

Examples of this kind of hysteresis are provided by the solutions of evolution variation
inequalities; the stop operator for example is given by

〈u̇(t)− ẏ(t),y(t)− ỹ〉 ≤ 0, for all ỹ∈ Z

whereZ is a convex closed subset of a Hilbert spaceH , where furtheru : T −→H is a given
function,y : T −→ Z is an unknown function, both with time setT := R, and where the dot
denotes derivation with respect to timet. Then η̇(t) := u̇(t)− ẏ(t) belongs to the outward
normal cone forZ at the pointy(t). If Z has non-empty interior, the decomposition

u = y+η
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whereη has bounded total variation, can be extended to any continuous functionu. The
mappings

u 7→ y and u 7→ η

are then the so-called stop and play operator, respectively, special kinds of rate-independent
hysteresis operators (see Krejčí [1999]).

Evolution variational inequalities have been extracted asa common feature of different
physical models; they play a central rôle in modelling nonequilibrium processes with rate-
independent memory in mechanics of elastoplastic and thermoelastoplastic materials includ-
ing metals, polymers, as well as ferromagnetism, piezoelectricity or phase transitions. The
evolution variational inequalities are there typically interpreted as a special form of the maxi-
mal dissipation principle in evolution systems with convexconstraints (compare Krejčí [1999]
for further references).

Hysteresis phenomena can also be encountered in physics in superconductivity and shape
memory alloys, in engineering in thermostats, porous mediafiltration, granular motion, semi-
conductors, spin glasses, mechanical damage and fatigue; hysteresis also appears in chemistry,
biology, economics, and even in experimental psychology (Visintin [1994]).

History The term hysteresis seems to be used for the first time by J.A. Ewing (1882) in
his studies of ferromagnetism (we follow Visintin [1994]),but the phenomenon was known
already to the pioneers of ferromagnetism, Weber, Maxwell,Wiedemann. In 1887, Lord
Rayleigh proposed a model of ferromagnetic hysteresis which is now called Prandtl-Ishlinskiĭ
model of play-type. The so-called Preisach model was actually proposed by Weiss and Freu-
denreich (1916), Preisach revisited this idea in 1935 and introduced the geometrical interpre-
tation. This construction is one of the main features of the model. Already in 1924, Prandtl
introduced a scalar model of elasto-plasticity which is nowknown as linear stop and was
later extended to tensors by Reuss (Prandtl-Reuss model). In 1928, Prandtl proposed a much
more general model, obtained by composing a family of linearstops, the already mentioned
Prandtl-Ishlinskĭi model. The mathematical history of hysteresis is much shorter: it seems
that the first mathematical treatment was in 1966 by Bouc, an engineering student, who re-
garded hysteresis as a map between function spaces. In 1970,Krasnosels’skiĭ and co-workers
proposed a mathematical formulation of the Prandtl-Ishlinskĭi model, in terms of hysteresis
operators. Then, in the years 1970-1980, Krasnosel’skiĭ, Prokovskĭi and others conducted
a systematic study of the mathematical properties of these operators, finally leading to the
monograph Krasnosel’skiĭ and Pokrovskĭi [1989], first published in Russian in 1983.

Input/output diagram We want to consider only rate independent hysteresis. Rate inde-
pendence means, as described under the name “range invariance” for dynamical systems in the
previous section 2.1, that for every time transformationψ, inputsu resp.ũ and corresponding
outputsy resp. ˜y of the hysteresis system, the equalityu= ũ◦ψ implies the equalityy= ỹ◦ψ.
This especially means that the velocity of the signals is notrecognized by the system. There-
fore, the rate independence allows for a graphical representation asu-y-diagram, an example
is shown in figure 2.3.
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ψ time transformation
ũ = u◦ψ−1 ỹ = y◦ψ−1
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Figure 2.3: Original and transformed inputs and outputs (left) result in the same input/output
diagram (right)

Piecewise monotone functions Before we define special hysteresis operators in a formal
way, we have to define the space where the input functionsu(·) live in (see e.g. Brokate and
Sprekels [1996]):

Definition 2.8: (1) Let f : R−→R be a function. We call the(n+1)-tuple

(t0, . . . , tn) with n∈N, t0 < · · ·< tn ∈R,

a monotonicity partitionof f , if for all k = 0, . . . ,n the function f is monotone on all
intervals

I−1 := (−∞, t0], I0 := [t0, t1], . . . , In−1 := [tn−1, tn], In := [tn,∞),

i.e. for all intervals Ik, k =−1, . . . ,n, holds

f (t)≤ f (τ) or f (τ)≤ f (t) for all t ,τ ∈ Ik with t < τ.

If such a partition exists, then we call f apiecewise monotone function.

(2) Let Mpm denote the vector space of allpiecewise monotone functionsf : R−→R:

Mpm :=
{

f : R−→R
∣∣ there exists a monotonicity partition of f

}
.

(3) Let Cpm denote the vector space of allcontinuous piecewise monotone functionsf :
R−→R:

Cpm := Mpm∩C0(R).

(C0(R) denotes the Banach space of continuous and bounded real or complex functions on
R, see appendix.)
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Remark: For functionsf ∈Mpm there exists always a monotonicity partition which is min-
imal. If we build equivalence classes of all functions with the same minimal monotonicity
partition, each equivalence class will contain at least oneelement ofCpm. Thus, the equiva-
lence relation onMpm and onCpm leads to the same quotient spaces.

The usual way to define hysteresis operators is to define them first onCpm and afterwards
to extend the domain to some (subspace of)C0(R). Nevertheless, the Preisach model can be
defined onC0(R) directly.

Delayed relays The Preisach model, that we want to present in the next paragraphs, can be
seen as a generalized local model network. First, we need a family of basis models, also called
atoms; especially in the case of a hysteresis model, an atom is calledhysteron. These basis
models are the building blocks for the more complex hysteresis models. The hysterons for
the Preisach model are the delayed relays. The use of other hysterons leads to other types of
hysteresis models (e.g. the Prandtl model by taking the playoperator). We define the delayed
relay as a deterministic state space system:

Definition 2.9: Let α,β ∈ R with α < β . A deterministic state space systemΣ = Σα,β =
(T ,U ,U ∗,X ,Y ,ϕ,η) is calleddelayed relaywith lower thresholdα andupper threshold
β , if the following holds:

• T := R or T := Z,

• U := R,

• U ∗ = C0(R),

• X := Y :=
{
−1,+1

}

• ϕ(t; t0,x0,u(·)) :=





+1 if there exists t1 ∈ [t0, t) such that u(t1)≥ β
and for allτ ∈ (t1, t): u(τ) > α

−1 if there exists t1 ∈ [t0, t) such that u(t1)≤ α
and for allτ ∈ (t1, t): u(τ) < β

x0 else

• η(t,x,u) := x.

The statex and thus the outputy will take values in the set
{
−1,+1

}
. At a timet > t0 the

valuey(t) depends on the past values of the relay and on the input valuesu : [0, t)→ R: The
relay will change its value from−1 to+1 when the input valueu(t) is increasing and exceeds
the thresholdβ . On the other hand, the relay will change its value from+1 to−1 when the
input value is decreasing and goes below the thresholdα. In all other cases, the relay does not
change its state and output (see figure 2.4).

We can immediately verify the following properties:

Lemma 2.2: Letα < β ∈R andΣ = Σα,β be a delayed relay with thresholdsα andβ . Then:
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u(t)

y(t)

1

0

−1
α β

Figure 2.4: Relay operator with hysteresis

• Σ is a complete dynamical system:Tt0,x0,u(·) = Tt0,

• Σ is nonlinear,

• Σ is rate independent,

• Σ has local memory.

Since the delayed relay is a complete system, the corresponding input-output operator exists
for all thresholdsα < β , every initial timet0, and every initial valuex0 ∈

{
−1,+1

}
:

y(t) := (Γα,β
t0,x0

u(·))(t) := η(t,x(t),u(t)) = x(t).

Preisach half plane

Definition 2.10: ThePreisach half planeP is given by the set of all admissible thresholds
(α,β ):

P :=
{
(α,β ) ∈R

2
∣∣ α < β

}

(see figure 2.5).

The Preisach model is then given as a weighted parallel superposition of all relays with
admissible thresholds, where the weighting is done by a finite signed Borel measureµ on
the Preisach half planeP. Recall that the Borelσ -algebraB on a topological spaceΩ is
generated by the compact subsets ofΩ. An (unsigned) measureµ : B−→R≥0∪

{
∞
}

is then
a finite (unsigned) Borel measure if it is a measure onB and

µ(Ω) < ∞

holds. A signed measureµ : B −→ R∪
{
−∞,+∞

}
obeys the same axioms as an unsigned

measure, without the restriction that the values are not allowed to be negative. But instead, for
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β

α

α < β

(α1,β1)

(α2,β2)

α1 β1

α2 β2

Γα1,β1

Γα2,β2

Figure 2.5: The Preisach half plane

a signed measure, one demands that only one of the values+∞ or−∞ is taken byµ. A signed
measureµ can always be decomposed into two unsigned measuresµ+ andµ− such that

µ = µ+−µ−.

In our case, we want the signed measureµ to be finite, i.e. neither of the values−∞ and+∞
is taken, which is equivalent to

µ+(P) < ∞ and µ−(P) < ∞.

Preisach model

Definition 2.11: Let µ be a finite signed Borel measure on the Preisach half planeP. Let for
any t0 ∈R and anyµ-measurable map x0 : P →

{
−1,+1

}
, (α,β ) 7→ x0(α,β ), be

ϕα,β (t; t0,x0(α,β ),u(·)) :=





+1 if there exists t1 ∈ [t0, t) such that u(t1)≥ β
and for allτ ∈ (t1, t): u(τ) > α

−1 if there exists t1 ∈ [t0, t) such that u(t1)≤ α
and for allτ ∈ (t1, t): u(τ) < β

x0(α,β ) else

the transition map of the delayed relay with thresholdsα and β . Then thePreisach model
with Preisach weightµ is given by the deterministic state space system

Σ = Σµ(T ,U ,U ∗,X ,Y ,ϕ,η)

with
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• T := R or T := Z,

• U := R,

• U ∗ = C0(R),

• X :=
{

x : P −→
{
−1,+1

}
µ-measurable

}
,

• Y := R,

• ϕ(t; t0,x0,u(·))(α,β ) := ϕα,β (t; t0,x0(α,β ),u(·)),

• η(t,x,u) :=
∫
(α,β )∈P x(α,β )dµ(α,β ).

If we compare this definition to the definition of a generalized local model network, we
recognize that the Preisach model is nothing else than a special case of a generalized local
model network where the partial models are given by delayed relays.

Properties of the Preisach model We begin with some immediate observations:

Lemma 2.3: Let µ be a finite Borel measure on the Preisach half planeP and letΣ = Σµ be
the Preisach model with Preisach weightµ. Then it holds that:

• Σ is a complete dynamical system:Tt0,x0,u(·) = Tt0,

• Σ is nonlinear,

• Σ is rate independent,

• Σ hasnonlocal memory.

The last property is an important new property compared to the delayed relay which only
shows a local memory.

Since each Preisach modelΣµ is complete as a deterministic state space system, we can de-
fine thePreisach operatorΓµ

t0,x0
on functions ofC0(R) for eacht0∈T and eachµ-measurable

x0 : P −→
{
−1,+1

}
to be the input/ouput-operator ofΣµ :

y(t) := (Γµ
t0,x0

u)(t) := η(t,x(t),u(t)) =

∫

(α,β )∈P
x(α,β )dµ(α,β ).

It can be shown that this is actually an operator

Γµ
t0,x0

: C0(R)−→ L∞(t0,∞)∩C0
l ([t0,+∞)),

whereC0
l is the space of bounded functions which are continuous on theleft (see e.g. Visintin

[1994].
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Remark: Our choice of the Preisach operator is the alternative with delayed jumps which
Visintin denotes byH ∗. There are other versions of the Preisach operator with instantaneous
jumps. Our choice has been made to be in accordance with the axioms of deterministic dy-
namical systems by retaining a simple definition. The main point is that the statesx(t) only
depend on earlier inputsu(τ), τ < t. Thus, a direct dependence of the outputy(t) on the input
u(t) as it is given with instantaneous jumps must be modelled withthe output functionη.
The modified Preisach operators fit as well into our framework, but the output function would
require a modification.

The Preisach operator can also be seen as a continuous linearparallel superposition of relay
operators, weighted by the measureµ:

Γµ
t0,x0

u =

∫

(α,β )∈P
Γα,β

t0,x0(α,β )udµ(α,β ).

i.e.
y(t) := (Γµ

t0,x0
u)(t) =

∫

(α,β )∈P
(Γα,β

t0,x0(α,β )
u)(t)dµ(α,β ).

Examples: (1) Discrete parallel superposition:

Let µ be given by a weighted finite sum (mixture) of Dirac measures:For eachB ∈B

define

µ(B) :=
n

∑
i=1

ωiδ(αi ,βi)(B)

with

δ(αi ,βi)(B) :=

{
1 if (αi,βi) ∈ B
0 else

for given points(αi,βi) ∈P and weightsωi ∈R, i = 1, . . . ,n andn∈N. Then:

y(t) := (Γµ
t0,x0

u)(t) =

∫

(α,β )∈P
(Γα,β

t0,x0(α,β )u)(t)dµ(α,β ) =
n

∑
i=1

ωi · (Γαi,βi
t0,x0(αi ,βi)

u)(t)

for all t0∈T andx0 : P −→
{
−1,+1

}
(but of course it is enough to provide then values

x0(αi ,βi) for i = 1, . . . ,n).

In the special casen := 1 andω1 := 1 this reduces to

y(t) := (Γµ
t0,x0

u)(t) = (Γα1,β1
t0,x0(α1,β1)

u)(t),

which is the relay operator with thresholdsα1 andβ1.

If in contrastn > 1, then we observe the occurrence of inner loops in the input/ouput
diagram. The internal memory of this system is still local because the maximal number of
nested inner loops is finite: one can store the information, in which of these inner loops
the system actually is, with a finite vector. Thus, a finite vector is enough for the system
to remember how it has reached the current state, i.e. which path it has taken; it “knows”
where it has to close an inner loop and when to return to the next outer loop. A schematic
view of the parallel superposition of three relays is shown in figure 2.6, the outer and one
possible inner hysteresis loop can be seen in figure 2.7.
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+u(t) y(t)

Γα1,β1

Γα2,β2

Γα3,β3

ω1

ω2

ω3

Figure 2.6: Parallel superposition of three relay operators

Outer loop of hysteresis Occurrence of an inner loop

u(t)

y(t)

α1 β1α2 β2α3 β3 u(t)

y(t)

α1 β1α2 β2α3 β3

Figure 2.7: Outer and inner hysteresis loops
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(2) Continuous parallel superposition:

If the measureµ is absolutely continuous with respect to the Lebesgue measure λ onP,
thenµ can be related toλ by a density function

ω : P −→R

such that
dµ = ωdλ

holds. In this case we obtain for the input/ouptput operatorΓµ = Γµ
t0,x0

:

Γµ =
∫

(α,β )∈P

Γα,β dµ(α,β ) =
∫

(α,β )∈P

ω(α,β )Γα,β dλ (α,β )

=

∫∫

(α,β )∈P

ω(α,β )Γα,β dβdα.

Figure 2.8 shows the input/output diagram for the case whereω ≡ 1 on some large
bounded area, e.g. a large triangle given by the vertices

(m−1,m−1),(m−1,M−1),(M−1,M−1)

with m−1 < M−1, andω ≡ 0 outside (remember that we required the measureµ to be
finite). This example shows real nonlocal memory: The numberof nested inner loops is

0 2 4 6 8 10

0

20

40

60

80

100

u(t)

y(t)

y(t) :=
∫
(α,β )∈P(Γα,β u)(t)dλ (α,β )

Figure 2.8: Input/output diagram of a hysteresis with density ω ≡ 1 (on some large triangle)

principally infinite. The internal state of the system must remember which loop the system
is in. This cannot be done with a finite-dimensional vector.
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Geometric interpretation We have the following geometric interpretation of the Preisach
model (see e.g. Mayergoyz [1991]): Considering the partition of the Preisach half plane at
each timet into the two setsS+(t) andS−(t), defined by

S±(t) :=
{
(α,β ) ∈P

∣∣ (Γα,β u)(t) =±1
}
,

we observe that
P = S+(t)

.∪S−(t) (disjoint union).

From this, it follows for each timet that

y(t) :=
∫

(α,β )∈P
(Γα,β u)(t)dµ(α,β )

=

∫

S+(t)
dµ−

∫

S−(t)
dµ

=

∫

S+(t)
dµ−

(∫

P
dµ−

∫

S+(t)
dµ
)

= 2
∫

S+(t)
dµ−

∫

P
dµ.

It is thus enough to consider solelyS+(t).
For certain initial conditions there is an interesting characterization of the setsS+(t) and

S−(t). Let us assume that we begin at some initial timet0 and initial statex0 : P −→
{
−1,+1

}

given byx0(α,β ) =−1 for all (α,β ) ∈P. This is equivalent toS−(t0) = P andS+(t0) = /0:
All relays Γα,β are initially in the state−1. Let us further assume that some input function
u∈C0(R) first increases with increasing timet ≥ t0. Then the setS+(t) equals

{
(α,β ) ∈P

∣∣ β < u(t)
}
,

because all relaysΓα,β with β < u(t) jump to the state+1, until at timet1 we reach a first
local maximumM0 := u(t1) of u. After this point the valueu(t) decreases if times goes on,
and we get

S+(t) =
{
(α,β ) ∈P

∣∣ α ≤ u(t) andβ < M0
}

until u(t) reaches the first local minimumm0. Whenu(t) further alternatingly increases and
decreases with increasing timet, the common boundary ofS+(t) andS−(t) is always given
by a polygonA(t) with only horizontal and vertical lines as edges; furthermore, as graph, the
polygon is non-increasing, see figure 2.9. The figure shows also clearly the evolution of the
hysteresis loops. As we have seen above, the outputy(t) is equal to 2 times the measure of
the shaded area (i.e.S+(t)) plus a constant offset (given by the negative of the measureof the
complete Preisach half plane).

The polygonA(t) has exactly one infinite edge. This edge is parallel to theα-axis and
infinite towardsα →−∞. We recall that all this is only valid if the initial state is given by
S+(t0) = /0. This initial state is callednegative saturation. A similar construction applies if
the initial state isS+(t0) = P. This initial state is calledpositive saturation. In this case, the
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Figure 2.9: The evolution of the partitions of the Preisach half plane. First row: Model input.
Second row: Partition of Preisach half plane. Third row: Input/output diagrams

common boundaryA(t) is also a polygon with exactly one infinite edge, but it is parallel to
theβ -axis and infinite towardsβ →+∞. In both cases, the number of vertices is either finite
or countably infinite. If the number of the vertices is countably infinite, the vertices can only
accumulate in a neighbourhood of the diagonalα = β .

Apart from the mentioned two initial conditions, we could also begin with every initial
condition which corresponds to a partition of the Preisach plane resulting from the above
constructions forS+(t), S−(t) andA(t). To fully understand the shapes ofS+(t) andS−(t),
we consider the memory sequences.

Reduced memory sequence as representation sequence The reduced memory se-
quence consists of certain dominant minima and maxima of theinput u. The knowledge of
this sequence is enough to reconstruct the output of the hysteresis operator. We will present
the construction of such reduced memory sequences. Before that, we shortly describe the
“longer” completememory sequences which containall extrema of the inputu. We follow
Visintin [1994].

The complete memory sequence cannot be defined for every function in C0(R). Let there-
fore u∈Cpm(R) be a continuous piecewise monotone function. For anyt ∈ R, consider the
finite sequence(t j) j=0,...,m of time instants at whichu changes its monotonicity, such that

t0 < t1 < t2 < · · ·< tm = t.

Consider also the finite sequence of the corresponding inputvalues(u(t j)) j=1,...,m. We call
this latter sequence thecomplete memory sequenceof the functionu at time instantt. It con-
sists of alternating minima and maxima ofu. The rate independence property of a hysteresis
operator ensures that this sequence is enough to determine the output value of the operator
at timet. Such sequences do not exist for all continuous functions, even not for all infinitely
differentiable functions, and even if we allowed infinite sequences.
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For the Preisach model it is enough to consider thereduced memory sequences, existing
(as infinite sequences) for all continuous functionsu∈C0(Tt0), the continuous and bounded
functions on the time span

Tt0 =
{

t ∈ T
∣∣ t ≥ t0

}
.

Let t ∈ Tt0 be fixed. Then we define the reduced memory sequence

(r j) j=1,...,m := (u(sj)) j=1,...,m

for u andt corresponding to a sequence of times

t0≤ s1 < s2 < · · ·< sm = t

by the following algorithm (with initialization slightly different from Visintin [1994]):

• Set
M0 := max

τ∈[t0,t]

{
u(τ)

}
, smax

1 := max
{

τ ∈ [t0, t]
∣∣ u(τ) = M0

}

and
m0 := min

τ∈[t0,t]

{
u(τ)

}
, smin

1 := max
{

τ ∈ [t0, t]
∣∣ u(τ) = m0

}
.

We haveM0 = m0 exactly if smax
1 = smin

1 . In this case,M0 = m0 = u(t0) = u(t) and
smax
1 = smin

1 = t, and setting

s1 := t and r1 := u(t),

we are done. Else,m0 < M0, and eithersmin
1 < smax

1 or smax
1 < smin

1 . In the first case, we
set

s1 := smin
1 , r1 := m0, and s2 := smax

1 , r2 := M0.

In the second case, we set

s1 := smax
1 , r1 := M0, and s2 := smin

1 , r2 := m0.

If s2 = t we are done. Else, in both cases,t0≤ s1 < s2 andm0 < u(t) < M0 holds, and
we have eitheru(s2) = M0 or u(s2) = m0.

• Assume now inductively, for anyk∈N, thatt0≤ s1 < .. . < s2(k+1) and

m0 < m1 < · · ·< mk < u(t) < Mk < · · ·< M1 < M0

are already given, and we have eitheru(s2(k+1)) = Mk or u(s2(k+1)) = mk.

• If u(s2(k+1)) = Mk, then set

mk+1 := min
τ∈[s2(k+1),t]

{
u(τ)

}
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and

r2(k+1)+1 := mk+1, s2(k+1)+1 := max
{

τ ∈ [s2(k+1), t]
∣∣ u(τ) = mk+1

}
,

else set
Mk+1 := max

τ∈[s2(k+1),t]

{
u(τ)

}

and

r2(k+1)+1 := Mk+1, s2(k+1)+1 := max
{

τ ∈ [s2(k+1), t]
∣∣ u(τ) = Mk+1

}
.

If s2(k+1)+1 = t, we are done. Else:

• If u(s2(k+1)) = Mk, then set

Mk+1 := max
τ∈[s2(k+1)+1,t]

{
u(τ)

}

and

r2(k+1)+2 := Mk+1, s2(k+1)+2 := max
{

τ ∈ [s2(k+1)+1, t]
∣∣ u(τ) = Mk+1

}
,

else set
mk+1 := min

τ∈[s2(k+1)+1,t]

{
u(τ)

}

and

r2(k+1)+2 := mk+1, s2(k+1)+2 := max
{

τ ∈ [s2(k+1)+1, t]
∣∣ u(τ) = mk+1

}
.

If s2(k+1)+2 = t, we are done. Else, setk← k+1 and repeat the last two steps.

If this algorithm does not stop, i.e. the sequence(sj) is infinite, then we see that

t0≤ s1 < s2 < · · ·< sj < · · ·< t

and the reduced memory sequence(r j) for u andt is then given by either

(r j) j≥1 = (M0,m0,M1,m1,M2,m2, . . .)

or
(r j) j≥1 = (m0,M0,m1,M1,m2,M2, . . .)

with

m0 < m1 < m2 < · · ·< mk < · · ·< u(t) < · · ·< Mk < · · ·< M2 < M1 < M0.

Setting
s∗ = sup

{
sj
}
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we have thats∗ ≤ t andu is constant in[s∗, t], and

lim
k→∞

mk = lim
k→∞

Mk = u(s∗) = u(t).

Thus,(mk) is a strictly increasing sequence of local minima, and(Mk) is a strictly decreasing
sequence of local maxima, and the sequence

(
|r j+1− r j |

)
j≥1 =

(
|u(sj+1)−u(sj)|

)
j≥1

is strictly decreasing. The case of a finite number of steps issimilar. The reduced memory
sequence is then finite and given by either

(r j) j=1,...,m = (M0,m0,M1,m1,M2,m2, . . . ,u(t))

or
(r j) j=1,...,m = (m0,M0,m1,M1,m2,M2, . . . ,u(t)),

where in both cases we have the possibilities thatrm = u(t) is equal to the last local minimum
or to the last local maximum. We remark that the reduced memory sequence is finite ifu ∈
Cpm(Tt0), the continuous piecewise monotone functions onTt0. The converse does not hold.
Examples of reduced memory sequences for several timest and an inputu∈Cpm(Tt0) with
t0 = 0 is given in figure 2.10.
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Figure 2.10: Reduced memory sequences at timet = 80 (left) andt = 160 (right)

Alternative characterization of reduced memory sequences The image of the map
defined by the previous algorithm for allu∈C0(Tt0) on the set of sequences ofR is the set of
alternating sequencesS := S (R) overR. We can also define this set in the following way:
S := S (R) is the set ofalternating sequencesoverR if

S :=
⋃

m∈N∪{∞}
Sm

and where eachSm, m∈N is recursively defined by

S0 :=
{

/0
}
, S1 := R, S2 := R

2 rdiag
{
R

2},
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and

Sm+1 :=
{

r = (r1, . . . , rm+1)
∣∣ (r1, . . . , rm) ∈Sm, rm+1 ∈R,

and eitherrm−1 < rm+1 < rm or rm−1 > rm+1 > rm
}

for 2 < m∈ N, andS∞ is defined as the projective limit (on the category of sets andmaps)
over theSm, m∈N,

S∞ := lim←−Sm,

i.e. as the set of sequences(r j) j∈N such that each finite “head”(r j) j=1,...,m belongs toSm.
As it follows directly from this definition, each alternating sequencer = (r1, . . . , rm) of

lengthm begins with(M0,m0) or (m0,M0) wherem0 < M0, and per induction it followsm0 <
r j < M0 for all j > 2. This means thatm0 is the absolute minimum andM0 is the absolute
maximum of all the valuesr j , j ∈ N. The same reasoning applies to the tails(r j , r j+1, . . .),
j ∈N. Therefore we are able to write

r = (r1, r2, . . .) =: (M0,m0,M1,m1,M2,m2, . . .) or (m0,M0,m1,M1,m2,M2, . . .)

with
m0 < m1 < m2 < · · ·< M2 < M1 < M0.

This is the reason for calling these sequences alternating sequences. The alternating sequences
withoutS0 are in one-to-one correspondence with the reduced memory sequences of functions
u∈C0(Tt0). The previous algorithm provides a surjective map fromC0(Tt0) ontoS (R) r
S0(R) for all t0 ∈R: All sequences(r j) produced by this algorithm are alternating, and, for a
given alternating sequence(r j), it is easy to construct a functionu∈C0(Tt0) by u(t0+ j) := r j

and monotone interpolation which yields(r j) as assigned reduced alternating sequence.

Prefixed reduced memory sequence If we take a look at the Preisach planeP and its
partition intoS+(t) andS−(t) with their common boundaryA(t), we see that the edges of this
polygon agree exactly with the coefficients of the corresponding reduced memory sequence.
Furthermore, we are aware that the polygonA(t) is limited to the right and downwards by the
diagonalα = β . To the left and upwards, the polygonA(t) is not bounded. Since the vertices
can only accumulate at neighbourhoods of the diagonalα = β , there are two possibilities:

• Either, there is a halfline which is parallel to theα-axis and infinite to the left (α→−∞);
then the first edge of the polygon denotes a minimum.

• Or, there is a halfline which is parallel to theβ -axis and infinite upwards (β → ∞); then
the first edge of the polygon denotes a maximum.

If we construct the polygonA(t1) for any later timet1 > t, we see that the decision whether
the first edge is a minimum or a maximum cannot be changed anymore. The corresponding
alternating sequence usually reflects this: ifr1 < r2 thenr1 is a minimum, ifr1 > r2 thenr1

is a maximum. A problem occurs whenA(t) is a polygon with less than two edges. Then
the corresponding alternating sequence has less than length 2 and it is ambiguous if it should
begin with a maximum or a minimum.
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Therefore, we construct the prefixed alternating sequencesS := S (R) over the affinely
extended real numbersR := R∪

{
−∞,+∞

}
:

S :=
⋃

m∈N∪{∞}
S m

where eachS m is recursively defined by

S 0 :=
{
(−∞,+∞),(+∞,−∞)

}

and

S m+1 :=
{

r = (r−1, r0, r1 . . . , rm+1)
∣∣ (r−1, r0, r1, . . . , rm) ∈S m, rm+1 ∈R,

and eitherrm−1 < rm+1 < rm or rm−1 > rm+1 > rm
}

for 0 < m∈ N, andS ∞ is again the projective limit of theS m, m∈ N. We see from the
definition that all alternating sequences(r j) have at least length 2 and that they begin with
either

(r−1, r0) = (−∞,+∞) or (r−1, r0) = (+∞,−∞),

whereas the tails(r1, r2, . . .) are exactly the alternating sequences fromS (R).

Description of S+(t) by prefixed reduced memory sequences We come back to the
disjoint partition of the Preisach planeP by S+(t) andS−(t) at each timet ≥ t0. Given a
prefixed reduced memory sequence(r j) j≥−1, we denote byrm either the last element in(r j) if
this sequence is finite of lengthm+2 or rm := r∞ := limk→∞ mk = limk→∞ Mk if (r j) is infinite.
We define the polyhedronS+((r j)) to be the unbounded polyhedron with vertices

(−∞,−∞), (−∞,+∞), (m0,+∞), (m0,M0), (m1,M0), (m1,M1), . . . , (rm, rm)

i.e.
(r−1, r−1), (r−1, r0), (r1, r0), (r1, r2), (r3, r2), (r3, r4), . . . , (rm, rm)

if (r j) = (−∞,+∞,m0,M0,m1,M1, . . .), and with vertices

(−∞,−∞), (−∞,M0), (m0,M0), (m0,M1), (m1,M1), (m1,M2), . . . , (rm, rm)

i.e.
(r0, r0), (r0, r1), (r2, r1), (r2, r3), (r4, r3), (r4, r5), . . . , (rm, rm)

if (r j) = (+∞,−∞,M0,m0,M1,m1, . . .). Precisely, the polyhedron shall include the open inner
area defined by these vertices, exclude all vertices and edges themselves except the vertical
edges at the right of the polyhedron with their corresponding lower vertex (if it belongs toP),
i.e. S+((r j)) is the open polyhedron given by the vertices from above plus the sets

{
(α,β ) ∈P

∣∣ α = r j−1 andr j ≤ β < r j−2
}
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for all j ≥ 0 with
r j−2 > r j > r j−1.

A careful look at the definition of the Preisach operator shows that for each input function
u∈C0(Tt0) and corresponding prefixed reduced memory sequence(r j) for some timet ∈Tt0,
we have that

S+(t) = S+((r j)),

provided the initial condition fulfillsS+(t0) = S+((r−1, r0)).

Description of S−(t) by prefixed reduced memory sequences The definition of the
polyhedronS−((r j)) is in some sense dual to the one forS+((r j)). The vertex(−∞,−∞) has
to be replaced by(+∞,+∞), and correspondingly the vertex(−∞,+∞) removed or inserted.
Additionally, the polyhedronS−((r j)) includes/excludes the edges and vertices complemen-
tary to the ones ofS+((r j)), such thatS−(t) = S−((r j)) and we have the disjoint union

S+((r j))
.
∪S−((r j)) = P.

Representation theorem We can now intuitively understand the following propertiesof
Preisach operators (see Mayergoyz [1991]):

Theorem 2.1: Let µ be a Preisach weight andΓµ = Γµ
t0,x0

a Preisach operator. ThenΓµ has
the following three properties:

• Rate independence: The “velocity” of the input signal does not change the behaviour
of the system: we are able to plot the input-output diagram.

• Wiping-out property: Only dominantlocal maxima and minima of the input signal
count: the reduced memory sequences store the complete information contained in the
system.

• Congruency property: Minor hysteresis loops occurring between the same consecutive
extremal values have congruent shapes: this property ensures the correctness of the
summation formulas involving primitive functions (see next section).

The congruency property still needs some explanation: Letu1(t) andu2(t) be two inputs

having different histories and thus different reduced memory sequences(r(1)
j ), (r(2)

j ), respec-
tively. However, if starting at some timet1 the inputs vary up and down between the same two
consecutive extremal valuesu+ andu−, then the reduced memory sequences end in both cases
equally with these two values:

(r(1)
j ) = (r(1)

1 , r(1)
2 , . . . ,u+,u−), (r(2)

j ) = (r(2)
1 , r(2)

2 , . . . ,u+,u−),

or
(r(1)

j ) = (r(1)
1 , r(1)

2 , . . . ,u−,u+), (r(2)
j ) = (r(2)

1 , r(2)
2 , . . . ,u−,u+).
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Thus this variation results in minor hysteresis loops whichare congruent. This is clear from
looking at the Preisach plane, where in both cases the same triangle is appended to or sub-
tracted fromS+(t). In the next section, the summation formulas involving the primitive func-
tions concerning these triangles will show that in both cases these series end with the same
summand.

Reversely, these three properties characterize the Preisach operators completely. This is the
content of theMayergoyz representation theorem([Mayergoyz, 1991]):

Theorem 2.2(Mayergoyz representation theorem): The three properties

• rate independence,

• wiping-out property, and

• congruency of minor loops

constitute necessary and sufficient conditions for a deterministic dynamical system on the set
of input functions from C0(Tt0), t0 ∈R, to be represented by the Preisach model.

2.2.2 Implementation

We know:
(Γµu)(t) = 2

∫

S+(t)

dµ−
∫

P

dµ = F(S+(t))−F(P),

with
F(S+(t)) :=

∫

S+(t)

dµ and F(P) :=
∫

P

dµ (constant!).

How can we avoid computing integrals? The answer is: Use (some kind of) primitive function
of the Preisach measureµ. We want to develop such primitive functions in the following.

Primitive shapes The special shape ofS+(t) gives us the ability to divideS+(t) into
simpler-shaped areas. We consider three possible partitions into such primitive shapes. The
primitive shapes are (compare figure 2.11):

• TrapezoidsQ(α1,β ,α2),

• CornersC(α,β ), and

• TrianglesT(α,β ).

Following this order, we eventually will use especially thepartitions into triangles, leading to
the easiest representation of the Preisach measure. Indeed, associated to each of the primitive
shapesSwe have aprimitive function

F(S) :=
∫

S
dµ

which can be used to compute the Preisach operator. We begin with the definition of the
primitive shapes.
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α1 α2

β
Q(α1,β ,α2)

α

β
C(α,β )

α

β
T(α,β )

Figure 2.11: Primitive shapes

Definition 2.12 (Primitive shapes): LetP be the Preisach half plane. Then we define:

• For each−∞≤ α1≤ α2≤ β ≤+∞, thetrapezoidQ(α1,β ,α2) with vertices

(α1,α1), (α2,α2), (α2,β ), (α1,β )

is
Q(α1,β ,α2) :=

{
(α̃, β̃) ∈P

∣∣ α1 < α̃ ≤ α2 andα̃ < β̃ < β
}
.

• For each−∞≤ α ≤ β ≤+∞, thecornerC(α,β ) is

C(α,β ) :=
{
(α̃, β̃ ) ∈P

∣∣ α̃ ≤ α andα̃ < β̃ < β
}
.

• For each−∞≤ α ≤ β ≤+∞, thetriangle T(α,β ) with vertices

(α,α), (β ,β ), (α,β )

is
T(α,β ) :=

{
(α̃, β̃) ∈P

∣∣ α < α̃ < β̃ < β
}
.

The correspondingprimitive functionsare given by

FQ(α1,β ,α2) := Fµ
Q (α1,β ,α2) :=

∫

Q(α1,β ,α2)
dµ,

FC(α,β ) := Fµ
C (α,β ) :=

∫

C(α,β )
dµ,

FT(α,β ) := Fµ
T (α,β ) :=

∫

T(α,β )
dµ.

All vertices and the left and upper edges of all primitive shapes are excluded, whereas the
right edges (without vertices) belong to the shapes. This guarantees disjoint unions of several
adjoining shapes. The shapes are designed to fit toS+(t). A dual definition fitting toS−(t)
would require including the upper edges instead of the rightones.
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Relations between primitive functions The primitive functions can be defined by each
other, as the following theorem says:

Theorem 2.3: Let FQ, FC, and FT be the primitive functions as defined above. Then:

(i) FQ(α1,β ,α2) = FC(α2,β )−FC(α1,β ) = FT(α1,β )−FT(α2,β ),

(ii) FC(α,β ) = FT(−∞,β )−FT(α,β ) = FQ(−∞,β ,α),

(iii) FT(α,β ) = FQ(α,β ,β ) = FC(β ,β )−FC(α,β ).

Proof. Follows directly from corresponding disjoint partitions of the shapes and the additivity
of the Lebesgue integral.

Partition of Preisach plane into trapezoids, and primitive function Let either

(r j) j≥−1 = (−∞,+∞,m0,M0,m1,M1, . . .)

or
(r j) j≥−1 = (+∞,−∞,M0,m0,M1,m1, . . .)

be the prefixed reduced memory sequence of an input functionu at timet. Settingm−1 :=
−∞ andM−1 := +∞, the special shape of the areaS+(t) corresponding to(r j) gives us the
possibility of dividingS+(t) into trapezoids

Qk := Q(mk,Mk,mk+1), k≥−1,

or
Qk := Q(mk,Mk+1,mk+1), k≥−1,

respectively, i.e. those trapezoids with vertices

(mk,mk),(mk+1,mk+1),(mk+1,Mk),(mk,Mk)

or
(mk,mk),(mk+1,mk+1),(mk+1,Mk+1),(mk,Mk+1),

respectively, such that

S+(t) =
.⋃

k≥−1
Qk

(see figure 2.12). Here, the left-most trapezoidQ−1 is the only unbounded one, and the right-
most trapezoid (in the case where(r j) is finite) may be given by

Qk′ := Q(mk′,Mk′,Mk′)

or
Qk′−1 := Q(mk′−1,Mk′,Mk′),
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S+(t)

β

α
mk mk+1

Mk

Qk

Figure 2.12: One trapezoid given bymk,Mk,mk+1

respectively, wherek′ is the highest index appearing among theMk andmk. Especially for the
integral functionF(S+(t)) =

∫
S+(t) dµ it follows that

F(S+(t)) =
k′

∑
k=−1

F(Qk),

or

F(S+(t)) =
k′−1

∑
k=−1

F(Qk),

respectively, with

F(Qk) = FQ(mk,Mk,mk+1)

or

F(Qk) = FQ(mk,Mk+1,mk+1),

respectively.
Principally, if the primitive functionFQ is known, it is easy to computeF(S+(t)) and thus

the Preisach operatorΓµ at timet without integration: One just needs to add the several values
F(Qk) which are direct applications of the primitive functionFQ. But this primitive function
FQ has the disadvantage to need three parameters, and one has totake special care of the right-
most trapezoid. We presented two other primitive functionswhich need only two parameters,
FC andFT . We will show that they lead to even simpler formulas. But before doing this we
compute primitive functions in some concrete examples. It is of course enough to know one
of them, and we give it only for the trianglesT(α,β ).
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Examples: (1) (Discrete parallel superposition)

We consider again the discrete superposition∑n
i=1 ωi · (Γαi ,βi u) given by(αi ,βi) ∈P for

i = 1, . . . ,n with n∈N, and weightsωi ∈R. The primitive functionFT is then given by

FT(α,β ) =
n

∑
i=1

ωi1T(α,β )(αi ,βi)

with the characteristic function

1T(α,β )(α̃, β̃ ) :=

{
1, if (α̃, β̃) ∈ T(α,β ),
0, else.

Taking into account the definition of the triangleT(α,β ), this equation reduces to

FT(α,β ) =
n

∑
i=1

ω̃i

with

ω̃i =

{
ωi , if αi < α andβi < β ,
0, else

for i = 1. . . ,n.

In the special casen = 1 andω1 = 1, i.e. in the case of the relay operator

(Γµu)(t) = (Γα1β1u)(t),

we just get

FT(α,β ) =

{
1, if α < α1 andβ1 < β ,
0, else.

(2) (Continuous parallel superposition)

Let the measureµ be given by the density functionω : P →R, i.e.

dµ = ωdλ

with

(Γµu)(t) =

∫∫

(α,β )∈P

ω(α,β )(Γα,β u)(t)dβdα.

The functionFT(α,β ) is then given by

FT(α,β ) =
∫∫

(α̃ ,β̃ )∈T(α,β )

ω(α̃ , β̃)dβ̃dα̃ =

β∫

α

β∫

α̃

ω(α̃, β̃ )dβ̃dα̃ .
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For ω ≡ 1 on the triangleT(A,B) andω ≡ 0 elsewhere, we get for example:

FT(α,β ) =

β∫

α

β∫

α̃

1dβ̃dα̃ =
1
2

α2−αβ +
1
2

β 2 =
1
2
(α−β )2

if (α,β )∈ T(A,B). If α < A or β > B, we have to replaceα by A, or β by B, respectively.
We see thatFT is a piecewise quadratic polynomial in(α,β ).

More complex examples of hysteresis can now easily be constructed throughFT . Let for
exampleFT be directly given by a finite number of overlapped second order polynomials inα
andβ :

FT(α,β ) :=
N

∑
k=1

wk(α,β )ηk(α,β )

with “local models”

ηk(α,β ) := ηk(α,β ;θ η
k ) = akα2+bkαβ +ckβ 2+dkα +ekβ + fk

whereθ η
k := (ak,bk,ck,dk,ek, fk) ∈R

6 are linear parameters, and “weights”

wk(α,β ) := wk(α,β ;θw
k )

whereθw
k are nonlinear parameters. We give some examples:

Examples: (1) For µ = λ (i.e. ω ≡ 1) we get the model of the second example above when
N = 1 and

a1 = 1/2, b1 =−1, c1 = 1/2, d1 = e1 = f1 = 0,

if we consider only values(α,β ) in the triangleT(A,B).

(2) We define a second hysteresis model by

a2 = 1/2, b2 =−1/2, c2 = 0, d2 = e2 = f2 = 0.

With suitable definitions of weight functions, we can partially overlap the two hystereses,
see figure 2.13.

(3) If we use “sharp” weight functions (for example the decisiontree based weight functions
resulting fromσ→0) (see again chapter 1), we are able to reproduce exactly thehysteresis
curves given by a mixture of Dirac measuresµ = ∑n

i=1 ωiδ(αi ,βi) with

δ(αi ,βi)(B) =

{
1, if (αi ,βi) ∈ B,
0, else,

for (αi,βi) ∈P andωi ∈R. We saw that in this case, we are able to defineFT as

FT(α,β ) =
n

∑
i=1

ω̃i
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a1 = 1/2, b1 =−1, c1 = 1/2
d1 = e1 = f1
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Two overlapped local models

a2 = 1/2, b2 =−1/2, c2 = 0
d2 = e2 = f2 = 0
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Figure 2.13:u-y diagram of a hysteresis. Upper row: Left: With densityω1≡ 1, i.e.a1 = 1/2,
b1 =−1, c1 = 1/2. Right: With parametersa2 = 1/2, b2 =−1/2, c2 = 0. Lower
Row: Left: Two overlapped local models. Right: All three hysteresis curves in
one picture.
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with

ω̃i =

{
ωi , if α < αi andβi < β ,
0, else

for i = 1. . . ,n. It is easily seen that the functionFT partitions the Preisach plane into parts
with boundaries parallel to one of the axes. Such a partitionis easily done by a decision
tree used to construct the weight functions. In the simplestcaseΓµ = Γα1,β1, i.e. in the
case of the relay operator, we saw that

FT(α,β ) =

{
1, if α < α1 andβ1 < β ,
0, else.

The modelη is then given by

η(α,β ) =
3

∑
j=1

w j(α,β )η j(α,β )

with

w1(α,β ) = 1−1α<α1(α,β ), η1(α,β ) = 0,

w2(α,β ) = 1α<α1(α,β )1β≤β1
(α,β ), η2(α,β ) = 0,

w3(α,β ) = 1α<α1(α,β )(1−1β≤β1
(α,β )), η3(α,β ) = 1.

Antisymmetric extension and summation formula Given the primitive functionsFQ,
FC, andFT , it is easy to implement the hysteresis operator as a computer programme. To have
simpler formulas, we consider a natural extension of these functions:

Let F be any function defined only for(α,β ) with−∞≤ α < β ≤+∞, e.g.F = FQ, FC, or
FT . We extend this function to itsantisymmetric extension(also denoted byF) to the whole

R
2
, defining:

F(α,β ) :=−F(β ,α) if α > β ,

as well as
F(α,β ) := 0 if α = β .

Theorem 2.4: Let µ be a Preisach measure and let FT be the antisymmetric extension of the
primitive function with respect to the triangles T(α,β ). Let further

u∈C0(Tt0)

be an input function and(r j) be the prefixed reduced memory sequence at a time t∈ Tt0 with
either

(r−1, r0) = (−∞,+∞) or (r−1, r0) = (+∞,−∞).

Let

j0 :=

{
−1, if (r−1, r0) = (−∞,+∞),
0, if (r−1, r0) = (+∞,−∞),
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and let m∈ N∪
{

∞
}

be such that m+ 2 denotes the length of the sequence(r j). Under the
assumption that

S+(t0) =

{
P, if (r−1, r0) = (−∞,+∞),
/0, if (r−1, r0) = (+∞,−∞),

we have the summation formula

F(S+(t)) =
m−1

∑
j= j0

FT(r j , r j+1).

(The summation begins thus always with that coefficient rj which is equal to−∞; empty sums
are considered to be equal to zero).

Proof. Since we know that under the given assumptionsS+(t) = S+((r j)) is valid where(r j)
is the prefixed reduced memory sequence ofu at timet, it is enough to show that the formulas
in the theorem are correct forS+((r j)) instead ofS+(t).

We consider first the case where(r j) is finite and use induction over the lengthm+2 of (r j).
Let first m= 0. Then, it holds thatS+((r j)) = S+(t0). If S+(t0) = P, we have

(r j) = (−∞,+∞)

and thus
−1

∑
j=−1

FT(r j , r j+1) = FT(−∞,+∞) = F(P) = F
(
S+((r j))

)
.

If S+(t0) = /0, we have
(r j) = (+∞,−∞)

and thus
−1

∑
j=0

FT(r j , r j+1) = 0 = F( /0) = F
(
S+((r j))

)
.

To go inductively fromm to m+1, we considerS+((r j) j=−1,...,m). This is the polyhedron with
vertices(−∞,−∞), (r j , r j+1) for j = j0, . . . ,m and(rm, rm), where j0 =−1 or j0 = 0. To get
the polyhedron for the stepm+1, S+((r j) j=−1,...,m+1), one has to remove the vertex(rm, rm)
and to replace it by the vertices(rm, rm+1) and(rm+1, rm+1). This is the same as adding or
removing a triangle:

• If rm < rm+1 < rm−1, then one appends the triangleT(rm, rm+1) to S+((r j) j=−1,...,m) to
getS+((r j) j=−1,...,m+1), thus

F(S+((r j) j=−1,...,m+1)) = F(S+((r j) j=−1,...,m))+F(T(rm, rm+1))

=
m−1

∑
j= j0

FT(r j , r j+1)+FT(rm, rm+1).
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• If rm−1 < rm+1 < rm, then one subtracts the triangleT(rm+1, rm) from S+((r j) j=−1,...,m)
to getS+((r j) j=−1,...,m+1), thus

F(S+((r j) j=−1,...,m+1)) = F(S+((r j) j=−1,...,m))−F(T(rm+1, rm))

=
m−1

∑
j= j0

FT(r j , r j+1)+FT(rm, rm+1).

In the infinite case, we first assume that the measureµ is non-negative. Then, for allj ≥ j0,
FT(r j , r j+1) is≥ 0 if r j < r j+1 and≤ 0 else. Furthermore, because of the alternating property,
i.e.

r j < r j+2 < r j+1 or r j+1 < r j+2 < r j ,

we have that

T(r j , r j+1) % T(r j+2, r j+1) or T(r j+1, r j) % T(r j+1, r j+2),

respectively, and thus in all cases

|FT(r j , r j+1)|> |FT(r j+1, r j+2)|

using the antisymmetry ofFT . Since

T(r j0, r j0+1) % T(r j0+2, r j0+1) % T(r j0+2, r j0+3) % T(r j0+4, r j0+3) % . . .

where the intersection over all these sets isT(r∞, r∞) = /0 with r∞ := lim j→∞ r j , the sequence

|FT(r j , r j+1)|, j ≥ j0,

converges to 0 (this follows from the continuity from above of the measureµ).

In conclusion,(FT(r j , r j+1)) is an alternating sequence with strictly decreasing absolute values
which converges to 0. From this, we have also that the series∑∞

j= j0 FT(r j , r j+1) converges.

After having proved that the series converges at all, we haveto show that it converges to the
right value. Since

S+((r j0)) $ S+((r j0, r j0+1, r j0+2)) $ · · ·$ S+((r j) j= j0,..., j0+2k) $ · · ·

and the union of all these sets isS+((r j) j0≥0), we have that the partial sequence
(

j0

∑
j= j0

FT(r j , r j+1),
j0+2

∑
j= j0

FT(r j , r j+1), . . . ,
j0+2k

∑
j= j0

FT(r j , r j+1), . . .

)

converges toF(S+((r j) j0≥0)), and thus the complete sequence, that is the series

∞

∑
j= j0

FT(r j , r j+1),
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must also converge to this value (after having shown that it converges at all).

If µ is signed, the result follows immediately from the decomposition

µ = µ+−µ−

with non-negative measuresµ+ andµ−.

Corollary: With the same assumptions as in the theorem, and if the sequence(r j) is finite of
length m+2, we have for the antisymmetric extended primitive functions FC and FQ:

F(S+(t)) =−
m−1

∑
j= j0

FC(r j , r j+1)+

{
FC(rm, rm), if j0≡m−1 mod 2,
0, else,

and

F(S+(t)) =
m−2

∑
j= j0+2k

k∈N

FQ(r j , r j+1, r j+2)+

{
FQ(rm−1, rm, rm), if j0≡m−1 mod 2,
0, else.

If (r j) is infinite, the infinite series∑∞
j= j0 FC(r j , r j+1) does not convergence. In contrast, for

FQ, we have

F(S+(t)) =
∞

∑
j= j0+2k

k∈N

FQ(r j , r j+1, r j+2).

Proof. Let (r j) be of lengthm+2. Forα ≤ β , we have

FT(α,β ) = FC(β ,β )−FC(α,β ).

Thus:

F(S+(t)) =
m−1

∑
j= j0

FT(r j , r j+1) =
m−1

∑
j= j0+2k

k∈N

FT(r j , r j+1)−
m−1

∑
j= j0+2k+1

k∈N

FT(r j+1, r j)

=
m−1

∑
j= j0+2k

k∈N

FC(r j+1, r j+1)−
m−1

∑
j= j0+2k

k∈N

FC(r j , r j+1)

−
m−1

∑
j= j0+2k+1

k∈N

FC(r j , r j)+
m−1

∑
j= j0+2k+1

k∈N

FC(r j+1, r j).

Shifting the indexj to j + 1 in the third sum and combining it with the first sum, as well as
combining the second and forth sums leads to the first statement of the corollary.

For α ≤ β , we also have
FT(α,β ) = FQ(α,β ,β ).
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Thus:

F(S+(t)) =
m−1

∑
j= j0

FT(r j , r j+1) =
m−1

∑
j= j0+2k

k∈N

FT(r j , r j+1)−
m−1

∑
j= j0+2k+1

k∈N

FT(r j+1, r j)

=
m−1

∑
j= j0+2k

k∈N

FQ(r j , r j+1, r j+1)−
m−1

∑
j= j0+2k+1

k∈N

FQ(r j+1, r j , r j).

Shifting the indexj to j +1 in the last sum and mixing the two resulting sums, we get

F(S+(t)) =
m−2

∑
j= j0+2k

k∈N

[FQ(r j , r j+1, r j+1)−FQ(r j+2, r j+1, r j+1)]

+

{
FQ(rm−1, rm, rm), if j0≡m−1 mod 2,
0, else.

Since

FQ(r j , r j+1, r j+1)−FQ(r j+2, r j+1, r j+1) = FQ(r j , r j+1, r j+2)

we get the second statement of the corollary.

In the infinite case, the reason that∑∞
j= j0 FC(r j , r j+1) diverges is thatFC(r j , r j+1) does in

general not converge to zero asj→ ∞: it converges toFC(r∞, r∞) with

r∞ := lim
j

r j .

In the case ofFQ we saw that the

Q(r j , r j+1, r j+2), j = j0+2k,k∈N

constitute a disjoint partition ofS+(t), and the result follows from theσ -additivity of µ.

Remark: There are similar (dual) formulas for the complement areaS−(t) indicating the
hysterons which are negatively saturated. We just give the one forFT . From the fact that

P = S+(t)
.
∪S−(t)
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we get

F(S−(t)) = F(P)−F(S+(t))

= FT(−∞,+∞)−
m−1

∑
j= j0

FT(r j , r j+1)

= FT(−∞,+∞)−
{

FT(r−1, r0), if (r−1, r0) = (−∞,+∞),
0, if (r−1, r0) = (+∞,−∞),

}
−

m−1

∑
j=0

FT(r j , r j+1)

=

{
0, if (r−1, r0) = (−∞,+∞),
−FT(+∞,−∞), if (r−1, r0) = (+∞,−∞),

}
−

m−1

∑
j=0

FT(r j , r j+1)

=−
m−1

∑
j=1− j0

FT(r j , r j+1).

Thus, apart from the sign, the only difference with respect to F(S+(t)) is the different starting
point 1− j0 instead ofj0. The first term in the sum corresponds to the coefficient in(r j) which
has the value+∞.

Remark: The summation formulas given in the last theorem are not new.The formula in-
volving FT can be found e.g. in Mayergoyz [1991], but we extended it to the infinite case
as well as to the remaining primitive shapes. To the author’sknowledge, also the use of the
prefixed reduced memory sequences is new.

Computation of the Preisach operator We are now able to give a simple formula for
the computation of the Preisach operatorΓµ with input functionu ∈C0(Tt0) and the initial
condition thatS+(t0) is a polyhedron such that the common boundaryA(t0) of S+(t0) and
S−(t0) is a polygon, and a decreasing graph with only axis parallel edges. Then, for a given
time t, we have the formula

(Γµu)(t) = 2
∫

S+(t)

dµ−
∫

P

dµ = F(S+(t))−F(P),

with

F(S+(t)) :=
∫

S+(t)

dµ and F(P) :=
∫

P

dµ.

We first have to compute the prefixed reduced memory sequence(r j) corresponding toS+(t0),
u andt. This can be done as follows: According to the assumptions,S+(t0) corresponds to a
prefixed reduced memory sequence(r ′j). The coefficientsr ′j may be thought as certain minima
and maxima which occurred in the input functionubefore timet0. Therefore we could “prefix”
these values to the functionu∈C0(Tt0), for example by defining

u(t0−1+2− j) := r j , j =−1,0, . . .
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and interpolating monotonously. To compute the prefixed reduced memory sequence(r j) for a
timet ≥ t0, one can use the algorithm given for the definition of the reduced memory sequence,
applied to the augmented input functionu, even though the values−∞ and+∞ occur andu
may have a jump att0. For discrete settings, we will describe in the next paragraph a recursive
procedure which is more practicable.

Having got(r j), since

F(S+(t)) =
m−1

∑
j= j0

FT(r j , r j+1)

and
F(P) = FT(−∞,+∞),

we just have to compute

(Γµu)(t) = 2
m−1

∑
j= j0

FT(r j , r j+1)−FT(−∞,+∞)

where

j0 :=

{
−1, if (r−1, r0) = (−∞,+∞),

0, if (r−1, r0) = (+∞,−∞).

Recursive computation of reduced memory sequences We have to compute the re-
duced memory sequence for an inputu(t) at several timest. Practically, one works in a discrete
setting. Thus, the time steps are given by discrete values

t0, t0+1, t0+2, . . .

or more general, with non-equidistant time steps

t0 < t1 < t2 < · · ·

which may be handled in exactly the same way. Principally, for the computation of the pre-
fixed reduced memory sequence at each time step, the algorithm given as the definition for
the prefixed reduced memory sequence can be used. But it is better to use a recursive proce-
dure which updates the prefixed reduced memory sequence at time t to the prefixed reduced
memory sequence at timet +1, than to compute it each time from the scratch.

Remark: In the discrete setting, we want to adopt the following convention: We assume that
at timet, the system is in the statex(t) and we apply the input (control)u(t). Then the system
will run until time t + 1, changing its state tox(t + 1), and producing the outputy(t + 1) in
accordance with the axioms of dynamical systems in section 2.1. We are thus in the following
situation: Given statex(t) and inputu(t), we will get statex(t +1) and outputy(t +1) in the
next time step. The state in the case of Preisach hysteresis is given by the prefixed reduced
memory sequence:

x(t) = (r j)(t).
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The following algorithm is applicable: Assume that a prefixed reduced memory sequence
(r j) j=−1,...,m = (r j(t)) j=−1,...,m(t) at timet for the input sequenceu(·) is given. We want to
compute the new reduced memory sequence(r ′j) j=−1,...,m′ for the timet + 1. The only new
additional datum isu(t). SetJ = m and check the following:

• If rJ = u(t) then setr ′j := r j for j = 1, . . . ,J andm′ := J, and we are done.

• Else, ifrJ−1 < u(t)< rJ or rJ−1 > u(t) > rJ, then setr ′j := r j for j = 1, . . . ,J, r ′J+1 = u(t)
andm′ := J+1, and we are done.

• Else, setJ← J−1 and repeat the procedure.

Sinceu(t)∈R, the algorithm stops at latest when checking the above conditions forJ = 0: We
have either that(r−1, r0) equals(−∞,+∞) and thenr−1 < u(t) < r0, or we have that(r−1, r0)
equals(+∞,−∞) and thenr−1 > u(t) > r0 holds. The algorithm reduces step by step the
original prefixed reduced memory sequence by cutting coefficients from the tail. Only in the
last step, the additional coefficientu(t) may be appended.

We remark also that the prefixed reduced memory sequence has always at least length 3
with the only possible exception of the initial state at timet0, because for every inputu∈ R,
one has−∞ < u(t) < +∞, with the consequence thatu(t) is always the last coefficient of the
sequence.

Complete computation For a given primitive functionFT corresponding to a Preisach
measureµ, an input sequenceu, and an initial prefixed reduced memory sequence

x0 = x(t0) := (r j)(t0)

at the initial timet0, we compute recursively fort = t0, t0+1, t0+2, . . . :

• the statex(t +1) = (r j)(t +1) using the recursive algorithm from(r j)(t) andu(t), and

• the outputy(t + 1) according to theorem 2.4 (setting(r j) j=−1,...,m := (r j) j=−1,...,m(t +
1)):

y(t +1) := (Γµu)(t +1) = 2
m−1

∑
j= j0

FT(r j , r j+1)−FT(−∞,+∞)

where

j0 :=

{
−1, if (r−1, r0) = (−∞,+∞),

0, if (r−1, r0) = (+∞,−∞).

Generalizations of the Preisach model

In the following we shortly consider some generalizations of the Preisach model.
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Affine-linear transformations of the Preisach model It should be noted that the choice
of the output of the hysterons to be in the set

{
−1,+1

}
is rather arbitrary. We could easily

replace these values by any other values
{

y−,y+

}
as long asy− < y+ and build the Preisach

model with the obtained hysterons. Using the affine-linear transformation

ψ(y) = ay+b

with a := 1/2(y+− y−) andb := 1/2(y+ + y−) the transformation of the hysterons and the
Preisach model can easily be described. We get for the “transformed” Preisach model

y(t) := (Γµ,ψ
t0,x0

u)(t) =
∫

(α,β )∈P
(Γα,β ,ψ

t0,x0(α,β )
u)(t)dµ =

∫

(α,β )∈P
ψ((Γα,β

t0,x0(α,β )
u)(t))dµ

= a
∫

(α,β )∈P
(Γα,β

t0,x0(α,β )
u)(t))dµ +bµ(P) = a(Γµ

t0,x0
u)(t)+bµ(P).

Whereas the scaling constanta can be subsumed into the measureµ, the translationb really
extends the model class of the Preisach family by adding a translational constantbµ(P). We
get the following summation formula:

y(t) = a(Γµu)(t)+bµ(P) =
m−1

∑
j= j0

2aFT(r j , r j+1)+(b−a)FT(−∞,+∞)

with

j0 :=

{
−1, if (r−1, r0) = (−∞,+∞),

0, if (r−1, r0) = (+∞,−∞).

Considering thata andb can be chosen arbitrarily, this lets us redefine the primitive function
in the following way to further simplify the summation formula:

F(α,β ) :=





(a+b)FT(−∞,+∞) if (α,β ) = (−∞,+∞),
(a−b)FT(−∞,+∞) if (α,β ) = (+∞,−∞),
2aFT(α,β ) else.

F(α,β ) is still antisymmetric except for(α,β ) = (−∞,+∞). The summation formula be-
comes then fairly easy:

y(t) = a(Γµu)(t)+bµ(P) =
m−1

∑
j=0

F(r j , r j+1).

Relaxing the antisymmetry As a further generalization, we could also completely relax
the constraint on the functionFT and thus onF to be antisymmetric. This results in hysteresis
loops which are not closed whenF(α,β ) 6=−F(β ,α). And even ifF is continuous andµ is
absolutely continuous with respect to the Lebesgue measure, the relationF(α,α) 6= 0 leads to
jumps on the turning points.
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2.2.3 Identification

The Preisach model is a superposition of simple relay operators weighted by a measureµ. This
µ is usually not known! In theclassicalPreisach model, the measureµ is given by a density
functionω, also called Preisach function. There exist two common approaches of identifica-
tion methods for the classical Preisach hysteresis model (with density function), the lookup
table approach and the basis function approach, respectively (see e.g. Kirchmair [2002]). The
lookup table approach uses a primitive function similar to the one we are using. The values
of this function under a regular grid have to be estimated by aspecial identification method
which requires prescribed input sequences. Points not on the grid are linearly interpolated.
The second method approximates the Preisach functionω directly. In this case, it is written as

ω(α,β ) = ∑
j

a jw j(α,β )

with constantsa j which must be estimated, and fixed weight functionsw j given by Gaussian
bell functions. During the simulation of the Preisach modelwith these particular weight func-
tions, the weight functions have to be integrated over triangular areas. This can only be done
numerically, because no analytic solutions exist. Our approach is to some extend a combina-
tion and generalization of these two methods. In some way, weapproximate the (unknown)
primitive functionF of the Preisach functionω (or more generally of the measureµ) by a
parameterized function̂F(α,β ;θ) where the parameter vectorθ has to be identified by mea-
sured input/output data. Here, we use a variant of the LOLIMOT algorithm (we described
the original algorithm already in chapter 1). Later, in chapter 5, we will propose another
identification scheme which allows the treatment of more general models.

Long-time memory for LOLIMOT The original LOLIMOT algorithm uses local models
of linear ARX type. These models do not provide a long-time memory. As the inputs in these
models are only the lastnu values of the inputuand the lastny values of the outputy backwards
in time, wherenu andny are fixed natural numbers, this only provides some kind of short-time
memory which reaches back to max

{
nu,ny

}
of time steps in the past. Therefore, this version

of the LOLIMOT algorithm is not able to identify Preisach hysteresis. By approximating the
primitive functionF of the Preisach model we will be able to make the standard LOLIMOT
algorithm apply to this kind of models, too.

Identification with the general summation formula For identification, it is best to use
the general summation formula obtained in the last subsection:

y(t) = a(Γµu)(t)+bµ(P) =
m−1

∑
j=0

F(r j , r j+1).

As mentioned, the representation sequence has always at least 3 entries,r−1, r0, andr1, with
possible exception of the initial sequence. But this lattersequence will never be used for cal-
culation of an output through the summation formula. The summation formula has therefore
always at least the two terms

F(r−1, r0)+F(r0, r1)
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which is
F(+∞,−∞)+F(−∞, r1) or F(−∞,+∞)+F(+∞, r1),

such that in each case these two terms can (and should) be concatenated into one. We have to
estimate the following “parameters”:

• the 1-dimensional functions

F−(β ) := F(+∞,−∞)+F(−∞,β ) for all β ∈R,

and
F+(α) := F(−∞,+∞)+F(+∞,α) for all α ∈R,

and

• the 2-dimensional functionF(α,β ) for α,β ∈R with α < β in the antisymmetric case
andα 6= β in the general case.

The functionF−(β ) = F(+∞,−∞)+F(−∞,β ) is needed only for the case of initial negative
saturation, i.e.(r−1, r0) = (+∞,−∞), and the functionF+(α) = F(−∞,+∞)+F(+∞,α) only
in the case of initial positive saturation, i.e.(r−1, r0) = (−∞,+∞).

We therefore can write the summation formula as

y(t) = F±(r1)+
m−1

∑
j=1

F(r j , r j+1).

Linearly parameterized models We begin by modellingF as a linerarly parameterized
function:

F(α,β ) = θ⊤ϕ(α,β ).

It makes sense to use separate parameters whenα or β equals−∞ or +∞. If we define the
regression vector as

θ = (θ∗−,θ∗+,θ∗)⊤,

then we want to understandθ⊤ϕ(α,β ) as

θ⊤ϕ(α,β ) =

{
θ⊤ϕ−(α,β ) if (r−1, r0) = (+∞,−∞),

θ⊤ϕ+(α,β ) if (r−1, r0) = (−∞,+∞),

with
ϕ−(α,β ) = (ϕ∗−(β ) 0 ϕ∗(α,β ))⊤

and
ϕ+(α,β ) = (0 ϕ∗+(α) ϕ∗(α,β ))⊤

whereϕ∗−(β ), ϕ∗+(α) andϕ∗(α,β ) belong to the parametersθ∗−, θ∗+, andθ∗ respectively, such
that

F−(β ) = θ∗⊤− ϕ∗−(β ), F+(α) = θ∗⊤+ ϕ∗+(α), and F(α,β ) = θ∗⊤ϕ∗(α,β ).
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This is directly implementable, and e.g. linear regressioncan be used directly with the regres-
sor matrix consisting of several vectorsϕ−(α,β ) andϕ+(α,β ).

If the functionF(α,β ) shall be antisymmetric, one should splitϕ∗(α,β ) into

ϕ∗(α,β ) =

{
ϕ∗(α,β ), if α < β ,
−ϕ∗(β ,α), if α > β .

Examples: (a) The simplest choice is obviously the affine-linear model

F−(β ) := b−β +c−, F+(α) := a+α +c+, and F(α,β ) := aα +bβ +c,

i.e.

ϕ∗−(β ) := (β ,1)⊤, ϕ∗+(α) := (α,1)⊤, and ϕ∗(α,β ) := (α,β ,1)⊤

and

θ∗− := (b−,c−)⊤ ∈R
2, θ∗+ := (a+,c+)⊤ ∈R

2, and θ∗ := (a,b,c)⊤ ∈R
3.

(b) A generalization is given by higher order polynomials; for the second order polynomial,
we have

F−(β ) := c−β 2+e−β + f−, F+(α) := a+α2 +d+α + f+

and
F(α,β ) := aα2+bαβ +cβ 2 +dα +eβ + f

i.e.
ϕ∗(α,β ) := (α2,αβ ,β 2,α,β ,1)⊤ ∈R

6

and
θ∗ := (a,b,c,d,e, f )⊤ ∈R

6,

and similarly forϕ∗−, θ∗− as well asϕ∗+, θ∗+.

Interpretation of F Other linearly parameterized functions are possible. The decision
what choice should be taken is surely not easy, but it can be remarked that the curves between
the turning points of the hysteresis loops in theu-y diagram are congruent in some sense to
the graph of the functionF : A look on the summation formula shows that the first curve of the
outer loop is given by eithery(t) = F−(u(t)) or y(t) = F+(u(t)). Thus we get a picture of the
graph of eitherF−(u(t)) or F+(u(t)). After the first turning pointu(t1) we have

y(t) = F−(u(t1))+F(u(t1),u(t)) or y(t) = F+(u(t1))+F(u(t1),u(t))

and we have got a translated graph ofF where one component is fixed. And so on.
In praxis, occurring hysteresis curves often show a sigmoidshape because of saturation

effects. This kind of curves cannot be well approximated with the above examples. The usual
sigmoid function could be used but contain parameters whichare not linearly parameterized.
Nevertheless, one could try to model this kind of hysteresisby weighted superpositions of
linearly parameterized functions: the idea of local modelsmay help here.
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“Local models” We consider superpositions of weighted local models,

F(α,β ) =
N

∑
k=1

wk(α,β )ηk(α,β ),

and similar forF−(β ) andF+(α). Theηk may be linearly parameterized:

ηk(α,β ) = θ η⊤
k ϕ(α,β ).

It should be noted that due to the linearity of the summation formula, the parametersθ η
k remain

linear in the global model provided the weightswk(α,β ) are assumed to be known:

(Γµu)(t) =
m(t)−1

∑
j=0

F(r j(t), r j+1(t)) =
m(t)−1

∑
j=0

N

∑
k=1

wk(r j(t), r j+1(t))θ η⊤
k ϕ(r j(t), r j+1(t)).

This opens the door to the usage of the LOLIMOT algorithm.

Identification with the LOLIMOT algorithm If we take

η(N)(α,β ) :=
N

∑
k=1

wk(α,β )θ η⊤
k ϕ(α,β )

as an approximation forF(α,β ), then the whole hysteresis modelΓµ is approximated by

(Γµu)(t)≈
m(t)−1

∑
j=0

η(N)(r j(t), r j+1(t)).

As in the original LOLIMOT algorithm, we can construct the weights

wk(α,β ) := wk(α,β ;θw
k )

by a successive partition of the Preisach planeP. The parametersθ η
k can be identified in the

same way as in the original algorithm, i.e. by either a globalleast squares estimation, or by
a weighted least squares estimation of only the parameters of the newly constructed partial
models (see chapter 1).

Transformation of P Caused by the triangular shape of the Preisach plane, one could
think of transforming the plane by the bijective transformation τ : R2→R2, given by

(α,β ) 7→ τ(α,β ) := (α,β −α).

Then
τ(P) = R×R>0.

Considering a relay operatorΓα,β for (α,β ) ∈P, the valuesα andβ denote the lower and
upper thresholds whereas the valueβ −α is the spread between these thresholds, and it is
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intuitively clear that the relayΓα,β is equally well described by its lower thresholdα and
the spreadβ −α. But in view of the axis-parallel partitions of the LOLIMOT algorithm, the
untransformed Preisach planeP seems to be preferable, because the traces of the last term
F(rm−1, rm) in the summation formula are also axis-parallel if the inputu(t) varies between
rm−2 and rm−1. Indeed, in this case it isu(t) = rm, and we have eitherF(rm−1,u(t)) with
(rm−1,u(t)) ∈P if rm−1 < u(t) or F(rm−1,u(t)) = −F(u(t), rm−1) with (u(t), rm−1) ∈P if
u(t) < rm−1. Both cases show variation only in one variable, in the second for increasing input
u(t), and in the first for decreasingu(t). This is not the case in the transformed Preisach plane.

Example: Identification of the hyteresis of a shock absorber As an example, fig-
ure 2.14 shows the identification of a hysteresis which is measured from a real shock absorber.
The identification was done with a version of the modified LOLIMOT algorithm based on a
summation formula using the primitive shapesQ(α1,β ,α2). The data have been made via
so-called quasi-static measurements, i.e. the input signals where slow enough such that the
dynamical effects are neglectable. More about the data in chapter 5. Problems with this iden-
tification are that the estimation is not very accurate in thedetails (especially on the right end),
while it shows already some instability in the estimated function on the Preisach half plane
(which one can already recognize from the oscillating behaviour of the estimated curve in the
second picture from the left).

2.3 Conclusions

We considered two completely different types of dynamical systems:

Differential Dynamical Systems Hysteresis Systems

Depend on “velocity” of input signal Invariant under all time transformations

Local memory Nonlocal memory

Are linear or linearization is possibleStrongly nonlinear

(only exception: Hilbert transform)

At least two questions remain open:

• How to include other types of hysteresis (e.g. higher dimensional ones)?

The Preisach model presented here accepts only one-dimensional input and output.
Models for more-dimensional hysteresis are a general problem. There exist various ap-
proaches like vector Preisach, but all of them do not seem to fit well to the phenomena
observed in reality.

• How to build grey-box models which are able to model coupledsystems (differential
and hysteresis)?
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Figure 2.14: Identification of the hysteresis of a real shockabsorber with second order poly-
nomials as “local models”. The upper row shows theu-y-diagrams of the mea-
surements (blue) made on the real shock absorber together with the model output
(red), with increasing number of local models (N = 1,3,5,7 resp.) from the left
to the right. The lower row shows the corresponding subdivisions of the Preisach
plane.
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2.3 Conclusions

Until now we have provided identification algorithms for both model types separately.
In reality, both phenomena, i.e. nonlinear differential dynamics and hysteresis, appear
mixed in some way, let’s say in some “regime” we have more of the one behaviour and in
some other “regime” the behaviour of the second model type ismore dominant, but they
still interact. An example is again the shock absorber: If itis excited with high frequen-
cies, damping effects (viscous damping in dependence of thevelocity of the excitation)
are dominant, and with low frequencies one recognizes more of the hysteretic behaviour.
In our example of the identification of a Preisach model for the shock absorber we have
used very slow signals for the excitation. For fast signals (high frequencies), the iden-
tified model does not fit. We therefore need a model type and an identification method
which are able to deal with both phenomena appearing in combination.

As a solution for both problems, we could use a summation formula which combines the
summation formula of the Preisach model and the ”summation formula” of the ARX models:

y(t) :=
M

∑
i=1

m(i)(t)−1

∑
j=0

F(r(i)
j (t), r(i)

j+1(t))+
nu

∑
k=0

aku(t−k)+
ny

∑
k=1

bky(t−k),

where the alternating sequences(r(i)
j (t)), i = 1, . . . ,M may be computed with any of the re-

gressor componentsu(t−k) andy(t−k). Taking linearly parameterized local models for both
the hysteresis and the ARX part, the parameters remain linear in the global model, and the
LOLIMOT algorithm can be used without any further modifications. Of course it is not easy
to decide which regressor components should be taken into the hysteresis component. And
of course, the old problems remain: The inclusion of hidden states is not possible, there is
no proper error model, and the LOLIMOT algorithm is just a heuristic. We did not further
investigate this topic.
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Bridge between theory and reality

In the previous chapter we considered deterministic models. They interpret reality as if it
were free of noise, disturbances and other uncertainties. This is obviously not the case. Thus,
a correct model will include also a model for these uncertainties.

There have been several attempts to model uncertainties: Probability theory, Fuzzy Logic,
Dempster-Shafer theory etc. But in spite of the abundance ofproposed models, it seems that
the earliest of these, i.e. probability theory, is the only consistent one. This at least is the
statement of Cox’s theorem. To be able to use probability theory as a model for uncertainty,
the interpretation of the axioms of probability has to be different from the usual “frequentist”
interpretation which is based on the notion of random experiments. Instead, the appropriate
interpretation is the Bayesian interpretation of probability. At first sight, it seems that it is
conditional probabilities and the calculus provided by Bayes’ theorem which stay in the centre
of Bayesian probability. But this concerns only the formal part. At the real heart, there is
the ability (and the necessity) to use these conditional probabilities, as prior probabilities or
shortly priors, for actually any quantity: prior distributions are assigned to e.g. parameters
and measurements, expressing the prior knowledge, belief,certainty or possibility concerning
these quantities.

Bayesian theory has long time been used to describe stochastic dynamical systems, espe-
cially (stochastic) state space systems, a special case being Markov chains. Stochastic state
space systems develop through hidden states which can only be observed indirectly via an
additional stochastic process. A main task to do in stochastic state space models is inference
on the states, called filtering. The usage of the term Bayesian probability in connection with
the description of stochastic state space systems and the filtering problem is not really nec-
essary if Bayesian probability means theinterpretationwe mentioned above: In spite of the
excessive use of Bayes’ theorem to filter the unobserved states through the state space model,
the states can be interpreted as actually deterministic values disturbed by noise which in turn
is modelled via random variables, and the filtering distribution is also a distribution in the fre-
quentist sense. The view changes completely if the state space model is parameterized and the
(unknown) parameters are equipped with prior distributions: In the frequentist view, this is not
allowed: the assumption there is that there exists a “true” parameter, and this parameter thus
cannot be equipped with a distribution. In contrast, in the Bayesian view, states and parameters
are conceptually the same thing: random quantities with prior distributions, and Bayes’ theo-
rem allows to combine these prior distributions with observed data, thus merging both kinds
of knowledge into posterior distributions. These posterior distributions contain the complete
information we can extract from the prior knowledge and the data. The posterior distributions
can thus be used for identification purposes: Together with apredefined loss function, we can
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decide for that parameter yielding the minimal a-posteriori loss.
The most important stochastic state space models are the Hidden Markov Models (HMMs)

with finite state space, and the linear Gaussian state space models with continuous state space;
in the latter systems, states and observations are propagated by linear functions and with Gaus-
sian random noise. The filter (i.e. the estimator for the hidden states) in both cases can be
computed analytically. In the case of linear Gaussian statespace systems, it is the Kalman
filter. In practically all other cases, i.e. if the state space model has no finite state space or is
not linear or not Gaussian, the filter cannot be given analytically: high-dimensional integrals
have to be computed where a closed-form solution does not exist. They have to be approx-
imated. The high dimensionality of the integrals prohibitsthe use of the usual grid-based
numerical methods: the difficulty (complexity) of computation increases exponentially with
the dimension. An alternative are Monte Carlo methods: In one dimension, they are slower
than grid-based methods, but the complexity remains the same with increasing dimensionality,
at least in the optimal case. In non-dynamical settings, Markov Chain Monte Carlo (MCMC)
methods have been established as a generic tool for the computation of complex distributions:
to be mentioned are the Gibbs sampler and the Metropolis-Hastings algorithms. With state
space systems, it is better to use recursive methods and to break down the high-dimensional
integrals into numerous but lower-dimensional ones. MonteCarlo methods based on recursive
procedures are the Sequential Monte Carlo (SMC) methods, sometimes called particle filters.

Overview We will first describe roughly the usage of probability theory to model uncer-
tainty. We then provide the basic definitions and concepts ofBayesian probability theory and
stochastic decision theory, followed by a short description of the efforts made for their justifi-
cation. The next section describes strategies for the elicitation of prior distributions. We then
proceed by considering general stochastic models. After summarizing the computational pos-
sibilities for the approximative computation of complex distributions given by Monte Carlo
methods, we focus our look on stochastic state space models and the recursive Monte Carlo
methods.

Contributions This chapter is mainly an overview and introduction into topics of stochastic
decision theory and stochastic state space systems. It combines information from several
sources, but nothing is new. The aim is the preparation and justification of methods used for
our model and identification scheme in chapter 5.

3.1 Models for reality

An omnipresent task we encounter in our daily life is the necessity to predict or forecast some-
thing concerning areal system, may it be the outcome of an action, the well- or malfunctioning
of a machine, or the weather. The scientific way to produce predictions and forecasts is the
use of a model. A model will let us gain information otherwisenot accessible for some reason,
be it because it is an “internal signal” of the real system which is not measurable, or be it that
it is something concerning the future. Especially when treating physical, chemical, biological
or even social systems,mathematicalmodelling has shown to be a powerful tool.
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Modelling approach The task of treating real problems with mathematical modelling uses
two separated steps (see Mumford and Desolneux [in preparation]):

• Create a (stochastic) model and verify it (modelling);

• Seek for an algorithm for applying models to practical problems (computation).

There is a third step, completing the “triad” (according to Samarskii, see Neunzert and Rosen-
berger [1993]):

• Make a computer program which implements the desired algorithm (implementation).

In this chapter, we focus first on modelling, later somethingwill be said about computation.
Implementation issues will be put aside until chapter 5.

System, model, and interpretation What is amathematical model? We want to under-
stand it as:

• A representation of a real system in mathematical terms, focussing only on some inter-
esting aspects of the real system.

A model can never account for all aspects of reality. Nevertheless, apart from the necessary
restrictions, the mathematical logic of the model shall follow the natural logic of the real
system. The model is thus an image of (a part of) the real system. For one real systemS
infinitely many models are possible. It is better to look at itthe other way round: To each
modelM belongs a map which connects the model to the real system. This map is called the
interpretationof the model:

J : M −→S .

For each modelM , infinitely many interpretations exist. Concerning the interpretation
J , one has to be aware that the model itself is mathematics, so mathematical logic reigns:
statements can principally be proved to be or not to be valid.In contrast, the interpretation is
the connection between model and system, thus between mathematics and reality, and stands
therefore outside of mathematics: It never can be proved mathematically that some chosen
interpretation is the “correct” one. Quarrels may arise about the appropriate interpretation, and
this is legitime. A mathematical model together with its interpretation must always be verified
against reality by experiments. There is always a “range of validity” concerning aspects of the
system, knowledge on the system (which may even vary over time), etc.

Uncertainties But how can a model be verified? This has to be done by making exper-
iments on the real system and by collecting measured data. Here, a fundamental problem
arises: We never can be sure about the collected data. We are concerned withmeasurement
errors andmeasurement noise. So, for example, if our measurement is given by a real value,
this value is determined by infinitely many digits, but we canmeasure only finitely many, and
measurements are always disturbed by noise. Additionally,we havemodel errors, because,
as already mentioned, we are never able to construct a model which exactly describes the
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given real system in all respects. We always need to simplifyand to focus on those aspects
of the real system which we are interested in. But there are other aspects which influence the
system behaviour. There is furthermore the outer world, which also influences the outcomes
of the experiments. We haveimperfect knowledge: we are not able to know all aspects of a
real system, and we are thus not able to plug them into the model. And even if our model
were absolutely correct, we still would have uncertaintiesabout the initial or actual state of
our real system, information we can only gain by measurements. We have to cope with these
uncertainties, and the correct way to handle these uncertainties is by including them into our
model, and our algorithms must be prepared to handle them. Probability theory provides the
necessary instruments and methods.

Deterministic vs. stochastic modelling An instructive example for what happens when
such disturbances are being neglected is given in Ljung [1999], section 3.3:

Example: Consider thedeterministicmodel given by

y(t) = b
∞

∑
k=1

ak−1u(t−k)

with parametersa,b∈R. Using the shift operator

(q−1u)(t) = u(t−1)

we can write this in operator notation as (geometric series)

y(t) =
bq−1

1−aq−1u(t).

We can equally well write
(1−aq−1)y(t) = bq−1u(t),

i.e.
y(t)−ay(t−1) = bu(t−1).

Let now be the datay(s), u(s) for s≤ t−1 be given. If both data and system description are
correct, the “predictors” fory(t) given by either

ŷ(t | t−1) := b
∞

∑
k=1

ak−1u(t−k)

or
ŷ(t | t−1) := ay(t−1)+bu(t−1)

are completely equal. But with inclomplete or disturbed data, they are vulnerable to different
imperfections: If input-output data are lacking prior to times= 0, then the first predictor suf-
fers from an error that decays likeat (wrong initial conditions), whereas the second predictor
is still correct for timet ≥ 1. On the other hand, if the output data are disturbed by measure-
ment errors, the first predictor is unaffected, whereas sucherrors are directly transferred into
the prediction of the second predictor. If the model had beencomplemented with a proper
noise model (and a loss function), then the choice of the predictor would have become unique.
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The deterministic model leads to several equivalent descriptions yielding different algo-
rithms. But some are stable and some are unstable. Modellingwith stochastic models auto-
matically leads to the right algorithm. Deterministic model actually means: the measured data
are exact, there is no noise; this is never true in reality.

Moving from deterministic to stochastic systems The way to deal with the unavoid-
able uncertainties of reality is to use stochastic (probabilistic) models, and to put distributions
on the state and the outputs of our dynamical system. Until now we have only considered
deterministic systems: same input and same initial conditions lead always to the same output.
This is guaranteed by the Causality Axiom and the Cocylce Property of chapter 2. Since we
need to introduce uncertainty into our models, we thus have to introduce a certain random be-
haviour into the dynamical system, and cannot maintain these two axioms. We have to replace
them by some conditions on the distributions of the states and the outputs given some input
and initial conditions in such a way that, if we consider the special case of determinism, then
the system reduces to a deterministic dynamical system in the sense of chapter 2. Determin-
ism means here, that the occurring distributions are all Dirac distributions. One way to handle
random systems are random processes. Causality Axiom and Cocycle Property and even the
Consistency axiom can easily seen generalized when lookingat the definition of a random
process. But there are two important differences: With random processes the focus lies on the
randomness, not on the input-output behaviour like in Systems and Control Theory. There-
fore inputs are only introduced in a second step, as covariates. The other difference concerns
the Interval axiom. Usually processes are not allowed to explode or to die out. The Interval
Axiom was introduced exactly to handle systems which show this behaviour. Closely related
is stability, and in connection with Markov chains, we will mention some stability concepts in
subsection 3.4.3.

Stochastical modelling We put distributions on states and outputs of our systems. But
our task is mainly identification of unknown parameters, anduncertainty on states and outputs
infers also uncertainty on identified parameters. If we do not know real parameters for sure,
we could at least try to say something about the probability of their outcomes: We deal with
distributions of parameters. These distributions are of course as well subject to uncertainties,
but the uncertainties are in some respect pushed a step farther away (hierarchical models do
this repeatedly). We model our uncertainty by stochasticalmeans; or even more rigourous: we
use stochastics as a model for uncertainty. This is precisely the interpretation of stochastics
used in Bayesian probability theory. As said before, to eachmodel an interpretation belongs:
“uncertainty” is the real system, “probability theory” is the model, and “Bayesianism” is the
interpretation, the map between model and reality. There have been and are still quarrels about
this interpretation, precisely about the Bayesian interpretation of probability theory as a model
for uncertainty.

Frequentist and Bayesian interpretation of probability Opposed to this is the “usual”
way to interpret probability theory represented by the “frequentist” interpretation:
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• Probabilities are only defined for “random experiments”,not for (individual) parame-
ters.

The Bayesian interpretation is much more comprehensive andgeneral, and in this sense much
more useful: it serves as a model for much more parts of reality.

With Bayesian probability theory, probabilities are always conditioned: Pr(E |C) is a mea-
sure of the (presumable rational) belief in the occurrence of the eventE under conditionsC
(Bernardo [2003]). Unconditioned probabilities do not exist. The conditionsC are in most
applications given by:

• AssumptionsA: Model Assumptions,

• KnowledgeK: System Knowledge,

• DataD: Measured Data.

One usually drops the conditioning on the assumptionsA and the knowledgeK in the nota-
tions, and writes down only the dataD explicitly.

Subjectivity versus objectivity One of the main arguments against Bayesian probability
is the introduction of subjectivity into the statistical inference. Notions like “belief”, “prior
knowledge”, “uncertainty” are considered to be subjective: each person has its own belief,
knowledge etc. Thus, Bayesian Probability is prone to subjectivity, as the argument goes.
Frequentist probability would be objective. But Bayesian Probability makes all assumptions
explicit. Frequentist probability is also based on assumptions, but they are not made explicit,
and are often not justified for the practical problem at hand.In Bayesian Statistics, there are
furthermore attempts to construct “objective” priors, so-called non-informative priors.

Decision making The purpose of modelling is in most cases to make decisions inthe real
world. These decisions should be done in two steps: First, given prior knowledge, assumptions
and data, we infer posterior knowledge. Therefore some kindof logic is needed. Second,
use the inferred knowledge to choose an action. Thus, one hasto decide for a best action.
In the Bayesian approach, the prior knowledge is given by distributions of parameters, the
assumptions consist of the choice of the stochastic model, and the data are assumed to be
noisy and modelled by distributions; the inference is done by (the Generalized) Bayes’ Rule
(Jaynes [1990]), and the choice of the action is done by optimizing a loss or utility function.

Bayesian probability theory as logic Thus, some kind of logic is needed.Logic is a
model for “real world reasoning”. The interpretation map has to point on notions like “fol-
lows”, “and”, “not” etc. As with all models of reality, one has to accept an appropriate logic,
depending on the given problem. As always, there does not exist theright logic for all possi-
ble purposes. The special problem here is the reasoning under uncertainty. Thus, Aristotelian
logic is not enough, because there all statements are eithertrue or false, and nothing else.
So, one seeks for other kinds of logic. Many candidates have been proposed: Bayes prob-
ability, Fuzzy Logic, Dempster-Shafer (DS) logic, etc. Butin spite of this large variety of
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proposed logics, there are reasons to believe that Bayes probability is the most justified model
for reasoning under uncertainty.

Decision as action At the end, an action has to be done, a decision has to be made.
Concerning conditional probabilities, we want to note thatan important distinction should be
made between two types of conditioning (see e.g. Lauritzen [2001]): An action donegiven
some conditions is different from anevent observedunder certain conditions. Lauritzen [2001]
refers to these respectively asconditioning by intervention, with the notation

p(x‖y) = Pr(X = x|Y← y),

andconditioning by observation, written

p(x|y) = Pr(X = x|Y = y).

Many misunderstandings result from an unallowed confusionof these two kinds of conditional
probabilities. (These misunderstandings are then used in turn as arguments against Bayesian
probability.)

We will consider the estimation of the parameters of a given parameterized model as the
making of a decision. The theory which considers decision making is (stochastic) decision
theory. We will go into more detail on Bayesian probability theory and decision theory in the
next section.

3.2 Bayesian statistics

Let in the followingX andY be random variables for a suitable measure space over arbitrary
setsX andY respectively, and letx ∈X andy ∈ Y be realizations ofX andY. We will
usually drop the random variables from our notations respectively do not distinguish between
the random variables and their realizations (this is in accordance with e.g. Robert [2001]; also
Ljung [1999] uses explicitly the same notation for stochastic processes and their realizations,
see there section 2.1). This avoids also the problem that occurs if the parameterθ , viewed as a
random variable (in the Bayesian way), needs a symbol for this random variable, whereas the
greek upper case letterΘ is usually reserved for the parameter set. We also use the following
common notations:

• x|y∼ p(x|y) if x giveny is distributed according top(x|y), and

• g(x) ∝ h(x) if g(x) is proportional toh(x), i.e. if there is a constantC∈R>0 such that

g(x) = Ch(x).

We often implicitly assume a reference measureµ for the occurring densities to be given; in
the discrete case this is actually always the counting measure, in the continuous real case it is
usually the Lebesgue measure. We have thus

Pr(x∈ A) =
∫

A
p(x)dµ(x) =

{ ∫
x∈A p(x)dx (continuous case),

∑x∈A p(x) (discrete case),
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if x∼ p(x). We also writeEp[h(x)] for the expectation ofh(x) if x is distributed according to
p (omitting p in the notation if it is clear from the context):

Ep[h(x)] :=
∫

X
h(x)p(x)dµ(x).

We adopt also the short notationy1:n for the ensemble of valuesyi , i = 1, . . . ,n, often used
with distributions or densities like

p(x|y1:n) = p(x|y1, . . . ,yn).

3.2.1 Bayes’ theorem

We follow closely Robert [2001].

Parametric models In the following we assumeY to be a set and thatobservations
(y1, . . . ,yn) with yi ∈ Y are given which are generated according to a probability distribu-
tion

fi(yi |θi ,y1, . . . ,yi−1) = fi(yi |θi ,y1:i−1),

whereθi ∈ Θi are some parameters coming from parameter setsΘi . Then thesample density
is given as the joint distribution of all observationsy = (y1, . . . ,yn) givenθ = (θ1, . . . ,θn)

f (y|θ) =
n

∏
i=1

fi(yi |θi ,y1:i−1)

with θ := (θ1, . . . ,θn) ∈ Θ := Θ1× ·· · ×Θn. In the examples for this section, we usually
restrict investigations to the case where only one observation y ∈ R is given. The case with
several observationsy1, . . . ,yn ∈R can usually be reduced to the previous situation through a
sufficient statistic. The following defintition can be founde.g. in Robert [2001]:

Definition 3.1 (Parametric Statistical Model): A parametric statistical modelconsists of the
observation of a random variable y, distributed according to f(y|θ), where only the parame-
ter θ is unknown and belongs to a vector spaceΘ of finite dimension.

If the sampling distribution is viewed as a function onθ , i.e.

ℓ(θ |y) = f (y|θ),

it is called the associatedlikelihood (nevertheless, we usually do not distinguish between
them and use the terms “model”, “sample distribution” and “likelihood” synonymously). If,
for given observationsy1, . . . ,yn, one wants to infer some knowledge about the unknown pa-
rameterθ , one has to invert probabilities. This is accomplished by Bayes’ theorem:

124



i i ii

i i ii

3.2 Bayesian statistics

Bayes’ theorem Given two eventsA andE, the definition of conditional probability relates
Pr(A|E) and Pr(E |A) by

Pr(A|E)Pr(E) = Pr(A,E) = Pr(E |A)Pr(A).

If Pr(E) 6= 0, we can divide by Pr(E), yieldingBayes’ theorem:

Pr(A|E) =
Pr(E |A)Pr(A)

Pr(E)
.

Marginalization Often, Pr(E) has to be computed bymarginalization, i.e. by eliminating
a variable of a joint distribution via integration:

Pr(E) =

∫
Pr(A,E)dA=

∫
Pr(E |A)Pr(A)dA.

The Bayesian way to model the uncertainty of the parametersθ ∈ Θ is by means of a
probability distributionπ(θ) on Θ, calledprior distribution. All inference is based on the
distribution ofθ conditional ony, π(θ |y), called theposterior distribution. Bayes’ theorem
yields for this posterior distribution:

π(θ |y) :=
f (y|θ)π(θ)∫
f (y|θ)π(θ)dθ

.

Altogether we get (see Robert [2001]):

Definition 3.2: A Bayesian statistical modelis made of a parametric statistical model

(Y , f (y|θ))

and a prior distribution on the parameters,

(Θ,π(θ)).

Given a parametric modelf (y|θ) and a prior distributionπ(θ), several distributions are of
interest (see Robert [2001]):

• the joint distribution of (y,θ):

ϕ(y,θ) := f (y|θ)π(θ),

• themarginal distributionof y:

m(y) :=
∫

Θ
ϕ(y,θ)dθ =

∫

Θ
f (y|θ)π(θ)dθ ,

• theposterior distributionof θ :

π(θ |y) :=
f (y|θ)π(θ)∫

Θ f (y|θ)π(θ)dθ
=

f (y|θ)π(θ)

m(y)
,
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• thepredictive distributionof z whenz∼ g(z|θ ,y):

g(z|y) :=
∫

Θ
g(z|θ ,y)π(θ |y)dθ .

In the following, we write

• Eθ [h(y)] for the expectation ofh(y) under the distributiony∼ f (y|θ), and

• Eπ [h(θ) |y] for the expectation ofh(θ) under the posterior distribution ofθ , π(θ |y),
given the priorπ .

Especially in so-called non-informative settings (see section 3.3.1), where the prior is con-
sidered to represent as few information as possible, it is often necessary to allow not only a
probability distribution as prior, i.e. measuresπ such that

∫

Θ
π(θ)dθ = 1,

in which case the prior is calledproper, but to extend the possible priors toσ -finite measures
π such that ∫

Θ
π(θ)dθ = +∞.

Thenπ is called animproper prior distribution. The extension of the posterior distribution
π(θ |y) associated with an improper priorπ is then given by theGeneralized Bayes Formula:

π(θ |y) =
f (y|θ)π(θ)∫

Θ f (y|θ)π(θ)dθ
as far as

∫

Θ
f (y|θ)π(θ)dθ < ∞.

One can justify improper priors by considering them as limits of proper priors.

3.2.2 Foundations of decision theory

Statistics is used to make real world decisions. The Bayesian approach is much more suited
than the frequentist approach if we want to include prior knowledge explicitly. We always have
to include prior knowledge, but in the frequentist case it isoften done implicitly (compare
for example Jaynes [1976]). In the Bayesian context, prior knowledge is included by prior
distributions.

The decisions most often taken by statisticians are estimations and tests, e.g.

• point estimation,

• interval estimation,

• hypothesis tests.
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If one estimates a parameter, one could choose as estimator every value from a given param-
eter set. Which of those possible estimators is preferred depends on the action one is intended
to do. The theory which investigates this is called DecisionTheory. To formalize precisely
what a “good” choice is, one has to define a loss function whichis to be minimized. Known
loss functions in frequentist settings are the quadratic loss (for point estimation) and the 0–1
loss (for hypothesis tests). A loss function which is invariant against parameter transforma-
tions is often to be preferred. One loss function with this property is the intrinsic loss. In
the following, we want to exploit the Bayesian Decision Theory and its relation to frequentist
notions in more detail. We follow Robert [2001] and Berger [1980].

Decision rules, loss functions and estimators

Decisions In Decision Theory, our aim is to choose adecisionamong a set of possible
decisions. Generally, decisions are calledactions. We therefore (following e.g. Berger [1980])
denote them bya ∈ A whereA shall denote the set of possible actions. Forestimation
purposes, i.e. if an unknown parameterθ (also called “state of nature”) is searched for, the
setA is often chosen to be equal to the parameter setΘ, i.e. A = Θ. In general, we need
a decision procedureor decision ruleδ : Y −→ A assigning to each observationy ∈ Y a
corresponding decision (action)δ (y)∈A . In estimation problems, i.e. ifA = Θ, the decision
procedureδ will be calledestimatorand the valueδ (y) ∈ Θ will be calledesimate(of the
parameterθ ).

Randomized decisions Sometimes, for practical as well as theoretical reasons, one con-
siders so-called randomized decision rules (see e.g. Berger [1980]). A randomized decision
rule δ ∗(y, ·) is, for eachy∈ Y , a probability distribution onA . The interpretation is, that if
y is observed,δ ∗(x,A) is the probability that an action inA⊆A will be chosen. In contrast,
decision rulesδ : Y −→ A are callednon-randomized. These can be seen as special cases
of randomized decision rules (applying a delta distribution). Nevertheless, we want to con-
sider exclusively non-randomized decision rules, but the theory applies as well to randomized
decision rules mostly without changes.

Loss functions In the case of a parameterized modelf (y|θ), the decision rule is build via
an evaluation criterion for parametersθ ∈ Θ and decisionsa∈A . This criterion is modelled
by a loss functionL(θ ,a):

L : Θ×A −→R≥0

which models the loss one gets if the unknown parameter is equal toθ and the action/decision
a is chosen.

Decision procedures EspeciallyBayesian Decision Theorydeals thus with the following
three maps (see Robert [2001]):

(1) OnY : Distribution for the observation,f (y|θ),

(2) OnΘ: Prior distribution for the parameter,π(θ),
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(3) OnΘ×A : Loss function associated with the decisions,L(θ ,a).

These three maps are the basis for the determination of a decision procedure. We want to
make our decisiona∈A in such a way that the loss functionL(θ ,a) is minimal for a given
θ . Therefore only loss functions with

L(θ ,a)≥ K >−∞

for someK ∈ R will be considered. If the parameterθ is unknown, then it is generally im-
possible to minimize the loss function uniformly with respect to θ anda. Frequentist and
Bayesian probability follow different principles to determine a decision procedure; a major
rôle in both cases is played by the average loss or frequentist risk

R(θ ,δ ) = Eθ [L(θ ,δ (y))] =
∫

Y
L(θ ,δ (y)) f (y|θ)dy.

In the following, we consider only loss functionsδ where this risk is finite:

D :=
{

δ
∣∣ R(θ ,δ ) < ∞

}
.

We follow Robert [2001]:

• Thefrequentist principleis based on theaverage lossor frequentist risk

R(θ ,δ ) = Eθ [L(θ ,δ (y))] =
∫

Y
L(θ ,δ (y)) f (y|θ)dy.

With the frequentist risk, the error is averaged over all values ofy proportionally to
f (y|θ). The problem, which is often encountered in practice, is that this is not the
best choice for some individual datay. Additionally, frequentist probability bases on
the assumption of the repeatability of the experiment, which is not always justified.
Another problem is that this principle does not induce a total preorder on the set of
decision rules, i.e. not all decision rules are comparable:there may be decision rulesδ1

andδ2 as well as parametersθ1 andθ2 such that

R(θ1,δ1) < R(θ1,δ2) but R(θ2,δ1) > R(θ2,δ2)

(“crossing”).

• TheBayesian principleis to integrate over the spaceΘ of parameters to get theposterior
expected loss

ρ(π,a|y) = Eπ [L(θ ,a) |y] =
∫

Θ
L(θ ,a)π(θ |y)dθ .

An alternative way to proceed is to integrate over the spaceΘ while weighting the risk
Rby the priorπ and to compute thus theBayes risk

r(π,δ ) = Eπ [R(θ ,δ )] =

∫

Θ

∫

Y
L(θ ,δ (y)) f (y|θ)dyπ(θ)dθ
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which induces a total preordering on the decision rules. This ensures that two deci-
sion rules are always comparable. An estimator minimizingr(π,δ ) can be obtained by
selecting, for everyy∈ Y , the valueδ (y) which minimizesρ(π,a|y) since

r(π,δ ) =
∫

Y
ρ
(
π,δ (y) |y

)
m(y)dy,

if it exists.

Thus, both approaches to the Bayesian principle give the same decision rule (see e.g. Robert
[2001]):

Definition 3.3: If a decsision ruleδ π exists which minimizes r(π,δ ),

δ π := argmin
δ

r(π,δ ),

then each suchδ π is called aBayes rule(associated with a prior distributionπ and a loss
function L). The value r(π) := r(π ,δ π) is called theBayes risk.

This definition is valid for both proper and improper priors in all cases wherer(π) < ∞.
Otherwise, we define theGeneralized Bayes Rulepointwise:

δ π := arg min
a∈A

ρ(π ,a|y)

if ρ(π,a|y) is well-defined for everyy. (One should not confuse “Generalized Bayes” and
“Improper Bayes”).

Minimaxity and admissibility

We want now to describe formal relations between frequentist and Bayes principles and to
shortly relate the Bayesian notions defined above to well-known frequentist notions, precisely
minimaxity and admissibility (see again Robert [2001] and Berger [1980]).

Minimaxity

Definition 3.4: Theminimax risk associated with a loss L is

R= inf
δ∈D

sup
θ

R(θ ,δ ) = inf
δ∈D

sup
θ

Eθ [L(θ ,δ (y))],

and aminimax rule is any ruleδ M such that

sup
θ

R(θ ,δ M) = R.

The minimax risk introduces a total preordering onD and insures against the worst case.
This worst case reasoning leads often to very conservative estimators and a-priori knowledge
cannot be included to reveal less conservative estimators.The existence of the minimax esti-
mator can be ensured in quite many cases (see e.g. Robert [2001]):
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Theorem 3.1: If A ⊆Rk is convex and compact, and if L(θ ,a) is continuous and convex as
a function of a for everyθ ∈Θ, then there exists a (non-randomized) minimax estimator.

Now, the Bayes risks are never greater than the minimax risk:

r := sup
π

r(π) = sup
π

inf
δ∈D

r(π,δ )≤ R= inf
δ∈D

sup
θ

R(θ ,δ )

where we callr themaximin risk: it is associated with the least favourable prior. One defines
(Robert [2001]):

Definition 3.5: The decision problemhas a valueif r = r, i.e.

sup
π

inf
δ∈D

r(π,δ ) = inf
δ∈D

sup
θ

R(θ ,δ ).

We see: If the decision problem has a value, then some minimaxestimators are Bayes
estimators for the least favourable distributions.

To check for minimaxity in connection with Bayes rules, the following holds (see e.g.
Robert [2001]):

Theorem 3.2: (i) If δ0 is a Bayes rule for the priorπ0 and if R(θ ,δ0)≤ r(π0) for everyθ
in the support ofπ0, thenδ0 is minimax andπ0 is the least favourable distribution.

(ii) If for a sequence(πn) of proper priors the generalized Bayes estimatorδ0 satisfies

R(θ ,δ0)≤ lim
n→∞

r(πn) < +∞

for everyθ ∈ Θ, thenδ0 is minimax.

Admissibility The second important frequentist decision principle is given by the admissi-
bility of decision rules:

Definition 3.6: A decision ruleδ0 is called inadmissibleif there exists a decision ruleδ1,
such that for everyθ ,

R(θ ,δ0)≥ R(θ ,δ1)

and, for at least oneθ0,
R(θ0,δ0) > R(θ0,δ1).

Else, the decision rule is calledadmissible.

Admissibility reduces the set of decision rules based onlocal properties (as opposed to the
minimax rules). Relations between minimaxity and admissibility are (Robert [2001]):

Theorem 3.3: (i) If there exists a unique minimax estimator, then this estimator is admissi-
ble. The converse is false.

(ii) If δ0 is admissible with constant risk, thenδ0 is the unique minimax estimator. The
converse is false.
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Admissibility is strongly related to the Bayesian paradigm(Robert [2001]):

Theorem 3.4: (i) If π is strictly positive onΘ, with

r(π) =

∫

Θ
R(θ ,δ π)π(θ)dθ < ∞

and R(θ ,δ ) is continuous, then the Bayes ruleδ π is admissible.

(ii) If the Bayes rule associated with the priorπ is unique, then it is admissible.

Thus, Bayes rules are virtually always admissible. The reason is that, if a rule with bet-
ter frequentist riskR(θ ,δ ) existed, the rule would also have better Bayes riskEπ [R(θ ,δ )].
Actually, even more can be said: Bayes estimators often constitute the class of admissible
estimators. In contrast, Bayes estimators may be inadmissible when the Bayes risk is infinite.
But for a bounded loss, the Bayes risk is clearly finite.

More complicated is the case of generalized Bayes estimators. One situation in which the
Generalized Bayes ruleδ can be shown to be admissible is when the loss is positive and the
Bayes riskr(π ,δ ) finite. Unfortunately, it is rather rare to have finite Bayes risk in the case of
improperπ. This makes the verification of admissibility or inadmissibility very difficult (see
e.g. Berger [1980], section 4.5).

Usual loss functions and their Bayes rules

We shortly summarize the most important loss functions. Most of them are well-known in the
frequentist sense; they can also be applied to the Bayesian principle. We follow again Robert
[2001] and Berger [1980].

• Quadratic lossfor A = Θ = R:

L(θ ,a) := (θ −a)2.

The quadratic loss is the most common loss function. It was proposed by Legendre
(1805) and Gauss (1810). The Bayes rule (Bayes estimator) associated with a priorπ
and the quadratic loss is the posterior expectation (posterior mean)

δ π(y) = Eπ [θ |y] =
∫

Θ θ f (y|θ)π(θ)dθ∫
Θ f (y|θ)π(θ)dθ

.

For the multi-dimensional caseA = Θ = Rd, the quadratic loss is given by

L(θ ,a) := (θ −a)⊤Q (θ −a)

whith a positive definite symmetricd×d matrix Q. The Bayes estimator is in this case
also the posterior meanδ π(y) = Eπ [θ |y].
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• Absolute error lossfor A = Θ (Laplace, 1773):

L(θ ,a) := |θ −a| or Lk1,k2(θ ,a) :=

{
k2(θ −a) if θ > a,
k1(a−θ) otherwise.

The Bayes estimator associated with a priorπ andLk1,k2 is a quantile of order(k2/(k1+
k2)) of π(θ |y). Fork1 = k2, we get the absolut error loss, and the Bayes estimator is the
median ofπ(θ |y), i.e. the 1/2-quantile of the posterior.

• 0-1 loss(Neyman-Pearson loss for testing hypotheses): We want to test the hypothesis
H0: θ ∈ Θ0 against the hypothesisH1: θ 6∈ Θ0. Thus, the decision set is chosen to be
A :=

{
0,1
}

wherea = 1 if H0 is accepted. The loss function is defined as

L0-1(θ ,a) :=

{
1−a if θ ∈ Θ0,
a otherwise,

associated with the risk (type-one and type-two errors)

R(θ ,δ ) = Eθ [L(θ ,δ (y))] =

{
Prθ (δ (y) = 0) if θ ∈ Θ0,
Prθ (δ (y) = 1) otherwise.

The Bayes rule associated withπ and 0-1 loss is

δ π(y) =

{
1 if Pr(θ ∈Θ0 |y) > Pr(θ 6∈Θ0 |y),
0 otherwise.

• Intrinsic lossesagain for the caseA = Θ: The choice of the parameterization is im-
portant because, contrary to the maximum likelihood estimation approach, ifφ is a
one-to-one transformation ofθ , the Bayes estimator ofφ(θ) is usually different from
the transformation byφ of the Bayes estimator ofθ under the same loss. This is a
problem in noninformative settings without natural parameterization. In this case, one
wishes that the estimators should be invariant under reparameterization (“ultimate in-
variance”). The corresponding parameterization-free loss functions compare directly
the distributionsf (· |θ) and f (· |a) using some distribution distanced:

L(θ ,a) = d
(

f (· |θ), f (· |a)
)
.

There are two usual distribution distances:

(1) Entropy distanceor Kullback-Leibler divergence:

Le(θ ,a) = Eθ

[
log

(
f (y|θ)

f (y|a)

)]
=

∫

Y
f (y|θ) log

(
f (y|θ)

f (y|a)

)
dy.

(This is not a distance in the mathematical sense because of its asymmetry.)

(2) (Squared) Hellinger distance:

LH(θ ,a) =
1
2

Eθ



(√

f (y|a)

f (y|θ)
−1

)2

=

1
2

∫

Y

(√
f (y|a)−

√
f (y|θ)

)2
dy.
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Considering the normal case whereπ(θ |y) is a N (µ(y),σ2) distribution, the Bayes
estimator isδ π(y) = µ(y) in both cases. Whereas the Hellinger loss may be preferable
beacuse it always exists, it does not lead to explicit Bayes estimators except in the nor-
mal case. On the contrary, in exponential families (see subsection 3.3.1), the entropy
loss provides explicit estimators which are the posterior expectations for the estimation
of the natural parameter.

Bayesian point estimation without loss function

For point estimation with no loss function, one considers the posterior distribution

π(θ |y) ∝ f (y|θ)π(θ) = ℓ(θ |y)π(θ).

This gives the summary of the information available onθ by integrating simultaneously prior
informationand information brought byy. One may thus consider themaximum a posteriori
(MAP) estimator:

argmax
θ

ℓ(θ |y)π(θ).

The MAP estimator is associated with the 0-1 losses presented in the previous paragraph. In
continuous settings, one has ∫

Θ
1δ 6=θ π(θ |y)dθ = 1,

and the 0-1 loss must be replaced by a sequence of losses

Lε(θ ,a) = 1‖θ−a‖>ε .

The MAP estimate is then the limit of the Bayes estimates associated withLε whenε goes to
0. The MAP estimate can also be associated with a sequence ofLp losses where

Lp(θ ,a) = ‖θ −a‖p.

It is in principle a penalized maximum likelihood (ML) estimator. Under a few regularity
conditions onf andπ , the asymptotic optimality properties of the regular ML estimator like
consistency and efficiency are preserved for these Bayesianextension. As the sample size
grows to infinity, the information contained in this sample becomes predominant compared to
the fixed information brought by the priorπ . Therefore, the MAP estimators are asymptoti-
cally equivalent to the ML estimators. Nevertheless, the MAP estimators have the advantage
to be available also for finite sample sizes. But one should beaware that the MAP estimator
is not always appropriate.

Example (taken from Robert [2001]): Consider

f (y|θ) =
1
π

[1+(y−θ)2]−1 and π(θ) =
1
2

e−|θ |.

The MAP estimator ofθ is then alwaysδ ∗(y) = 0.
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Region estimation

To summarize the inferential content of the posterior distribution, it is often convenient to be
able to provide regionsC⊆ Θ containing a prescribed percentage of the probability massof
the posterior (Bernardo [2003]). For any 0< q< 1, we call eachCq⊆Θ a posteriorq-credible
regionof θ if ∫

Cq

π(θ |y)dθ = q,

i.e. if, given the datay, the parameterθ belongs toCq with probabilityq. This definition re-
flects thus directly the intuitive understanding of a „confidence region“, in sharp contrast to the
frequentist confidence intervals. Aq-credible region is invariant under reparameterizations:if
φ is a one-to-one transformation ofθ , thenφ(Cq) is aq-credible region with respect toφ(θ)
if Cq is aq-credible region with respect toθ .

There are generally infinitely manyq-credible regions for each posterior, even in one dimen-
sion and even ifCq is an interval. One therefore wants to add further constraints: aq-credible
region of minimum size (volume) is calledhighest probability density (HPD) region, where
all points inside the region have higher probability density than the points outside of the re-
gion. HPD regions are not reparameterization invariant. Inone dimension, one therefore may
prefer regions (intervals) derived by posterior quantiles: If θq is the 100q% posterior quantile
of θ , then

Cl
q =

{
θ
∣∣ θ ≤ θq

}

is a one-sided reparameterization invariantq-credible region, as well as theprobability centred
q-credible regiongiven by

Cc
q =

{
θ
∣∣ θ(1−q)/2 ≤ θ ≤ θ(1+q)/2

}
.

For multi-modal posteriors, this definition may not be feasible, and an equivalent in higher
dimensions is not easily found.

An alternative may be the following construction: LetL(θ , θ̃ ) be a loss function, and

ρ(π, θ̃ |y) = Eπ [L(θ ,a) |y] =
∫

Θ
L(θ , θ̃ )π(θ |y)dθ .

the posterior expected loss. Then aq-credible regionC∗q is calledlowest expected loss (LEL)
region, if for all θ1 ∈C∗q and allθ2 6∈C∗q, it holds that

ρ(π ,θ1 |y) < ρ(π,θ2 |y).

If the loss function is invariant under reparameterizations, the LEL credible region will also be
invariant. Bernardo [2003] recommends especially theintrinsic credible regionfor general
use, which is obtained as LEL credible region if an intrinsicloss is used: the intrinsic credible
region is reparameterization invariant and definable in anydimension.
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3.2.3 Justifications for Bayesian inference

Some connections and differences between the frequentist and the Bayesian viewpoints have
already been exposed in the previous sections, with respectto decision rules and loss functions.
This concerns mathematics. Nevertheless, the differencesreach further, concerning not only
mathematics but also the interpretation of probability theory, and thus the connection between
mathematics and reality. In the present section, we try to clarify these differences in the
interpretations.

Frequency versus Bayesian reasoning

As mentioned in the introduction, probability theory provides the connection between math-
ematical theory and real applications. The main two interpretations of probability, frequency
probability and Bayesian probability, have caused many quarrels between, and polemics from
their respective representatives. The main reason is that with Bayesian probability, many
things are allowed which are strictly forbidden in the frequentist view. These regulations
frequentist probability opposes reach also into the language we use when we speak about
stochastic results. In the frequentist interpretation, “probabilities” are only and exclusively
defined for frequencies of the outcomes of “random experiments” which can be repeated “in-
dependently” and principally infinitely often. Any other object or quantity which is not the
frequency of a random experiment, or any individual observation, cannot have a probability.
In contrast, in the Bayesian view, actually anything can be equipped with a distribution and
thus with a probability. The notion “random” remains undefined and is just used to express
that the considered objects vary in a more or less unpredictable way. Probabilities express the
believes or certainty about (individual) events, or the plausibility for (individual) statements.
We want to exploit the differences with some examples (see e.g. Jaynes [1976]).

Let θ be a “real world parameter”, e.g. a natural constant, the expected number of heads of
a coin thrown, or the size of a man of some given age. The frequentist viewpoint is:

• There exists a true valueθ , and all possible outcomes of this value are equally well
justified.

• Measured values ofθ are disturbed by noise, but ifθ is measured frequently, the mean
value of the measurements goes nearθ .

• Probabilities are distributions of these frequencies.

The Bayesian viewpoint is:

• θ varies “randomly” (randomly actually undefined;θ just varies in a more or less un-
predictable way, unpredictable because one does not know better).

• One measures the distribution ofθ and adjusts thus one’s state of knowledge.

• Probabilities are really “distributions” of the valueθ .
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It is intuitively clear that there is actually no such thing as a “true size” of a man of some age.
Thus, frequentist reasoning is actually not applicable in this case. The Bayesian interpretation
still applies.

It must be emphasized that the construction of confidence intervals in the frequentist sense
has to be seen as a random experiment. Thus, confidence intervals do not account for individ-
ual outcomes, and confidence intervals do not express the probability that a parameterθ lies
inside this interval. Instead: If we have a 95% confidence interval, this means: if we observe
θ and construct a confidence interval with these observed values, and if we do this infinitely
often, then the (true) parameterθ lies inside this interval in 95% of the experiments; so, if we
construct the 95% interval 100 times, then we should expect that in 5 times the true parameter
θ does not lie inside this interval. This is against intuition, and is often misunderstood in
practice. It is often more important to know how “confident” the individual or actual interval
is than to know the outcome when the experiment is repeated infinitely often.

Similar arguments apply for hypothesis tests. If we test a hypothesisH0 = 0 againstH1 6= 0,
and we say we reject this hypothesis on the 95% level, this means the rejection is false in 5%
of the times we construct this test. Many other examples of the frequentist view which are
counterintuitive or even yield wrong results can be found inJaynes [1976]. We also have seen
in the previous section that Bayesian decisions are often related to Frequentist decisions: they
either coincide, or they yield better results.

Justification based on basic principles

One possibility to justify probability theory (and especially Bayesian probability theory) is to
show that it agrees with certain basic principles. This is the direction followed e.g. in Robert
[2001] and Berger [1980]. One of these basic principles is the Likelihood Principle which
is attributed to Fisher (1959) or Barnard (1949) and formalized by Birnbaum (1962) (Robert
[2001]):

The information brought by an observationy aboutθ is entirely contained in the
likelihood functionℓ(θ |y). Moreover, ify1 andy2 are two observations depending
on the same parameterθ , such that there exists a constantc satisfying

ℓ1(θ |y1) = cℓ2(θ |y2)

for everyθ , they then bring the same information aboutθ and must lead to iden-
tical inferences.

It should be noted that the Likelihood Principle is not identical to the Maximum Likelihood
estimation method. Frequentist probability does not agreewith the Likelihood Principle,
whereas the pure Bayesian approach does; the introduction of loss functions in turn violates
the Likelihood Principle. The introduction of loss functions is according to Berger [1980] due
to a lack of time: If we had an infinite amount of time, we were able to determine the prior
π(θ) exactly and use a pure Bayesian analysis satisfying the Likelihood Principle; with only
a finite amount of time, it is necessary to approximate prior beliefs.

For further discussions of this and other principles see Robert [2001] and Berger [1980].
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Cox’s theorem

Cox [1946] claimed that probability (after a suitable rescaling) is the only reasonable way for
dealing with uncertainty, plausibility or similar concepts of impreciseness.

This statement cannot be proven in a mathematical sense, because it is not a mathemati-
cal theorem. It has to be made plausible by common sense reasoning. To accomplish this,
Cox formulated some requirements he thought necessary for agood calculus of plausibility
of statements. Based on these requirements, he claimed mathematically that probability is in-
evitably the only possible model if these requirements are accepted. In his posthumous book
[Jaynes, 2003], Jaynes uses Cox’s theorem as a cornerstone of his justification of Bayesian-
ism. He states Cox’s requirements as follows (according to Arnborg and Sjödin [2000] and
Arnborg and Sjödin [2001]):

(I) Divisibility and comparability : The plausibility of a statement is a real number and
dependent on information we have related to the statement;

(II) Consistency: If the plausibility of the statement can be derived in two ways, the two
results must be equal;

(III) Common sense: Plausibilities should vary sensibly with the assessment of plausibil-
ities; deductive propositional logic should be the specialcase of reasoning with state-
ments known to be true or to be false in the model.

Especially the common sense requirement is in itself ratherimprecise and thus open to contro-
versies. Furthermore, neither Cox nor Jaynes are very rigorous in their mathematical deriva-
tions and assume (sometimes only implicitly) additional strong requirements.

We introduce the following notation (Arnborg and Sjödin [2000], Arnborg and Sjödin
[2001]): Denote bypl(A|C) or shortA|C the plausibility of a statementA given that we
knowC to be true (thus,A|C does not denote a statement but a real number). Cox introduces
the functionF defining the plausibilityA∧B|C (or shortAB|C) of the conjunctionA andB
givenC to be true,

AB|C = F(A|BC,B|C),

and the functionSdefining the plausibilityA|C of the negation ofA givenC to be true,

A|C = S(A|C).

Cox uses then some strong regularity conditions onF andS, e.g. associativity and twofold
differentiability for F , to be able to proof that there must be a strictly monotone scaling w of
the plausibility measure that satisfies the rules of probability:

w(F(x,y)) = w(x)w(y), w(S(x)) = 1−w(x),

i.e. F is multiplication andS(x) is 1−x after scaling withw.
Aczél [1966] releases the differentiability condition onF and introduces the partial function

G defining the plausibilityA∨B|C of the disjunctionA or B givenC to be true,

A∨B|C = G(A|C,BA|C).
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He still needs a continuity assumption onG.
The continuity assumptions onF (andG) are needed to extend associativity to the whole

domain of real numbers. Paris [1994] releases the continuity requirement ofF, but he replaces
it by another density requirement. Halpern [1999a] gives a “counterexample” for a finite
model (where the density requirements do not apply), whereF is not associative and thus
not extendable to multiplication. As Snow [1998] points out, Halpern’s example is not a
counterexample to Cox’s original statement because Coxrequires F to be associative (see
also Halpern’s answer Halpern [1999b]).

Arnborg and Sjödin (Arnborg and Sjödin [2000], Arnborg and Sjödin [2001], Arnborg and
Sjödin [2003]) use some new common sense requirements. Their new requirements replacing
the density assumptions is based on refinability of a model: In any model, one could wish
to be able to refine it by adding some new statements to the model, and if this is done in a
reasonable way, it should never lead to inconsistencies. This is the requirement of theRefin-
ability assumption(Arnborg and Sjödin [2000]): In a plausibility model with a conditional
event of plausibilityp, it must be possible to introduce a new subcaseB of a non-false event
A with plausibility valuep given toB|A. In particular, it should be possible to define new
subcasesB andB′ of a non-false eventA such that they areinformation independent, i.e.
B|B′A = B|A andB′ |BA = B′ |A. Information independence means that knowledge of the
plausibility of one subcase does not affect the plausibility of the other. Arnborg and Sjödin
add also the requirement of theMonotonicity assumption: The domain of plausibility is or-
dered,Sis strictly decreasing, andF andG are strictly increasing in each argument if the other
argument is not⊥ (the smallest plausibility value). Moreover,F(x,y)≤ x andG(x,y)≥ x. As
is noted in [Arnborg and Sjödin, 2003], if one weakens the strict monotinicity condition which
is required forSand replaces it by the requirement thatS is only non-increasing, this would
lead to completely different conclusions (see de Brucq et al. [2002]). With these requirements,
it follows that each finite plausibility model is rescalableto probability.

For infinite models, this is not possible without further assumptions, see the counterexample
in Arnborg and Sjödin [2000]. From this it follows that the refinability requirement is really
weaker than the usual density requirements. For infinite models, one first needs aclosedness
assumption: The functionsF, SandG can be extended to an ordered domainD such that

F : D×D−→ D, S: D−→ D, G : E −→D

with
E :=

{
(x,y) ∈D×D

∣∣ x≤ S(y)
}
.

Then, one either has to assume an additional separability assumption, or else one has to accept
extended probabilities (Arnborg and Sjödin [2001]). Let

x1 := x and xn := F(x,xn−1).

Then theseparability assumptionintroduced as a weaker assumption than the continuity as-
sumptions is the following:

• For everyx < y andc, there aren,m sucht thatxn < cm < yn.
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With these assumptions, it follows that also infinite plausibility models are rescalable to prob-
ability. If one does not want to accept the separability assumption, one has to accept extended
probabilities: Anextended probability modelis a model based on probabilities taking values
in an ordered field generated by the reals and an ordered set ofinfinitesimals. Aninfinitesimal
is a non-zero element which in absolute value is smaller thanany positive real. Conways field
No of surreal numbers is universal in the sense that every totally ordered field can be embed-
ded intoNo. By replacing the real values withNo, Arnborg and Sjödin [2001] can show that
each plausibility model fulfilling the monotonicity, refinability, and closedness assumptions
can be uniquely embedded in a minimal ordered field where, after rescaling, multiplication
and addition are extensions ofF andG, respectively.

One popular example concerning a logic for reasoning under uncertainty is Fuzzy Logic. If
one accepts Cox’s theorem this disqualifies Fuzzy Logic frombeing a valid logic, except in
cases where it is equivalent to probability theory. Arnborgand Sjödin [2001] model fuzzyness
(impreciseness) in a different way. Instead of introducingeventsA as (objective) fuzzy sets,
one can introduce the judgements made by various experts anddecision makers asA|Ci for
the judgement made by experti, based on the information available to experti. This makes
plausibility and fuzziness orthogonal concepts, and the question arises how these different
priors can be combined. This will in the end lead to (convex) sets of probability distributions
as models for this kind of extended plausibility, called Robust (Extended) Bayesian Analysis
(see also the last paragraph in subsection 3.3.1).

Exchangeability and representation theorems Another argument for the inevitability
of the use of probabilities to describe uncertainties is given by the notion of exchangeabil-
ity and the corresponding representation theorem (see Bernardo [in press]). We call a set
of random vectors

{
x1, . . . ,xn

}
, x j ∈X , exchangeableif their joint distribution is invariant

under permutations. An infinite sequence of random vectors is exchangeable if all its finite
subsequences are exchangeable. In particular, any i.i.d. random sample from any model is
exchangeable (only the values of a sample

{
x1, . . . ,xn

}
matters, not their order). The gen-

eral representation theoremimplies that, if a set of observations is assumed to be a subset
of an exchangeable sequence, then it constitutes a random sample from a probability model{

p(x|ω),ω ∈Ω
}

, described in terms of some parameter vectorω; furthermore thisω is de-
fined as the limit (asn→ ∞) of some function of the observations, and available information
about the value ofω must necessarily be described by some probability distribution p(ω).
This formulation includes “nonparametric” (distributionfree) modelling, whereω may index,
for instance, all continuous probability distributions onX (the collection of cumulative den-
sity functions has the power of the continuum and can thus be indexed byR, see e.g. Robert
[2001], ex. 1.2). Under exchangeability, and therefore under any assumption of random sam-
pling, the general representation theorem provides an existence theorem for a probability dis-
tribution p(ω) on the parameter spaceΩ, and this argument depends only on mathematical
probability theory.
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3.3 Priors

The prior distribution is the key to Bayesian inference (Robert [2001]). Its determination is
thus the most important step in drawing this inference. In practice, the available information
is seldom precise enough to lead to an exact determination ofthe prior distribution. There is
no such thing astheprior distribution. The prior should rather be seen as a toolsummarizing
available information as well as uncertainty related with this information. Ungrounded prior
distributions lead to unjustified posterior inference: it is always possible to choose a prior
distribution that gives the answer one wishes. The prior determination is therefore the most
critical and most criticized point of Bayesian analysis.

3.3.1 Strategies for prior determination

We follow once more Robert [2001] and Berger [1980].
The possibilities for prior determination may be divided into three categories:

• Subjective priors,

• Conjugate priors,

• Objective (non-informative) priors.

Subjective prior determination

Some possibilities are:

• Use some prior knowledge aboutθ and approach the priorπ e.g. by a histogram.

• Use empirical or hierarchical Bayes methods. We will describe these Bayes methods in
more detail later in section 3.3.2.

• Select amaximum entropy prior(Jaynes [1980], Jaynes [1983]) if prior characteristics
(moments, quantiles) are known:

Eπ [gk(θ)] for k = 1, . . . ,K.

The prior is based on theentropyintroduced for the finite case by Shannon [1948] as a
measure of uncertainty in information theory and signal processing:

E (π) =−∑
i

π(θi) log(π(θi))

for
Θ =

{
θ1, . . . ,θn

}
.

In the continuous case a reference measureπ0 has to be chosen:

E (π) = Eπ0

[
log

(
π(θ)

π0(θ)

)]
=

∫

θ∈Θ
log

(
π(θ)

π0(θ)

)
π0(dθ),
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being also the Kullback-Leibler divergence ofπ from π0. The maximum entropy prior
maximizes the entropy in the information-theoretical sense, that is, it minimizes the
information brought throughπ aboutθ , and is given in the discrete resp. continuous
case as

π∗(θi) =
exp
(

∑K
k=1 λkgk(θi)

)

∑ j exp
(

∑K
k=1 λkgk(θ j)

) , π∗(θ) =
exp
(

∑K
k=1 λkgk(θ)

)
π0(θ)

∫
Θ exp

(
∑K

k=1 λkgk(θ̃)
)
π0(dθ̃)

,

theλk’s being derived from the contraintsEπ [gk(θ)] as Lagrange multipliers. A problem
is the choice ofπ0: it is seen as the completely noninformative distribution.When a
group structure is available, it is usually taken to be the associated right-invariant Haar
measure.

• Parametric approximations: Restrict the choice ofπ to parameterized densitiesπ(θ |λ )
and determine the hyperparametersλ through the moments or quantiles ofπ (the latter
being more robust).

Conjugate priors

Definition 3.7 (Raiffa and Schlaifer [1961]): A family F of probability distributions onΘ
is conjugate for a likelihood function f (y|θ) if, for everyπ ∈F , the posterior distribution
π(θ |y) also belongs toF .

Conjugate priors are only of interest in the case whereF is parameterized. The choice
of a conjugate prior is mainly based on computational deliberations, because switching from
prior to posterior distribution is reduced to an updating ofthe corresponding parameters. The
computation of posterior densities is thus really tractable and simple. But they often are only
first approximations to adequate priors.

Exponential family The most important examples of conjugate priors are given for expo-
nential families (see e.g. Robert [2001]):

Definition 3.8: Let µ be aσ -finite measure onY , and letΘ be the parameter space. Let C
and h be functions, respectively, fromΘ andY to R≥0, and let R and T be functions fromΘ
andY to Rk. The family of distributions with densities (with respect to µ)

f (y|θ) = C(θ)h(y)exp
(
R(θ)⊤T(y)

)

is calledexponential familyof dimension k. IfΘ⊆Rk, Y ⊆Rk, and

f (y|θ) = C(θ)h(y)exp(θ⊤y),

then the family is callednatural.

Examples of the exponential family are common distributions like Normal, Gamma, Chi-
square, Beta, Dirichlet, Bernouilli, Binomial, Multinomial, Poisson, Negative Binomial, Ge-
ometric, Weibull, or Wishart distributions. Not belongingto the exponential family are the
Cauchy, Uniform or Pareto distributions.
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By a change of variables fromy to z= T(y) and a reparameterization fromθ to η = R(θ),
it is usually enough to consider the natural form. For a natural exponential family, let

N :=
{

θ
∣∣
∫

Y
h(y)exp(θ⊤y)dµ(y) < +∞

}

be the so-callednatural parameter space. The natural form can also be rewritten as

f (y|θ) = h(y)exp(θ⊤y−ψ(θ))

whereψ(θ) is called thecumulant generating function, because (see e.g. Robert [2001]):

Theorem 3.5: If θ ∈
o
N (the interior of the natural parameter space N), the cumulant gener-

ating functionψ is C∞ and

Eθ [y] = ∇ψ(θ), Cov(yi ,y j) =
∂ 2ψ

∂θi∂θ j
(θ),

where∇ denotes the gradient operator.

Thus, one can fully understand the mean and covariance structure by differentiatingψ.
The exponential family has other interesting analytical properties: For any sample

y1, . . . ,yn∼ f (y|θ)

there exists a sufficient statistic ofconstantdimension:

ȳ =
1
n

n

∑
i=1

yi ∈R
k.

The converse is the Pitman-Koopman-Lemma (1936):

Theorem 3.6(Pitman-Koopman Lemma): If a family of distributions f(· |θ) is such that, for
a sample size large enough, there exists a sufficient statistic of constant dimension, then the
family is exponential if the support of f(· |θ) does not depend onθ .

(The restriction on the support off (y|θ) is necessary for the lemma to hold because the
uniformU ([−θ ,θ ]) and the ParetoP(α,θ) distributions also satisfy this property; for these
also conjugate priors exist, although they do not belong to the exponential family.)

A conjugate prior family for a natural exponential family isgiven by

π(θ |µ,λ ) = K(µ,λ )exp(θ⊤µ−λψ(θ)),

whereK(µ,λ ) is the normalizing constant of the density. The corresponding posterior distri-
bution is

π(θ |µ +y,λ +1),

which isσ -finite, and induces a probability distribution onΘ if and only if

λ > 0 and
µ
λ
∈

o
N,
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f (y|θ) π(θ) π(θ |y) θ̂ = δ π(y)

Normal
N (θ ,σ2)

Normal
N (µ,τ2)

Normal

N
(

σ2µ+τ2y
σ2+τ2 , σ2τ2

σ2+τ2

) σ2µ+τ2y
σ2+τ2

Poisson
P(θ)

Gamma
G (α,β )

Gamma
G (α +y,β +1)

α+y
β+1

Gamma
G (ν,θ)

Gamma
G (α,β )

Gamma
G (α +ν,β +y)

α+ν
β+y

Binomial
B(n,θ)

Beta
Be(α,β )

Beta
Be(α +y,β +n−y)

α+y
α+β+n

Negative Binomial
Neg(n,θ)

Beta
Be(α,β )

Beta
Be(α +n,β +y)

α+n
α+β+y+n

Multinomial
Mk(θ1, . . . ,θk)

Dirichlet
D(α1, . . . ,αk)

Dirichlet
D(α1+y1, . . . ,αk +yk)

αi+yi
(∑ j α j )+n

Normal
N (µ,1/θ)

Gamma
G (α/2,β/2)

Gamma
G (α +1,β +(µ−y)2)

α+1
βk+(µ−y)2

Table 3.1: Conjugate priors and posterior mean estimates

and only if this holds,K(µ,λ ) is well-defined.
Conjugate priors for several likelihoods from exponentialfamilies and their associated pos-

terior distributions as well as the corresponding estimates under quadratic loss (posterior
mean) are summarized in table 3.1 (taken from Robert [2001]).

If Θ is an open set inRk andθ has the prior distribution

πλ ,µ(θ) ∝ exp(θ⊤µ−λψ(θ))

conjugate for a natural exponential familyf (y|θ), and

ξ (θ) := E[ f (y|θ)]

is the expectation, then

Eπ [ξ (θ)] = Eπ [∇ψ(θ)] =
µ
λ

.

Thus, ify1, . . . ,yn are i.i.d. f (y|θ), then the posterior mean ofξ (θ) is linear iny:

Eπ [ξ (θ) |y1, . . . ,yn] = Eπ [∇ψ(θ) |y1, . . . ,yn] =
µ +ny
λ +n

.

This can be extended to the case whereπλ ,µ is improper, for instanceλ = 0 andµ = 0. In this
case, the posterior expectation is ¯y, which is also the maximum likelihood estimator ofξ (θ).

Noninformative priors

In the absence of prior information one wants the prior distributions to be solely derived from
the sample distributionf (y|θ). These noninformative priors should be considered as refer-
ence or default priors. They do not represent total ignorance. We follow again Robert [2001]
and Berger [1980].
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Laplace’s prior The first example of a noninformative prior isLaplace’s prior, based on
the “Principle of insufficient reason”. In the finite case,Θ =

{
θ1, . . . ,θn

}
, Laplace’s prior is

π(θi) = 1/n.

The extension to continuous spaces leads to the improper prior

π(θ) ∝ 1.

One problem with this prior is that the posterior densities may also be improper. Another
problem is the lack of reparameterization invariance: if weswitch fromθ ∈ Θ to η = g(θ)
with a one-to-one transformationg, prior information is still totally missing and should not be
modified. But, ifπ(θ)≡ 1, the corresponding prior distribution onη is

π∗(η) =
∣∣∣ d
dη

g−1(η)
∣∣∣

which is usually not constant.

Invariant prior The invariance principle is to consider the deliberation that the properties
of a statistical procedure should not depend on the unit of measurement, in a general sense:

• Independence of the scale leads toscale-invariantestimators.

• Independence of the origin leads totranslation-invariantestimators.

• Independence of order of the observations leads tosymmetricestimators.

In all cases, the invariance structure is given through group actions (Robert [2001] and Berger
[1980]):

Definition 3.9 (Invariant decision problem): Let (Y ,Θ, f (y|θ)) be a parametric statistical
problem,A a decision space, and L: Θ×A −→R≥0 a loss function. LetG be a group acting
onY .

(i) The statistical model f(y|θ) is said to beinvariant under the action of the groupG , if
for every g∈ G , there exists a uniqueθ∗ ∈ Θ such that g(y) is distributed according to
the density f(g(y) |θ∗). We denoteθ∗ = ḡ(θ).

(ii) If the model is invariant under the action ofG , the loss L is said to beinvariant under
the action of the groupG if, for every g∈ G and a∈A , there exists a unique decision
a∗ ∈ A , such that L(θ ,a) = L(ḡ(θ),a∗) for everyθ ∈ Θ. We denote a∗ = g̃(a). The
decision problem is said to beinvariant underG .

We are thus concerned with the following three groups and their actions:

G : y 7→ g(y)∼ f (g(y) | ḡ(θ)),

G : θ 7→ ḡ(θ),

G̃ : L(θ ,a) = L(ḡ(θ), g̃(a)).
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One then restricts the class of decision rules to theinvariant or equivariant decision rules,
i.e. those satisfying

δ (g(y)) = g̃(δ (y)).

One has to determine a prior which isinvariant under the action of the groupG̃ :

π∗(ḡ(A)) = π∗(A)

for every measurable subsetA of Θ and everyg∈ G . The solution is given by the right Haar
measure (see e.g. Robert [2001]):

Theorem 3.7: The best equivariant decision rule forθ is the Bayes decision ruleδ π∗ associ-
ated with the right Haar measureπ∗ onΘ, and the corresponding invariant loss.

This is in most cases an improper prior, because invariant probability distributions are rare,
since they can only exist for compact groupsG̃. We provide some examples from Robert
[2001]:

Examples: Let f (y) for y∈R
d be a probability density.

(a) The model family
M1 =

{
f (y−θ),θ ∈R

d}

is said to be parameterized by thelocation parameterθ . The model class is translation-
invariant, i.e. for ˜y = y−y0 with y0 ∈Rd it follows

f (ỹ− (θ −y0)) ∈M1,

and the invariance principle requires that the prior shouldbe translation-invariant, too, i.e.

π∗(θ) = π∗(θ −θ0) for all θ0 ∈R
d.

The solution isπ∗(θ) = c for a constantc∈R.

(b) The model family
M2 =

{
1/σ f (y/σ),θ ∈R>0

}

is said to be parameterized by ascale parameterσ > 0. The model class is scale-invariant,
i.e. for ỹ = y/s with s∈R>0 it follows

1/(σ/s) f (ỹ/(σ/s)) ∈M2,

and the invariance principle requires that the prior shouldbe scale-invariant, too, i.e.

π∗(σ) =
1
c

π∗(σ/c).

This impliesπ∗(σ) = α/σ for a constantα ∈R.

Disadvantages of this approach are that the determination of invariant priors requires the
invariance to be part of the decision problem. This often leads to ambiguities, since it is
sometimes possible to consider several invariant groups. The natural invariance structure can
also be either too weak or too strong to lead to good estimators. Such natural invariance
structures are even missing in most discrete setups (e.g. Poisson).

145



i i ii

i i ii

3 Stochastic decision theory: Bridge between theory and reality

Jeffreys’ prior Jeffreys (Jeffreys [1946], Jeffreys [1961]) proposed an approach which
avoids the need to take a natural invariance structure into account. Jeffreys’ prior is based
on the Fisher information matrixI(θ) defined through the components

Ii j (θ) =−Eθ

[ ∂ 2

∂θi∂θ j
log f (y|θ)

]
for i, j = 1, . . . ,d.

The Fisher information is intended to be an indicator of the amount of information brought by
the model (or the observation) aboutθ (Fisher 1956).Jeffreys’ noninformative prioris then
defined as:

πJ(θ) ∝ |detI(θ)|1/2.

In the one-dimensional case, Jeffreys’ prior agrees with most invariant priors, e.g. with the
location- and scale-invariant priors given in the examplesof the previous paragraph. Further-
more, it is parameterization invariant. But in higher dimensions, Jeffreys’ approach may lead
to incoherences or even paradoxes, and it is not coherent forthe likelihood principle. Never-
theless, this method provides one of the best automated techniques to derive noninformative
prior distributions.

Reference priors The concept of reference priors (Bernardo [1979], Berger and Bernardo
[1989]) generalizes Jeffreys’ priors by distinguishing between nuisance and interest param-
eters. The principle is to eliminate the nuisance parameters by using Jeffreys’ prior where
the parameter of interest remains fixed. Wheny∼ f (y|θ) andθ = (θ1,θ2), whereθ1 is the
parameter of interest, thereference prioris obtained by first definingπJ(θ2 |θ1) as Jeffreys’
prior associated withf (y|θ) whenθ1 is fixed, then deriving the marginal distribution

f̃ (y|θ1) =

∫
f (y|θ1,θ2)πJ(θ2 |θ1)dθ2,

and computing Jeffreys’ priorπJ(θ1) associated withf̃ (y|θ1). Often, the marginalization
integral is not defined. Berger and Bernardo (1989) then suggest to derive the reference prior
for compact subsetsΘn of Θ and to consider the limit of the resulting reference priorsπn as
n→ ∞ andΘn goes toΘ. In general, the resulting limit does not depend on the choice of the
sequence of compact subsets.

Reference priors depend on the way parameters are ordered, an advantage compared to Jef-
freys’ prior because nuisance parameters are considered ina different way. When no ordering
of the parameters are given, Berger and Bernardo [1992] suggest that one considers as a non-
informative prior the reference prior for which each component ofθ is considered separately;
in contrast, Jeffreys’ prior treatsθ as single group of parameters.

Matching priors Matching priors are noninformative priors that match with good fre-
quentist properties, i.e. properties that hold on the average in y rather than conditional ony.
A common approach is to require that some posterior probabilities must asymptotically coin-
cide with the corresponding frequentist coverage probability. Besides the technical difficulty
one faces in handling matching priors, there is a conceptualdifficulty in asking for frequentist
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coverage probability when constructing a prior distribution; the goal is to condition on the ob-
servation rather than to rely on frequentist long-term properties. It also violates the Likelihood
Principle. Robert [2001] does not recommend this method.

Other approaches to noninformative priors Other approaches to non-informative pri-
ors are (see Robert [2001]):

• Rissanen’s transmission information theory and minimum lengths priors;

• testing priors;

• stochastic complexity.

Problem of prior elicitation: Information fusion

The prior information is rarely rich enough to define a prior distribution exactly. Thus, this
uncertainty must be included into the Bayesian model. Possibilities are:

• Further prior modelling,

• Upper and lower probabilities (Dempster-Shafer, DS, Modified DS),

• Imprecise probabilities (Walley).

Only for finite problems with some symmetry properties unique priors could be found,
and therefore there is an inherent subjectivity in the choice of the prior. Different epxerts
may choose different priors. Thus one concentrates on the fusion of different sources, for
example different experts or several sensors. The field which investigates these issues is called
Information Fusion. One possibility and an alternative to the above mentioned theories like
the Dempster-Shafer theory is Robust Bayesianism, see Arnborg [2006]: Uncertainty and
imprecision are orthogonal concepts, and priors are definedby a convex set of probabilities.
Arnborg claims that the multiplication operator in Bayes’ rule extends to the prior sets (all
probabilities in the first convex set are multiplied by all probabilities in the second convex
set).

3.3.2 Hierarchical Bayes

Another approach to include uncertainty about prior distribution into the Bayesian model is
given by hierarchical models. It is based on a decompositionof the prior distribution into
several conditional levels of distributions, mostly two levels: The first level often is a conjugate
prior, with parameters distributed according to the second-level distribution. There are also
real live motivations for such decompositions (e.g. multiple experiments, meta-analysis). We
follow Robert [2001].
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Definition 3.10: A Hierarchical Bayes modelis a Bayesian statistical model

( f (y|θ),π(θ))

where
π(θ) =

∫

Θ1×···×Θn

π1(θ |θ1)π2(θ1 |θ2) · · ·πn+1(θn)dθ1 · · ·dθn.

The parametersθi are calledhyperparametersof level i,1≤ i ≤ n.

The use of hierarchical models allows often the separation of structural information from
subjective information. In non-informative settings, we can see it as a compromise between
Jeffreys’ non-informative distributions and conjugate distributions. Uncertainties are pushed
a step further away, which leads to a robustification of the Bayesian procedure.

Furthermore, hierarchical models often simplify Bayesiancalculations, e.g. easy decompo-
sition of the posterior distribution. For instance, if

θ |θ1∼ π1(θ |θ1), θ1∼ π2(θ1),

then the posterior distribution ofθ is

π(θ |y) =
∫

Θ1

π(θ |θ1,y)π(θ1 |y)dθ1

where

π(θ |θ1,y) =
f (y|θ)π1(θ |θ1)

m1(y|θ1)
, m1(y|θ1) =

∫

Θ
f (y|θ)π1(θ |θ1)dθ ,

π(θ1 |y) =
m1(y|θ1)π2(θ1)

m(y)
, m(y) =

∫

Θ1

m1(y|θ1)π2(θ1)dθ1.

Moreover, the decomposition works for the posterior moments, that is, for every suitable func-
tionsh:

Eπ [h(θ) |y] = Eπ(θ1 |y)[Eπ1[h(θ) |θ1,y]]

where
Eπ1[h(θ) |θ1,y] =

∫

Θ
h(θ)π(θ |θ1,y)dθ .

For the hierarchical model

π(θ) =

∫

Θ1×···×Θn

π1(θ |θ1)π2(θ1 |θ2) · · ·πn+1(θn)dθ1 · · ·dθn,

thefull conditional distribution of θi givenx and theθ j ’s, j 6= i, i.e.

π(θi |y,θ ,θ1, . . . ,θn),

satisfies the following local conditioning property:

π(θi |y,θ ,θ1, . . . ,θn) = π(θi |θi−1,θi+1),

with the conventionθ0 = θ andθn+1 = 0.
Nevertheless, we rarely are provided with explicit derivations of corresponding Bayes es-

timators. The natural solution in hierarchical settings isto use a simulation based approach
exploiting the hierarchical conditional structure, such as the Gibbs sampler (see section 3.5).
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Example (Hierarchical extension for the normal model (Robert [2001])): For the normal
model

y∼Nd(θ ,Σ)

with the first level conjugate distributionπ1(θ |µ,Σπ) given by

θ ∼Nd(µ,Σπ)

and the second level priorπ2(µ,Σπ), the hierarchical Bayes estimator is

δ π(y) = Eπ2(µ,Σπ |y)[δ (y|µ,Σπ)]

with

δ (y|µ,Σπ) = y−ΣW(y−µ), W = (Σ+Σπ)−1,

π2(µ,Σπ |y) ∝ (detW)1/2exp
(
− (y−µ)⊤W(y−µ)/2

)
π2(µ,Σπ).

Empirical Bayes

As Robert [2001], p.478, puts it, “the appelationempirical Bayesis doubly defective because
firstly, the method is not Bayesian and, secondly, genuine Bayesian methods are empirical,
since they are based on data!” The method does not follow fromthe Bayesian principles
since it approximates the prior distribution by frequentist methods when the prior information
is too vague. It can be viewed as a dual method to the hierarchical Bayes analysis and is
asymptotically equivalent to the Bayesian approach. It maybe an acceptable approximation in
problems for which a genuine Bayes modelling is too complicated or too costly. But it should
be said that with increasing computational power and the development of MCMC methods,
the need for empirical approximations to more complex hierarchical analyses diminishes.

Nonparametric empirical Bayes Theempirical Bayesperspective as introduced by Rob-
bins [1951] may be stated as follows: Given(n+1) independent observationsy1, . . . ,yn+1 with
densitiesf (yi |θi), the problem is to draw an inference onθn+1, under the additional assump-
tion that theθi ’s have all been generated according to the same unknown prior distributiong.
From a Bayesain point of view, this means that the sampling distribution is known, but the
prior distribution is not. The marginal distribution,

fg(y) =
∫

f (y|θ)g(θ)dθ ,

can then be used to recover the distributiong from the observations, sincey1, . . . ,yn can be
considered as an i.i.d. sample fromfg. Deriving an approximation ˆgn in this manner, we can
use it as a substitute for the true prior distribution, and propose the plug-in approximation to
the posterior distribution

π̃(θn+1 |xn+1) ∝ f (xn+1 |θn+1)ĝn(θn+1).
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This derivation is not Bayesian! A Bayesian approach, arguing from the ignorance ofg, would
index this distribution by a hyperparameterλ and would thus represent ignorance by a second-
level prior distribution,π2(λ ).

The empirical Bayes approach is problematical in many respects, see e.g. Robert [2001],
section 10.4.

Parametric empirical Bayes The parametric empirical Bayesapproach is a restricted
version of nonparametric empirical Bayes. In exponential family settings, the prior distribu-
tion being unavailable, a simple choice is to take a conjugate priorπ(θ |λ ) associated with the
sampling distributionf (y|θ). While the hierarchical approach introduces an additionaldis-
tribution on the hyperparametersλ , the empirical Bayes analysis proposes to estimate these
hyperparameters from the marginal distribution

m(y|λ ) =
∫

Θ
f (y|θ)π(θ |λ )dθ

by some frequentist estimatorλ̂ (y), and to useπ(θ | λ̂ (y),y) as a pseudo-posterior distribu-
tion. This method then appears as the parametric version of the original approach of Robbins
[1956].

A defect with the empirical Bayes perspective is that it relies on frequentist methods to
estimate the hyperparameters ofm(y|λ ), although Bayesian techniques could be used as well.
As estimatorŝλ (y), a wide range of options is available: for instance, the estimator ofλ can
be derived by the moment method or the maximum likelihood method. The corresponding
arbitrariness of empirical Bayes analysis is the major flaw of this theory. The most common
approach is to use maximum likelihood estimators.

3.4 Stochastic models and Bayesian estimation

3.4.1 Static normal models

We follow Robert [2001]. Normal models are extensively used, in particular where the Central
Limit Theorem approximation can be justified (econometrics, particle physics, etc.); it is often
justified for asymptotic reasons. Ad-dimensional normal model is given by a multivariate
Gaussian distribution

Nd(θ ,Σ)

with d-dimensional mean vectorθ ∈ Rd and symmetric positive definited× d covariance
matrix Σ. If Σ is known, the normal model together with a normal conjugate distribution
θ ∼Nd(µ,A) yields the posterior distribution

Nd(y−Σ(Σ+A)−1(y−µ),(Σ−1 +A−1)−1)

for the meanθ . Under quadratic loss, the Bayes estimator is then the posterior mean

δ π(y) = y−Σ(Σ+A)−1(y−µ) = (Σ−1+A−1)−1(Σ−1y+A−1µ).
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For repeated observationsy1, . . . ,yn of the above normal model, the sufficient statistic

ȳ =
1
n

n

∑
i=1

xi ∼Nd

(
θ ,

1
n

Σ
)

directly extends this analysis (compare to subsection 3.3.1).
If the covariance matrixΣ is unknown, it is necessary to consider prior distributionson the

parameter(θ ,Σ). If Σ is known up to a multiplicative constantσ2, it is usually possible to get
back to the unidimensional case, i.e. wheny1, . . . ,yn are i.i.d.N (θ ,σ2). (The case whereθ
is known andσ2 only is unknown is treated in subsection 3.3.1, see table 3.1). If we define
the statistics

ȳ =
1
n

n

∑
i=1

yi and s2 =
n

∑
i=1

(yi− ȳ)2,

then the likelihood is

ℓ(θ ,σ2 | ȳ,s2) ∝ σ−nexp

[
− 1

2σ2

(
s2+n(ȳ−θ)2

)]
.

Considering first non-informative priors, Jeffreys’ priorfor this model is

π∗(θ ,σ) =
1

σ2 ,

but for invariance reasons it is better to use the prior

π̃(θ ,σ) =
1
σ

.

In this case the posterior distribution of(θ ,σ2) associated with the prior̃π is

θ |σ2, ȳ,s2∼N

(
ȳ,

σ2

n

)
, σ2 | ȳ,s2∼I G

(
n−1

2
,
s2

2

)

(whereI G denotes the inverse Gamma distribution).
Apart from the non-informative priors, it is also possible to derive conjugate priors, the

conjugate posterior distributions having the same form as the posteriors in the non-informative
setting. A pecularity occurring in this case is thatθ andσ2 are not a priori independent, i.e.
the prior is of the form

π(θ ,σ) = π(θ |σ2)π(σ2).

We consider only the general case where the parameters(θ ,Σ) are totally unknown. Given
observationsy1, . . . ,yn of Nd(θ ,Σ), a sufficient statistic is

ȳ =
1
n

n

∑
i=1

yi and S=
n

∑
i=1

(yi− ȳ)(yi− ȳ)⊤,

and the likelihood given by

ℓ(θ ,Σ | ȳ,S) ∝ |Σ|−n/2exp

[
−1

2

(
n(ȳ−θ)⊤Σ−1(ȳ−θ)+ tr(Σ−1S)

)]
,
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which suggests the following conjugate priors:

θ |Σ∼Nd

(
µ,

Σ
n0

)
, Σ−1∼Wd(α,W)

whereWd denotes the Wishart distribution. The posterior distributions are then

θ |Σ, ȳ,S∼Nd

(
n0µ +nȳ

n0+n
,

Σ
n0+n

)
, Σ−1 | ȳ,S∼Wd(α +n,W1(ȳ,S))

with
W1(ȳ,S)−1 = W−1+S+

nn0

n+n0
(ȳ−µ)(ȳ−µ)⊤.

A careful determination of the hyperparametersµ,n0,α,W is required.

Linear normal models

We consider the usual regression model (see e.g. Robert [2001]):

y = Xθ + ε, ε ∼Nk(0,Σ), θ ∈R
d

whereX is thek×d regressor matrix, andy∼Nk(Xθ ,Σ) is observed. If the covariance matrix
Σ is known, this model can be analyzed in the same way as above when working conditional
onX. A sufficient statistic is

θ̂ = (X⊤Σ−1X)−1X⊤Σ−1y

which is the maximum likelihood estimator and the least-squares estimator ofθ . If the regres-
sor matrixX is considered to be constant, conjugate distributions of the type

θ ∼Nd(Aβ ,C), whereβ ∈R
q (q≤ d)

may be considered; the inference is then made conditional onX, andA, C, or β may depend
onX. If Σ is unknown, Jeffreys’ prior is

πJ(θ ,Σ) =
1

|Σ|(k+1)/2
,

and the likelihood

ℓ(θ ,Σ |y) ∝ |Σ|−n/2exp

(
−1

2
tr

[
Σ−1

n

∑
i=1

(yi−Xiθ)(yi−Xiθ)⊤
])

.

This suggests the use of a Wishart distribution, but the posterior marginal distribution onθ is
only defined for a sufficiently large sample size, and is not explicit for any sample size.

In the special caseε ∼Nk(0,σ2Ik), the least-squares estimatorθ̂ has a normal distribution

Nd(θ ,σ2(X⊤X)−1).
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Corresponding conjugate distributions on(θ ,σ2) are then

θ |σ2∼Nd

(
µ,

σ2

n0
(X⊤X)−1

)
, σ2∼I G

(
ν
2
,
s2
0

2

)

since, ifs2 = ‖y−Xθ̂‖22, the posterior distributions are

θ | θ̂ ,s2,σ2∼Nd

(
n0µ + θ̂
n0 +1

,
σ2

n0+1
(X⊤X)−1

)
,

σ2 | θ̂ ,s2∼I G

(
k−d+ν

2
,
s2+s2

0+ n0
n0+1(µ− θ̂ )⊤X⊤X(µ− θ̂ )

2

)
.

3.4.2 Dynamic models

A dynamic modelor time series modelappears as a particular case of a parametric model
where the distribution of the observed variablesy1, . . . ,yT varies over time:

f (y1, . . . ,yT |θ) =
T

∏
t=1

ft(yt |y1:t−1,θ)

wherey1:t−1 denotes the collection of previous variablesy1, . . . ,yt−1 with the convention that
y1:0 is either empty or a fixed initial valuey0 (then belonging to the parametersθ ). The
inclusion of unobserved components in the variablesyt provides a fairly large sope of this
model, including state space models. The dynamic models aremore challenging than the static
models because one usually requires stationarity constraints for them: A stochastic process
(Xn) is calledstationary, if for any k, the marginal distribution of(Xn, . . . ,Xn+k) does not
change ifn varies (see e.g. Meyn and Tweedie [1993]). We follow Robert [2001].

Dynamical linear normal models

The AR(p) model Theautoregressive modelof orderp, AR(p), is given by the dynamic
model

yt ∼N

(
µ−

p

∑
i=1

ρi(yt−i−µ),σ2

)

or, equivalently,

yt = µ−
p

∑
i=1

ρi(yt−i−µ)+ εt , εt ∼N (0,σ2).

In this model, the distribution ofyt only depends on a fixed number of past values,yt−p:t−1,
and the model can thus be expressed as a Markov chain when considering

zt := y⊤t:t−p+1 = (yt ,yt−1, . . . ,yt−p+1)
⊤

since
zt = µ1+B(zt−1−µ1)+ εte1,
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where

1 = (1, . . . ,1)⊤, B =




ρ1 ρ2 · · · ρp

1 0 . . . 0
...

0 0 . . . 0


 , and e1 = (1,0, . . . ,0)⊤.

The likelihood conditional on the negative-time valuesy0, . . . ,y−p+1 is given by:

ℓ(µ,ρ1, . . . ,ρp,σ |y1:T ,y0:(−p+1)) =

σ−T
T

∏
t=1

exp


−
(

yt−µ +
p

∑
i=1

ρi(yt−i−µ)

)2

/2σ2


 .

A natural conjugate prior for the parameterθ = (µ,ρ1, . . . ,ρp,σ2) is a normal distribution on
(µ,ρ1, . . . ,ρp) and an inverse gamma distribution onσ2.

One may think about imposing stationarity constraints on the prior, given by restrictions on
the values of the parameterθ := (µ,ρ1, . . . ,ρp) (see Robert [2001]):

Theorem 3.8: The stochastic process defined by the AR(p) model with parametersθ :=
(µ,ρ1, . . . ,ρp) is stationary if and only if the roots of the polynomial

P(y) = 1−
p

∑
i=1

ρiy
i

are all outside the unit circle in the complex plane.

With the stationarity constraint, the parameters vary in a complicated subspace of the pa-
rameter space which is too difficult to deal with whenp > 3. A solution is given by the
Durbin-Levinson recursion (Monahan [1984]) which proposes a reparameterization of the pa-
rametersρi to thepartial autocorrelations

ψi ∈ (−1,+1), i = 1, . . . , p,

which allow for a uniform prior. The partial autocorrelations are also calledreflection coeffi-
cientsin the signal processing literature. They can be used to teststationarity, since, according
to Schur’s lemma, they must all be between−1 and+1 if the chain(yt) is stationary. The fol-
lowing algorithm provides a constructive connection to deduce the parametersρi from the
coefficientsψi under the stationarity constraint:

0. Defineϕ i,i = ψi andϕ i, j = ϕ i−1, j −ψiϕ i−1,i− j , for i ≥ 1 and j = 1, . . . , i−1.

1. Takeρi = ϕ p,i for i = 1, . . . , p.

While the resulting prior (as well as the posterior) distribution on(ρ1, . . . ,ρp) is not explicit,
this representation can be exploited for simulation purposes.
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A different approach goes via the real and complex roots of the polynomialP, whose in-
verses are also within the unit circle (Huerta and West [1999]).

If one wants to use instead a non-informative prior, one possibility is the usual prior

π(µ,σ2,ρ) = 1/σ

(based on invariance considerations), or Jeffreys’ prior.But Jeffreys’ prior is controversal:
Consider the AR(1) model withρ = ρ1. Jeffreys’ prior associated with the stationary repre-
sentation is

πJ
1(µ,σ2,ρ) ∝

1
σ2

1√
1−ρ2

.

Within the non-stationary region|ρ|> 1, Jeffreys’ prior is

πJ
2(µ,σ2,ρ) ∝

1
σ2

1√
|1−ρ2|

√∣∣∣1− 1−ρ2T

T(1−ρ2)

∣∣∣.

Thus, the dominant part of the prior is the non-stationary region, since it is equivalent toρ2T .
Using the reference priorπJ

1 for the whole region is not possible because this prior is only
defined when the stationary constraint holds.

A proposed solution to this is to use a prior “symmetrized” tothe region|ρ|> 1:

πB(µ,σ2,ρ) ∝
1

σ2

{
1/
√

1−ρ2 if |ρ|< 1,
1/|ρ|

√
ρ2−1 if |ρ|> 1,

which has a more reasonable shape than the priorπJ
2 (see Robert [2001] for references).

The MA(q) model Themoving average modelof orderq, MA(q), is defined as

yt = µ + εt−
q

∑
j=1

ϑ jεt− j , εt ∼N (0,σ2).

This is a special case of theWold decomposition

yt = µ + εt−
∞

∑
j=1

ϑ jεt− j , εt ∼N (0,σ2),

settingψi equal to 0 for alli < q. For the MA(q) process, the autocovariances

γs = Cov(yt ,yt+s)

are equal to 0 for all|s|> q, in contrast to e.g. the AR(1) model where the covariances between
the terms are exponentially decreasing to 0 but remain always different from 0.

The MA(q) process is stationary whatever the parameters(ϑ1, . . . ,ϑq) are (this follows
from the Wold decompositions), but for invertibility and identifiability considerations, the
polynomial

Q(y) = 1−
q

∑
j=1

ϑ jy
j

must have all its roots outside the unit circle.
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Example: For the MA(1) model

yt = µ + εt−ϑ1εt−1

we get
Var(yt) = (1+ϑ2

1)σ2

while γ1 = ϑ1σ2. The model can also be written as:

yt = µ + ε̃t−1−
1

ϑ1
ε̃t , ε̃t ∼N (0,ϑ2

1σ2).

Both pairs(ϑ1,σ) and(1/ϑ1,ϑ1σ) lead to alternative representations of the same model. This
may justify the restriction to|ϑ1|< 1.

Contrary to the AR(p) model, the MA(q) model is not per se Markovian, although it can
be represented in state space form (see below). Although we find thaty1:T is a normal random
variable with constant meanµ and covariance matrix

Σ =




σ2 γ1 γ2 · · · γq 0 · · · 0 0
γ1 σ2 γ1 · · · γq−1 γq · · · 0 0

...
0 0 0 · · · 0 0 · · · γ1 σ2


 ,

where

γs = σ2
q−|s|
∑
i=0

ϑiϑi+|s|

for |s| ≤ q, and thus provides an explicit likelihood function, this isnot manageable in practice.
The computation and integration (or maximization) of the likelihood is quite costly because
it involves inverting then× n-matrix Σ. A more manageable representation is to use the
likelihood ofy1:T conditional on(ε0, . . . ,ε−q+1),

ℓ(µ,ϑ1, . . . ,ϑq,σ |y1:T ,ε0, . . . ,ε−q+1) =

σ−T
T

∏
t=1

exp


−
(

yt−µ +
q

∑
j=1

ϑ j ε̂t− j

)2

/2σ2


 ,

where

ε̂t = yt−µ +
q

∑
j=1

ϑ j ε̂t− j , ε̂0 = ε0, . . . , ε̂1−q = ε1−q

for t > 0. This recursive definition of the likelihood is still costly with O(Tq). Nevertheless,
using simualtion methods (like MCMC) is much more feasable than with the first representa-
tion.

Another approach is the state-space representation

xt+1 = Ftxt +ut , (State equation),

yt = Gtxt +vt , (Observation equation),
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whereut andvt are multivariate normal vectors with zero mean and general covariance matri-
ces that may depend ont (such thatE[utv⊤τ ] = 0 for all t andτ). It is in the case of the MA(q)
model given by:

xt = (εt−q, . . . ,εt−1,εt)
⊤

and

xt+1 =




0 1 0 · · · 0
0 0 1 · · · 0

· · ·
0 0 0 · · · 1
0 0 0 · · · 0




xt + εt+1




0
0
...
0
1




,

yt = µ−
(
ϑq ϑq−1 · · · ϑ1 −1

)
xt .

We will study general state space models in full detail in section 3.6. With the given repre-
sentation, the recursive methods provided there can be used. It should be noted that the state
space representation of a model is not unique.

Whatever the representation chosen for the MA(q) model, if we want the identifiability
condition onQ(y) to hold, then theϑ j ’s vary in a complicated space which cannot be described
for valuesq larger than 3. The reparemeterization given by the Durbin-Levinson recursion
also formally applies to this case, with a different interpretation of theψi ’s which are then the
inverse partial autocorrelations(Jones [1987]). A uniform prior on theψi ’s can be used for
the estimation of theϑi ’s; then necessarily simulation methods (like MCMC) have tobe used.

The ARMA(p,q) model A straightforward extension of the previous model is given by
theautoregressive moving average modelARMA(p,q):

yt = µ−
p

∑
i=1

ρi(yt−i−µ)+ εt −
q

∑
j=1

ϑ jεt− j , εt ∼N (0,σ2).

These models, compared to AR and MA models, are aimed at parsimonity, i.e. to use much
smaller values ofp or q than in the pure AR or MA models.

Stationarity and identifiability constraints still correspond to the polynomialsP andQ to be
outside the unit circle, with the further condition that both polynomials have no common root.
But this last event almost surely never happens under a continuous prior on the parameters.
The reparameterization according to the Durbin-Levinson recursion applies therefore for both
theρi ’s and theϑi ’s (and then using MCMC methods for simulation).

A possible state space representation for the ARMA(p,q) model is given by

xt+1 =




0 1 0 · · · 0
0 0 1 · · · 0

· · ·
0 0 0 · · · 1
ρr ρr−1 ρr−2 · · · ρ1




xt + εt+1




0
0
...
0
1




,

yt = µ−
(
ϑr−1 ϑr−2 · · · ϑ1 −1

)
xt
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with r := max(p,q+ 1) and the convention thatρt = 0 if t > p andϑt = 0 if t > q. This
representation is again applicable to the methods presented in section 3.6.

3.4.3 Markov chains

Markov processes serve as backbones for both stochastic models through time and as tools
for computations in Markov Chain Monte Carlo (MCMC) methods. We follow Meyn and
Tweedie [1993] and Cappé et al. [2005].

Some notions A Markov chainX =
{

X0,X1, . . .
}

is a particular type of stochastic process
taking, at timesn∈N, valuesXn in astate spaceX .

A discrete time stochastic processX on a state space is a collectionX = (X0,X1, . . .) of
random variables, with eachXn taking values inX ; these random variables are assumed to be
measurable individually with respect to some givenσ -algebraB(X ).

When thinking of the process as an entity, we regard values ofthe whole chainX itself,
calledsample pathsor realizations, as lying in thesequence spaceor path spaceformed by
a countable productΩ = X ∞ = ∏∞

n=0Xn, where eachXn is a copy ofX equipped with a
copy ofB(X ). ForX to be defined as a random variable in its own right,Ω will be equipped
with a σ -algebraF, and for each statex∈X thought of as an initial condition in the sample
path, there will be a probability measurePx such that the probability of the event

{
X ∈ A

}
is

well-defined for any setA∈ F; the initial condition requires, of course, thatPx(X0 = x) = 1.
The triple

{
Ω,F,Px

}
thus defines a stochastic process sinceΩ =

{
ω0,ω1, . . .

∣∣ ωi ∈X
}

has the product structure to enable the projectionsωn at timen to be well defined realizations
of the random variablesXn.

State space definitions

(1) The state spaceX is calledcountableif X is discrete, with a finite or countable number
of elements, and withB(X ) theσ -algebra of all subsets ofX .

(2) The state spaceX is calledgeneralif it is equipped with a countably generatedσ -algebra
B(X ).

(3) The state spaceX is calledtopologicalif it is equipped with a locally compact, separable,
metrizable topology withB(X ) as the Borelσ -algebra.

Usually results can be obtained for general state spaces andare afterwards applied to the (more
structured) topological state spaces (therefore the orderof the enumeration). Topological state
spaces are the state spaces encountered most often in the applications.

Markov chains in general state spaces Let X be a general set, andB(X ) denote a
countably generatedσ -algebra onX : whenX is topological, thenB(X ) will be taken as
the Borelσ -algebra, but otherwise it may be arbitrary. We can then define (Meyn and Tweedie
[1993]):
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Definition 3.11 (Transition probability kernels): If P =
{

P(x,A)
∣∣ x∈X , A∈B(X )

}
such

that

(i) for each A∈B(X ), P(·,A) is a non-negative measurable function onX , and

(ii) for each x∈X , P(x, ·) is a probability measure onB(X ),

then we call P atransition probability kernelor Markov transition function.

We first define a finite sequenceX = (X0,X1, . . . ,Xn) of random variables on the product
spaceX n+1 = ∏n

i=0Xi , equipped with the productσ -algebra
∨n

i=0B(Xi), by an inductive
procedure.

For any measurable setsAi ⊆Xi , we develop the set functionsPn
x(·) on X n+1 by setting,

for a fixed starting pointx∈X and for the “cylinder sets”A1×·· ·×An

P
1
x(A1) = P(x,A1),

P
2
x(A1×A2) =

∫

A1

P(x,dy1)P(y1,A2),

...

P
n
x(A1×·· ·×An) =

∫

A1

P(x,dy1)

∫

A2

P(x,dy2) · · ·P(yn−1,An).

These are well-defined by the measurability of the integrands P(·, ·) in the first variable, and
the fact that the kernels are measures in the second variable.

If we now extendPn
x to all of

∨n
i=0B(Xi) in the usual way and repeat this procedure for

increasingn, we find (Meyn and Tweedie [1993]):

Theorem 3.9: For any initial measureµ on B(X ), and any transition probability kernel
P =

{
P(x,A)

∣∣ x ∈ X ,A ∈ B(X )
}

, there exists a stochastic process X= (X0,X1, . . .) on
Ω = ∏∞

i=0Xi , measurable with respect toF =
∨∞

i=0B(Xi), and a probability measurePµ
on F such thatPµ(B) is the probability of the event

{
X ∈ B

}
for B∈ F; and for measurable

Ai ⊆Xi , i = 0, . . . ,n, and any n

Pµ(X0 ∈A0,X1 ∈ A1, . . . ,Xn ∈ An)

=
∫

y0∈A0

· · ·
∫

yn−1∈An−1

µ(dy0)P(y0,dy1) · · ·P(yn−1,An).

This last equation will be the defining property of Markov chains (Meyn and Tweedie
[1993]):

Definition 3.12 (Markov chains in general state spaces): The stochastic process X defined on
(Ω,F) is called atime-homogeneous Markov chainwith transition probability kernelP(x,A)
andinitial distribution µ if the finite-dimensional distributions of X satisfy the equation in the
foregoing theorem for every n.
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The n-step transition probability kernel The n-step transition probability kernelis
defined iteratively. We setP0(x,A) = δx(A), the Dirac measure defined by

δx(A) =

{
1 x∈ A,
0 x 6∈ A

and, forn≥ 1, we define inductively

Pn(x,A) =
∫

X
P(x,dy)Pn−1(y,A), for x∈X , A∈B(X ).

We writePn for then-step transition probability kernel
{

Pn(x,A)
∣∣ x∈X ,A∈B(X )

}
.

As an application of the construction equations, we have thecelebrated Chapman-Kolmog-
orov equations, which are fundamental for the fact that manyresults can be transferred from
the countable to the general case.

Theorem 3.10: For any m with0≤m≤ n,

Pn(x,A) =
∫

X
Pm(x,dy)Pn−m(y,A), for x∈X , A∈B(X ).

We can alternatively write this as

Px(Xn ∈ A) =
∫

X
Px(Xm∈ dy)Py(Xn−m∈ A).

Exactly as the one-step transition probability kernel describes a chainX, the m-step kernel
(viewed in isolation) satisfies the definition of a transition kernel, and thus defines a Markov
chainXm =

{
Xm

n

}
with transition probabilities

Px(X
m
n ∈ A) = Pmn(x,A).

Stability analysis of Markov chains

Meyn and Tweedie [1993] use the term “stability” in connection with Markov chains (or more
generally with stochastic processes) as a basic concept that serves to cover a wide range of
similar but not identical ideas of “stable” behaviour (in anintuitive sense) of the considered
processes. The stability concepts are also related to similar considerations in dynamical or
stochastic systems theory, which is concerned with the samequestions but under different
assumptions on the model structures.

Stopping times The behaviour of a Markov chain involves the distributions at certain ran-
dom times in its evolution, generally calledstopping times. Particular instances of stopping
times are (Meyn and Tweedie [1993]):

Definition 3.13 (Hitting times, return times, occupation times): (i) For any set A∈B(X ),
we call

σA := min
{

n≥ 0
∣∣ Xn ∈ A

}

τA := min
{

n≥ 1
∣∣ Xn ∈ A

}
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the first hitting time and first return on A, respectively. Here, we setmin /0= +∞ by
convention.

(ii) For any set A∈B(X ), theoccupation timeηA is the number of visits by X to A after
time zero, given by

ηA :=
∞

∑
n=1

1A(Xn).

For everyA∈B(X ), σA, τA andηA are measurable functions fromΩ toN∪
{

∞
}

.
The stability analysis onX involves the following kernels forx∈X andA∈B(X ):

• We defineU as the expected value of the occupation times,

U(x,A) :=
∞

∑
n=1

Pn(x,A) = Ex[ηA]

which mapsX ×B(X ) to R∪
{

∞
}

.

• We defineL as the return time probabilities

L(x,A) := Px(τA < ∞) = Px(X ever entersA).

• We consider the event thatX ∈ A infinitely often (i.o.), orηA = ∞, defined by

{
X ∈ A i.o.

}
:=

∞⋂

N=1

∞⋃

k=N

{
Xk ∈ A

}

which is well-defined as anF-measurable event onΩ. Then we defineQ as

Q(x,A) := Px
{

X ∈ A i.o.
}
.

Obviously, for anyx ∈X , A ∈B(X ), we haveQ(x,A) ≤ L(x,A). Nevertheless, it can be
shown (Meyn and Tweedie [1993], Prop. 9.1.1) that if for any setA∈B(X ) we haveL(x,A)=
1 for allx∈X , then we haveQ(x,A)= L(x,A) = 1 for allx∈X . We thus have an equivalence

Px(τA < ∞) = 1 for all x∈X ⇔ Px(ηA = ∞) = 1 for all x∈X .

Stochastic stability for Markov chains Meyn and Tweedie [1993] refer to the following
concepts of “stability” for a general state space Markov chain X:

(I) ϕ-irreducibility: There exists a measureϕ on B(X ) with the property that for every
starting pointx∈X

ϕ(A) > 0 ⇒ Px(τA < ∞) > 0.

This condition ensures that all “reasonable sized” sets (measured byϕ), can be reached
from every possible starting point.
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For a countable space chain,ϕ-irreducibility is just the concept of irreducibility com-
monly used withϕ taken as the counting measure.

For a state space model,ϕ-irreducibility is related to the idea that we are able to “steer”
the system to every other state inRn (for deterministic linear control systems, this
property is related to controllability). If this does not hold then for some starting points
one gets stuck in one part of the space forever; other starting points lead to disjoint
regions of the space where one stays forever. Irreducibility precludes this.

Thus irreducibility ensures a stability in the sense that ifwe have a small change in
the starting point, the system does not suddenly change to a completely different and
disjoint set of states which are not reachable from each other.

(II) Recurrence: There exists a measureϕ such that for every starting pointx∈X

ϕ(A) > 0 ⇒ Ex[ηA] = ∞.

This weakest form of recurrence is based on the occupation timeηA which counts the
number of visits to a setA which in the case of a recurrent chain happens in expectation
infinitely often.

Some stronger conditions for recurrence are possible: the Harris recurrence

ϕ(A) > 0 ⇒ Px(τA < ∞) = 1,

which is equivalent to

ϕ(A) > 0 ⇒ Px(ηA = ∞) = 1,

or, even stronger, that for every starting pointx∈X

ϕ(A) > 0 ⇒ Ex[τA] < ∞.

These conditions ensure that reasonable sized sets are reached with probability one (first
possibility), or even in finite mean time (second possibility). Thus, these requirements
guarantee not only the possibility of reaching states, but that reaching such sets of states
is guaranteed eventually. For deterministic models, the last two recurrence concepts are
the same, for stochastic models they are definitely different (evanescencein the first
case andtightnessin the second). All conditions have the heuristic interpretation that
the chain returns to the “center” of the space in a recurring way (in the last case only
faster than in the other cases). In all cases, the chain does not just drift off (or evanesce)
away from the center of the state space.

(III) Ergodicity: this is the limiting behaviour of the chain. It emerges thatin the stronger
recurrent situation, there is an “invariant regime” described by a measurep such that
if the chain starts in this regime (that is, ifX0 has distributionp) then it remains in the
regime, and moreover if the chain starts in some other regimethat it converges in a
strong probabilistic sense withp as a limiting distribution.

In the following, we will give further discussions of the concepts of irreducibility, recur-
rence, and ergodicity, eventually leading to the importantergodicity theorem.
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Irreducibility

Theirreducibility concept for Markov chains withcountablestate spaces requires that for any
pointx∈X the probability of reaching any other pointy∈X is positive:

Px(σy < ∞) > 0.

This concept cannot directly be adopted to general state space Markov chains, because the
probability of reaching a single pointy in the state space is typically zero.

ϕ-irreducibility We follow again Meyn and Tweedie [1993] and Cappé et al. [2005].

Definition 3.14 (ϕ-irreducibility): We call X=
{

Xn
}

ϕ-irreducible if there exists a measure
ϕ onB(X ) such that for all x∈X

ϕ(A) > 0 ⇒ L(x,A) > 0.

We call such a measure anirreducibility measure.

For countable state spaces, this condition is weaker than irreducibility. There are a number
of alternative formulations ofϕ-irreducibility. Define the transition kernel

Ka1
2
(x,A) :=

∞

∑
n=0

Pn(x,A)2−(n+1), x∈X , A∈B(X ).

This kernelKa1
2

defines for eachx a probability measure equivalent to∑∞
n=0Pn(x,A), which

may be infinite for many setsA.

Theorem 3.11: The following are equivalent formulations ofϕ-irreducibility:

(i) for all x ∈X , wheneverϕ(A) > 0, then U(x,A) > 0;

(ii) for all x ∈X , wheneverϕ(A) > 0, there exists some n> 0, possibly depending on both
A and x, such that Pn(x,A) > 0;

(iii) for all x ∈X , wheneverϕ(A) > 0, then Ka1
2
(x,A) > 0.

Maximal irreducibility measure

Theorem 3.12: If X is ϕ-irreducible for some measureϕ, then there exists a probability
measureψ onB(X ) such that

(i) X is ψ-irreducible;

(ii) for any other measureϕ ′, the chain X isϕ ′-irreducible if and only ifψ ≻ ϕ ′;

(iii) if ψ(A) = 0, thenψ(
{

y
∣∣ L(y,A) > 0

}
) = 0;
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(iv) the probability measureψ is equivalent to

ψ ′(A) :=
∫

X
ϕ ′(dy)Ka1

2
(y,A)

for any finite irreducibility measureϕ ′.

Such aψ is calledmaximal irreducibility measure. We write

B+(X ) :=
{

A∈B(X )
∣∣ ψ(A) > 0

}

for the sets of positiveψ-measure, calledaccessible sets; the equivalence of maximal irre-
ducibility measures means thatB+(X ) is uniquely defined.

Recurrence

We follow Meyn and Tweedie [1993] and Cappé et al. [2005].

Uniform transience and recurrence

Definition 3.15 (Uniform transience and recurrence): A set A∈B(X ) is calleduniformly
transient if

sup
x∈A

Ex[ηA] < ∞.

A set A∈B(X ) is calledrecurrent if

Ex[ηA] = ∞ for all x ∈ A.

An alternative equivalent definition for a uniformly transient set is given by

sup
x∈X

Ex[ηA] < ∞,

where the supremum is over allx∈X . The main result onϕ-irreducible transition kernels is
the following recurrence/transience dichotomy (see e.g. Meyn and Tweedie [1993]):

Theorem 3.13: Let X be aϕ-irreducible Markov chain. Then either of the following two
statements holds true:

(i) Every set inB+(X ) is recurrent, in which case we call Xrecurrent.

(ii) There is a countable cover ofX with uniformly transient sets, in which case we call X
transient.
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Invariant measures and stationarity It is clear that in general a Markov chain is not
stationary. Nevertheless, it is possible that with an appropriate choice of the initial distribution
for X0 we may produce a stationary process(Xn)n∈N. From the Markov property, it follows
that the chainX is stationary if and only if the distribution ofXn does not vary with timen.
Such considerations lead to invariant measures.

Definition 3.16 (Invariant measures): A σ -finite measure p onB(X ) with the property

p(A) =
∫

X
p(dx)P(x,A), A∈B(X )

will be calledinvariant.

Given an initial invariant distributionp, we get

p(A) =
∫

X
p(dx)Pn(x,A) = Pp(Xn ∈ A)

for anyn and allA∈B(X ).
There is the following existence theorem (Meyn and Tweedie [1993] Th. 10.0.1, Cappé

et al. [2005], Th. 14.2.25):

Theorem 3.14: If the ϕ-irreducible chain X is recurrent then it admits a unique (upto a
multiplicative constant) invariant measure p, and the measure p has the representation, for
any B∈B+(X )

p(A) =

∫

B
p(dy)Ey

[
τB

∑
n=1

1A(Xn)

]
, A∈B(X ).

This measure is also a maximal irreducibility measure.

If an invariant measure is finite (rather than merelyσ -finite), then it may be normalized to
a stationary probability measure, and in practice this is the main stable situation of interest. If
an invariant measure has infinite total mass, then its probabilistic interpretation is much more
difficult, although for recurrent chains, there is at least the interpretation as described in the
above theorem.

It is of course not yet clear that an invariantprobabilitymeasurep ever exists, or whether it
will be unique when it does exist.

Invariant probability measures are important not merely because they define stationary pro-
cesses. They will also turn out to be the measures which definethe long-term or ergodic
behaviour of the chain.

These results lead to define the following classes of chains:

Definition 3.17 (Positive and null chains): Suppose that X isϕ-irreducible, and admits an
invariant probability measure p. Then X is called apositivechain.

If X does not admit such a measure, then we call Xnull .

If the chainX is positive then it is recurrent. Therefore positive chainsare also called
positive recurrent.
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Harris recurrence It is sometimes useful to consider stronger recurrence properties.

Definition 3.18 (Harris recurrence): The set A is calledHarris recurrent if

Q(x,A) = Px(ηA = ∞) = 1, x∈ A.

A chain X is calledHarris (recurrent) if it is ϕ-irreducible and every set inB+(X ) is Harris
recurrent.

An alternative equivalent definition of Harris recurrence is to replace the conditionQ(x,a) =
1 by

L(x,A) = Px(τA < ∞) = 1, x∈ A

(see the beginning of this section). A Harris recurrent chain is recurrent. The converse is not
true, but one has the following decomposition theorem for recurrent Markov chains (Meyn
and Tweedie [1993]), Th. 9.1.5; see also Cappé et al. [2005],Th. 14.2.23):

Theorem 3.15: Let X be a recurrent Markov chain on a general state spaceX and letψ be
a maximal irreducibility measure. Then

X = H
.
∪N

where every subset A∈ H ∩B+(X ) is Harris recurrent and N is covered by a countable
family of uniformly transient sets andψ(N) = 0.

Definition 3.19(Positive Harris chains): If X is Harris recurrent and positive, then X is called
a positive Harrischain.

Ergodicity

We follow again Meyn and Tweedie [1993] and Cappé et al. [2005].

Modes of convergence We consider convergence of a chain in terms of its transition
probabilities, although it is important also to consider convergence of a chain along its sample
paths, leading to strong laws, or of normalized variables leading to central limit theorems and
associated results. This is in contrast to the traditional approach in the countable state space
case. Typically, there, the search is for conditions under which there exist pointwise limits of
the form

lim
n→∞
|Pn(x,y)− p(y)|= 0;

but the results we state in the next paragraphs are related tothe signed measure(Pn− p),
and so concern not merely such pointwise or even setwise convergence, but a more global
convergence in terms of the total variation norm.

Definition 3.20 (Total Variation Norm): If µ is a signed measure onB(X ) then thetotal
variation norm‖µ‖TV is defined as

‖µ‖TV := sup
f :| f |≤1

|µ( f )|= sup
A∈B(X )

µ(A)− inf
A∈B(X )

µ(A).
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The key limit of interest to us will be of the form

lim
n→∞
‖Pn(x, ·)− p‖TV = 2 lim

n→∞
sup

A∈B(X )

|Pn(x,A)− p(A)|= 0.

Obviously when the‖·‖TV-convergence holds on a countable space, then the|·|-convergence
also holds and indeed holds uniformly in the end-pointy. This move to the total variation
norm, necessitated by the typical lack of structure of pointwise transitions in the general state
space, actually proves exceedingly fruitful rather than restrictive.

When the space is topological, it is also the case that total variation convergence implies
weak convergence of the measures in question. This is clear since the latter is defined as
convergence of expectations of functions which are not onlybounded but also continuous.

Periodicity Let X be aϕ-irreducible Markov chain onX and letψ be a maximal irre-
ducibility measure. SetsD0, . . . ,Dd−1 ∈B(X ) are called to be ad-cycleof X if

(i) for x∈ Di , P(x,Di+1 modd) = 1, i = 0, . . . ,d−1;

(ii) the setN = ∁[
⋃d−1

i=0 Di ] is ψ-null.

Definition 3.21 (Periodic and aperiodic chains): Suppose that X is aϕ-irreducible Markov
chain. The largest d for which a d-cycle occurs for X is calledtheperiodof X.

When d= 1, the chain X is calledaperiodic.

One can concentrate almost exclusively on aperiodic chains, since:

Theorem 3.16: Suppose X is aϕ-irreducible chain with maximal irreducibility measureψ,
period d and d-cycle

{
Di , i = 0, . . . ,d− 1

}
. Then each of the sets Di is an absorbingψ-

irreducible set for the chain Xd corresponding to the transition probability kernel Pd, and Xd

on each Di is aperiodic.

The ergodic theorem We state now the main result, see e.g. Meyn and Tweedie [1993],
Th. 13.3.3, or Cappé et al. [2005] Th. 14.2.37:

Theorem 3.17(Ergodicity Theorem): Let P be aϕ-irreducible positive aperiodic transition
kernel with invariant probability measure p. Then for p-almost all x

lim
n→∞
‖Pn(x, ·)− p‖TV = 0.

If P is Harris recurrent, the convergence occurs for all x∈X .

Proofs of the theorem can be found in Athreya et al. [1996] as well as in Rosenthal [1995]
based on pathwise coupling (Rosenthal [2001] and Roberts and Rosenthal [2004]; see also
Cappé et al. [2005]). This result does not provide any information on the rate of conver-
gence. But the conditions are quite minimal, and in fact essentially necessary and sufficient:
If ‖Pn(x, ·)− p‖TV −→ 0 for everyx∈X , then the chain isp-irreducible, aperiodic, positive
Harris, andp is an invariant distribution (Nummelin [1984]).

The ergodicity theorem is of particular interest in cases where the invariant distribution is
explicitly known. This is the case with Markov chain Monte Carlo algorithms, which will be
treated in a subsequent section. The theorem provides conditions that are simple and easy to
verify, and under which an MCMC algorithm converges to its stationary distribution.
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3.4.4 Graphical models

Graphical models are complex hierarchical models where dependencies of occurring variables
are represented by a graph. The combination with graph theory provides a powerful language
for specifying and understanding complex statistical models. We follow mainly the short
introduction of Green [2001]; for a longer introduction seee.g. Lauritzen [2001].

A graphical modelis a graph(V,E), where the vertices represent (are) variables and the
edges (directed or not) represent conditional dependence properties. We will normally useV
as an index set and denote the variables byxv, v∈V, but of course index set and variables are
one-to-one and thus exchangeable from a mathematical viewpoint.

Directed acyclic graphs Let us first consider the case where the graph is a directed acyclic
graph (DAG), i.e. all edges are directed and there are no (directed) cycles (see section 1.4.1).
Directed acyclic graphs are a natural representation of theway we usually specify a statistical
model, where directions are naturally given by time or cause-and-effect chains (past→ future,
disease→ symptom, parameters→ data). A DAG thus expresses the natural factorization of
a joint distribution of a variablexv given the values of its parentsxpa(v):

π(x) = ∏
v∈V

π(xv |xpa(v)).

This in turn implies a Markov property: variables are conditionally independent of their non-
descendants given their parents.

A major rôle in MCMC methods is played by thefull conditionals π(xv |x−v) for v ∈ V
where

x−v :=
{

xu
∣∣ u∈V r

{
v
}}

.

Graphical models help in identifying which terms need be included in a full conditional:

π(xv |x−v) ∝ π(xv |xpa(v)) ∏
w with v∈ pa(w)

π(xw |xpa(w)).

This involves one term for the variable of interest itself and one term for each of its children.

Undirected graph, and spatial modelling Sometimes it is necessary to give up the
directed dependencies between variables, because (Green [2001])

• there is no natural direction (e.g. in spatial models),

• in understanding associations between variables, directions can confuse, and

• theseassociationsrepresent the full conditionals needed in setting up MCMC methods.

To form a conditional independence graph for a multivariatedistribution, draw an (undirected)
edge between variablesα and β if they are not conditionally independent given all other
variables.
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Markov properties For a temporal stochastic process there are many equivalentways to
express the Markov property. A stochastic process can be seen as a simple graphical model.
For general graphical models, the situation is more complicated: one can distinguish four
different related properties, which show to be equivalent in the case of temporal stochastic
processes (see Lauritzen [2001]):

• P: Pairwise Markov property Non-adjacent pairs of variables are conditionally inde-
pendent given the rest (this is how the graph is made up);

• L: Local Markov property Conditionally on adjacent variables (neighbours), each
variable is independent of all others (so that full conditionals are simplified);

• G: Global Markov property Any two subsets of variables separated by a third are
conditionally independent given the values of the third subset;

• F : Factorization The joint distribution factorizes as a product of functionson cliques
(i.e. maximal complete subgraphs, see section 1.4.1).

It is always true that

F ⇒G⇒ L⇒ P,

but these four Markov properties are in general different. However, in many statistical con-
texts, the four properties are the same. A sufficient but not necessary condition is that the
joint distribution has the positivity property (”any values realizable individually are realizable
jointly”). This results from the Clifford-Hammersley theorem (Markov random field = Gibbs
distribution,L = F). (A typical context in which Markov properties do not coincide is where
there are logical implications between some subsets of variables.)

For DAGs, we have always at leastL = F if a reference product measure exists.

Modelling with an undirected graph With a DAG, because of acyclicity, any set of
conditional distributionsπ(xv |xpa(v)) combine to form a consistent joint distribution. In an
undirected graph, one needs consistency conditions on the full conditionalsπ(xv |x−v) (using
L, this is equal toπ(xv |xne(v)) where ne(v) denotes the neighbours ofv). The only safe strategy
is to use propertyF , to model the joint distribution as a product of functions oncliques

π(x) = ∏
C

ψC(xC).

We can then use propertyL to read off the full conditionals needed to set up MCMC:

π(xv |x−v) = ∏
C with v∈C

ψC(xC) = π(xv |xne(v)).
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Chain graphs In hierarchical spatial models, one needs a hybrid modelling strategy: there
will be some directed and some undirected edges. If there areno one-way cycles, the graph
can be arranged to form a DAG with composite nodes calledchain components∆t that are
connected subgraphs remaining when all directed edges are removed: we call this achain
graph.

Model specification uses a combination of approaches using DAGs and undirected graphs.
This builds a joint distribution

π(x) = ∏
t

π(x∆t |xpa(∆t)) = ∏
t

∏
C∈Ct

ψC(xC)

whereCt are the cliques in an undirected graph with vertices(∆t ,pa(∆t)) and undirected edges
consisting of

(a) those already in∆t ,

(b) the links between∆t and its parents, with directions dropped, and

(c) links between all members of pa(∆t).

3.5 Computational issues

Bayesian analysis can be done analytically only in a few cases, for example when conjugate
priors are used. In dynamical settings, the situation is even worse. Often only numerical meth-
ods are possible: high-dimensional integrals have to be computed. In high dimensions simula-
tions with Monte Carlo methods converge faster than conventional (e.g. quadrature) methods:
in the optimal case, the convergence rate does not depend on the dimension. But for these
simulations realizations of i.i.d. random variables with complicated distributions have to be
produced. This is often very difficult to do directly. The task is easier when the independence
is given up: Realizations are given by a Markov Chain. Simpletransition distributions yield
then complex stationary distributions. But how do we know which transition distributions
have to be used? The Gibbs Sampler and Metropolis-Hastings algorithms provide solutions.
Nevertheless, for dynamical models, this methods are not appropriate. Here Sequential Monte
Carlo (SMC) methods have emerged as a promising tool.

3.5.1 Bayesian calculations

Implementation difficulties occur when (Robert [2001]):

• Computing the posterior distribution

π(θ |y) =
f (y|θ)π(θ)∫

Θ f (y|θ)π(θ)dθ
.
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• Computing the Bayes rule

δ π(y) = argmin
d

Eπ [L(θ ,d) |y] = argmin
a

∫

Θ
L(θ ,a) f (y|θ)π(θ)dθ .

• Maximization of the marginal posterior for MAP estimation

argmax
∫

Θ1×···×Θ̂i×···×Θd

π(θ |y)dθ1 · · · d̂θi · · ·dθd

wherêmeans “leave out”, and we assumeθ := (θ1, . . . ,θd) ∈Θ := Θ1×·· ·×Θd.

• Computing posterior quantities

Eπ [g|y] =
∫

Θ
g(θ)π(θ |y)dθ =

∫
Θ g(θ) f (y|θ)π(θ)dθ∫

Θ f (y|θ)π(θ)dθ
.

• Computation of posterior quantilesq of orderα, i.e. the solution (inq) of

Pr
(
π(θ |y)≥ q|y

)
= α.

In all cases high-dimensional integrals are involved and are to be solved. Practical compu-
tations are not always possible analytically. For conjugate distributions, the posterior expec-
tation of the natural parameters can be expressed analytically, for one or several observations.
But even conjugate priors may lead to computational difficulties.

Classical implementations Classical implementations for numerical integration are for
example (Robert [2001]):

• Simpson’s method;

• Polynomial quadrature;

• Orthogonal Bases;

• Wavelets.

All these approaches bump into the curse of dimensionality if tried to be applied to the com-
putation of the high dimensional integrals of Bayesian analysis.

Monte Carlo methods

The main idea withMonte Carlo (MC) methodsis to approximate a distribution by a possi-
bly weighted mixture of delta distributions. The support ofeach delta distribution has to be
determined through suitable sampling methods. We follow Doucet et al. [2001a].
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Empirical distribution The simplest Monte Carlo method is to approximate a target distri-
butionp(dx) with samples drawn from this distribution. Letx(i), i = 1, . . . ,N be independently
sampled fromp(dx), then the mixture of delta distributions

p(dx)≈ p̂N(dx) :=
1
N

N

∑
i=1

δx(i)(dx), xi ∼ p(dx) for i = 1, . . . ,N,

can be seen as an approximation to the target distributionp(dx). One has for example for all
suitable functionsh(x)

Ep[h(x)] =
∫

h(x)p(dx)−→ 1
N

N

∑
i=1

x(i)

for N→ ∞, if the variance

σ2
h := Varp[h(x)] = Ep[

(
h(x)−Ep[h(x)]

)2
] = Ep[h2(x)]−Ep[h(x)]2

of h(x) with respect top(x) is finite. It follows that also Var̂pN[h(x)] < ∞, and with the law of
large numbers one gets:

Ep̂N [h(x)] =
1
N

N

∑
i=1

Ep[h(x)]−→ Ep[h(x)] a.s. N−→ ∞.

Furthermore, a central limit theorem holds of the form
√

N
(
Ep̂N [h(x)]−Ep[h(x)]

)
−→N (0,σ2

h)

(convergence in distribution; cf. Doucet et al. [2001a]). Adecisive advantage of this method
is that the convergence rate

√
N appearing in this theorem is independent from the dimension

of x. This is in contrast to grid-based methods for the solutionsof integrals, thus beating
the curse of dimensionality: Grid-based methods converge fairly faster than the MC methods
in low dimensions, but the convergence rates decrease rapidly whith increasing dimensions.
Monte Carlo methods are thus particularly preferred with high-dimensional problems.

Importance Sampling (IS) For the computation of the empirical distribution of a tar-
get distributionp(dx), one has to be able to draw samples fromp(dx). Especially in high-
dimensional problems, this is seldom possible. In this case, on may useImportance Sampling
(IS): Let q(dx) be an arbitrary distribution, calledproposal distribution, with equal or larger
support thanp(dx), i.e. fromp(dx) 6= 0 follows alsoq(dx) 6= 0. Then, theweighted empirical
distribution

M

∑
i=1

ω̃(i)

∑M
j=1 ω̃( j)

δx̃(i)(dx), x̃(i) ∼ q(dx) for i = 1, . . . ,M

with M samples ˜x(i) from q and with theunnormalized importance weights

ω̃(i) :=
p(dx̃(i))

q(dx̃(i))
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also provide an approximation ofp(dx). Here, the quotientp(dx)/q(dx) has to be under-
stood in the Radon-Nikodym sense; ifp(dx) andq(dx) are given through probability densities
with respect to aσ -finite reference measureµ (we denote the densities also withp andq,
respectively), i.e.

p(dx) = p(x)dµ(x), q(dx) = q(x)dµ(x),

then the importance weights are simply the quotients of the respective densities:

ω̃(i) =
p(x̃(i))

q(x̃(i))
.

The quality (in terms of convergence) of this method is crucially dependend on the proposal
distributionq(dx). The choice ofq is a critical point of IS.

Sampling/Importance Resampling (SIR) With IS, one draws samples fromq, not from
p; if one wants to have samples fromp, then one can achieve this with an additionalresam-
pling step, also calledselection: If samples

x̃(1), . . . , x̃(M)

with unnormalized importance weights

ω̃(1), . . . , ω̃(M)

are given, then, after normalization of the importance weightsω̃(i) by

ω(i) :=
ω̃(i)

∑M
j=1 ω̃( j)

, i = 1, . . . ,M,

one drawsN independent samples(x(1), . . . ,x(N)) (with replacement) from theM samples
(x̃(i)) with probabilities according to thenormalized importance weightsω(i). Hence, each

numberNi counting how often the samplex(i) has been drawn follows a binomial distribution
B(N,ω(i)). The complete vector(N1, . . . ,NM) is distributed according to the multinomial
distributionM (N,ω(1), . . . ,ω(M)).

Resampling always increases the variance of the empirical estimations and seems thus un-
necessary in the given non-sequential context. This is essentially changed for sequential esti-
mations, as it is the case for online estimations of dynamical systems, where the resampling
step is of utmost importance. In the next paragraph we will therefore describe some vari-
ants of resampling with lower variance. The resulting samples are in all cases approximately
i.i.d. p(dx). The algorithm combining importance sampling with a resampling step is called
Sampling/Importance Resampling (SIR), introduced by Rubin [1987].

Alternative and more powerful methods than SIR are the Markov Chain Monte Carlo (MC-
MC) methods described in the next subsection. But sequential versions of SIR for static esti-
mation being similar to the Sequential Monte Carlo methods for state space systems described
in subsection 3.6.4 start to develop to be an important rivalto MCMC methods (see Del Moral
et al. [2006]).
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Alternative selection schemes We use Hol et al. [2006]. It is not necessary to use multi-
nomial resampling in the SIR algorithm. The aim is to replacethe weighted empirical density

pM(dx) :=
M

∑
i=1

ω(i)δx̃(i)(dx)

with an unweighted empirical density

p̂N(dx) :=
1
N

N

∑
k=1

δx(k)(dx)

such that for any suitable functiong(x) it holds that

E
[(

EpM [g]−Ep̂N[g]
)2]−→ 0 if N,M→ ∞

for the expected values

EpM [g] =

∫
g(x)pM(x)dx and Ep̂N [g] =

∫
g(x)p̂N(x)dx,

respectively.
Then convergence holds (see e.g. Crisan and Doucet [2002]).This can be achieved with

several resampling schemes. Common to them all is the following procedure: One produces
the “cumulative” intervals[

i−1

∑
s=1

ω(s),
i

∑
s=1

ω(s)

)
, i = 1, . . . ,M

with length ω(i), where we use the convention that empty sums are equal to 0. Then one
samples random valuesuk for k = 1, . . . ,N, and sets

xk := x̃i

where the indexi is determined such that

uk ∈
[

i−1

∑
s=1

ω(s),
i

∑
s=1

ω(s)

)

which can be done effectively if the samplesuk are ordered. The methods differ in the sam-
pling of theuk’s. It should be noted that one does not need to deal with the samplesx̃i or xk

directly; one needs only the weightsω(i) and determines the indicesi.
The resampling schemes listed in Hol et al. [2006] are the following:

1. Multinomial sampling:

Draw N uniform samples

ũk ∼U [0,1), k = 1, . . . ,N,

and generate theN ordered random numbersuk recursively according to

uN := ũ
1
N
N , uk := uk+1ũ

1
k
k for k = N−1, . . . ,1.
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2. Stratified sampling:

Draw N uniform samples

ũk ∼U [0,1), k = 1, . . . ,N,

and generate theN ordered random numbersuk according to

uk :=
(k−1)+ ũk

N
for all k = 1, . . . ,N.

3. Systematic sampling: Draw one uniform sample ˜u∈ U [0,1) and generate theN ordered
random numbersuk according to

uk :=
(k−1)+ ũ

N
for all k = 1, . . . ,N.

4. Residual sampling: Allocaten′i := ⌊Nω(i)⌋ copies of the particle ˜xi to the new distribution.
Additionally, resamplem := N−∑i n

′
i particles from ˜xi where the probability for selecting

x̃i is proportional toω(i)′ := Nω(i)−n′i using one of the resampling schemes mentioned
earlier.

All these algorithms are unbiased and can be implemented inO(N) time. They differ in the
complexity of their single steps: Multinomial being the most costly algorithm, followed by
stratified sampling and finally systematic sampling. Residual sampling is more difficult to
place.

Concerning the variance reduction, it can be shown that stratified and residual sampling
have lower variance than multinomial sampling. Due to the fact that systematic sampling
produces its samples dependently, it is hard to conduct a proper variance analysis, and in
Douc et al. [2005] an artificial example is given where the variance increases. Nevertheless,
systematic sampling has to be preferred, which is based on considerations on theKoksma-
Hlawka inequality(Hlawka [1961])

|EpM [g]−Ep̂N[g]| ≤D∗N(u1, . . . ,uN)VHK(g)

whereVHK(g) is the total variation in the sense of Hardy and Krause; the star discrepancyD∗N
is defined as

D∗N(
{

ui
}
) = sup

a∈[0,1)d

∣∣∣ 1
N

N

∑
i=1

1(0,a](ui)−|[0,a)|
∣∣∣

where |·| denotes volume. Systematic sampling shows the lowest discrepancy and smaller
differences between the expected values (cf. Hol et al. [2006]).
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Rejection sampling Another method to sample directly from a densityp(x) with a pro-
posal functionq(x) is rejection sampling, also calledacceptance-rejection methodor accept-
reject algorithm, which is applicable if an upper bound for supx p(x)/q(x) is known. It is
done as follows: To sample fromp, we first drawx from a densityq, and then accept with
probability

p(x)
Mq(x)

,

whereM is any constant such that

M ≥ sup
x

p(x)
q(x)

.

If the generatedx is not accepted, this procedure is to be repeated until it is.The densitiesp
andq are needed only up to proportionality.

Markov Chain Monte Carlo (MCMC) methods

We adopt now the presentation in Green [2001]. We first assumeagain that a suitable reference
measureµ is given and express the distributions as densities with respect to this measure. In
this way, letp now denote the target density, andP the transition kernel.

The idea ofMarkov Chain Monte Carlo (MCMC) methodsis:

• Given a density distributionp, produce a Markov chain(Xt) with stationary distribution
p.

From the ergodicity theorem, it follows that we can achieve this at least for almost all starting
valuesx if we find aϕ-irreducible, aperiodic Markov chain with invariant distribution p.

Detailed balance The key idea in most practical approaches to constructing MCMC meth-
ods istime-reversibilityor detailed balance:

p(x)P(x,y) = p(y)P(y,x) for all x,y∈X .

This is a sufficient but not necessary condition for invariance (see e.g. Green [2001]):

Theorem 3.18: The distribution p is invariant for P if we have detailed balance (time-rever-
sibility).

It is far easier to work with detailed balance than with invariance.
In the next paragraphs, we present basic steps for MCMC chains. How these can be build

up to obtain a irreducible and aperiodic chain is treated in asubsequent paragraph.

The Gibbs sampler The step of theGibbs sampleris very simple: Discard the current
value of a single componentxi of x and replace it by a valueyi drawn from the full conditional
distribution induced byp:

p(xi |x−i),
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(where−i stands for the set of indices
{

j
∣∣ j 6= i

}
), and keeping the current values of the other

variables:y−i = x−i . We are thus using the kernel:

P(x,y) = p(yi |x−i)I [x−i = y−i ],

and detailed balance holds because givenx−i , the componentsxi andyi are independent, and
identically distributed asp(xi |x−i). This recipe was named Gibbs sampler by Geman and
Geman [1984], whose work brought it to the attention of statisticians, but is known earlier as
the “heat bath” by physicists.

The Metropolis method In the Metropolis method, we first find a new candidate or
proposaly by drawingyi from an arbitrary density (proposal density) qi(yi |x) conditioned
on x, and setting againy−i = x−i . We write this as transition kernelqi(x,y) := qi(yi |x), and
impose the symmetry requirement

qi(x,y) = qi(y,x).

This proposal is then accepted as the next state of the chain with pobability

α(x,y) = min

(
1,

p(y)
p(x)

)
= min

(
1,

p(yi |x−i)

p(xi |x−i)

)
,

and otherwisex is left unchanged. The target densityp is here needed only up to proportion-
ality, at two values, the current and the proposed next states.

This recipe is due to Metropolis et al. [1953]. We get the Gibbs sampler as a special case
if the proposal densityqi(yi |x) is just the full conditionalp(yi |x−i) = p(xi |x−i), so that the
acceptance probability is 1.

The Metropolis-Hastings sampler The Metropolis-Hastings sampleris an important
generalization of the Metropolis method introduced by Hastings [1970], and overlooked by
statisticians for nearly 20 years. The symmetry ofq is not needed here. The acceptance
probability becomes:

α(x,y) = min

(
1,

p(y)qi(y,x)
p(x)qi(x,y)

)
= min

(
1,

p(yi |x−i)qi(xi |y)
p(xi |x−i)qi(yi |x)

)
.

The optimality in some senses of this particular choice ofα(x,y) over any other choice pre-
serving detailed balance was demonstrated by Peskun [1973].

The Metropolis method is the special case whereq is symmetric.

Proof of detailed balance We still follow Green [2001]. Beause Gibbs sampler and
Metropolis method are each special cases of the Metropolis-Hastings method, it suffices to
proof detailed balance for this general case. Letx 6= y. We need only the fact that

α(x,y)
α(y,x)

=
p(y)
p(x)

qi(y,x)
qi(x,y)

.

We thus get immediately ifx 6= y:

p(x)P(x,y) = p(x)qi(x,y)α(x,y) = p(y)qi(y,x)α(y,x) = p(y)P(y,x).
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Full conditionals In each of the samplers it is possible to update several components si-
multaneously, using thefull conditionals

p(xA |x−A)

wherexA :=
{

x j
∣∣ j ∈ A

}
andx−A :=

{
x j
∣∣ j 6∈ A

}
. In Gibbs, one has to draw from the full

conditionals, in Metropolis and Metropolis-Hastings, onehas to evaluate it up to a multiplica-
tive constant at the current and the proposed values. The determination of the full conditionals
is very simplified by the use of graphical models.

Combining kernels The detailed balance ensures only thatp is invariant, i.e. ifx ∼ p
before the transition, then so it will be afterwards. To ensure thatp is also the limiting distri-
bution of the chain (ergodicity), we must combine such kernels to make a Markov chain that
is irreducible (and aperiodic). To do this, one has to scan over the several kernels (indexed
by i or A) in a way such that each variable is visited often enough. We denote the kernels by
P1,P2, . . . ,Pm. There are two main schemes (Green [2001]):

• Cyclic kernel: Go systematically through the kernelsPi:

P := P1P2 · · ·Pm.

• Mixture kernel: Go randomly through the kernelsPi with equal probability for each
kernel:

P :=
1
m

m

∑
i=1

Pi.

Note that the mixture kernel preserves detailed balance, while the cyclic kernel does not.
Nevertheless,p remains invariant for both combinations.

Choices for proposal distributions There is a completely free choice of the proposal
distributionqi(yi |x). Nevertheless, typically a small number of standard specifications is used
(Green [2001]):

• Independence Metropolis-Hastings: Propose the new stateyi independent ofx, i.e.

qi(yi |x−i) = qi(yi).

The acceptance probability then is

α(x,y) = min

(
1,

p(y)qi(x)
p(x)qi(y)

)
.

This choice is of limited use in practice, and more considered for theoretical reasons.
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• Random walk Metropolis: If the proposal is given as

qi(x,y) = qi(‖yi−xi‖)

then
qi(y,x)
qi(x,y)

= 1,

i.e. qi is symmetric and the acceptance probability simplifies. This proposal amounts to
adding a random walk increment∼ qi to the currentxi .

• Random walk on the log-scale: When a componentxi is necessarily positive, it is con-
venient to only propose changes which leaveyi positive. Then rather a multiplivative
than an additive update is suggested. We then choose to propose an (additive) increment
∼ qi(x,y) to logxi instead toxi , i.e.

qi(x,y) = q̃i(|logyi− logxi |)
∣∣∣ ∂xi

∂ logxi

∣∣∣,

and we find
qi(y,x)
qi(x,y)

=
yi

xi
.

Comparing Metropolis-Hastings to rejection sampling There is a superficial resem-
blance between Metropolis-Hastings and rejection sampling (see e.g. Green [2001]):

Recall that rejection sampling is done as follows: To samplefrom p, we first drawy from a
densityq, and then accept with probability

p(y)/(Mq(y)),

whereM is any constant such that

M ≥ sup
y

p(y)/q(y).

If the generatedy is not accepted, this procedure is to be repeated until it is.
The differences of the Metropolis-Hastings algorithm in comparison with rejction sampling

are:

• p/q need not be bounded;

• one has not to repeat if the proposal is rejected;

• one ends up with a Markov chain, not with an independent sequence.
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Reversible jump methods

We let follow a generalization of the Metropolis-Hastings scheme due to Green [1995] (we
use the presentation given in Green [2001]). The original method of Hastings is already quite
general in that it applies to densitiesp(x) andq(x,y) with respect to an arbitrary reference
measure onX . Considering the well-known counting and Lebesgue measures, this covers
discrete and continuous distributions in any finite number of dimensions. However, the for-
mulation is a little restrictive for problems where there isno elementary reference measure
for the target function. These problems occur most prominently in cases where the dimension
of the parameters varies. The more general Metropolis-Hastings method addresses this wider
range of problems.

General detailed balance condition If P is a general transition kernel andp its invariant
distribution, thegeneral detatiled balance conditionreads as

∫

(x,y)∈A×B
p(dx)P(x,dy) =

∫

(x,y)∈A×B
p(dy)P(y,dx)

for all measurable setsA,B⊆X . According to the Metropolis-Hastings recipe, the kernelP is
constructed in two steps: First draw a proposaly from the proposal measureq(x,dy) and then
accept it with probabilityα(x,y). If we reject, we stay in the current state, so thatP(x,dy) has
an atom atx. This makes an equal contribution to each side of the detailed balance equation
and can be neglected. We are thus left with the requirement

∫

(x,y)∈A×B
p(dx)q(x,dy)α(x,y) =

∫

(x,y)∈A×B
p(dy)q(y,dx)α(y,x).

One in some sense has to “solve” this collection of equationsfor α. If µ is a symmetric
measure onX ×X such thatp(dx)q(x,dy) admits a densityf with respect toµ, i.e.

f (x,y)µ(dx,dy) = p(dx)q(x,dy),

then the above equation becomes
∫

(x,y)∈A×B
f (x,y)α(x,y) =

∫

(x,y)∈A×B
f (y,x)α(y,x),

and using the symmetry ofµ, this is clearly satisfied for allA,B⊆ X such that(A,B) is
µ-measurable, if

α(x,y) f (x,y) = α(y,x) f (y,x).

Thus, similarly to the standard Metropolis-Hastings method, we have the acceptance proba-
bility

α(x,y) = min

(
1,

f (y,x)
f (x,y)

)
.

This may formally be written as

α(x,y) = min

(
1,

p(dy)q(y,dx)
p(dx)q(x,dy)

)
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and shows thus the similarity to the standard acceptence ratio, but this formula makes only
sense if the existence of a symmetric reference measureµ is assumed.

In some cases, the reference measureµ may be given explicitly, but in other situations,
µ is much less explicit. Then the following construction may be useful which also in the
standard Metropolis-Hastings method may provide some simplifications when implementing
the recipe.

Explicit representation using random numbers Let X ⊆ Rd and letp be a density
with respect to thed-dimensional Lebesgue measureλ d. To sample from the transition density
P(x,y), the practical implementation goes via generating a randomvector u of dimension
r from a known densityg, and then forming the sampley by some suitable deterministic
function: y = y(x,u). If now the reverse transition is made by a random numberu′ ∼ g and
x= x(y,u′), if the transformation from(x,u) to (y,u′) is a bijection, and if both it and its inverse
are differentiable, then by the standard change-of-variable formula, the(d + r)-dimensional
integral equality in the case of acceptance holds if

p(x)g(u)α(x,y) = p(y)g(u′)α(y,x)

∣∣∣∣
∂ (y,u′)
∂ (x,u)

∣∣∣∣,

whence a valid choice forα is

α(x,y) = min

(
1,

p(y)g(u′)
p(x)g(u)

∣∣∣∣
∂ (y,u′)
∂ (x,u)

∣∣∣∣
)

.

It is often easier to work with this expression than with the usual one.

MCMC for variable dimension problems There is a huge variety of statistical problems
where the number of parameters is not fixed but also subject toinference. Examples are
variable selection, mixture estimation, change point analysis, and model selection. We need
an MCMC sampler that jumps between parameter spaces of different dimensions. In the
general context of this section, this is easily accomplished. Let the state variablex be from a
union of spaces of differing dimensiondk:

X =
⋃

k

Xk.

One uses then a range ofmove typesm, each providing a transition kernelPm, and requires
detailed balance for each:

∫

x∈A
p(dx)Pm(x,B) =

∫

y∈B
p(dy)Pm(y,A)

for all measurable setsA,B⊆X . The Metropolis-Hastings idea still works here, but it is a bit
more difficult to make the acceptance ratio make sense. The proposal measureq is now the
joint distribution of move typem and proposed destinationy, so for eachx∈X ,

∑
m

∫

y∈X
qm(x,dy)≤ 1.
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(If the inequality is strict, there is positive probabilitythat no move is attempted.) The detailed
balance condition becomes

∫

(x,y)∈A×B
p(dx)qm(x,dy)αm(x,y) =

∫

(x,y)∈A×B
p(dy)qm(y,dx)αm(y,x)

for all m and measurableA,B. This leads to the formal solution

αm(x,y) = min

(
1,

p(dy)qm(y,dx)
p(dx)qm(x,dy)

)

which makes only sense subject to the existence of a symmetric reference measureµm for
p(dy)qm(y,dx).

A practical implementation will again use the procedure of the preceding paragraph: We
need a differentiable bijection between(x,u) and (y,u′), whereu,u′ are vectors of random
numbers used to go betweenx andy in each direction. Suppose these have densitiesgm(u|x)
andgm(u′ |y). In the variable dimension context, move typem might use transitions between
Xk1 andXk2; if these spaces have dimensionsd1 andd2, andp is absolutely continuous with
respect to measuresνd1 andνd2 in the respective spaces, then the dimensions ofu andu′, r1

andr2 say, must satisfy the dimension-balancing condition

d1+ r1 = d2+ r2.

We can then write

αm(x,y) = min

(
1,

p(y)gm(u′)
p(x)gm(u)

∣∣∣∣
∂ (y,u′)
∂ (x,u)

∣∣∣∣
)

.

Improving the performance of MCMC methods

Auxiliary variables We follow again Green [2001]. Edwards and Sokal [1988] proposed a
way to improve mixing by augmenting the state space so that the original target appears as the
marginal equilibrium distribution. Starting fromp(x), introduce some additional variablesu,
with p(u|x) arbitrarily chosen. Then the joint distribution is

p(x,u) = p(x)p(u|x),

for which p(x) is certainly the marginal forx.

The slice sampler One application of auxiliary variables is theslice sampler. Suppose
p(x) factorizes as

p(x) = p0(x)b(x)

wherep0(x) is a (possibly unnormalized) distribution that is easy to sample from, andb(x)
is the awkward part, often representing the “interactions”between variables that are slowing
down the chain. Take a one-dimensionalu with u|x∼U [0,b(x)]. Then

p(x,u) = p(x)p(u|x) = p0(x)b(x)
1[0,b(x)](u)

b(x)
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so that
p(x|u) ∝ p0(x)

restricted to (conditional on) the event
{

x
∣∣ b(x) ≥ u

}
. At least when thisp(x|u) can be

sampled without rejection, we can easily implement a Gibbs sampler, drawingu andx in turn.

3.6 State space systems and recursive computations

The MCMC methods of the last section are general purpose tools for Bayesian analysis. They
work well for static models. They are not suited in the dynamical setting, especially if the
systems evolve over a long time period. Our aim in this section is to explain the Sequential
Monte Carlo (SMC) methods based on recursive formulations of the filtering densities of state
space systems.

History of SMC methods We follow Doucet et al. [2000]. From the mid 1960’s, a
great deal of attention was devoted to the approximation of filtering distributions, see e.g.
Jazwinski [1970]. The most popular examples are the Extended Kalman Filter and the Gaus-
sian sum filter (based on analytical approximations, Anderson and Moore [1979]). During
1960’s and 1970’s, sequential MC integration methods were used in the automatic control
field (Akashi and Kumamoto [1975], Handschin and Mayne [1969], Handschin [1970], Zarit-
skii et al. [1975]). Possibly due to computational limitations, these methods were largely
neglected. Only in the late 1980’s, the massive increase in computational powers allowed the
rebirth of numerical integration methods for Bayesian filtering (Kitagawa [1987]). Research
from the 1990’s on changed the focus to Monte Carlo integration methods (Müller [1992],
West [1993], Gordon et al. [1993], Kong et al. [1994], Liu andChen [1998]).

3.6.1 General state space models

Let (X ,AX ,µ) and(Y ,AY ,ν) be two probability spaces, i.e.

• X andY are sets,

• AX andAY areσ -algebras onX andY , respectively,

• µ andν are (reference) probability measures onAX andAY , respectively.

For eacht ∈N let Xt be a random variable onX , i.e.Xt is a function

Xt : X −→R

such that for allr ∈ R the setAr :=
{

x ∈X
∣∣ Xt(x) ≤ r

}
is AX -measurable, i.e.Ar ∈ AX .

Similarly, for eacht let Yt : Y −→ R be a random variable. We use the following notation:
For everys≤ t we writeXs:t for (Xs,Xs+1, . . . ,Xt) and similarlyYs:t for (Ys,Ys+1, . . . ,Yt).

We follow the presentation of Künsch [2001] without adapting his notation. Thegeneral
state space modelconsists of
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• the unobserved state sequence(Xt)t∈N,

• the observation sequence(Yt)t∈Nr{0},

with the following properties:

• State evolution: X0,X1,X2, . . . is a Markov chain with

– Initial distribution Pr(X0 ∈ dx) =: f0(x)dµ(x), and

– Transition distribution Pr(Xt ∈ dx|Xt−1 = xt−1) =: ft(x|xt−1)dµ(x).

• Generation of observations:

– Conditionally onXt, eachYt is independent ofYs andXs for all s 6= t, and

– Yt depends onXt through the observation distribution

Pr(Yt ∈ dy|Xt = xt) =: gt(y|xt)dν(y).

Thus, to determine an individual state space model completely, one has to provide the follow-
ing densities:

• Initial state density (X0): f0(x)

• State transition density (Xt−1→ Xt): ft(x|xt−1)

• Observation transition density (Xt →Yt ): gt(y|xt)

It should be remarked that we explicitly assumed absolutelycontinuous measures with re-
spect toµ andν for the transition distributions of states and observations, respectively (i.e.
there exist densities in both cases). We will later come backto the case where the measures
are not absolutely continuous.

The general state space model pictured as a graphical model looks like:

X0 −→ X1 −→ X2 −→ . . . −→ Xt −→ Xt+1 −→ . . .
y y y y

Y1 Y2 . . . Yt Yt+1 . . .

Usually,X andY are finite vector spaces, e.g.Rn. If X is discrete, then the general state
space model is calledHidden Markov Model (HMM), but sometimes the two terms are used
as synonyms.

Alternatively, the state space model can be expressed by

Xt = Ft(Xt−1,Vt−1), Yt = Gt(Xt,Wt)

whereFt andGt are arbitrary deterministic functions, and where(Vt)t∈N and(Wt)t∈N∗ are two
independent stochastic processes consisting ofwhite noise, i.e. each random variableVt1 is
independent of each otherVt2 for t1 6= t2, and analoguously forWt .
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Examples of state space systems

Linear state space model A special case is thelinear model

Xt = FtXt−1+Vt−1, Yt = GtXt +Wt

whereX andY are vector spaces andFt andGt are linear. If additionallyVt andWt are
Gaussian white noise, then the model is anormal (or Gaussian) linear model.

As shown in subsection 3.4.2, a stationary Gaussian ARMA(p,q) process(Yt)t∈N can be
represented as a linear general state space model by defininga r = max(p,q+1)-dimensional
state vectorxt . This can be extended to generalizations of the ARMA-modelslike ARIMA
(Autoregressive Integrated Moving Average) models, whichincorporate an additional integral
term.

Modelling of outliers In classical identification procedures, most algorithms need the as-
sumption of normal distributions of the data. This assumption is often not fulfilled with real
data which results e.g. in observed values which are far moreaway from the expected value
than the variance of the Gaussian distribution would suggest. These values are calledoutliers.
To force the data to obey the Gaussian distribution, it is usual to preprocess the measured data,
one step of this preprocessing being the removal of outliers. This often is done by hand. In
the classical case, this is a necessary procedure: Outliersdivagate from the usually assumed
normal distribution of the errors and lead to biased results. A better idea may be to include
the possibility of outliers into the model. This is done by choosing a distribution which is
more heavy-tailed than the normal distribution, for example a mixture of normal distributions,
a Studentt-distribution, or so-calledα-stable distributions (for modelling and simulation with
α-stable noise see Lombardi and Godsill [2004]).

Stochastic volatility models Another example is thestochastic volatility model, in its
simplest form given by (see Künsch [2001])

Xt = m+φXt−1+Vt−1,

Yt = exp(Xt)Wt ,

with two independent Gaussian white noises(Vt) and(Wt). The task is to estimate the param-
eters(m,φ ,σ2

V) and to make predictions about the occurrence of large negative values ofYt for
assessing risk (for further details see Shephard [1996]).

Stochastic differential equations with discrete observations Examples of general
state space models can also be obtained from stochastic differential equations with discrete
observations (see e.g. Cérou et al. [2000]):

Let
{

Xt , t ∈ R≥0
}

be a continuous-timediffusion process, i.e. given by the solution of the
stochastic differential equation

dXt = b(Xt)dt+σ(Xt)dWt , X0∼ µ0(dx),
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with Brownian motion
{
Wt , t ∈ R≥0

}
. Then a Markov chainXtk is obtained by sampling this

process at discrete time pointstk, k ∈ N. Transition from timetk to time tk+1 of this Markov
chain is thus given implicitly by the stochastic differential equation. The state sequence is not
observed, but instead an observation sequence

{
Ytk,k∈N

}
is available.

State space models with control Several extensions of state space models are possible,
e.g. state space models with control, whereUt denotes the controls (inputs):

U0 U1 U2 . . . Ut Ut+1 . . .

ց ց ց ց ց

X0 −→ X1 −→ X2 −→ . . . −→ Xt −→ Xt+1 −→ . . .
y y y y

Y1 Y2 . . . Yt Yt+1 . . .

Many other examples can be found in

• finance applications: stochastic volatility models (Pittand Shephard [1999]),

• biology: ion channels (De Gunst et al. [2001]), DNA and protein sequences (Thompson
[2001], Durbin et al. [1998]),

• engineering: target tracking (Gordon et al. [1993]), control (Whittle [1996]), speech
analysis (Rabiner and Juang [1993]), digital enhancement of speech and audio signals
(Godsill and Rayner [1998]), blind deconvolution of digital communication channels
(Clapp and Godsill [1999], Liu and Chen [1995]), position estimation of mobile robots
(Fox et al. [2001]),

• geophysics: weather prediction (Hughes et al. [1999]).

3.6.2 Filtering and smoothing

The main tasks to do are (Künsch [2001]):

• Inference about the states on observed datays:t for a given model (ft andgt known).

• Inference about the unknown parameters inft andgt .

Inference about a stateXs giveny1:t is called

• prediction if s> t,

• filtering if s= t,

• smoothingif s< t.

There is an increasing difficulty:
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Prediction−→ Filtering−→ Smoothing−→ Parameter Estimation

In the following, we will be confronted with an abundance of different probability densi-
ties. We therefore adopt the usual sloppy notations involving the same notation for different
densities. Which density is actually meant will be clear from the arguments: For example, we
write p(x0:t ,y1:t) for the joint density of states and observations

p0:t,1:t(x0:t ,y1:t),

andp(x0:t |y1:t) for the joint smoothing density

p0:t |1:t(x0:t |y1:t),

as well asp(xs|y1:t) for the marginal filtering and smoothing densities

ps|1:t(xs|y1:t).

We use the notationp also for densities involving only observations, e.g.p(yt |y1:t−1) denoting
the density for the observationyt giveny1:t−1.

Non-recursive formulation of densities

For the following formulas we use Künsch [2001].

Joint smoothing density The density where the main interest is in is thejoint smoothing
density, i.e. the conditional density of the states given all observationsy1:t . It is given by:

p(x0:t |y1:t) =
p(x0:t ,y1:t)

p(y1:t)

where the joint density of states and observations(X0:t,Y1:t) is given by

p(x0:t ,y1:t) = f0(x0)
t

∏
s=1

fs(xs|xs−1)gs(ys|xs),

and where the joint density of the observations

p(y1:t) =

∫
· · ·
∫

p(x0:t ,y1:t)dµ(x0) · · ·dµ(xt)

which is a constant (theys’s are fixed!) is obtained by marginalization ofp(x0:t ,y1:t). An
analytical computation of this high-dimensional integralis practically impossible.

The joint process(X0:t ,Y1:t) is again a Markov process, and the joint smoothing density
being proportional to the joint density

p(x0:t |y1:t) ∝ p(x0:t ,y1:t)

implies that conditionally ony1:t the state variables are also Markovian. This will open the
door to recursive formulations of the joint smoothing density.
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Marginal filtering and smoothing densities Apart from the joint smoothing density,
there are two smoothing distributions of interest (see e.g.Doucet et al. [2000]):

• Fixed-lag smoothing: For a fixed lagL ∈N , the fixed-lag distribution is given by

p(xt−L |y1:t).

• Fixed-interval smoothing: Here, one is interested in all(marginal) smoothing densities

ps|1:t(xs|y1:t) for all s= 0, . . . , t−1

and thefiltering density
pt |1:t(xt |y1:t).

The (marginal) filtering and smoothing densitiesps|1:t can be obtained by marginalization
from the joint smoothing density:

ps|1:t(xs|y1:t) =

∫
· · ·
∫

p(x0:t |y1:t)dµ(x0) · · · d̂µ(xs) · · ·dµ(xt)

if s≤ t, whered̂µ(xs) means: leave this integration out. Here again, these integrals are prac-
tically not computable.

Recursive formulas

The way out of the computational difficulties is the use of a recursive procedure to break
down the high-dimensional integrals into a series of lower-dimensional ones. We follow again
Künsch [2001].

Prediction of states The prediction densities for the states can be computed fromthe
filtering densities according to the following recursion ink:

pt+k|1:t(xt+k |y1:t) =
∫

pt+k−1|1:t(x|y1:t) ft+k(xt+k |x)dµ(x).

Prediction of observations The prediction densities for the observations can be computed
from the prediction densities for the states according to the following recursion ink:

p(yt+k |y1:t) =

∫
pt+k|1:t(x|y1:t)gt+k(yt+k |x)dµ(x).

Joint observation density As a byproduct one obtains also the joint density of the obser-
vations, because

p(y1:t) =
t

∏
s=1

p(ys|y1:s−1)

and p(ys|y1:s−1) is given by the above recursion formula for the prediction densities of the
observations.
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Joint smoothing density The recursions for the state sequence given the observations
(joint smoothing density)p(x0:t |y1:t) ∝ p(x0:t ,y1:t) can be obtained in two steps:

(1) Propagation:
p(x0:t |y1:t−1) = p(x0:t−1 |y1:t−1) ft(xt |xt−1).

The proof uses total probability and thatxt is conditionally independent fromy1:t−1 given
xt−1.

(2) Update:

p(x0:t |y1:t) =
p(x0:t |y1:t−1)gt(yt |xt)

p(yt |y1:t−1)
.

The proof uses Bayes Rule and thatyt is conditionally independent fromy1:t−1 givenxt .

This combined gives:

p(x0:t |y1:t) =
p(x0:t−1 |y1:t−1) ft(xt |xt−1)gt(yt |xt)

p(yt |y1:t−1)

∝ p(x0:t−1 |y1:t−1) ft(xt |xt−1)gt(yt |xt)

where the normalization constantp(yt |y1:t−1) may as well be computed recursively as predic-
tion density of the observations (see above):

p(yt |y1:t−1) =
∫

pt |1:t−1(x|y1:t−1)gt(yt |x)dµ(x).

Recursive filtering The recursion for the filtering densities is obtained by marginalization:

Propagation: From filter density to prediction density

pt |1:t−1(xt |y1:t−1) =
∫

pt−1|1:t−1(x|y1:t−1) ft(xt |x)dµ(x).

Similarly: ps+1|1:t from ps|1:t for all s> t.

Update: From prediction density to filter density

pt |1:t(xt |y1:t) =
pt |1:t−1(xt |y1:t−1)gt(yt |xt)

p(yt |y1:t−1)
∝ pt |1:t−1(xt |y1:t−1)gt(yt |xt).

Propagation and update combined leads to:

pt |1:t(xt |y1:t) =

∫
pt−1|1:t−1(x|y1:t−1) ft(xt |x)dµ(x)gt(yt |xt)

p(yt |y1:t−1)

∝

∫
pt−1|1:t−1(x|y1:t−1) ft(xt |x)dµ(x)gt(yt |xt).
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Recursions for the marginal smoothing densities For computing the marginal smooth-
ing densitiesps|1:t we have two possibilities; both use the filtering densitiesps|1:s, but the first
method uses additionally the one-step prediction densities for the states, whereas the second
method uses the one-step prediction densities for the observations, which is easier to store,
because the observations are fixed and these densities therefore just numbers.

Marginal smoothing densities, first method For the first method, we use that given
y1:t the state sequence is still a Markov chain. We have the following forward and backward
transitions for this chain (see Künsch [2001]):

Forward Transition:

p(xs|xs−1,y1:t) = p(xs|xs−1,ys:t)

=
fs(xs|xs−1)gs(ys|xs)p(ys+1:t |xs)

p(ys:t |xs−1)
.

where
p(ys:t |xs−1) =

∫
fs(xs|xs−1)gs(ys|xs)p(ys+1:t |xs)dµ(xs).

Backward Transition:

p(xs|xs+1,y1:t) = p(xs|xs+1,y1:s)

=
fs+1(xs+1 |xs)ps|1:s(xs|y1:s)

ps+1|1:s(xs+1 |y1:s)
.

With the backward transitions, the smoothing densitiesps|1:t can be computed by the back-
ward recursion (starting withpt |1:t):

ps|1:t(xs|y1:t) = ps|1:s(xs|y1:s)
∫

fs+1(x|xs)

ps+1|1:s(x|y1:s)
ps+1|1:t(x|y1:t)dµ(x).

Marginal smoothing densities, second method The smoothing marginalps|1:t can
also be obtained fromps|1:s by incorporating the additional informationys+1:t using Bayes
formula and the fact thaty1:s is conditionally independent fromys+1:t given xs (see Künsch
[2001]):

ps|1:t(xs|y1:t) =
p(ys+1:t |xs,y1:s)p(xs|y1:s)

p(ys+1:t |y1:s)

=
p(ys+1:t |xs)

p(ys+1:t |y1:s)
ps|1:s(xs|y1:s).

The ratio occurring in the last row

rs|t(xs|y1:t) :=
p(ys+1:t |xs)

p(ys+1:t |y1:s)
=

ps|1:t(xs|y1:t)

ps|1:s(xs|y1:s)
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is given by the backward recursion (beginning withrt |t ≡ 1)

rs−1|t(xs−1 |y1:t) =

∫
fs(xs|xs−1)gs(ys|xs)rs|t(xs|y1:t)dµ(xs)

p(ys|y1:s−1)
.

This ratiors|t is also useful for the forward transitions of the conditional state sequence:

p(xs|xs−1,y1:t) = fs(xs|xs−1)gs(ys|xs)
p(ys+1:t |xs)

p(ys:t |xs−1)
,

because the fraction in the last row can be expressed as:

p(ys+1:t |xs)

p(ys:t |xs−1)
=

rs|t(xs|y1:t)

rs−1|t(xs−1 |y1:t)

1
p(ys|ys−1)

.

Thus we get as computation for the low-dimensional marginals of the smoothing distribution:

• Computeps|1:s andp(ys|y1:s−1) by a forward filter recursion.

• Computers|t by a backward recursion.

Derivation of the recursion formulas The above recursion formulas can be directly
derived via Bayes’ rule and using the various Markov properties. Another approach goes
via the reference probability method, where one first considers the case where the states and
observations are independent so that conditional expectations are easy to compute, and then
to obtain the dependent case by an absolutely continuous change of measure (see Künsch
[2001]). The advantage of this approach is that it generalizes to the time continuous case.

Transitions that are not absolutely continuous In the above setting, we assumed
absolutely continuous measures for both the state transitions, ft(x|xt−1)dµ(x), and the tran-
sitions from the state to the observations,gt(y|xt)dν(y). It is easy to see that for filtering, we
do not need to assume the state transitions to have densities. If (Xt) is a Markov chain with
transition kernelsft(dxt |xt−1) and if we denote the conditional distributions ofXt giveny1:t
by νt(dxt |y1:t), then the following recursion holds:

νt(dxt |y1:t) ∝ gt(yt |xt)
∫

νt−1(dx|y1:t−1) ft(dxt |x).

But when densities for the conditional distributions ofYt givenxt do not exist, then there is
no general filtering formula. The case is even worse for smoothing: If the state transitions
are not absolutely continuous, then there is no general formula for smoothing. However, in
most practical cases where no densities exist, it is nevertheless easy to modify the filtering
and smoothing recursions in a straightforward way, e.g. if conditional toxt , observationsYt

and statesXt are restricted to a simple lower dimensional subspace (often a linear subspace) in
which case the conditional distributions restricted to this subspace are absolutely continuous.
Another example occurs when a second order Markov chain is converted to a first order model
with stateZt := (Xt−1,Xt); distributions are then never absolutely continuous. A simple way
out is then to proceed in steps of size two: the transition distributions are then absolutely
continuous if the conditional distribution ofXt given(xt−1,xt−2) is (see also Künsch [2001]).
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Parameter estimation

We assume now thatft andgt depend on a finite-dimensional parameterθ . Then thelikelihood
of θ given the observed sequencey1:t is (see Künsch [2001])

p(y1:t |θ) =
t

∏
s=1

p(ys|y1:s−1,θ).

Each factor is obtained as a normalization during the filter recursions (recursive prediction).
The frequentist principle for parameter estimation is to use themaximum likelihood (ML)

estimator: Take thatθ which maximizes this likelihood. We may use a general purpose
optimization algorithm.

Expectation Maximization (EM) algorithm Theexpectation maximization (EM) al-
gorithm was developed by Dempster et al. [1977] as a generalization of several special in-
stances, for example one instance is the Baum-Welch algorithm (introduced in Baum et al.
[1970]) for finite state Hidden Markov Models (where the forward–backward algorithm of the
next subsection is a part of). It consists of an iteration over an E- and an M-step. Letθ (i) be
the approximation of the ML estimator in thei-th step, then

E-step: Compute
Q(θ ,θ (i−1)) = E

[
logp(x0:t ,y1:t ;θ) |y1:t ,θ (i−1)

]
.

M-step: MaximizeQ(θ ,θ (i−1)) with respect toθ :

θ (i) := argmaxQ(θ ,θ (i−1)).

It can be shown that in each iteration, the likelihood increases, but it cannot be guaranteed that
the algorithm converges to the global maximum.

Bayesian estimation In the Bayesian viewpoint, there is no conceptual difference between
states and parameters; thus the parameters can be incorporated into the states and jointly esti-
mated via the filtering and smoothing densities. A-posteriori densities of the parameters can
afterwards be obtained by marginalization. Every further inference is then based on these
a-posteriori densities.

3.6.3 Exact algorithms for filtering and smoothing

Analytical computations of the filtering and smoothing densities are only possible in very few
cases, practically only in the two following ones:

• the finite-state space (discrete) case, and

• the linear normal case.

We follow again Künsch [2001].
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Discrete models

Let Xt be discrete withM possible outcomes, #X = M, sayX =
{

1,2, . . . ,M
}

. Then the
integrals are sums, and we can use the forward-backward algorithm of Baum & Welch:

• Filter recursions (row vector× matrix, componentwise multiplication of two vectors):

pt |1:t( j |y1:t) ∝

[ M

∑
k=1

pt−1|1:t−1(k|y1:t−1) ft( j |k)
]
gt(yt | j).

• Recursions forrs|t :

rs−1|t( j,y1:t) =
1

p(ys|y1:s−1)

M

∑
k=1

fs(k| j)gs(ys|k)rs|t(k,y1:t).

The complexity for each step isO(M2), thus the complexity of the whole algorithmO(TM2)
(if T is the number of observations).

Furthermore, the most likely state sequence can be computedwith the Viterbi algorithm
(Viterbi [1967]).

Linear normal models

Consider the linear normal model

Xt = FtXt−1+Vt−1, Yt = GtXt +Wt

whereVt ,Wt is Gaussian white noise. Then allps|1:t are Gaussian with meanms|t and covari-
ance matricesRs|t . These can be computed by the general recursion with the additional use of
some linear algebra. This results in theKalman filter (Künsch [2001]):

mt |t−1 = Ftmt−1|t−1,

mt |t = mt |t−1+Kt(yt−Gtmt |t−1),

Rt |t−1 = E[Vt−1V
⊤
t−1]+FtRt−1|t−1F⊤t ,

Rt |t = Rt |t−1−KtGtRt |t−1

with theKalman gain matrix

Kt = Rt |t−1G⊤t
(
E[WtW

⊤
t ]+GtRt |t−1G⊤t

)−1
.

Here,E[VtV
⊤
t ] andE[WtW

⊤
t ] equal the covariance matrices of the state and the observation

noise, respectively.
Similarly, we get theKalman smoother. The smoothing means and variances are:

ms|t = ms|s+Ks+1(ms+1|t−ms+1|s),

Rs|t = Rs|s−Ks+1(Rs+1|s−Rs+1|t)K
⊤
s+1

with
Ks+1 = Rs|sF

⊤
s+1R−1

s+1|s.

Many equivalent versions exist with numerical differencesin speed and accuracy.
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3.6.4 Approximations

In practically all other cases, computations are difficult.In linear models with non-Gaussian
noise, the Kalman mean is still the bestlinear unbiased estimator for the states, but nonlinear
estimators can be much better.

Possibilities for approximations of the model densities are:

• Approximation by a Gaussian distribution through linearization (Extended Kalman Fil-
ter).

• Approximation by a mixture of Gaussian distributions.

• Approximation by empirical densities (Sequential Monte Carlo).

Extended Kalman filter

In engineering, the most popular approximation for the filter densities of nonlinear/non-Gaus-
sian systems is theExtended Kalman Filter (EKF). It is constructed by linearization of the
(nonlinear) system and following application of the Kalmanfilter. For instance, the lineariza-
tion of the state transition is (see Künsch [2001])

Xt = Ft(Xt−1,Vt−1)

≈ Ft(mt−1|t−1,0)

+
∂Ft(x,u)

∂x

∣∣∣
(mt−1|t−1,0)

(Xt−1−mt−1|t−1)+
∂Ft(x,u)

∂u

∣∣∣
(mt−1|t−1,0)

Vt−1,

Yt = Gt(Xt,Wt)

≈Gt(mt |t−1,0)+
∂Gt(x,v)

∂x

∣∣∣
(mt |t−1,0)

(Xt−mt |t−1)+
∂Gt(x,v)

∂v

∣∣∣
(mt |t−1,0)

Wt .

In some cases the extended Kalman filter works well, but (see e.g. Künsch [2001]):

• there are some important cases where it does not work,

• error bounds are extremely difficult to produce,

• the error cannot be reduced by a better (and more complicated) approximation,

• the method yields no information on the conditional distributions which can be very
non-Gaussian.

An alternative method is numerical integration, but, as we have already mentioned in the
previous section, this is problematic in high dimensions, because the convergence is slow and
because it is difficult to construct a reasonable grid in advance.

Another alternative are Monte Carlo methods. We consider first the MCMC methods intro-
duced in the previous section.
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MCMC methods

The (joint) smoothing distributionp(x0:t |y1:t) is known up to normalization. Thus, standard
Markov Chain Monte Carlo methods can be used to simulate (sample) from this distribution.
Important to note is that these methods are only applicable for off-line problems. Recursive
(on-line) implementation is not possible. But, in most applications, the MCMC chain mixes
extremely slowly, because: If we knowxt−1, yt andxt+1 thenXt is determined almost com-
pletely. Thus, the changes at each step are too small (cf. Künsch [2001]).

Bayesian inference on parameters With MCMC methods, Bayesian inference about the
states and unknown parameters at the same time is easy: Sample iteratively between

p(θ |x0:t ,y1:t) and p(x0:t |θ ,y1:t).

But then, the convergence can be even slower.

Sequential Monte Carlo (SMC): Particle filters

Alternative methods are theSequential Monte Carlo (SMC)methods. With these methods,
one does not try to approximate the complete high-dimensional target distribution at once; the
general idea is rather to decompose the target distributionp(x) into a sequence of distributions
pt(x), t = 0, . . . ,T:

p0(x), p1(x), p2(x), . . . , pT(x) = p(x),

such that it is easy to compute the starting distributionp0(x) and to compute the transitions
from pt(x) to pt+1(x). In the setting of state space systems, these decompositions are naturally
given by the joint smoothing densities over the timet,

pt(x) := p(x0:t |y1:t)

and the transitions are provided by the recursion formulas described previously. These meth-
ods are naturally applicable also for on-line problems.

Whereas the SMC methods originally have been developed for the state space setting where
in each (time) stept the dimension of the intermediate distributions increases, the SMC meth-
ods have been recently shown to be applicable also in the “static” case, where the intermediate
distributionspt(x) are all defined in the same space and are chosen such that they form an
approximation sequence to the targetp(x) with increasing complexity. SMC methods in the
static context are calledSequential Monte Carlo Samplers, and are starting to be a promis-
ing alternative to MCMC methods, with the advantage that theobtained samples can be used
from the beginning: there is no burn-in period as with MCMC. This avoids all the difficulties
encountered with this, like the need to determine when the Markov chain has converged and
similar problems. For further details see Del Moral et al. [2006] or Fearnhead [in press].

We follow Cappé et al. [2007] and Doucet et al. [2000].
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Sequential Importance Sampling (SIS) To be able to sample from the joint smoothing
densityp(x0:t |y1:t), one could try to use importance sampling with a suitably chosen impor-

tance distributionq0:t(x0:t |y1:t). Conceptually, this is done by samplingN particle pathsx̃(i)
0:t ,

i = 1, . . . ,N, and computing the unnormalized importance weights

ω̃(i)
t :=

p(x̃(i)
0:t |y1:t)

q0:t(x̃
(i)
0:t |y1:t)

for i = 1, . . . ,N. The weighted samples(x̃(i)
0:t , ω̃

(i)
t ), 1, . . . ,N, constitute then an approximation

to the densityp(x0:t |y1:t) via

p(x0:t |y1:t)µ(dx)≈
N

∑
i=1

ω̃(i)
t δ

x̃(i)
0:t

(dx).

To be able to do this recursively, one has also to define the importance distributionq0:t(x0:t |y1:t)
in a recursive way:

q0:t(x0:t |y1:t) := q0:t−1(x0:t−1 |y1:t−1)qt(xt |xt−1,yt).

From the recursion formulas for the joint smoothing densities (section 3.6.2) it follows that
the unnormalized importance weights then take the form

ω̃(i)
t ∝ ω̃(i)

t−1×
ft(x̃

(i)
t | x̃

(i)
t−1)gt(yt | x̃(i)

t )

qt(x̃
(i)
t | x̃

(i)
t−1,yt)p(yt |y0:t−1)

.

The right term of the right hand side of this equation is referred to as theincremental weight.
The scaling factorp(yt |y0:t−1) does not depend on the states and does not need to be com-

puted. The sample(x̃(1)
t , . . . , x̃(N)

t ) is called the system ofparticlesat timet, andx̃(i)
0:t for some

i thetrajectory, historyor pathof the particlei.
For each timet, one has the set of (weighted) particles(x̃(i)

t ,ω(i)
t )i=1,...,N, which is thus

moved through the state space if the timet increases. TheSequential Importance Sampling
(SIS) algorithm introduced by Handschin and Mayne [1969] and Handschin [1970] is sum-
marized as follows (Cappé et al. [2007]):

• Initialization:

For i = 1, . . . ,N:

Draw x̃(i)
0 ∼ q0(x0).

Assign weights ω̃(i)
0 =

f0(x̃
(i)
0 )

q0(x̃
(i)
0 )

.

• Iteration:

For t = 1, . . . ,T:
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For i = 1, . . . ,N:

Propagate particle ˜x(i)
t ∼ qt(xt | x̃(i)

t−1,yt).

Compute weight ω̃(i)
t ∝ ω̃(i)

t−1×
ft(x̃

(i)
t | x̃

(i)
t−1)gt(yt | x̃(i)

t )

qt(x̃
(i)
t | x̃

(i)
t−1,yt)

.

The paths ˜x(i)
0:t , i = 1, . . . ,N, are independent and identically distributed. But the SIS algorithm

is generally a poor algorithm: The weights will degenerate after a few time steps, in the sense
that only a few of them will contain nearly all of the probability mass. The weights of most
of the particles are near zero and contribute nearly nothingto the empirical distribution and
hence to the estimates based on it. This phenomenon is calledweight degeneracy.

Sequential Importance Sampling with Replacement (SISR) To avoid this degen-
eracy, one has to introduce a resampling (selection) step asin the SIR algorithm (see sec-
tion 3.5.1). The selection step is necessary to avoid degeneracy but in turn increases the
variance of the estimates.

There are several possibilities where and when to perform the selection step. The first ef-
ficient SMC algorithm, the bootstrap filter of Gordon et al. [1993], performs the selection
step after the importance sampling at each iteration, and furthermore uses as proposal distri-
bution qt the state transition densityft(xt |xt−1) (see below). A compromise between these
two extremes of not using resampling at all (as in SIS) and using it at each iteration (as in the
bootstrap filter) is to resample only then when the weights are going to degenerate. This leads
to the following algorithm, calledParticle Filter or Sequential Importance Sampling with
Replacement (SISR)(Cappé et al. [2007]):

• Initialization:

For i = 1, . . . ,N:

Draw x̃(i)
0 ∼ q0(x0).

Compute the weights ω̃(i)
0 =

f0(x̃
(i)
0 )

q0(x̃
(i)
0 )

.

• Iteration:

For t = 1, . . . ,T:

Importance Sampling:

Für i = 1, . . . ,N:

Propagate particle ˜x(i)
t ∼ qt(xt | x̃(i)

t−1,yt).

Compute weight ω̃(i)
t ∝ ω̃(i)

t−1×
ft(x̃

(i)
t | x̃

(i)
t−1)gt(yt | x̃(i)

t )

qt(x̃
(i)
t | x̃

(i)
t−1,yt)

.

Selection:
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If the weights are degenerate:

SelectN particles(x(i)
t )i=1,...,N from (x̃(i)

t )i=1,...,N (with replacement) ac-
cording to the normalized weights

ω(i) :=
ω̃(i)

t

∑N
j=1 ω̃( j)

t

.

For i = 1, . . . ,N:

Assign x̃(i)← x(i).

Set the weights ω̃(i)
t ← 1/N.

Theoretical investigations on how the empirical distribution

N

∑
i=1

ω(i)
t x̃(i)

0:t

obtained by this algorithm approximates the joint smoothing densityp(x0:1|y1:t) is investi-
gated in Del Moral [1998], Crisan and Doucet [2002], Chopin [2004], Del Moral [2004],
Künsch [2005], and Cappé et al. [2005] (see Cappé et al. [2007]).

Effective sample size A known heuristic criterion introduced by Kong et al. [1994]and
Liu [1996] which tries to measure the degeneracy of the particles is theEffective Sample Size
(ESS), given as

Neff :=
N

1+Varp(· |y1:t)(ωt(x0:t))
=

N

Ep(· |y1:t )[(ωt(x0:t))2]
≤ N

where

ω(i)
t :=

ω̃(i)
t

∑N
j=1 ω̃( j)

t

are the normalized weights (cf. Doucet et al. [2000]). This cannot be evaluated exactly, but an
estimate is given by

N̂eff :=
1

∑N
i=1(ω

(i)
t )2

.

The selection step is only then performed, when the ESS fallsbelow a certain thresholdNthresh,

N̂eff < Nthresh

where the threshold has to be chosen in advance, e.g.Nthresh= N/2 orNthresh= 2N/3.
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Problems with resampling: Ties With resampling, the sample paths(x(i)
0:t), i = 1, . . . ,N,

are not any more independent. Even worse: after a few resampling steps, the number of differ-

ent supporting pointsx(i)
s for s< t decreases rapidly. Points in time occur where sample paths

are tied together, until eventually fors≪ t all x(i)
t have the same ancestor. Thesesample ties

are a sever problem. One therefore in practice often works only with the filtering distributions,

i.e. only with the samplesx(i)
t and discards all samplesx(i)

s for s< t. The same problem occurs
with static but unknown states, or parametersθ in the Bayesian setting: In this last case, we
have the prior distribution at timet = 0, θ ∼ π(θ), and the trivial transition

θt+1 := θt .

The initial parameter samplesθ (i)
0 obtained by sampling from the prior will then die out after

a few resampling steps, until only one of them survives. Thisis a sever degeneration. In both
cases, smoothing and parameter estimation, one has to sample from a discrete distribution.
The theoretical convergence results for SMC methods do not hold for discrete distributions.
There are several proposals to solve these difficulties, butthe problem is still not yet settled.
We will return to these issues later.

Practical implementation For the implementation in a computer programme, one should
take care with the numerical implementation of the weights:they can be very large and very
low, thus causing over- and underflows. Thus typically weights are stored on the log-scale and
and updated by addition (see e.g. Cappé et al. [2007]). The normalization step should be done
with two steps: One first subtracts the largest log-weight value from all log-weights and then
uses normalization on the adjusted log-weights after exponentiating them.

Choice of the proposal distribution

The quality of the algorithm depends crucially on the choiceof the proposal distributionqt .

Optimal proposal The optimal choice is given with the distribution

qopt
t (xt |xt−1,yt) = p(xt |xt−1,yt),

see e.g. Doucet et al. [2000]. It is optimal in the sense that it leads to the smallest variance of
the importance weights. The problem is that this distribution is usually not available. It can be
obtained in the following case (see e.g. Doucet et al. [2000]):

Example:

Let

xt = f (xt−1)+vt−1, vt−1∼Nn(0,Σv)

yt = Gxt +wt , wt ∼Nn(0,Σw)
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with Gaussian noisesvt andwt and arbitrary nonlinear conditional meanf (xt). Defining

Σ :=
(
Σ−1

v +G⊤Σ−1
w G

)−1

mt := Σ
(
Σ−1

v f (xt−1)+G⊤Σ−1
w yt

)

one obtains
p(xt |xt−1,yt) = N (mt,Σ)

and the importance weigths are given by

p(yt |xt−1) ∝ exp

(
−1

2

(
yt−G f(xt−1)

)⊤(Σv−GΣwG⊤
)−1(

yt −G f(xt−1)
))

.

Generally, there are proposals to approximate the optimal importance distribution with
Monte Carlo methods, either with importance sampling (Doucet [1997], Doucet [1998]) or
with MCMC methods (Berzuini et al. [1997], Liu and Chen [1998]). But both methods are
computationally expensive, and there is a lack of theoretical convergence results. Therefore,
one has to consider suboptimal proposal functions.

Proposals obtained by linearization Doucet et al. [2000] propose to obtain proposal
distributions by linearizations. For the model

xt = f (xt−1)+vt−1, vt−1∼Nn(0,Σv)

yt = g(xt)+wt , wt ∼Nn(0,Σw)

they consider two possibilities:

• Local linearization of the state space model: One linearizes the observation distribution
in the same way as in the case of the Extended Kalman Filter andobtains similar to the
previous example, replacingG by the derivative

G̃ =
∂g(xt)

∂xt

∣∣∣
xt= f (xt−1)

,

and replacingyt by yt−g( f (xt−1))+ G̃ f(xt−1):

Σk :=
(
Σ−1

v + G̃⊤Σ−1
w G̃

)−1

mt := Σk

(
Σ−1

v f (xt−1)+ G̃⊤Σ−1
w

[
yt −g( f (xt−1)+ G̃ f(xt−1))

])
.

The proposal function is computed as in the previous example(replacingΣ by Σk).

• Local linearization of the optimal importance densities:If l(xt) := logp(xt |xt−1,yt) is
twice differentiable,

l ′(x) :=
∂ l(x)

∂x
and l ′′(x) :=

∂ 2l(x)

∂x∂x⊤
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being the gradient and the Hesse matrix at an arbitrary pointx, respectively, and if we
additionally assume thatl ′′(x) is postitive definite (which is the case ifl(x) is concave),
one may define

Σ(x) :=−l ′′(x)−1

m(x) := Σ(x)l ′(x)

and use the Taylor expansion ofl(x) in x, yielding

l(xk)≈ l(x)+ [l ′(x)]⊤(xt−x)+
1
2
(xt−x)⊤l ′′(x)(xt−x)

= l(x)− 1
2
(xt−x−m(x))⊤Σ−1(x)(xt−x−m(x))+const.

This suggests using
q(xt |xt−1,y) = N (m(x)+x,Σ(x))

as proposal function. Ifp(xt |xt−1,y) is uni-modal, it is judicious to chosex as the unique
mode, which leads tom(x) = 0 (Doucet et al. [2000]).

Transition density as proposal A simple choice is to use the transition density

qt(xt |xt−1,yt) = ft(xt |xt−1).

The importance weights are in this case porportional to the likelihood function of the obser-
vations:

ω̃(i)
t = gt(yt |xt).

We get thebootstrap filterof Gordon et al. [1993] (see Cappé et al. [2007]):

• Initialization:

For i = 1, . . . ,N:

Draw x̃(i)
0 ∼ f0(x0).

Set the weights ω̃(i)
0 = 1/N.

• Iteration:

For t = 1, . . . ,T:

Importance Sampling:

For i = 1, . . . ,N:

Propagate particle ˜x(i)
t ∼ ft(xt | x̃(i)

t−1).

Compute weight ω̃(i)
t ∝ gt(yt | x̃(i)

t ).

Selection:
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SelectN particles(x(i)
t )i=1,...,N from (x̃(i)

t )i=1,...,N (with replacement) accord-
ing to the normalized weights

ω(i) :=
ω̃(i)

t

∑N
j=1 ω̃( j)

t

.

For i = 1, . . . ,N:

Assign x̃(i)← x(i).

Set the weights ω̃(i)
t ← 1/N.

In general the choice of the transition density as proposal density is not good, because it does
not use any information about the observations.

Fixed importance function The simplest choice is the use of a fixed importance function

qt(xt |xt−1,yt) = q(xt),

neither depending on the trajectories nor on the observations. This leads to a rather poor
performance of the algorithm.

Auxiliary particle filter (APF)

A variant of the SISR algorithm is obtained if one tries to select the particles in such a way as
to favour particles which are more likely to survive in thenext time step, thus looking more
ahead as in the selection step of the usual particle filter (cf. Cappé et al. [2007]). This idea was
first used by Pitt and Shephard [1999], and their algorithm was based on auxiliary variables,
hence the name Auxiliary Particle Filter for their approach. The presentation here is based on
Cappé et al. [2007] which avoids the use of auxiliary variables.

One now considers the joint proposal distribution for the entire path of the new particlesx(i)
0:t

which splits as before,

q0:t(dx0:t |y1:t) := q0:t−1(dx0:t−1 |y1:t−1)qt(dxt |xt−1,yt),

but where the marginal proposalq0:t−1(dx0:t−1 |y1:t−1) is given as

q0:t−1(dx0:t−1 |y1:t−1)

(
N

∑
i=1

v(i)
t−1δ

x(i)
0:t−1

(dx0:t−1)

)

with ∑N
i=1v(i)

t−1 = 1 andv(i)
i−1 > 0. The marginal proposal is now constructed to depend explic-

itly on the observations up to timet to allow adaptation of the proposal to the observationyt .
This part of the proposal is a discrete distribution with support being the old particle paths

(x(i)
0:t−1), but now with probability massv(i)

t−1. This weights may be data dependent with the
aim to preselect particles that are a good fit to the new data point yt . Pitt and Shephard [1999]
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suggest to take a point estimateµ(i)
t of the state, say the mode or mean offt(xt |x(i)

t−1), and
computing the weights as the likelihood evaluated at this point:

v(i)
t−1 ∝ gt(yt |µ(i)

t ),

or, if the particles are weighted, to choose

v(i)
t−1 ∝ ω(i)

t−1gt(yt |µ(i)
t ).

Using this proposal mechanism, the importance ratio between the joint smoothing distribution
and the full path proposalq is given by

ω̃(i)
t ∝

ω(i)
t−1

v(i)
t−1

×
ft(x̃

(i)
t | x̃

(i)
t−1)gt(yt | x̃(i)

t )

qt(x̃
(i)
t | x̃

(i)
t−1,yt)p(yt |y0:t−1)

for i = 1, . . . ,N. The ratioω(i)
t−1/v(i)

t−1 is known as thefirst stage weight. In the original
algorithm, there was an additional resampling step. However this is unnecessary and increases
the Monte Carlo variance. TheAuxiliary Particle Filter (APF) is then given as follows (Cappé
et al. [2007]):

• Initialization:

For i = 1, . . . ,N:

Draw x̃(i)
0 ∼ f0(x0).

Compute the weights ω̃(i)
0 =

f0(x̃
(i)
0 )

q0(x̃
(i)
0 )

.

Normalize weights:

For i = 1, . . . ,N:

ω(i)
0 := ω̃(i)

0 /
N

∑
j=1

ω̃( j)
0 .

• Iteration:

For t = 1, . . . ,T:

Selection:

SelectN particle indicesj i ∈
{

1, . . . ,N
}

according to weights(v(i)
t−1)1≤i≤N

For i = 1, . . . ,N:

Assign x(i)← x̃( j i).

Set the first stage weights u(i)
t−1 := ω( j i)

t−1/v( j i)
t−1.

Importance Sampling:

For i = 1, . . . ,N:
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Propagate particle ˜x(i)
t ∼ qt(xt | x̃(i)

t−1,yt).

Compute weight ω̃(i)
t ∝ u(i)

t−1×
ft(x̃

(i)
t | x̃

(i)
t−1)gt(yt | x̃(i)

t )

qt(x̃
(i)
t | x̃

(i)
t−1,yt)p(yt |y0:t−1)

.

Normalize weights:

For i = 1, . . . ,N:

ω(i)
t := ω̃(i)

t /
N

∑
j=1

ω̃( j)
t .

Convergence results of the APF and a comparison to SISR (which is not always in favour of
the APF) can be found in Johansen and Doucet [2007].

Usage of model structure via Rao-Blackwellisation

Following Doucet et al. [2000], we assume now that the statesxt can be decomposed into
(x1

t ,x
2
t ) such that the componentx2 can be marginalized out analytically, and such that for any

functionh the expectationE[h] can be written in the marginalized form

h̄ := E[h] =

∫
J(x1

0:t)p(x1
0:t)dx1

0:t∫
[p(y1:t |x1

0:t ,x
2
0:t)p(x2

0:t |x1
0:t)dx2

0:t1]p(x1
0:t)dx1

0:t

=

∫
J(x1

0:t)p(x1
0:t)dx1

0:t∫
p(y1:t |x1

0:t)p(x1
0:t)dx1

0:t

with
J(x1

0:t) :=
∫

h(x1
0:t ,x

2
0:t)p(y1:t |x1

0:t ,x
2
0:t)p(x2

0:t |x1
0:t)dx2

0:t .

Under the assumption that conditional upon a realization ofx1
0:t , bothJ(x1

0:t) andp(y1:t |x1
0:t)

can be evaluated analytically, an estimateˆ̄h of h̄ := E[h] can be computed as follows:

ˆ̄h :=
∑N

i=1J(x1,(i)
0:t )ω̃(x1,(i)

0:t )

∑N
j=1 ω̃(x1,(i)

0:t )

with

ω̃(x1,(i)
0:t ) :=

p(x1,(i)
0:t |y1:t)

q(x1,(i)
0:t |y1:t)

.

This technique is calledRao-Blackwellisation(see Casella and Robert [1996] for a general
discussion). Via variance decomposition, one can show thatthe variances of the importance
weights obtained by Rao-Blackwellisation are smaller thanthose obtained using the direct
Monte Carlo methods, see e.g. McEachern et al. [1999]. An example is given with partial
Gaussian models (see e.g. Doucet et al. [2000]):

Example: Consider the model given by

x1
t ∼ p(x1

t |x1
t−1)

x2
t = At(x

1
t )x

2
t−1+Bt(x

1
t )vt , vt ∼N (0, I)

y2
t = Ct(x

1
t )x

2
t +Dt(x

1
t )wt , wt ∼N (0, I)

204



i i ii

i i ii

3.6 State space systems and recursive computations

(with suitable identity matricesI ) then, conditional onx1
t , the model based on statesx2

t is a
linear Gaussian state space model, and the Rao-Blackwellisation method can be realized using
the Kalman filter.

Similar is the case if conditioned onx1
t , the model with statesx2

t is finite. Rao-Blackwelli-
sation is then done using the discrete filters.

Particle filters with rejection sampling

Instead of using importance sampling in the SMC methods, onecould use the accept-reject
method (Künsch [2005]). A straightforward approach is: Propose from

1
N

N

∑
i=1

ft(xt |x(i)
t−1)

and accept with probability
gt(yt |xt)

supxgt(yt |x)
.

SMC in combination with MCMC

It has been suggested to combine SMC methods with MCMC, e.g. by applying some Gibbs
or Metropolis-Hastings transitions to the particles before or after the selection step, especially
to avoid the problems encountered with smoothing and fixed parameter estimation, see e.g.
Gilks and Berzuini [2001], Berzuini and Gilks [2001], McEachern et al. [1999], Godsill and
Clapp [2001], Fearnhead [2002] and Khan et al. [2005]. This at the first sight appealing idea
is computationally expensive and theoretically not founded.

Approximate likelihood

We follow again Cappé et al. [2007] and Doucet et al. [2000]. An approximate likelihood can
be abtained from the decomposition

p(y1:t) =
t

∏
s=1

p(ys|y1:s−1)

through

p(ys|y1:s−1)≈
N

∑
i=1

gs(ys| x̃(i)
s )ω(i)

s

where the samples(x̃(i)
t ) are obtained using a one-step ahead prediction based on the filter

particles (this is the propagation step in the particle filter), and theωs are the normalized
importance weights.
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Smoother approximation

We already mentioned the degeneracy problem of the smoothing densities caused by the re-
sampling step. There are mainly two approaches for improving the smoother samples:

• Additional MCMC steps, and

• Recomputation of weights by backward filtering.

In the case of additional MCMC steps, the complexity is quadratic in the number of time steps.
As mentioned, SMC methods with MCMC transitions are also problematic from a theoretical
point of view.

One of the proposed backward formulas is the following (see Doucet et al. [2000]): Let

(x̃(i)
0:t , ω̃

(i)
0:t ) be the particles obtained from forward filtering. We then compute new importance

weightsω̃(i)
s|t for the approximation of the smoothing distributionp(xs|y1:t) as follows:

Initialization at times= t:

• For i = 1, . . . ,N: Setω̃(i)
t |t := ω̃(i)

t .

Fors= t−1, . . . ,0:

• For i = 1, . . . ,N: Set

ω̃(i)
s|t :=

N

∑
j=1

ω̃( j)
s+1|t

ω̃(i)
s p(x̃( j)

s+1 | x̃
(i)
s )

∑N
l=1 ω̃(l)

s p(x̃( j)
s+1 | x̃

(l)
s )

.

The empirical density obtained from the particles(x̃(i)
t , ω̃(i)

s|t) approximates then the marginal

smoothing densityp(xs|y1:t). It should be noted that the support points ˜x(i)
t remain unchanged,

such that the degeneracy problem is not really solved. If thealgorithm is running until time
T, the memory requirement isO(TN) and the computational complexity isO(TN2) which is
quite sever when the numberN of particles is high.

Parameter estimation

Maximum likelihood estimation For an approximate ML estimator, the likelihood at
many valuesθ is needed. Running independent particle filters for manyθ ’s is computationally
demanding and leads to a non-smooth likelihood. If one wantsto use the EM algorithm, one
could try to compute a smooth approximation of the log-likelihood, or to use a stochastic
version of the EM algorithm, see Künsch [2001].

Nevertheless, in the sequential setting, computing a new MLestimatorθ̂ each time a new
observation is available, is not feasible. Needed is an update formula forθ̂t+1 given θ̂t and
yt+1 (and some other statistics). For this recursive estimationalmost all proposals rely not
only on the filtering densitiespt |1:t but also on the derivative ofpt |1:t with respect toθ , the
tangent filter, see e.g. Cérou et al. [2000] and Doucet and Tadić [2003].
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Bayesian estimation The simplest approach for Bayesian estimation is to includethe pa-
rameterθ into the states, with trivial evolution:

θ ≡ const. i.e. θt+1 = θt .

As already mentioned, the problem is the sample depletion:(θ (i)
t+1) is a subsample of(θ (i)

t ),
and thus after a few resampling steps, only one value of the original sample survives. Possible
solutions are:

• Use additional MCMC steps.

• Introduce jittering by adding some noise with small variance to theθ (i)
t+1’s. To compen-

sate for the added variance, theθ (i)
t+1’s should be shrunk towards their means. The choice

of the spread of jitter is difficult. It should decrease for consistent estimation. There is
also a principal problem with this approach because the original model is changed.
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4 Signal processing, representation

and approximation: Wavelets

The concept of the decomposition of a complex system into simpler systems, called atoms, has
already been mentioned in earlier chapters: the approximation of a global nonlinear differen-
tiable model by local linear models with local model networks, or the continuous superposition
of hysterons for building the Preisach hysteresis are examples of such atomic decompositions.
There is an obvious difference: Whereas in the case of the Preisach model, the superposi-
tion of hysterons gives the “true” model, the case of local model networks is usually seen as
approximation to the true model. But, as is usually assumed,the approximation to the true
model is the better the more local models we include into the local model network. We may
formulate the difference in the following way: whereas the Preisach hysteresis isrepresented
by the atomic decomposition into hysterons, the nonlinear model isapproximatedby the local
model network. Of course, the two notions are strongly connected: If we pick outN points
on the Preisach plane(αk,βk) and choose appropriate Dirac distributionswkδk := wkδ(αk,βk),
k = 1, . . . ,N, such that

µ ≈
N

∑
k=1

wkδk,

we have theapproximation

Γµ =
∫

Γα,β dµ ≈
N

∑
k=1

wkΓαk,βk,

and, vice versa, if in the case of local model networks we let the number of local models go to
infinity, we may get arepresentation

∞

∑
k=1

wkΓk

of the true nonlinear model. Thus, representations lead to approximations and vice versa.
To make things clear: In the case of the local model networks,we indeed use the decom-

position for approximation, at least indirectly, see chapter 1. In contrast, in the case of the
Preisach model, we didnot use the decomposition for the approximation given in chapter 2
which was the basis for the variant of the LOLIMOT algorithm we presented there (neverthe-
less, the lookup-table approach mentioned in section 2.2.3does exactly this, with an additional
linear interpolation step). Instead, we used afurther decomposition of the primitive function
F which in turn is derived from the Preisach measureµ. Note thatµ is the weight in the first
decomposition.
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Returning to the local model networks, we do not directly approximate the differentiable
global model by linear local models. We actually approximate the nonlinear output map

η(x(t))

where
x(t) =

(
u(t),u(t−1), . . . ,u(t−nu),y(t−1), . . . ,y(t−ny)

)⊤

in the case of NARX models or

x(t) =
(
u(t),u(t−1), . . . ,u(t−nu), ŷ(t−1), . . . , ŷ(t−ny)

)⊤

in the case of NOE models (see chapter 1).
Thus, in both cases, Preisach hysteresis and local model networks, we found that the de-

scription of the systems can be reduced to the description ofsome characteristic function
which has to be approximated: In the case of the Preisach hysteresis, this characteristic func-
tion is the primitive functionF, and in the case of local model networks, it is the output
function η. We need a representation (or approximation) for (multi-dimensional) real func-
tions. The original local model networks (and the LOLIMOT algorithm) use superpositions
of linear functions weighted by normalized Gaussian functions. We proposed to replace the
Gaussian weight functions by decision tree based weight functions to get more flexibility (see
chapter 1). In chapter 5 we want to replace the product of weight functions and linear functions
by wavelet (or wavelet packet) bases and their corresponding coefficients.

The theory which investigates the possibilities and properties of function approximation is
(Constructive) Approximation Theory. The aim is the approximation of a complicated func-
tion by simpler functions, called approximants. If these approximants come from a linear
space, the resulting approximation is called linear approximation, otherwise we are concerned
with nonlinear approximation. One should not misunderstand the term “nonlinear”: it has no
connection with the same term used in “nonlinear system”, nor does “linear approximation”
mean that the approximated function or the approximants itself are linear functions. In both
cases, linear and nonlinear approximation, the approximated function as well as the approxi-
mants are generally nonlinear as functions. Only the set of all approximants (of some given
approximation level) forms a linear space in the case of linear approximation. In the case of
nonlinear approximation, they do not, i.e. the sum of two approximants of a given level does
not need to be an approximant of the same level.

An important case of nonlinear approximation isn-term approximation: Choose the approx-
imants as a sum ofn terms such that approximation is best. Candidates are free-knot splines
and wavelet bases expansions. We will see that in the case of multi-dimensional functions
wavelets are to be preferred.

A step further goes the so-called highly nonlinear approximation. Wavelet packets and
approximation from libraries fall in this category. The latter subsumes also neural networks
and the approximants consisting of products of normalized Gaussian (or decision tree based)
weight functions and linear functions used in the local model networks.

Whereas then-term approximation with wavelets (or wavelet packets) is well-understood
and leads to interesting connections betweenn-term approximation, thresholding procedures,
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smoothness spaces and sparsity properties of the wavelet coefficients, few is known about the
highly non-linear approximations. This is one reason why wewant to use wavelets.

Another reason is the successful combination of wavelet andBayes methods: By putting
suitable priors on the wavelet coefficients and by applying suitable loss functions, certain
wavelet coefficients of a real signal are set to zero, which results in a kind of regularized
approximated signal. This procedure has been used for e.g. denoising of images and audio
signals. We will use similar ideas for our identification procedure in chapter 5.

Overview The first section is devoted to wavelets in general as well as to the continuous
and discrete wavelet transforms, and multiresolution analysis. Nonlinear approximation and
the deep connections between approximation, interpolation and smoothness spaces will be
presented next, followed by a short overview of highly nonlinear approximation and greedy
algorithms. We proceed with procedures for denoising. We then present some existing ex-
amples where wavelets are used in nonparametric identification of nonlinear systems. An
analogue to the multiresolution analysis for functions in the case of linear systems will be
shortly mentioned in the last subsection.

Contributions Like the previous chapter, this chapter also combines topics found in several
places in the literature, eventually leading, together with the topics presented in the previous
chapters, to our new model in chapter 5.

4.1 Wavelets

4.1.1 Signal analysis

Signals We adopt the “working definition” of Jaffard et al. [2001]:Signalsare sequences of
numbers, typically coming from measurements (this includes of course hidden signals which
are practically not measurable). One then may think of thesesignals as functions of time
like originating from music or speech, or functions of position. It is equally important to
consider two-dimensional signals e.g. stemming from images, where a function valuef (x,y)
is assigned to each grey-scale value,x andy being the coordinates of the position. Signal
processing is then the task to code or transform these signals in a suitable way, where different
aims lead to similar techniques: transferring of signals over noisy communication channels,
compression of signals to reduce the amount of neccessary memory for storage, restoration of
signals which are observed from noisy measurements, or, as is our case, for finding a model for
some observed signals. Modelling may thus be seen as a kind ofdata reduction. In all cases,
the signals have to be analyzed and transformed in a way such that important information may
be separated from neglectable or even unwanted information.

The right representation Signal analysis thus serves to the following task: to represent
a signal in a way as to make “explicit certain entities or types of information” (David Marr,
cited in Jaffard et al. [2001]). To reveal these sought informations, representations of signals
are often given by atomic decompositions; different atoms are possible, and thus different
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representations. One has to choose suitable atoms. These atoms are often given by certaintest
functions with which the signal is folded. The test functions show in purety exactly this kind
of information one is interested in.

Thus, which analysis is suited for which signals? Jaffard etal. [2001] for example distin-
guish between three kinds of signals and corresponding testsignals. An overview over these
analyses for different kinds of signals is shown in table 4.1.

Signals Analysis Typical test signal

Stationary Fourier

Quasi-stationary Time-frequency wavelets

Some transient Time-scale wavelets

Table 4.1: Signals and preferred analysis

Phase space and Heisenberg’s uncertainties The most known and oldest one of these
techniques is surely the Fourier transform. It is best suited for stationary signals and de-
composes the signal into a linear combination of (sine and cosine) waves (for definition and
properties of the Fourier transformF see the appendix).

The Fourier transformed function̂f of a function (signal)f ∈ L2(R) reveals information on
the frequency distribution off : the valuef̂ (ω) corresponds to the amplitude of the frequency
ω on the global functionf . There is no information on local properties off . Sometimes one
would like to have information on the frequency distribution at each timet, i.e. one would
like to assign tof a function(D f )(t,ω) for each timet and each frequencyω which reveals
information on how much the frequencyω is contained in the signalf at time t. The set
of all pairs (t,ω), t,ω ∈ R, is called thephase space, andD f is called thephase space
representationof f (see Louis et al. [1994]). Ifgt0,ω0 is a function which is “concentrated” or
“localized” att0 in the time domain and atω0 in the frequency domain (i.e. regardingf̂ ), then
such a phase space representation is given by

(D f )(t0,ω0) := 〈gt0,ω0, f 〉L2(R).

We define “localization” as follows (following Louis et al. [1994]):

Definition 4.1: Let g∈ L2(R) with ‖g‖L2(R) = 1 and

−∞ < t0 :=
∫

R

t|g(t)|2dt < ∞,

−∞ < ω0 :=
∫

R

ω|ĝ(ω)|2dω < ∞.
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Then we say that g islocalized at the timet0 with uncertainty
∫

R

(t− t0)
2|g(t)|2dt,

g is localized at the frequencyω0 with uncertainty
∫

R

(ω−ω0)
2|ĝ(ω)|2dω,

and g islocalized at the phase point(t0,ω0) with uncertainty

∫

R

(t− t0)
2|g(t)|2dt

∫

R

(ω−ω0)
2|ĝ(ω)|2dω.

Thus,t0 is the mean value of the function|g|2 and the uncertainty is nothing else but the
variance, analogously forω0 and|ĝ|2.

We would like the functiongt0,ω0 to be localized at the phase point(t0,ω0) with uncertainty
0. That this is not achievable is the content of theHeisenberg uncertainty principle(see again
e.g. Louis et al. [1994]):

Theorem 4.1(Heisenberg uncertainty principle): Let g∈ L2(R) with ‖g‖L2(R) = 1. Then the
uncertainty at an arbitrary phase point(t0,ω0) is never less than1/4, i.e.

∫

R

(t− t0)
2|g(t)|2dt

∫

R

(ω−ω0)
2|ĝ(ω)|2dω ≥ 1/4

for all t0,ω0 ∈R.

The best possible localization in the time domain att0 is attained by the Dirac measure
δ (·− t0), the best localization in the frequency domain atω0 is attained bye−iω0·. But neither
of them is a phase space localization, because they do not localize in the respective comple-
mentary domain. The function with minimal uncertainty at(t0,ω0) is

gt0,ω0(t) := π−1/4e−iω0te−(t−t0)2/2.

Here, the uncertainty is indeed 1/4. This is the reason why Gabor introduced the windowed
Fourier transform.

Time-frequency wavelets Thewindowed Fourier transformor Gabor transformG in-
troduced by Gabor in 1946 is the first example of a time-frequency wavelet:

(G f )(s,ξ ) :=
∫ +∞

−∞
f (t)gs(t)e

−it ·ξ dt

where
gs(t) := g(t−s)
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is the window translated bys. The domain of the transformed signal is two-dimensional:
Thes-axis denotes time, theξ -axis denotes frequency. The window is often chosen to be the
Gaussian function

g(t) :=
1√
2πσ

exp

(
− t2

2σ2

)

with fixedσ > 0. It was expected that every function inL2(R) can be decomposed with Gabor
wavelets as atoms. But the Balian-Low theorem (Balian [1981] and Low [1985]) shows that
this is not the case, and that this negative result is valid for any smooth, well-localized function
g.

Malvar-Wilson wavelets More recently, Henrique Malvar and Kenneth Wilson discov-
ered time-frequency wavelets with good algorithmic properties, particularly suited for coding
speech and music. The Gabor transform uses windows of a fixed size. One main difference
to this is that in the case of the Malvar-Wilson wavelets windows with variable sizes are used.
Following Jaffard et al. [2001], we begin with an arbitrary partition of the real line into inter-
vals[a j ,a j+1], j ∈Z with

· · ·< a−2 < a−1 < a0 < a1 < a2 < · · ·

and
lim

j→+∞
a j = +∞, lim

j→−∞
a j =−∞.

If l j := a j+1−a j denotes the length of the interval[a j ,a j+1], let α j > 0 be positive numbers
small enough such that

l j ≥ α j +α j+1 for all j ∈Z.

The windowsw j are essentially characteristic functions of the intervals[a j ,a j+1] which over-
lap in the disjoint intervals(a j−α j ,a j +α j). We impose on thew j ’s the following conditions:

• 0≤w j(t)≤ 1 for all t ∈R,

• w j(t) = 1 if a j +α j ≤ t ≤ a j+1−α j+1,

• w j(t) = 0 if t ≤ a j −α j or t ≥ a j+1 +α j+1,

• w2
j (a j + τ)+w2

j (a j − τ) = 1 if |τ| ≤ α j ,

• w j−1(a j + τ) = w j(a j − τ) if |τ| ≤ α j .

The windowsw j can be chosen to be infinitely often differentiable, and we have:

+∞

∑
j=−∞

w2
j (t) = 1 for all t ∈R.

The Malvar-Wilson wavelets appear in two forms. The first is given by

u j ,k :=

√
2
l j

w j(t)cos

[
π
l j

(
k+

1
2

)
(t−a j)

]
for j ∈Z, k∈N.
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The second form alternates between cosines and sines according to whetherj is even or odd:

u j ,k :=





√
2
l j

w j(t)cos
[

kπ
l j

(t−a j)
]

for j ∈ 2Z, k = 1,2, . . . ,
√

2
l j

w j(t) for j ∈ 2Z, k = 0,
√

2
l j

w j(t)sin
[

kπ
l j

(t−a j)
]

for j ∈ 2Z+1, k = 1,2, . . . .

In both cases, the functionsu j ,k, j ∈Z, k∈N, constitute an orthonormal basis forL2(R).

Musical notation The Malvar-Wilson wavelets show close similarities to musical notation:
musical notation shows duration in timeand frequency. A translation from a given score into
an acoustic signal is relatively easy (we are not talking about music!). The opposite way,
the construction of time-frequency wavelets only from the given signal is difficult due to the
Heisenberg uncertainty principle. The decomposition of a signal in an orthonormal basis of
Malvar-Wilson wavelets imitates writing music using a musical score (see figure 4.1). But
in contrast to a musical score, there are infinitely many waysto decompose a signal into
orthonormal bases of Malvar-Wilson wavelets (see Jaffard et al. [2001]): One first chooses a
segmentation of the signal and then uses a traditional Fourier analysis on the delimited pieces.
One again has to use prior knowledge, e.g. that tones have a minimal duration in time and
occur only in prescribed frequencies (harmonics).

Time – frequency – scale The third kind of signal analysis is based on the time-scale
wavelets. Here, the theory is much more complete than in the case of time-frequency wavelets,
and fast and easy algorithms exist. In the case of time-scalewavelets, the resolution in fre-
quencies is replaced by the resolution in scales: One looks at a given function (signal, image)
f as through different looking glasses and decomposesf successively into a coarse part and
finer and finer details. The disadvantage of time-scale wavelets is that they are not able to
detect periodicity, e.g. frequencies iff is an acoustic signal, or patterns iff is an image. To
overcome this deficiency, the wavelet packets have been introduced. These can be seen as an
alternative to Malvar-Wilson wavelets. We will describe time-scale wavelets and and wavelet
packets in more detail in the following sections. In the sequel, we will often drop the term
“time-scale” and speak simply of “wavelets”.

4.1.2 Time-scale wavelets

History of time-scale wavelets We follow here Jaffard et al. [2001] and DeVore [1998].
The first orthonormal (time-scale) wavelet basis is the Haarbasis, constructed by A. Haar in
1910. The Haar wavelet for the Hilbert spaceL2(R) is defined as

H(x) :=





1 if x∈ [0,1/2),
−1 if x∈ [1/2,1),

0 else,

and the Haar Basis is obtained through translations and dilations of this functionH. Another
basis was constructed by Walsh in 1923, which now can be seen as wavelet packet basis. The
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Variation 2
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Figure 4.1: An example of time-frequency wavelets: Time is on thex-axis, frequency on the
y-axis (excerpt from: Tupperwaliationen (2006/2007), composed by Anne Fuchs
(with permission of the composer; all rights are with her)
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development into wavelet theory came then from several disciplines: spline approximation
theory, signal and image processing and harmonic analysis.The notion “wavelet” was intro-
duced by J. Morlet and A. Grossmann in 1982. In the year 1985, Yves Meyer constructed
wavelet bases with good smoothness properties. He also was very important in the develop-
ment of the foundations of wavelet theory. During the same time, S. Mallat and Y. Meyer
created the multiresolution analysis, an essential tool for the construction of wavelets (see
Mallat [1989]). Ancestors to multilevel decomposition were

• multigrid methods in numerical computation,

• box splines in approximation theory, and

• Littlewood-Paley theory in harmonic analysis.

A great impetus came also from the discovery of the first orthogonal wavelet basis with ar-
bitrarily smooth functions of compact support constructedby Ingrid Daubechies in 1987 (see
Daubechies [1988]).

Good properties for wavelets The property of the Daubechies wavelets to have com-
pact support is important for the good localization in time of the corresponding bases: Small
changes in the signal result in small changes in only a few wavelet coefficients. Apart from
the properties of orthogonality and compact support, a third property is of interest: that the
wavelets have a sufficient number of vanishing moments. A function ψ ∈ L1(R) is said to
havem vanishing momentsor to be oforderm if

∫ ∞

−∞
xkψ(x)dx= 0 for all k = 0, . . . ,m−1,

which particularly induces for the derivativeŝψ(k) := dkψ̂/dωk of the Fourier transformed
functionψ̂ , that :

ψ̂(k)(0) = 0 for k = 0, . . . ,m−1

holds. If the waveletψ has enough vanishing moments, then the wavelet coefficientsare small
in these regions where the function to be analysed is smooth.Where the function shows large
changes or jumps, the wavelet coefficients are large. We shortly mention that for a function
ψ ∈ L1(R) with compact support, the following equivalence is valid:

∫

R

xkψ(x)dx= 0 for all k∈N

if and only if ψ ≡ 0. Thus, wavelets with compact support are of finite order (see e.g. Louis
et al. [1994]).

4.1.3 The continuous wavelet transform

The continuous wavelet transform gives a theoretical basiswhere methods for practical ap-
plications like discrete wavelet transform or multiresolution analysis can be built upon. The
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continuous wavelet transform establishes operators whichtransformL2(R) isometrically (but
not surjectively!) into the function space

L2
(
R>0×R,db

da
a2

)
.

Here, a different measure than the Lebesgue measure is used in thea-variable. The continuous
wavelet transform can also be formulated for thed-dimensional case where the functions come
from L2(Rd), with d > 1. But we nevertheless restrict ourselves to the one-dimensional case
d = 1. Higher dimensions will be considered later in the more application relevant situations.
For this later use, we formulate the following admissibility condition for general dimensions
d≥ 1. We follow mainly Louis et al. [1994].

Definition 4.2 (Wavelets): A functionψ ∈ L2(Rd) which fulfills theadmissibility condition

0 < 2π
∫

R

|ψ̂(tξ )|2dt
|t| =: Cψ < +∞ for almost allξ ∈R

d

is called a(time-scale) wavelet.

The Continuous Wavelet Transform (CWT) in dimensiond = 1 is then defined with respect
to a given waveletψ:

Definition 4.3 (Continuous Wavelet Transform (CWT)): Let ψ ∈ L2(R) be a wavelet. The
wavelet transformed functionWψ f of a function f∈ L2(R) to the waveletψ is given by

(Wψ f )(a,b) =
1√
Cψ
|a|−1/2

∫

R

f (x)ψ
(

x−b
a

)
dx for all a> 0, b∈R.

The operator

Wψ : L2(R)−→ L2
(
R>0×R,db

da
a2

)

is called thecontinuous wavelet transform (CWT)with respect to the waveletψ.

It is possible to choose‖ψ‖= 1 orCψ = 1, but not necessarily both simultaneously. For a
given waveletψ, the so-calledmother wavelet, we define the translated and dilated versions
ψa,b ∈ L2(R) of ψ by

ψ(a,b)(x) :=
1√
a

ψ
(x−b

a

)
, a > 0,b∈R.

Then the mapping(a,b) 7→ ψ(a,b) is continuous fromR>0×R to L2(R). The normalization
1/
√

a is chosen such that‖ψ(a,b)‖2 = ‖ψ‖2. If we work in otherLp spaces, different nor-
malizations may be better suited; we return to this topic later. With the translated and dilated
waveletsψ(a,b), the continuous wavelet transformWψ can be written in the following form:

(Wψ f )(a,b) =
1√
Cψ
〈 f ,ψ(a,b)〉=

1√
Cψ

∫

R

f (x)ψ(a,b)(x)dx for all a > 0, b∈R

where the bar denotes the complex conjugate. From|(Wψ f )(a,b)| ≤ ‖ f‖‖ψ‖ and from the
continuity of(a,b) 7→ ψ(a,b), the continuity of(Wψ f )(a,b) onR>0×R follows.
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Theorem 4.2: The wavelet transform with respect to the waveletψ

Wψ : L2(R)−→ L2
(
R>0×R,db

da
a2

)

is a partial isometry, i.e.

‖Wψ f‖L2(R>0×R,dbda/a2) = ‖ f‖L2(R).

Inversion Let now ϕ be a second wavelet (inL2(Rd)) where the admissibility condition
with Cϕ is fulfilled. Let further be the followingjoint admissibility conditionbe fulfilled:

0 < 2π
∫

R

ψ̂(tξ )ϕ̂(tξ )
dt
|t| = Cψϕ < +∞ for almost allξ ∈R

d.

We then have (again ford = 1):

Theorem 4.3: Let ψ,ϕ ∈ L2(R) be wavelets such that the admissibility conditions with Cψ
and Cϕ and the joint admissibility condition with Cψϕ be fulfilled. Then

CψCϕ〈Wψ f ,Wϕg〉L2(R>0×R,dbda/a2) = Cψϕ〈 f ,g〉L2(R) for all f ,g∈ L2(R).

Inversion formulas

Theorem 4.4(Inversion of continuous wavelet transform): LetWψ be the continuous wavelet
transform to the waveletψ. Then, the adjoint operator

W ∗
ψ : L2

(
R>0×R,db

da
a2

)
−→ L2(R)

where g7→W ∗
ψ g with

(W ∗
ψ g)(x) = C−1/2

ψ

∫

R

∫

R

|a|−1/2ψ
(

x−b
a

)
g(a,b)db

da
a2

inverts the continuous wavelet transformWψ on its range, i.e.

W ∗
ψ Wψ = Id and WψW ∗

ψ = PWψ(L2(R)),

where PWψ(L2(R)) is the orthogonal projection to the range ofWψ .

4.1.4 The discrete wavelet transform

The continuous wavelet transform serves to the right understanding of wavelets. For practical
computations, it is not necessary to knowWψ f at all points(a,b) ∈ (R>0×R) for any given
function f ∈ L2(R). Indeed, there is a large redundancy concerning these values. If one wants
to exactly reproducef from Wψ f , it is enough to knowWψ f on certain discrete points(a,b).
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Wavelet frames Following Louis et al. [1994], we define the grid
{
(a− j

0 ,kb0a− j
0 ) ∈R>0×R

∣∣ j,k∈ Z
}

with a0 > 1, b0 > 0, and for a given waveletψ the corresponding function set

{
ψa0,b0

j ,k (·) := a j/2
0 ψ(a j

0 ·−kb0)
∣∣ j,k∈ Z

}
.

We then define:

Definition 4.4: Let a0 > 1, b0 > 0 andψ ∈ L2(R). We say that the function set

{
ψa0,b0

j ,k (·)
∣∣ j,k∈Z

}

is a wavelet framefor L2(R), if there exist constants A,B > 0 such that

A‖ f‖2L2(R) ≤ ∑
j∈Z

∑
k∈Z
|〈ψa0,b0

j ,k , f 〉L2(R)|2≤ B‖ f‖2L2(R).

We say that the triple(ψ,a0,b0) generatesthe frame. The constants A and B are called the
bounds of the frame. The frame is said to betight if A = B.

The question arises under which conditions the triple(ψ,a0,b0) generates a wavelet frame.
It can be shown that the admissibility condition on the wavelet ψ is necessary (this admissi-
bility condition was not required in the definition). A detailed description of necessary and
sufficient conditions on the triple(ψ,a0,b0) can be found in Louis et al. [1994]. The usual
choice isa0 := 2 andb0 := 1.

To each wavelet frame generated by(ψ,a0,b0), we can assign the operator

T : L2(R)−→ ℓ2(Z2), (T f) j ,k := 〈ψa0,b0
j ,k , f 〉L2(R).

For this operator,
A1/2‖ f‖L2(R) ≤ ‖T f‖ℓ2(Z2) ≤ B1/2‖ f‖L2(R)

holds, andT is thus continuous with

‖T‖ ≤ B1/2,

and continuously invertible on its range,
∥∥T−1

∣∣
T(L2(R))

∥∥≤ A1/2,

i.e. f can be reconstructed from the discrete values

(T f) j ,k =
√

Cψ(Wψ f )(a− j
0 ,kb0a− j

0 ).

One just has to determineT−1. We call the operatorT theDiscrete Wavelet Transform (DWT)
belonging to the triple(ψ,a0,b0), and correspondinglyT−1 the Inverse Discrete Wavelet
Transform (IDWT).
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Dyadic frames As mentioned, the usual choice fora0 andb0 is a0 := 2 andb0 := 1. This
leads to thedyadic wavelet frames:

{
ψ2,1

j ,k (·) := 2 j/2ψ(2 j ·−k)
∣∣ j,k∈ Z

}
.

In this case, we will write shortly

ψ j ,k := ψ2,1
j ,k .

Example: The Haar wavelets Let

H(x) :=





1 if x∈ [0,1/2),
−1 if x∈ [1/2,1),

0 else,

be theHaar function and setψ(x) := H(x). Then

ψ j ,k(x) := 2 j/2ψ(2 jx−k) for j,k∈ Z

builds an orthogonal wavelet basis ofL2(R), called theHaar basis. This is the easiest example
of a wavelet basis. It can be generalized to the Daubechies wavelet bases, which cannot be
given explicitly (except in the case of the Haar wavelet), and which we present after having
introduced the important tool of multiresolution analysis.

Construction of biorthogonal wavelets with compact support The wavelets consid-
ered until now constitute orthonormal bases inL2(R). In some situations it is desirable to relax
the orthogonality to gain more flexibility in the construction of wavelets. Thus, for example,
the Haar wavelet is the only known wavelet that is compactly supported, orthogonal and si-
multaneously symmetric. But the Haar wavelet is non-smooth(not even continuous) and has
only one vanishing moment. While smoother wavelets like higher-order Daubechies wavelets
are preferable in applications, they have the disadvantagenot to be symmetric. Nevertheless,
symmetry often is desirable in applications. Giving up orthogonality, one only requires that
the wavelets form a Riesz basis inL2(R) (see the appendix for definition and properties). In
this case, one calls thembiorthogonal wavelets. The main difference is that with orthogonal
wavelets, direct and inverse transform can be done using thesame wavelet; with biorthogonal
wavelets, one has to use a second (different) wavelet for theinverse transform.

4.1.5 Multiresolution analysis and Fast Wavelet Transform
(FWT)

The discrete wavelet transform is strongly connected with multiresolution analysis. Two oper-
ations are important in multiresolution analysis: shift and dilation. This leads first to the shift
invariant spaces. We follow here DeVore [1998] and Louis et al. [1994].
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Shift invariant spaces If for some dimensiond≥ 1 an arbitrary functionf is defined on
R

d, and if furtherk∈Z
d anda > 0 a real number are given, then call

• f (·−k) the (integer)shift of f by k,

• f (a·) thedilateof f by a.

Let ϕ be a compactly supported function inL2(Rd). Then theprincipal shift invariant (PSI)
spaceV := V(ϕ) generated byϕ is defined to be the closure inL2(R2) of the set of all finite
linear combinations of the shifts ofϕ:

V := V(ϕ) := span
{

ϕ(·−k)
∣∣ k∈Z

d}.

For eachj ≥ 0, the spaceVj := Vj(ϕ) is defined to be the dilate ofV by 2j , i.e. a functionT
is in Vj if and only if T = S(2 j ·) for S∈ V. The spaceVj is invariant under the shiftsk2− j ,
k∈ Zd. Multiresolution adds one essential new ingredient: We require that the spacesVj are
nested, i.e.Vj ⊆ Vj+1. This is equivalent toV0 ⊆V1 which in turn is equivalent to requiring
thatϕ ∈V1.

Multiresolution analysis (MRA)

In the following we give a definition of multiresolution analysis as can be found in Louis et al.
[1994] which is slightly more general than the usual presentations and corresponds toM-filter
banks of the Fast Wavelet Transform (FWT), see later. We needa regular integer matrix
A∈ Zd×d, calleddilation matrix. A real matrixA∈ Rd×d is an integer matrixA∈ Zd×d if
and only if

AZd ⊆Z
d.

ThatA is regular in this case means that the determinant detA (which is inZ) is not zero, i.e.
the map

A : Zd −→ Z
d

is injective. The imageAZ⊆Z is then called a(regular) grid in Z. The usual choice isA= 2
in the one-dimensional cased = 1 andA = diag(2, . . . ,2) in the multi-dimensional case, as we
have chosen it before.

Definition 4.5: A multiresolution analysis (MRA)of L2(Rd) is an increasing sequence of
closed subspaces(Vj) j∈Z of L2(Rd) having the following three properties:

(1)
⋂∞
−∞ =

{
0
}

and
⋃∞
−∞Vj is dense in L2(Rd).

(2) For all functions f∈ L2(Rd) and all integers j∈ Z, f ∈ V0 is equivalent to f(A j ·) ∈Vj

with a regular matrix (calleddilation matrix) A∈Zd×d.

(3) There exists a function (calledscaling function) ϕ ∈V0 such that the sequenceϕ(·−k),
k∈Zd, is a Riesz basis for V0.
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Strang-Fix condition When is a functionϕ a scaling function, i.e. when does it provide
an MRA? Or equivalently, when do the spacesVj = Vj(ϕ) provide approximation, i.e.

dist( f ,Vj)L2(R)→ 0, j→ ∞

for all f ∈ L2(R)?
The approximation properties in an MRA are related to polynomial reproduction which

can be described by the Fourier transformϕ̂ of ϕ (Schoenberg, 1946). Strang & Fix (1973)
used the Fourier transform to describe approximation properties: ϕ satisfies theStrang-Fix
conditionof orderr ∈N if

ϕ̂(0) 6= 0 and D j ϕ̂(2kπ) = 0, k∈Z
d r
{

0
}
, | j|< r.

If ϕ satisfies the Strang-Fix condition of orderr, thenV(ϕ) = V0(ϕ) locally contains all
polynomials of orderr (degree< r).

MRA and wavelets We have a nested sequence
{

0
}
⊆ ·· · ⊆V−2⊆V−1⊆V0⊆V1⊆V2⊆ ·· · ⊆ L2(Rd)

of subspacesVj . Especially,V0 ⊆ V1, and we may consider the orthogonal complementW0

of V0 in V1. One of the main results of wavelet/multiresolution theoryis that the orthogonal
complement ofV0 in V1 is an orthogonal sum of PSI spaces generated by wavelets (seee.g.
Louis et al. [1994]):

Theorem 4.5(Meyer): Let (Vj) j∈Z be an MRA with dilation matrix A, and let M:= detA.
Then there exist M−1 waveletsψ1,ψ2, . . . ,ψM−1 ∈V1 generating an orthonormal basis of the
orthogonal complement of V0 in V1.

In some cases it is not necessary to require orthonormal wavelets, instead one is content if
they build Riesz bases.

We have then an orthogonal decomposition ofV0 into M = |detA| subspaces:

V1 = V0⊕
M−1⊕

i=1

Wi
0

where the subspacesWi
0 are given by

Wi
0 := span

{
ψi(·−k)

∣∣ k∈ Z
d}.

Similar decompositions can be achieved for eachj ∈Z:

Vj+1 = Vj ⊕
M−1⊕

i=1

Wi
j

with
Wi

j := span
{

ψi(A
j ·−k)

∣∣ k∈Z
d}.

The diagram in figure 4.2 summarizes the decompositions of anMRA.
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L2(Rd)
...
↓
V2

...
↓ ց
V1 W1

1 ⊕·· ·⊕WM−1
1

↓ ց
V0 W1

0 ⊕·· ·⊕WM−1
0

↓ ց
...

...
↓{
0
}

Figure 4.2: Decomposition ofL2(Rd) in an MRA

Wavelet basis The MRA provides a decomposition

L2(Rd) =
⊕

j∈Z

M−1⊕

i=1

Wi
j .

Since we have for eachWi
j the Riesz basis

{
M j/2ψi(A

jx−k)
∣∣ k∈Z

d},

we get forL2(Rd) the Riesz basis

{
M j/2ψi(A

jx−k)
∣∣ i ∈

{
1, . . . ,M−1

}
, j ∈ Z,k∈Z

d},

called the correspondingwavelet basis. It is orthonormal if the wavelets are orthonormal in
the sense that they provide orthonormal bases of the spacesWi

0 as in Meyer’s theorem. If we
define the set

D :=
{

1, . . . ,M−1
}
×Z×Z

d,

we can write
ψI (x) = ψi, j ,k(x) = M j/2ψi(A

jx−k),

for I = (i, j,k) ∈ D. Given a functionf ∈ L2(Rd), we thus get a decomposition

f = ∑
I∈D

cI ψI

where the scalarscI = ci, j ,k denote thewavelet coefficients.
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Wavelet filter From the decomposition

V1 = V0⊕W1
0 ⊕·· ·⊕WM−1

0 ,

we find thatϕ,ψ1, . . . ,ψM−1 ∈V1, and since the shiftsϕ(Ax−k), k ∈ Z
d form a Riesz basis

in V1, we get the following scaling equation

ϕ(x) =
√

M ∑
k∈Z

gkϕ(Ax−k)

for the scaling functionϕ with the low pass filter coefficientsgk, and the scaling equations

ψi(x) =
√

M ∑
k∈Z

hi,kϕ(Ax−k)

for the waveletsψi , i = 1, . . . ,M−1, with thehigh pass filter coefficientshi,k.
According to the definition of an MRA, the shiftsϕ(·−k), k∈ Z of the scaling functionϕ

form a Riesz basis forV0. If we further assume that the dual basis with respect to thatRiesz
basis is given by the shifts of a second scaling functionϕ̃ whose dilated spacesVj(ϕ̃) also
form a multiresolution analysis with the same dilation matrix A, then we find further wavelets
ψ̃i , i = 1, . . . ,M−1, and we get

ϕ̃(x) =
√

M ∑
k∈Z

g̃kϕ̃(Ax−k)

as well as
ψ̃i(x) =

√
M ∑

k∈Z
h̃i,kϕ̃(Ax−k).

The dual wavelets̃ψI are biorthogonal to the primal waveletsψI , such that eachf ∈ L2(Rd)
can be written as

f = ∑
I∈D

cI ψI = 〈 f , ψ̃I〉ψI

with wavelet coefficients
cI := 〈 f , ψ̃I 〉,

or, written in another way, ifI = (i, j,k),

ci, j ,k := 〈 f , ψ̃i(A
j ·−k)〉.

If we additionally denote
d j ,k := 〈 f , ϕ̃(A j ·−k)〉

for the coefficients with respect to the dual scaling function ϕ̃ , then it follows immediately
from the scaling equations, that

d j ,k = ∑
l∈Z

g̃l−Akd j+1,l

and
ci, j ,k = ∑

l∈Z
h̃i,l−Akd j+1,l .
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for i = 1, . . . ,M− 1. We call theseM equations thedecomposition filter bankor analysis
filter bank. It transforms the coefficientsd j+1,l from the scalej +1 to the coefficientsd j ,k and
ci, j ,k of the scalej. For the opposite direction from scalej to scalej +1, it follows from the
biorthogonality of the primal und dual scaling function andwavelets that

d j+1,l = ∑
k∈Z

gl−Akd j ,k +
M−1

∑
i=1

∑
k∈Z

hi,l−Akci, j ,k,

called thereconstruction filter bankor synthesis filter bank.
In the special case thatA = M = 2, one can show that forhk := h1,k and h̃k := h̃1,k the

relations
hk = (−1)kg1−k and h̃k = (−1)kg̃1−k

hold.

Wavelet filter and Fast Wavelet Transform (FWT) If we additionally assume that
the scaling functionsϕ and ϕ̃ are compactly supported, then this implies that low and high
pass filter coefficients are nonzero only for finitely many values. This property is important for
implementations because it allows an exact computation with a finite number of operations. In
this case, the algorithm given through the decomposition and reconstruction filter banks works
with complexityO(N) if N is the number of non-zero coefficientsd j+1,l or the sum of the
numbers of non-zero coefficientsd j ,k andci, j ,k, i = 1, . . . ,M−1, respectively. This algorithm
is Mallat’sFast Wavelet Transform (FWT), and faster than the Fast Fourier Transform (FFT)
which is of orderO(N logN) (see e.g. Jaffard et al. [2001]).

Computation of number of coefficients

For implementation issues, we will later need to know how many and which coefficients have
to be stored at some scalej. We consider only the case withA= M = 2, and denote the scaling
and wavelet coefficients of a given functionf at a scalej ∈ Z by d j ,k andc j ,k, respectively,
with k ∈ Z. For notational convenience, we assume also that the wavelets are orthonormal,
such that decomposition and reconstruction filter are equal. Let further be given the filter
coefficients of scaling function and wavelet by(gm)m∈Z and (hm)m∈Z, respectively. If we
assume that scaling function and wavelet have compact support, then the filter coefficients are
almost all zero, only finitely many are non-zero. Letmmin < mmax∈Z be indices such that all
non-zero coefficients are included in

(gm)m∈[mmin,mmax] and (hm)m∈[mmin,mmax].

Decomposition For decomposition, we have the formulas

d j ,k = ∑
l∈Z

gl−2kd j+1,l , c j ,k = ∑
l∈Z

hl−2kd j+1,l .

Assuming thatf has also only finitely many non-zero coefficientsc j+1,l andd j+1,l at scale
j + 1, say forl ∈ [lmin, lmax], then we want to computekmin andkmax such thatd j ,k andc j ,k
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with k∈ [kmin,kmax] include all non-zero coefficients at scalej. Looking at the decomposition
formulas above we recognize that the summands can only be non-zero if both

l −2k∈ [mmin,mmax] and l ∈ [lmin, lmax].

If we setm:= m(k, l) := l−2k then we see that necessarilyl ≡m mod 2. Conversely, we have
k = k(m, l) = l−m

2 wheneverl ≡m mod 2. From this we get

kmin = min
m∈[mmin,mmax]

l∈[lmin,lmax]

k(m, l) =

{ lmin−mmax
2 if lmin≡mmax mod 2,

lmin−mmax+1
2 else,

and

kmax = max
m∈[mmin,mmax]

l∈[lmin,lmax]

k(m, l) =

{ lmax−mmin
2 if lmax≡mmin mod 2,

lmax−mmin−1
2 else.

Reconstruction For reconstruction, we have the formula

c j+1,l = ∑
k∈Z

gl−2kd j ,k + ∑
k∈Z

hl−2kc j ,k.

Assuming now thatf has also only finitely many non-zero coefficientsd j ,k andc j ,k at scale
j, say fork ∈ [kmin,kmax], then we want to computelmin and lmax such thatcl anddl with
l ∈ [lmin, lmax] include all non-zero coefficients at levelj + 1. Looking at the reconstruction
formula above we recognize that the summands can only be non-zero if both

l −2k∈ [mmin,mmax] and k∈ [kmin,kmax].

Setting againm := m(k, l) := l −2k, we havel = l(m,k) = 2k+m. From this we get

lmin = min
m∈[mmin,mmax]
k∈[kmin,kmax]

l(m,k) = 2kmin +mmin

and
lmax = max

m∈[mmin,mmax]
k∈[kmin,kmax]

l(m,k) = 2kmax+mmax.

Daubechies wavelets

Perhaps the wavelets mostly used in applications are Daubechies wavelets (Daubechies, 1992).
They form a family showing the following properties:

• compact support,

• different regularity properties,

• different number of vanishing moments.
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Let A = M = 2. The orthogonal Daubechies wavelets are indexed according to the positive
natural numbersN = 1,2,3, . . ., and are only given through their filter coefficientsgk of their
scaling functionsϕN (where the filter coefficients of the corresponding waveletψN can be eas-
ily computed by the formulahk = (−1)kg1−k). The only exception where an explicit formula
for Daubechies wavelets can be given is the caseN = 1: this is the Haar wavelet. ForN ≥ 1,
the Daubechies scaling functionϕN and waveletψN have the following properties:

• ϕN andψN both have filter lengths 2N (and thus compact support),

• ϕN andψN are 2N-times differentiable, and

• ψN hasN vanishing moments:

∫
xnψN(x)dx= 0, for n = 0, . . . ,N−1.

The filter coefficients of the Daubechies scaling functionϕN are reproduced in table 4.2 (taken
from Louis et al. [1994]).

gk N = 1 N = 2 N = 3 N = 4 N = 5

0 1/
√

2 1−
√

3
4
√

2
0.332671 0.230378 0.160102

1 1/
√

2 1−
√

3
4
√

2
0.806892 0.714847 0.603829

2 1+
√

3
4
√

2
0.459878 0.630881 0.724309

3 1+
√

3
4
√

2
−0.135011 −0.027984 0.138428

4 −0.085441 −0.187035 −0.242295

5 0.035226 0.030841 −0.032245

6 0.032883 0.077571

7 −0.010597 −0.006241

8 −0.012581

9 0.003336

Table 4.2: Filter coefficients of the Daubechies scaling function

A biorthogonal counterpart was developed by Cohen et al. [1992].
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Construction of wavelets in several dimensions

In several dimensionsd≥1, the easiest construction of wavelets is given byseparable wavelets
ψ which are built by products of one-dimensional waveletsψ1, . . . ,ψd:

ψ(x1, . . . ,xd) := ψ1(x1) · · ·ψd(xd).

This construction goes usually via tensor product waveletsand a diagonal dilation matrix
A = diag(2, . . . ,2) (see DeVore [1998]):

• Let ϕ be a univariate scaling function andψ its corresponding wavelet. Define

ψ0 := ϕ, ψ1 := ψ.

Let E′ be the set of the vertices of the unit cube[0,1]d andE the set of the nonzero
vertices. For each vertexe= (e1, . . . ,ed) ∈ E′ define the multivariate function

ψe(x1, . . . ,xd) := ψe1(x1) · · ·ψed(xd)

and defineΨ :=
{

ψe
∣∣ e∈ E

}
. If D is the set of indices

D :=
{
( j,k)

∣∣ j ∈ Z,k∈Z
}
,

then {
ψe

I

∣∣ I ∈ D,e∈ E
}

forms a Riesz basis forL2(Rd), and an orthonormal basis ifψ is an orthogonal wavelet.
Construct the dual basis functions̃ψe

I with ϕ̃ andψ̃ . Then, eachf ∈ L2(Rd) has the
wavelet expansion

f = ∑
I∈D

∑
e∈E

ce
I ( f )ψe

I , ce
I ( f ) := 〈 f , ψ̃e

I 〉.

• Another construction is the following: Take the tensor products of the univariate basis
ψI . This gives the basis

ψR(x1, . . . ,xd) := ψI1(x1) · · ·ψId(xd), R := I1×·· ·× Id

where theR’s are multidimensional parallelepipeds. Thus, the support of ψR corre-
sponds toRand is nonisotropic (can be long in one dimension and short insome other).
This is in contrast to the previous construction.

Wavelets in two dimensions In dimensiond = 2, the tensor product wavelets are given
by

A =

(
2 0
0 2

)

with detA = 4. We are now looking for choices ofA with the minimal valueM := |detA|= 2.
We follow Louis et al. [1994]. Possible gridsΓ := AZd ⊆ Zd are:
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• Row gridΓ =
{
(z1,z2)

⊤ ∈ Z2
∣∣ z2 even

}
,

• Column gridΓ =
{
(z1,z2)

⊤ ∈Z
2
∣∣ z1 even

}
,

• Quincunx gridΓ =
{
(z1,z2)

⊤ ∈Z2
∣∣ z1+z2 even

}
.

All grids can be transformed bijectively into another: the row grid into the column grid by
mirroring on the diagonal; and ifA1 is the dilation matrix generating the column grid, then

A2 := PA1P−1

with

P :=

(
1 1
0 1

)

generates the Qunincunx grid. Thus, it is enough to examine the Qunincunx grid. Points of the
Qunicunx grid are isotropely distributed overL2(R2). The simplest non-equivalent matrices
for this grid are:

R :=

(
1 −1
1 1

)
and S:=

(
1 1
1 −1

)
.

Recall thatD1,D2 ∈ Zd×d are equivalent if there existsP∈ Zd×d with detP = 1 (thenP−1 ∈
Zd×d by Cramer’s rule) such thatD2 = PD1P−1.

Construction of biorthogonal wavelets by lifting To be able to construct wavelet filters
for arbitrary grids, one has also to choose suitable neighbourhoods in the grid. Nevertheless,
the construction of compactly supported biorthogonal wavelets with a prescribed number of
vanishing moments in several dimensions resulted to be difficult when tried on the methods
used for the construction of one-dimensional wavelets. These methods result in algebraic
conditions which are getting very cumbersome in more than three dimensions. Kovačevíc and
Sweldens [2000] proposed a construction avoiding these difficulties. The construction is based
on the so-called lifting scheme (introduced by Sweldens [1996] and Sweldens [1997]) which
also results in a considerable speed-up compared to the usual filter algorithms. With this
construction, multidimensional biorthogonal wavelets for arbitrary dilation matricesA and
suitable neighbourhoods can be constructed and the corresponding FWT results inM-filter
banks withM := |detA|.

The reason why one is looking for alternatives to tensor product wavelets is that the con-
struction via tensor products of one-dimensional waveletsgives a preference to the coordi-
nate axes and only allows for rectangular divisions in the frequency spectrum (Kovačevíc and
Sweldens [2000]). Often symmetry axes and certain nonrectangular divisions of the frequency
spectrum fit better to the applications. Other approaches are either cascade structures or one-
to-multidimensional transformations, which either cannot guarantee vanishing moments or
perfect reconstruction; in approximation theory, box-splines were used as scaling functions,
focussing mostly on low dimensions or separable grids. For further details, see Kovačevíc and
Sweldens [2000].
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Wavelets on other spaces

Wavelets on an interval In many practical situations, the functions involved are defined
only on a compact set, e.g. the interval[0,1]. The application of wavelets in these cases
requires modifications: Cohen et al. [1993] obtained necessary boundary corrections to re-
tain orthonormality. Their wavelets also constitute unconditional bases for Besov and Triebel
spaces on the interval.

Nevertheless: Usually one works instead with periodic functionsg onR (with unit period).
Forperiodic wavelets, the resolution and spatial indices are restricted to

j ≥ 0 and k = 0, . . . ,2 j −1, respectively.

The DWT respectively the FWT then uses the coefficients periodically, i.e.

ci, j ,k1 = ci, j ,k2 if k1≡ k2 mod 2j .

Wavelets on other function spaces Wavelets can serve as unconditional bases for a wide
range of function spaces, e.g. theLp spaces, Besov or Triebel spaces. We will return to this
issue in section 4.2 after the presentation of the intimate connection between approximation
spaces, interpolation spaces, and the connection to the properties of the wavelet coefficients
given by corresponding coefficient spaces.

4.1.6 Wavelet packets

Consider the spaceL 2(Rd) and take a scaling functionϕ and a family of waveletsψi , i =
1, . . . ,M−1, such that a multiresolution analysis(Vj) of L 2(Rd) is provided with the dilation
matrixA∈Zd×d, andM := |detA|. We saw that we could decompose eachVj into orthogonal
spacesVj−1 andWi

j−1, i = 1, . . . ,M−1. If we decompose not only the spacesVj−1 but also the

spacesWi
j−1, we get new bases, called wavelet packet bases. This can be done with the same

filters as used for the spacesVj . We will formalize this as follows:
Let T = (G, r), G = (V,E), be anM-ary rooted tree with a strict enumerationq (see chap-

ter 1). To have simpler notations, we will writeψ0 := ϕ. We denote the scaling and wavelet
filters with (hi,k)k, i = 0, . . . ,M−1, for the primal and with(h̃i,k)k, i = 0, . . . ,M−1, for the
dual filters.

For a given functionη ∈ L2(Rd), we want to construct new functions using the treeT and
the waveletsψi , i = 0, . . . ,M−1.

For decomposition, define for eachη ∈ L2(Rd)

H̃iη := ∑
k∈Zd

h̃i,kη(A ·−k),

und for reconstruction, define for eachηi ∈ L2(Rd), i = 0, . . . ,M−1,

Hη :=
M−1

∑
i=0

∑
k∈Zd

hi,kηi(A ·−k).
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We have thenη = H[H̃0η, . . . , H̃M−1]η andηi = H̃iH[η0, . . . ,ηM−1], i = 0, . . . ,M−1, from
biorthogonality. Thus, for a given functionη, we can associate to each vertexv∈V recursively
a functionηv in the following way:

• Associateηr := η to the rootr.

• Let v be a vertex, letu be one of its children, and leti := qv(u) the corresponding
enumeration; givenηv, we defineηu by

ηu = H̃iηv.

If b= b(v) denotes the associated string to a vertexv of T, we have a one-to-one correspon-
dence of the setV of the vertices and the imageB = b(V). We thus could and will identifyV
andB, which allows us to wirteηb instead ofηv if b = b(v). If we denote the concatenation
of two stringsb = (b1, . . . ,bn) andb′ = (b′1, . . . ,b

′
m) by

bb′ = (b1, . . . ,bn,b
′
1, . . . ,b

′
m),

the rules of decomposition and reconstruction are easily given by

H̃iηb = ηbi and ηb = H[ηb0, . . . ,ηb(M−1)].

Now fix somej0 and setΓ := Vj0. Recursively define the spaces

Γbi := H̃iΓb

for each stringb∈B. If we takeB =
{

00· · ·00
}
∪
{

1,01,001,0001, . . .,00· · ·01
}

, we are in
the situation of the usual MRA decomposition.

If we consider the Riesz basis

γ :=
{

M j0/2ϕ(A j0 ·−k)
}

of Vj0, we get recursively bases

γbi :=
{

H̃iη
∣∣ η ∈ γb

}

as bases of the subspaces
Γbi := spanγbi

such that we have the decompositions of spaces:

Γb =
M−1⊕

i=0

Γbi.

At the leaves of the treeT, we have a collection of bases which together form a Riesz ba-
sis for Vj0. These bases are calledwavelet packet basesfor Vj0. Letting go j0 to +∞, we
get the wavelet packet bases forL2(Rd). These are orthonormal if the wavelets chosen are
orthonormal.

232



i i ii

i i ii

4.1 Wavelets

Haar and Walsh bases as example For the Haar scaling functionϕ = 1[0,1) and the Haar
waveletψ = H, the scaling operators are:

H̃0η := η(2·)+η(2 ·−1), H̃1η := η(2·)−η(2 ·−1).

If we use the foregoing construction with a binary tree, we get in this particular case of the
Haar functions the following special bases:

• The choiceB =
{

00· · ·00
}
∪
{

1,01,001,0001, . . .,00· · ·01
}

leads to the Haar basis.

• If we take a tree of some height which is maximally expanded,we get the Walsh basis.

Figure 4.3 shows the corresponding trees.

0 1

0 1 0 1

0 1 0 1 0 1 0 1

0 1

0 1

0 1

Figure 4.3: Wavelet packet tree leading to Haar basis (left)and Walsh basis (right) (if the
heights go to+∞)

Localization of wavelets and wavelet packets We have defined the localization point
ω0 of a functiong∈ L2(R) in the frequency domain as the mean value of|ĝ|2 (see subsection
4.1.1):

ω0 :=
∫

R

ω|ĝ(ω)|2dω.

For a waveletψ, this definition should be modified, because for the most usual wavelets the
Fourier transformed̂ψ is an even function with a dominant maximum both for positiveand
for negative frequencies (compare to Louis et al. [1994]). Let therefore beψ a wavelet with
‖ψ‖L2 = 1, and let as before

t0 :=
∫

R

t|ψ(t)|2dt.

Furthermore, define

ω+
0 :=

∫ ∞

0
ω|ĝ(ω)|2dω and ω−0 :=

∫ 0

−∞
ω|ĝ(ω)|2dω.

We then say thatψ localizes at(t0,ω±0 ). Without loss of generality (possibly after translation),
we may assume thatt0 = 0. Then

ψa,b(t) :=
1√
a

ψ
( t−b

a

)

localizes at

tab
0 =

1
a

∫

R

t
∣∣∣ψ
( t−b

a

)∣∣∣
2
dt = b
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and

ω±ab
0 = a

∫

0≤±ω<∞
ω|ψ̂(aω)|2dω =

ω±0
a

.

Thus, with(a,b) ∈ R, a 6= 0, the points(tab
0 ,ω±ab

0 ) cover the whole phase space, and one
could use as phase space representation

(Wψ f )(a,b) =: (D f )
(

b,
ω±0
a

)
.

Thus, for fixeda, the function(W f )(a, ·) represents the variations of the frequencies atω±0 /a
over time, whereas for fixedb the function(W f )(·,b) represents the frequency distribution at
time b. But nevertheless, the localization even for wavelet packets is quite poor. We have for
example the following formula (see e.g. [Jaffard et al., 2001]):

limsup
|b|→∞

{
inf

ω∈R

∫ ∞

−∞
(ω−ω±0 )2|γ̂b|2dω

}
= +∞,

i.e. the uncertainty can be arbitrarily large (with the exception of certainγb, hence the limsup).

4.2 Nonlinear approximation

For this section, our main source is [DeVore, 1998].
The fundamental problem of approximation theory is: Resolve a possibly complicated func-

tion, calledtarget function, by simpler, easier to compute functions called the approximants.
Increasing the resolution of the target function can generally only be achieved by increasing
the complexity of the approximants. The understanding of this trade-off between resolution
and complexity is the main goal of constructive approximation.

Thus, the goals of approximation theory and of numerical computation are similar. The
difference between these two topics lies in the informationassumed to be known:

• In approximation theory, one usually assumes that the values of certain simple linear
functionals applied to the target function are known.

• In numerical computation, information comes in a less explicit form, e.g. as a solution
of an integral equation.

It is impossible to understand numerical computation without understanding of constructive
approximation. Developments of constructive approximation and numerical computation fol-
lowed roughly the same line: Early methods used approximation from finite-dimensional lin-
ear spaces, typically spaces of polynomials, both algebraic and trigonometric, until in the late
1950s, there came the development of piecewise polynomialsand splines (and their use in
Finite Element Methods, FEM).

Shortly thereafter, it was noted that some advantage could be gained by not limiting the
approximation to come from linear spaces. In the pioneeringwork of Birman and Solomyak
[1967] on adaptive approximation, no fixed partition for polynomials was used, rather the
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partition was allowed to depend on the target function; however, the number of pieces in the
approximant is controlled. The idea is simple: Use a finer mesh where the target function is not
very smooth, and use a coarser mesh where it is smooth. The problem was how to measure
this smoothness. First, exotic spaces were created, then Petrushev [1988] showed that the
efficiency of nonlinear spline approximation could be characterized (at least in one variable)
by classical smoothness, i.e. Besov spaces. Thus, the advantage of nonlinear approximation
became clear.

During the 1980s, multilevel techniques were developed, consisting in parallel develop-
ments of multigrid theory (for integral and differential equations), wavelets (harmonic analy-
sis and approximation theory) and multiscale filterbanks (image processing). Wavelets were
important on several counts:

• They gave simple and elegant unconditional bases for function spaces (Lebesgue, Hardy,
Sobolev, Besov, Triebel-Lizorkin) that simplified some aspects of Littlewood-Paley the-
ory.

• They provided a good vehicle of core linear operators of harmonic analysis and partial
differential equations (Calderón-Zygmund theory).

• They allowed the solution of functional analytic and statistical extremal problems to be
made directly from wavelet coefficients.

Wavelet theory provides simple and powerful decompositions of the target function into a
series of building blocks. Thus, one can approximate the target function by selecting certain
terms of this series.

• Taking partial sums of this series yields approximation from linear spaces: It was easy
to establish that this form of linear approximation offeredlittle advantage over spline
methods.

• Letting the selection of terms to be chosen from the waveletseries depend on the target
function and keeping control only over the number of the terms to be used: This form
of nonlinear approximation is calledn-term approximation.

n-term approximation was introduced by Schmidt [1907] and much later utilized for multi-
variate splines by Oskolkov [1979].

Most function norms can be described in terms of wavelet coefficients. This simplifies
the characterization of functions with a specified approximation order and makes transparent
strategies for achieving good or bestn-term approximations: It is enough to retain then terms
in the wavelet expansion of the target function that are largest relative to the norm measuring
the error of approximation. Thus, it is enough to threshold the properly normalized wavelet
coefficients. This leads to approximation strategies basedon wavelet shrinkage (Donoho and
Johnstone [1994]). This in turn was used to solve several extremal problems in statistical
estimation, e.g. the recovery of the target function in the presence of noise.

Wavelets are tailor-made for nonlinear approximation and certain numerical computations:

• Computation is fast and simple.
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• Strategies for generating good nonlinear approximation are transparent.

• Wavelets provide unconditional bases for many function spaces and smoothness spaces.

• Thus characterization of approximation is greatly simplified.

• Wavelets generalize readily to several dimensions.

The next step in nonlinear approximation is to try to incorporate the choice of the basis into
the approximation problem. We have a double-stage nonlinear approximation problem:

• Use the target function to choose a good or best basis from a given library of bases, and

• then choose the bestn-term approximation relative to this good basis.

This is a form ofhighly nonlinear approximation. Other examples provide the greedy algo-
rithms and adaptive pursuit for finding ann-term approximation from a redundant set of func-
tions (called dictionary). The understanding of highly nonlinear methods is quite fragmentary.
Describing functions that have a specified rate of approximation remains a challenging prob-
lem.

General notations Constants appearing in equations are simply denoted byC and may
vary at each occurrence, even in the same formula. Sometimesthe parameters on which
constants depend will be indicated:C(p) or C(p,α).

Another notation often used is the following:

A≍ B

which means there are constantsC1,C2 > 0 such that

C1A≤ B≤C2A

whereA andB are two expressions depending on other variables (parameters). If the expres-
sionsAandB denote (semi-)norms, the notation simply means the equivalence of these (semi-)
norms.

4.2.1 Approximation theory

The interplay of three types of spaces shows to be extremely fruitful:

• approximation spaces,

• interpolation spaces, and

• smoothness spaces.

These three topics are intimately connected, giving insight into how to solve the approximation
problem (DeVore [1998]).
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Basic definitions

We follow DeVore [1998]. Be given a normed space(X,‖·‖X) in which approximation takes
place and atarget function f ∈ X which is to be approximated. Further be given spaces
Xn⊆ X, n = 0,1, . . . andapproximantsg∈ Xn. Then theapproximation erroris defined as:

En( f )X := dist( f ,Xn)X := inf
g∈Xn
‖ f −g‖X.

In linear approximation, theXn are vector spaces, and usuallyn is the dimension ofXn. In
nonlinear approximation, theXn can be quite general and do not have to be linear;n relates
to the number of free parameters.

We make the following assumptions:

(i) X0 :=
{

0
}

,

(ii) Xn⊆ Xn+1,

(iii) aXn = Xn, a∈R, a 6= 0,

(iv) Xn+Xn⊆ Xcn for some integer constantc≥ 1 independent ofn,

(v) eachf ∈ X has a best approximation fromXn,

(vi) limn→∞ En( f )X = 0 for all f ∈ X.

The most essential ones are (iii), (iv), (vi), the others aremore made for convenience and
can be eliminated or modified with a similar theory. From (ii)and (vi) it follows thatEn( f )X

decreases monotonically to 0 asn→ ∞.

Running example: Hilbert spaces The concepts of approximation theory are most easily
seen in Hilbert spaces (see DeVore [1998]):

Example: Let H be a separable Hilbert space with inner product〈·, ·〉 and norm‖·‖H and
let ηk, k = 1,2, . . . , be an orthonormal basis.

• Linear approximation: Use linear spaces

Hn := span
{

ηk
∣∣ 1≤ k≤ n

}

to approximate an elementf ∈H . The approximation error is measured by

En( f )H := inf
g∈Hn
‖ f −g‖H .

• n-term approximation: Replace the spacesHn by Σn consisting of all elementsg∈H
that can be expressed by

g∈ ∑
k∈Λ

ckηk
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whereΛ ⊆ N is a set of indices with #Λ ≤ n. The spacesΣn are not linear: A sum
of two elements ofΣn will in general need 2n terms in its representation by theηk. In
this example, we reserve the notationEn for the linear approximation error and denote
the error in the case ofn-term approximation byσn. We thus have theerror of n-term
approximation

σn( f )H := inf
g∈Σn
‖ f −g‖H .

Approximation spaces

We still use DeVore [1998]. The question that arises is: Which functionsf ∈X can be approx-
imated at a given rate likeO(n−α)? We will let A α := A α(X,(Xn)) consist of all functions
f ∈ X for which

En( f )X = O(n−α) n→ ∞.

or, put more concretely,
En( f )X ≤Mn−α , n = 1,2, . . .

for some constantM > 0. We define then

| f |A α(X,(Xn))

as the infimum of all suchM. The goal is to characterizeA α .
Sometimes finer statements about the decrease of the errorEn( f )X are needed: For each

α > 0 and 0< q < ∞ we define theapproximation space

A α
q := A α

q (X,(Xn))

as the set of all functionsf ∈ X such that

| f |A α
q

:=

{ (
∑∞

n=1

[
nαEn( f )X

]q1
n

)1/q
, 0 < q < ∞,

supn≥1nαEn( f )X, q = ∞,

is finite. Further define‖ f‖A α
q

:= | f |A α
q

+‖ f‖X.
Thus, the caseq = ∞ is the spaceA α . Forq < ∞, the requirement for membership inA α

q
gets stronger asq decreases:

A α
q ⊆A α

p , 0 < q < p≤ ∞.

However, all of these spaces correspond to a decrease in error like O(n−α). Because of the
monotonicity of the sequence(En( f )X), we have the equivalence

| f |A α
q
≍
{ (

∑∞
k=0

[
2kαE2k( f )X

]q)1/q
, 0 < q < ∞,

supk≥02kαE2k( f )X, q = ∞,

which is usually more convenient to work with.
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Linear and nonlinear approximation in Hilbert space We come back to the example
of Hilbert spaces (DeVore [1998]):

Example (Hilbert spaces continued): We want to describe the approximation classes in terms
of coefficients of the orthogonal expansion

f =
∞

∑
k=1

〈 f ,ηk〉ηk =
∞

∑
k=1

fkηk

where we set
fk := 〈 f ,ηk〉, k = 1,2, . . . .

• Case of linear approximation: The best approximation tof from Hn is given by the
projection

Pn f :=
n

∑
k=1

fkηk

ontoHn and the approximation error satisfies

En( f )2
H =

∞

∑
k=n+1

| fk|2.

We can characterizeA α in terms of the dyadic sums

Fm :=

(
2m

∑
k=2m−1+1

| fk|2
)1/2

, m= 1,2, . . . .

Indeed: f ∈A α((Hn)) if and only if

Fm≤M2−mα , m= 1,2, . . .

and the smallestM is equivalent to‖ f‖A α((Hn)).

Let us consider a variant ofA α : Let A α
2 ((Hn)) denote the set of allf such that

| f |A α
2 ((Hn)) :=

(
∞

∑
n=1

[nαEn( f )H ]2
1
n

)1/2

is finite. From the monotonicity ofEk( f )H , it follows

| f |A α
2 ((Hn)) ≍

(
∞

∑
k=0

22kαE2k( f )2
H

)1/2

.

The condition for membership inA α
2 is slightly stronger than membership inA α : the

latter requires that the sequence(nαEn) is bounded while the former requires that it is
square summable with weight 1/n. The spaceA α

2 ((Hn)) is characterized by

∞

∑
k=1

k2α | fk|2≤M2

and the smallest suchM is equivalent to| f |A α
2 ((Hn)).
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• Case of nonlinear approximation: We can characterize the spaceA α((Σn)) by using the
rearrangement of the coefficientsfk. Denote byγk( f ) the k-th largest of the numbers
| f j |. Then: f ∈A α((Σn)) if and only if

γn( f )≤Mn−α−1/2

and the infimum of allM is equivalent to| f |A α ((Σn)).

Interpolation spaces

We follow again DeVore [1998]. Given two spacesX andY continuously contained in some
larger space, for which spacesZ is it true that each linear operatorT mappingX andY bound-
edly into themselves automatically mapsZ boundedly into itself? Such spaces are called
interpolation spacesfor the pair(X,Y). The task is to construct and to characterize such
spaces for a given pair(X,Y).

Example (Interpolation spaces for(L1,L∞)):

• The Riesz-Thorin theorem states thatLp, 1< p < ∞ are interpolation spaces.

• The Calderón-Mitjagin theorem characterizes all interpolation spaces for this pair as the
rearrangement-invariant function spaces.

There exist two primary methods for the construction of interpolation spaces: The com-
plex method developed by Calderón [1964] and the real methodof Lions and Peetre (Peetre
[1963]).

Real interpolation We describe only the real method of Lions and Peetre. Let(X,Y) be a
pair of normed linear spaces, and assume thatY is continuously embedded inX, i.e.

Y ⊆ X and ‖·‖X ≤C‖·‖Y.

For anyt > 0, define theK-functional

K( f , t) := K( f , t;X,Y) := inf
g∈Y
‖ f −g‖X + t|g|Y

where‖·‖X is the norm inX and|·|Y is a semi-norm onY or even a quasi-semi-norm, where
the triangle inequality is replaced by

|g1+g2|Y ≤C(|g1|Y + |g2|Y)

with an absolute constantC. TheK-functionalK( f , ·) is defined onR≥0, and monotone and
concave.

Let T be a linear operator which mapsX andY into themselves with a norm bounded byM
in both cases. Then: For anyg∈Y, we have

T f = T( f −g)+Tg
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and therefore

K(T f, t)≤ ‖T( f −g)‖X + t|Tg|Y ≤M(‖ f −g‖X + t|g|Y).

Taking the infimum overg, we get

K(T f, t)≤MK( f , t), t > 0.

For any function norm‖·‖ defined for real valued functions onR≥0 we obtain

‖K(T f, ·)‖ ≤M‖K( f , ·)‖.

The space of functionsf for which‖K( f , ·)‖ is finite will be an interpolation space.

θ ,q-norms The most common choice of the norm‖·‖ used for interpolation are theθ ,q-
norms. They are defined analogous to the norms used for defining approximation spaces: For
0< θ < 1 and 0< q≤∞, the interpolation space(X,Y)θ ,q is defined as the set of all functions
f ∈ X such that theθ ,q-norm

| f |(X,Y)θ ,q
:=

{ (∫ ∞
0

[
t−θ K( f , t)

]q dt
t

)1/q
, 0 < q < ∞,

supt>0 t−θ K( f , t), q = ∞,

is finite. The repeated application of the construction withθ ,q-norms brings nothing new (see
e.g. DeVore [1998]):

Theorem 4.6(Reiteration theorem): Let X′ := (X,Y)θ1,q1 and Y′ := (X,Y)θ2,q2. Then, for all
0 < θ < 1 and0 < q≤ ∞, we have

(X′,Y′)θ ,q = (X,Y)α,q, α := (1−θ)θ1+θθ2.

There is the following simplification of theθ ,q-norm:

1) Using the fact thatY is continuously embedded inX, we obtain an equivalent norm by
taking the integral over[0,1] in the definition of theθ ,q-norm.

2) SinceK( f , ·) is monotone, the integral can be discretized.

This gives:

| f |(X,Y)θ ,q
≍
{ (

∑∞
k=0

[
2kθ K( f ,2−k)

]q)1/q
, 0 < q < ∞,

supk≥02kθ K( f ,2−k), q = ∞.

In this form, the definitions of approximation and interpolation spaces are almost identical:
We have replacedE2k by K( f ,2−k). Our aim is to characterize the one by the other, but we
need a comparison between the errorEn( f ) and theK-functionalK. This can only be achieved
if we make the right choice ofY.
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Jackson and Bernstein inequalities We still follow DeVore [1998]. To be able to com-
pare approximation and interpolation spaces, two inequalities play a major role: the Jackson
and the Bernstein inequality. Letr > 0. Then theJackson inequalityor direct theoremis
given by:

En( f )X ≤Cn−r | f |Y, f ∈Y, n = 1,2, . . . ,

whereas the correspondingBernstein inequalityor inverse theoremis:

|S|Y ≤Cnr‖S‖X, S∈ Xn, n = 1,2, . . . .

In both cases,C = C(r) is only depending onr. We have the following theorem (see e.g.
DeVore [1998]):

Theorem 4.7: If the Jackson and Bernstein inequalities are valid, then for each0 < γ < r
and0 < q≤ ∞ the following relation holds between approximation spacesand interpolation
spaces:

A γ
q (X) = (X,Y)γ/r,q

with equivalent norms.

Therefore, this theorem solves the task of characterizing the approximation spaces if we
know two ingredients:

(i) an appropriate spaceY for which the Jackson and Bernstein inequalities hold, and

(ii) a characterization of the interpolation spaces(X,Y)θ ,q.

Approximation spaces as interpolation spaces The approximation spaces are actually
interpolation spaces (see DeVore [1998]):

Theorem 4.8(DeVore and Popov [1988]): For any space X and spaces Xn, as well as for any
r > 0 and0≤ s≤∞, the spaces Xn, n= 1,2, . . . , satisfy the Jackson and Bernstein inequalities
for Y = A r

s (X). Therefore, for any0 < α < r and 0 < q≤ ∞, we have

A α
q (X) = (X,A r

s (X))α/r,q.

In other words: The approximation familyA α
q (X) is an interpolation family.

Approximation can in turn also be used to characterize interpolation spaces (see DeVore
[1998]):

Definition 4.6: (i) A sequence(Tn), n= 1,2, . . . , of (possibly nonlinear) operators Tn map-
ping X into Xn providesnear best approximationif there is an absolute constant C> 0
such that

‖ f −Tn f‖X ≤CEn( f )X, n = 1,2, . . . .

(ii) This family isstable onY if there is an absolute constant C> 0 such that

|Tn f |Y ≤C| f |Y, n = 1,2, . . . .
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Theorem 4.9: Let X,Y,(Xn) be as above and suppose that(Xn) satisfies the Jackson and
Bernstein inequalities; suppose further that the sequenceof operators(Tn) provides near best
approximation and is stable on Y. Then Tn realizes the K-functional, i.e. there is an absolute
constant C> 0 such that

‖ f −Tn f‖X +n−r |Tn f |Y ≤CK( f ,n−r ,X,Y).

Interpolation for L1, L∞: Lorentz spaces We follow again DeVore [1998]. Let(A,dµ)
be a sigma-finite measure space and consider the pair(L1(A,dµ),L∞(A,dµ)). Consider the
decreasing rearrangementf ∗ of a µ-measurable functionf : f ∗ is a nonnegative, nonincreas-
ing function defined onR≥0 which is equimeasurable withf :

µ( f , t) := µ
({

x
∣∣ | f (x)|> t

})
=
∣∣∣
{

s
∣∣ f ∗(s) > t

}∣∣∣, t > 0

(|E| denoting the Lebesgue measure of a setE). The rearrangementf ∗ can be defined directly
via:

f ∗(t) := inf
{

y
∣∣ µ( f , t)≤ y

}
.

Thus f ∗ is essentially the inverse function toµ( f , t).
There is the following formula for theK-functional involving the rearrangementf ∗ of a

function f (DeVore and Lorentz [1993]):

K( f , t,L1,L∞) =
∫ t

0
f ∗(s)ds for all f ∈ L1 +L∞.

From the fact that ∫

A
| f |pdµ =

∫ ∞

0
( f ∗(s))pds,

it is easy to deduce from this formula the Riesz-Thorin theorem for this pair.
With this K-functional, it is easy to describe the(θ ,q) interpolation spaces in terms of

Lorentz spaces: For each 0< p < ∞, 0< q≤ ∞, theLorentz spaceLp,q(A,dµ) is defined by
the set of allµ-measurable functionsf such that

‖ f‖Lp,q :=

{ (∫ ∞
0

[
t1/p f ∗(t)]qdt

t

)1/q
, 0 < q < ∞,

supt>0 t1/p f ∗(t), q = ∞,

is finite. Replacingf ∗ by 1
t

∫ t
0 f ∗(s)ds= K( f , t)/t and using the Hardy inequalities one obtains

(L1(A,dµ),L∞(A,dµ))1−1/p,q = Lp,q(A,dµ), 1 < p < ∞, 0 < q≤ ∞.

The spaceLp,∞ is better known asweakLp and can be equivalently defined by the condition

µ
({

x
∣∣ | f (x)|> y

})
≤Mpy−p.

The smallestM for which this is valid is equivalent to the norm inLp,∞. The above results
include the case wheredµ is a mixture of point masses (delta distributions), for example if
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dµ is the counting measure onN. Especially in this case we use the following notation: Let
ℓp := ℓp(N) the collection of sequencesx = (x(n))n∈N for which

‖x‖ℓp :=

{ (
∑∞

n=0|x(n)|p
)1/p

, 0 < p < ∞,

supn∈N|x(n)|, p = ∞,

is finite. Thenℓp(N) = Lp(N,dµ) whereµ is the counting measure. We denote the Lorentz
spaces in this case byℓp,q. The spaceℓp,∞ (weakℓ∞) thus consists of all sequences that satisfy

x∗(n)≤Mn−1/p

with (x∗(n)) the decreasing rearrangement of(|x(n)|), equivalently stated as

#
{

n
∣∣ |x(n)|> y

}
≤Mpy−p.

The interpolation theory forLp applies for more than the pair(L1,L∞). We give the formula-
tion only for spacesℓp,q: For any 0< p1 < p2 < ∞, 0< q1,q2≤ ∞, we have

(ℓp1,q1, ℓp2,q2)θ ,q = ℓp,q,
1
p

:=
1−θ

p1
+

θ
p2

, 0 < q≤ ∞

with equivalent norms. For 1≤ p1, p2 ≤ ∞ this follows from the reiteration theorem, the
general case needs slight modifications (see Bergh and Löfström [1976]).

Smoothness spaces

We use again DeVore [1998]. There are two important ways to describe smoothness spaces:

(i) Through notions like differentiability and moduli of smoothness; most smoothness spaces
were originally introduced in this fashion.

(ii) Through expansion of functions into a series of building blocks (e.g. Fourier or wavelet)
and describing smoothness as decay condition on the coefficients in such expansions.

That these descriptions are equivalent is at the heart of thesubject (DeVore [1998]).

Sobolev spaces Let 1≤ p ≤ ∞, let r > 0 be an integer, and letΩ ⊆ Rd be a domain
(here: open, connected set). TheSobolev spaceWr,p(Ω) := Wr(Lp(Ω)) is defined as the set
of all measurable functionsf defined onΩ which have all their distributional derivativesDν f ,
|ν| ≤ r, in Lp(Ω). Here, we write

|ν| := |ν1|+ · · ·+ |νd|
for a multiindexν = (ν1, . . . ,νd), νi ∈N. The semi-norm forWr(Lp(Ω)) is defined by

| f |Wr(Lp(Ω)) := ∑
|ν|=r

‖Dν f‖Lp(Ω)

and their norm by
‖ f‖Wr(Lp(Ω)) = | f |Wr(Lp(Ω)) +‖ f‖Lp(Ω).

Thus, Sobolev spaces measure smoothness of orderr in Lp whenr is a positive integer and
1≤ p≤ ∞. A deficiency is that this definition does not immediately apply when r is non-
integral or whenp < 1.
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Differences and moduli of smoothness We follow DeVore [1998]. One way to derive
smoothness of fractional order is through differences. Forh∈Rd, letTh denote thetranslation
operator, defined by

Th f := f (·+h) for a function f ,

and let denoteI the identity operator. Then, for any positive integerr,

∆r
h := (Th− I)r

is ther-th difference operator with steph. Clearly,

∆r
h = ∆1

h(∆
r−1
h )

and also, for a functionf onΩ,

∆r
h( f )(x) =

r

∑
k=0

(−1)r−k
(

r
k

)
f (x+kh)

with the convention that∆r
h( f )(x) is defined to be zero if any of the points

x, . . . ,x+ rh

is not inΩ.
We can use∆h

r to measure smoothness. Iff ∈ Lp(Ω), 0< p≤ ∞, then

ωr( f , t)p := sup
|h|≤t
‖∆r

h( f )‖Lp(Ω)

is ther-th order modulus of smoothnessof f in Lp(Ω). In the casep = ∞, L∞(Ω) is replaced
by C0(Ω), the space of uniformly continuous functions onΩ. We always have that

ωr( f , t)p→ 0 monotonically ast→ 0.

The faster this convergence to 0, the smoother isf .
Smoothness spaces are created by bringing together all functions whose moduli of smooth-

ness have a common behaviour.

Besov spaces We have three parameters in the description of Besov spaces (see e.g. DeVore
[1998]):

• Two primary parameters:α giving the order of smoothness (for instance the number of
derivatives) andp giving theLp space in which smoothness is measured.

• One secondary parameterq that allows subtle distinctions.

Let α > 0, 0< p≤ ∞, 0 < q≤ ∞, r := ⌊α⌋+1 (i.e., the smallest integer larger thanα). We
say thatf is in theBesov spaceBα

p,q(Ω) := Bα
q (Lp(Ω)) if

| f |Bα
q (Lp(Ω)) :=

{ (∫ ∞
0

[
t−αωr( f , t)p

]q dt
t

)1/q
, 0 < q < ∞,

supt>0 t−αωr( f , t)p, q = ∞,

is finite. This is the semi-norm inBα
q (Lp(Ω)). TheBesov normis given by

‖ f‖Bα
q (Lp(Ω)) := | f |Bα

q (Lp(Ω)) +‖ f‖Lp(Ω).

We have thus a complete analogy to approximation spaces and interpolation spaces.
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Besov spaces and their relation to other spaces We want to assume now that the
domainΩ is aLipschitz domain, i.e. the boundary∂Ω of Ω is Lipschitz (see appendix).

• The numberr was taken to be the smallest integer larger thanα; actually any integer
r > α will define the same space with equivalent norm.

• If α < 1 andq = ∞, thanBα
∞(Lp(Ω)) = Lip(α,Lp(Ω)) with identical semi-norm and

norm.

• If α = 1, thenB1
∞(Lp(Ω)) % Lip(1,Lp(Ω)) becauseB1

∞(Lp(Ω)) usesω2 in the definition
whereas Lip(1,Lp(Ω)) usesω1 and

ω2( f , t)p≤ 2max(1/p,1)ω1( f , t)p.

• For the same reason:Br
∞(Lp(Ω)) % Wr(Lp(Ω)) for 1≤ p≤ ∞, p 6= 2, andr an integer

(the Sobolev space could be described by replacingωr+1 by ωr in the definition of the
Besov space).

• For p = 2 andr again an integer, we haveBr
2(L

2(Ω)) = Wr(L2(Ω)), the Sobolov space.

The Sobolev embedding theorem Increasing the secondary indexq gives a larger space
(however distinctions are small):

Bα
q1

(Lp(Ω)) $ Bα
q2

(Lp(Ω)) for q1 < q2.

TheSobolev embedding theoremis easiest described pictorially, see figure 4.4 (see e.g. De-
Vore [1998]). Identify the Besov space with primary indicesp andα with the point(1/p,α)
in the upper right quadrant ofR2. Then the line with sloped going through(1/p,0) is the
demarcation line for embeddings of Besov spaces intoLp(Ω): Any Besov space with primary
indices corresponding to points

• above that line is embedded inLp(Ω), regardless ofq,

• on the line may or may not be embedded inLp(Ω), e.g.Bα
τ (Lτ(Ω)) are, where

1/τ = α/d+1/p,

• below that line is never embedded inLp(Ω).

Interpolation of smoothness spaces Interpolation betweenLp(Ω) and a Sobolev space
Wr(Lp(Ω)) (see DeVore [1998]): For theK-functional holds

K
(

f , tr,Lp(Ω),Wr(Lp(Ω))
)
≍ ωr( f , t)p.

Thus: (
Lp(Ω),Wr(Lp(Ω))

)
θ ,q = Bθ r

q (Lp(Ω)), 0 < θ < 1, 0 < q≤ ∞,
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α

1/p(1/p,0) Lp(Ω)

(1/p,α) Bα
q (Lp(Ω))

(1/p, r) Wr(Lp(Ω))

(1/µ,α) Bα
µ (Lµ(Ω)) 1/µ = α/d+1/p

(1/τ, r) Br
τ(L

τ(Ω)) 1/τ = r/d+1/p

Figure 4.4: Linear and nonlinear approximation

with equivalent norms. From the reiteration theorem, it follows that, forα1 < α2 and any
0 < q1,q2≤ ∞, we have for any 0< θ < 1, 0< q≤ ∞:

(
Bα1

q1
(Lp(Ω)),Bα2

q2
(Lp(Ω))

)
θ ,q = Bα

q (Lp(Ω)), α := (1−θ)α1+θα2.

We can replaceBα1
q1 (Lp(Ω)) by Lp(Ω) and obtain for any 0< r ≤ ∞:

(
Lp(Ω),Bα

r (Lp(Ω))
)

θ ,q = Bθα
q (Lp(Ω)), 0 < θ < 1, 0 < q≤ ∞.

Fix a valuep∈ (0,∞) and consider Besov spacesBα
τ (Lτ(Ω)) whereτ andα are related by

1
τ

=
α
d

+
1
p
.

(These spaces correspond to points on the line segment with sloped passing through(1/p,0)
corresponding toLp(Ω)). We have the following interpolation result:

(
Lp(Ω),Bα

τ (Lτ(Ω))
)

θ ,q = Bθα
q (Lq(Ω)), provided

1
q

=
θα
d

+
1
p

.

This means, if we interpolate between two Besov spaces corresponding to points on this line,
we get another Besov space corresponding to a point on this line, provided we choose the
secondary indices in a suitable way.

Example: Hilbert space We continue our example of Hilbert spaces (following DeVore
[1998]):

Example (Hilbert spaces continued): Nonlinearn-term approximation in Hilbert spaceH :
We could characterizeA r

∞((Hn)) for anyr > 0 by the condition

γn( f )≤Mn−r−1/2,
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with γn( f ) the rearranged coefficients. We see now: The sequencefk := 〈 f ,ηk〉 is in weak
ℓτ(r) (= ℓτ(r),∞) with τ(r) defined by

1
τ(r)

= r +
1
2
.

The smallestM for which this holds is equivalent to the weakℓτ norm.
We want to characterize allA α

q (H ) in terms of coefficientsfk:
We have seen: For anyr > 0, the nonlinear spacesΣn(H ) satisfy Jackson and Bernstein

inequalities for the spaceY := A r
∞(H ) and

A α
q (H ) = (H ,A r

∞(H ))α/τ,q.

The mappingf → ( fk) is invertible and gives an isometry betweenH andℓ2(N) and also
betweenA r

∞ andℓτ,∞(N). Interpolation gives that this mapping is also an isometry between
A α

q (H ) andℓτ(α),q(N) with τ defined by

1
τ

= α +
1
2
.

We have thus the following complete characterization of approximation spaces forn-term
approximation (see DeVore [1998]):

Theorem 4.10: For nonlinear n-term approximation in a Hilbert spaceH , a function f is in
A α

q (H ) if and only if its coefficients are inℓτ(α),q,

τ(α) := (α +1/2)−1,

and| f |A α
q (H ) ≍ ‖( fk)‖ℓτ(α),q.

4.2.2 Approximation and wavelets

In this subsection, we consider the relations of approximation theory and wavelets. We be-
gin with characterizations of function spaces via properties of the wavelet coefficients of the
functions belonging to these spaces, and show then how thesecharacterizations can be used to
study linear and nonlinear approximation with wavelets. Weuse again DeVore [1998].

In the following, we consider only the separable wavelets inL2(Rd) constructed via a uni-
variate scaling functionϕ and a waveletψ. The dilation matrix is thus given as a diagonal
(d×d) matrixA = diag(2, . . . ,2), andM := |detA|= 2d. We define the setD of indices to be

D :=
{
(i, j,k)

∣∣ i =
{

1, . . . ,2d−1
}
, j ∈Z,k∈ Z

d}

and the setsD j of indices in scalej to be

D j :=
{
(i, j,k)

∣∣ i =
{

1, . . . ,2d−1
}
,k∈Z

d}.
For each indexI = (i, j,k) ∈ D we further define

|I | := M j = 2d j,

i.e. as the size of the characteristic hypercube[0,2 j)d of the scalej (our definition ofD is
slightly different from that given in DeVore [1998]).

248



i i ii

i i ii

4.2 Nonlinear approximation

Different normalizations It is sometimes convenient to choose normalizations for the
wavelets (and hence coefficients) that are different from the normalizations belonging toL2(Rd).
We define them slightly different from DeVore [1998]. The normalization forLp(Rd), 0< p≤
∞ shall be:

ψI ,p := |I |−1/p+1/2ψI , I ∈ D

with a similar definition for the dual functions. Thus, with 1/p+1/p′ = 1, we get

f = ∑
I∈D

cI ,p( f )ψI ,p, cI ,p := 〈 f , ψ̃I ,p′〉.

It is easy to go from one normalization to another, e.g., for any 0< p,q≤ ∞:

ψI ,p = |I |1/q−1/pψI ,q, cI ,p( f ) = |I |1/p−1/qcI ,q( f ).

Characterization of Lp spaces by wavelet coefficients The basis here is the Littlewood-
Paley theory of harmonic analysis (we follow again DeVore [1998]). One cannot simply char-
acterizeLp spaces byℓp norms of wavelet coefficients. Rather, one must go through the square
function:

S( f ,x) :=

(
∑
I∈D

cI ,2( f )2|I |−11[0,2 j)d(x)

)1/2

=

(
∑
I∈D

cI ,p( f )2|I |−2/p1[0,2 j )d(x)

)1/2

which incorporates the interaction between the scales. For1 < p < ∞, one has

‖ f‖Lp(Rd) ≍ ‖S( f , ·)‖Lp(Rd)

with the constants of equivalency only depending onp. This can be extended top≤ 1 if Lp is
replaced by the Hardy spaceHp (see appendix) and more assumptions are made on the wavelet
ψ.

Characterization of Besov spaces by wavelet coefficients Consider Besov spaces
Bα

q (Lp(Rd)) for 0 < q, p≤ ∞, α > 0. Then, for all f ∈ Bα
q (Lp(Rd)), we have (see DeVore

[1998]):

| f |Bα
q (Lp(Rd)) ≍





(
∑∞

j=−∞ 2 jαq
[

∑I∈D j
cI ,p( f )p

]q/p)1/q
, 0 < q < ∞,

supj∈Z2 jα[∑I∈D j
cI ,p( f )p

]1/p
, q = ∞.

We can define spaces of functions for allα > 0 by using the right side (finiteness). But these
spaces willcoincidewith Besov spaces only for a certain range ofα andp depending on the
waveletψ.

• In the case 1≤ p≤ ∞ we need that

(a) ψ ∈ Bβ
q (Lp(Rd)) for someβ > α,

(b) ψ hasr vanishing moments for somer > α.
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• In the casep < 1, we also need thatr > d/p− d. Then the spaceBα
q (Hp(R

d)) is
characterized (replace theLp modulus of smoothness byHp modulus of smoothness,
see Kyriazis [1996]). However, ifα > d/p−d this space is the same asBα

q (Lp(Rd)).

For a fixed value of 1≤ p< ∞, the spacesBα
τ (Lτ(Rd)), 1/τ = α/d+1/p, occur in nonlinear

approximation. If we choose the wavelets normalized inLp, then the norm equivalence in this
case becomes simply:

| f |Bα
τ (Lτ (Rd)) ≍

(
∑
I∈D

cI ,p( f )τ)1/τ
.

Shift invariant spaces and linear approximation

We follow DeVore [1998]. Consider the shift invariant spaces Vj := Vj(ϕ) with a scaling
functionϕ for (linear!) approximation in theL2(Rd)-norm. Let

E j( f ) := E j( f )2 := inf
S∈Vj
‖ f −S‖L2(Rd), j = 0,1, . . . .

As we mentioned in subsection 4.1.5, the spacesVj provide approximation ifϕ satisfies the
Strang-Fix conditions. Moreover, it is easy to prove the Jackson inequality: For allf in the
Sobolev spaceWr(L2(Rd)), we have

E j( f )≤C2− jr | f |Wr (L2(Rd)), j = 0,1, . . . .

The companion Bernstein inequality is

|S|Wr(L2(Rd)) ≤C2 jr‖S‖L2(Rd), S∈Vj ,

which is valid if ϕ is in Wr(L2(Rd)). Thus: Under these conditions onϕ, the general theory
applies and we get the following characterization of approximation spaces (the same as for
other linear approximations):

A α
q (L2(Rd)) = Bα

q (L2(Rd)), 0 < α < r, 0 < q≤ ∞.

We have a similar theory for approximation inLp(Rd), 1≤ p≤ ∞, and even 0< p < 1.

Nonlinear wavelet approximation

We use again DeVore [1998]. We consider nown-term approximation with wavelets. The
intuitive idea is: If the target function is smooth on some region, use a coarse resolution in that
region; this amounts to putting terms in the approximation corresponding to coarse scale. On
regions were the target function is not smooth we use higher resolution, i.e. take terms from
finer scales. Questions arising from this intuitive observations are (see DeVore [1998]):

(i) How should we measure smoothness to make such demarcations between smooth and
nonsmooth?

(ii) How do we allocate terms in a nonlinear strategy?
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(iii) Are there precise characterizations of functions that can be approximated with a given
approximation order?

All of these questions have a definitive and simple solution.
Considered will be only approximation inLp, 1 < p < ∞; but more generality is possible:

Essential is only the equivalence of function norms with norms on the sequence of wavelet
coefficients. Thus, the results hold equally well for Hardy spacesHp (Cohen et al. [2000]).
First, we begin with the caseRd, d ≥ 1, and then consider the extension of results to other
domains.

Let ϕ, ϕ̃ be two scaling functions which are in duality and letψ andψ̃ be their wavelets.
Each functionf ∈ Lp(R) has then a wavelet decomposition. LetΣw

n denote the set of all
functions

S= ∑
I∈Λ

aI ψI

whereΛ ⊆ D is a set of indices of cardinality #Λ ≤ n. Thus,Σw
n is the set of all functions

which are a linear combination ofn wavelet functions. Define:

σw
n ( f )p := inf

S∈Σw
n

‖ f −S‖Lp(R).

The characterization of classes forn-term approximation is done by proving the Jackson and
Bernstein inequalities. The original proof was by DeVore etal. [1992]; simpler techniques can
be found in Cohen et al. [2000].

Jackson and Bernstein inequalities They hold if ψ has sufficient vanishing moments
and sufficient smoothness (see DeVore [1998]):

Theorem 1: Let1< p < ∞, let s> 0 and let f∈Bs
τ(L

τ(R)), 1/τ = s+1/p. Letψ satisfy the
following conditions:

(i) ψ has r vanishing moments with r> s

(ii) ψ is in Bρ
q(Lτ(R)) for some q and someρ > s.

Then, the Jackson inequality

σn( f )p≤C| f |Bs
τ(Lτ(R))n

−s, n = 1,2, . . . ,

holds with C depending only on p and s, and the Bernstein inequality

‖ f‖Bs
τ(Lτ(R)) ≤Cns‖ f‖Lp(R), n = 1,2, . . . ,

holds if f = ∑I∈Λ cI ,p( f )ψI ,p with #Λ≤ n.

For the multivariate caseRd, replace 1/τ = s+1/p by 1/τ = s/d+1/p andn±s by n±s/d.
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Approximation spaces for n-term approximation With this we can characterize the
approximation spaces (see DeVore [1998]). Let 1< p< ∞ ands> 0 and let 1/τ := s/d+1/p.
If ψ satisfies the vanishing moments and smoothness conditions needed for the Jackson and
Bernstein inequalities, then, for any 0< γ < sand any 0< q≤ ∞:

A
γ/d

q (Lp(Rd)) =
(
Lp(Rd),Bs

τ(L
τ(Rd))

)
γ/s,q.

Concerning this equation, we give several remarks (following DeVore [1998]):

• The interpolation spaces on the right side are the approximation spaces for free knot
spline approximation andd = 1 (in higher dimensions, free knot spline approximation
is not understood!).

• There is one value forq where the right side is a Besov space: if 1/q = γ/d+1/p, the
right side isBγ

q(Lq(Rd)) with equivalent norms.

• There is a description of the interpolation spaces on the right side in terms of wavelet
coefficients: A function is in the space

(
Lp(Rd),Bs

τ(L
τ(Rd))

)
γ/s,q

if and only if (cI ,p( f ))I∈D is in the Lorentz spaceℓµ,q where 1/µ := γ/d+1/p and we
have

| f |
A

γ/d
q (Lp(Rd))

≍ ‖(cI ,p)( f )‖ℓµ,q.

(This verifies the previous remark for the caseq = µ.)

• For eachn, let fn denote a bestn-term approximation tof in Lp(Rd) (which can be
shown to exist, see Temlyakov [1998]); then

K( f ,n−s,Lp(Rd),Bs
τ(L

τ(Rd))) = ‖ f − fn‖Lp(Rd) +n−s| fn|Bs
τ(Lτ (Rd))

i.e., fn realizes theK-functional att = n−s.

Concluding,n-term wavelet approximation offers an attractive alternative to free knot spline
approximation: In one dimension, the only case where free knot spline approximation is com-
pletely understood, it provides the same approximation efficiency and yet is more easily nu-
merically implementable.

Wavelet decompositions and n-term approximations on domains We follow De-
Vore [1998]. LetΩ⊆Rd be a Lipschitz domain, i.e. the boundary∂Ω of Ω is Lipschitz. Then:
Any function f in a Besov spaceBα

q (Lp(Ω)) can be extended to all ofRd in such a way that
the extended functionE f satisfies

|E f |Bα
q (Lp(Rd)) ≤C| f |Bα

q (Lp(Ω))
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(see DeVore and Sharpley [1984] and DeVore and Sharpley [1993]). The extended function
E f has a wavelet decomposition, and the previous results can beapplied. Then-term approx-
imation toE f will provide the same order of approximation tof on Ω, and one can delete in
the approximant all terms corresponding to wavelets that are not active inΩ (i.e. all wavelets
whose support does not intersectΩ). The problem is that numerical implementation is not
always easy.

Another approach applicable in certain settings is the construction of a wavelet basis for the
domainΩ. Particularly suitable is this in the case of an intervalΩ⊆R: Biorthogonal wavelets
can be constructed for an interval (see Cohen et al. [1993]) and can easily be extended to
parallelepipeds inRd and even polyhedral domains (see Dahmen [1997]).

n-term approximation: Numerical considerations We make the following assump-
tions (see DeVore [1998]):

• The approximation takes place in a domainΩ⊆R
d which admits a biorthogonal basis.

• For simplicity of notation, assumed = 1.

• The wavelet decomposition of the target functionf is finite and known to us. (If the
wavelet decomposition is not finite, one usually assumes more aboutf that allows trun-
cation of the wavelet series while retaining the desired level of accuracy.)

For bestn-term approximation inL2(Ω):

• Choose then terms in the wavelet series off for which the absolute value of the coeffi-
cients is largest.

Generalization toLp: Write f in its wavelet expansion with respect toLp-normalized wavelets:

• Choose then terms in the wavelet series off for which |cI ,p( f )| is largest.

The resulting approximantfn will provide the Jackson estimate forn-term approximation.
It gives also a near best approximant:

‖ f − fn‖Lp(Ω) ≤Cσn( f )p, n = 1,2, . . . ,

with a constantC independent off andn (Temlyakov [1998]).
The selection of the largest coefficients seems to make necessary a sorting of the coeffi-

cients. But this sorting can be avoided by the use ofthresholding: Given a toleranceε > 0, let
Λε be the set of all intervalsI for which |cI ,p( f )|> ε. Define thehard thresholding operator

Tε( f ) := ∑
I∈Λε( f )

cI ,p( f )ψI ,p = ∑
|cI ,p( f )|>ε

cI ,p( f )ψI ,p.

If the target functionf is in weakℓτ with 1/τ = s+1/p, then it follows from the definition of
this space that

#(Λε( f ))≤Mτε−τ
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with M the weakℓτ norm of the coefficients,M := | f |ℓτ ,∞. One obtains:

‖ f −Tε( f )‖Lp(Ω) ≤CMτ/pε1−τ/p.

For example, ifε = MN−1/τ , then #(Λε( f ))≤N and

‖ f −Tε( f )‖Lp(Ω) ≤CMN−1.

Thus: Thresholding provides the Jackson estimate, and therefore provides the same approxi-
mation efficiency asn-term approximation.

Let

• M := | f |ℓτ ,∞,

• ε a thresholding tolerance,

• η a prescribed error, and

• N a prescribed number of coefficients.

Then the following table records the relation between thresholding andn-term approximation
(taken from DeVore [1998]):

Threshold Number of coefficients Error

ε Mτε−τ Mτ/pε1−τ/p

M−1/(ps)η1/(sτ) M1/sη−1/s η
MN−1/τ N MN−s

Hard thresholding has a certain instability: coefficients just below the threshold are set to
zero, those just above are kept. This can be remedied by the following modification: Given
ε > 0, define

sε(x) :=





0, if |x| ≤ ε,
2(|x|− ε)signx, if ε ≤ |x| ≤ 2ε,
x, if |x|> 2ε.

Then the operator
T ′ε ( f ) := ∑

I∈D
sε(cI ,p( f ))ψI ,p

has the same approximation properties asTε .

4.2.3 Highly nonlinear approximation

Some questions concerningn-term approximation arise (DeVore [1998]):

• How does the effectiveness ofn-term approximation depend on the wavelet basis?

• Is there any advantage gained by adaptively choosing a basis which depends on the
target functionf ?
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In many applications like signal processing or statisticalestimation, it is not clear which or-
thonormal system is to be used best. Generally, a classL of bases is calledlibrary. One
example are wavelet packets. We formulate the problem in a Hilbert spaceH with a library
L of orthonormal bases: Given a target functionf ∈H , choose both a basisB∈L and an
n-term approximation tof from this basis. This is ahighly nonlinear problem. Sometimes,
even non-orthonormal systems have to be taken into account.This leads to general dictionar-
ies where one replaces the libraryL of bases by a subsetD ⊆H of arbitrary functions. We
first consider libraries of orthonormal bases in a Hilbert space.

One example are the wavelet packets. Another example of a wavelet library is given by the
following construction (see DeVore [1998]):

TakeH = L2(R2) and consider a compactly supported scaling functionϕ ∈ L2(R) with
orthonormal shifts and corresponding waveletψ. Define:

ψ0 := ϕ ψ1 := ψ.

To each vertexe of the unit square[0,1]2, eachj = ( j1, j2) ∈ Z
2, k = (k1,k2) ∈ Z

2, associate
the function

ψe
j ,k(x1,x2) := 2( j1+ j2)/2ψe1(2 j1x1−k1)ψe2(2 j2x2−k2)

(remark the mixing of levels!). Each of these functions hasL2(R2) norm one. LetL denote
the library of all complete orthonormal systems which can bemade up from these functions.
ThisL includes the multivariate wavelet bases build by the tensorproduct constructions.

A special case is the following: Letϕ = 1[0,1] andψ = H, the Haar function. Approximate
functions on the unit squareΩ := [0,1)2. The libraryL includes bases of the following type:
Take an arbitrary partitionP of Ω into dyadic rectanglesR; on eachRwe can take a standard
or tensor product wavelet Haar basis. This library of bases is closely related to the CART
algorithm studied by Donoho [1997], and thus to the partitions given by decision trees.

Adaptive basis selection

We follow DeVore [1998]. LetB := (ηk) be an orthonormal basis forH and letΣn(B) denote
the functions which can be written as a linear combination ofnof the functionsηk, k= 0,1, . . . .
Further let

σn( f ,B) := σn( f ,B)H := inf
S∈Σn(B)

‖ f −S‖H

be the corresponding approximation error. As seen above thedecrease of approximation errors
σn( f ,B) is completely determined by the rearranged coefficients〈 f ,ηk〉. Let γk( f ,B) be thek-
th largest of the absolute values of these coefficients. As seen before, for anyα > 0, a function
f from H is in A α

∞ (i.e. σn( f ,B) = O(n−α), n→ ∞), if and only if (γn( f ,B)) is in weakℓτ

(i.e. in ℓτ,∞) with τ := (α +1/2)−1. Moreover:

‖(γn( f ,B))‖ℓτ ,∞ ≍ | f |A α
∞

with constants of equivalency independent ofB.
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SupposeL = (B)B∈L is a library of orthonormal bases. Define theapproximation error

σL
n ( f )H := inf

B∈L
σn( f ,B)H

and the approximation classesA α
q (H ,L ) in the ususal way as the set of all functionsf ∈ X

such that

| f |A α
q (H ,L ) :=

{ (
∑∞

n=1

[
nασL

n ( f )H
]q 1

n

)1/q
, 0 < q < ∞,

supn≥1nασL
n ( f )H , q = ∞,

is finite. Few is known about the characterization of the approximation classes. A trivial
observation is that we have the upper estimate

σL
n ( f )H ≤Cn−α inf

B∈L
‖(γn( f ,B))‖ℓτ ,∞

with C an absolute constant. Moreover, for anyα:

⋂

B

A α
∞ (H ,B)⊆A α

∞ (H ,L ).

DeVore [1998] gives the following interpretation forq = ∞, which easily generalizes to any
0 < q≤ ∞: For each basisB the condition(γn( f )) ∈ ℓτ,∞, τ := (α +1/2)−1 can be viewed as
a smoothness condition relative to the basisB. The infimum on the right side of the inequality
characterizingσL

n ( f )H can be thought of as the infimum of smoothness conditions relative
to the different basesB. Similarly, the classesA α

∞ (H ,B) are smoothness classes with respect
to B, and

⋂
BA α

∞ (H ,B) is an intersection of smoothness classes. The advantage of optimal
basis selection is thus: We are allowed to take the basisB∈L in whichL is smoothest. The
problem is that the above characterizations forσL

n ( f )H andA α
∞ (H ,B) cannot be reversed

in general. Whether they can be reversed in concrete cases isnot known.

Adaptive basis selection for wavelet packets

An example were we have an algorithm for adaptive basis selection is in the case of wavelet
packets (see DeVore [1998], but our presentation differs from his).

Let T = (G, r), G = (V,E), be a fully expandedM-ary rooted tree of heighth ∈ N with
the set of associated stringsB. Let Γb for b ∈ B be the spaces given by a wavelet packet
decomposition, and letγb be the corresponding bases.

As we have seen:n-term approximation efficiency using orthonormal bases is related toℓτ

norms of the coefficients. The algorithm in this case is then:

• Fix an integerm for the desired numerical accuracy.

• Chooseτ > 0.

• Find a basis for theℓτ norm as described in the following.
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Let f be the target function. The coefficients

〈 f ,γb〉

can then be computed efficiently with the wavelet filtersH̃i.
Let B = (ηI ) be any orthonormal subcollection of basis functions and define

Nτ(B) := Nτ( f ,B) := ∑
B
|〈 f ,ηI〉|τ .

We want to find the basisB which minimizes this.
We do this by going from level to level towards the root, beginning with the highest level.

For each nodeu with associated stringb, we choose a basisBb in the following way: Ifu is a
leaf, we setBb = γb; if u is an inner node, we have two bases for the spaceΓb:

γb and Bb0∪· · ·∪Bb(M−1)

whereBbi are the bases chosen in the upper level chosen earlier. We compare

Nτ(γb) with Nτ(Bb0∪· · ·∪Bb(M−1))

and chooseBb to be the basis which minimizes this. At the rootr, we have found the best
basisB.

Highly nonlinear approximation: Dictionaries

Following Temlyakov [2002], we define dictionaries for arbitrary Banach spacesX:

Definition 4.7: Let X be a Banach space with norm‖·‖. We call a setD ⊆X of functions
fromX a dictionary if each g∈D has norm one,‖g‖= 1, and the closure ofspanD coincides
with X . For simplicity, we assume that with g∈D , we have also−g∈D .

Dictionaries should be limited to cases which are computationally feasible.
Perhaps the first example with a redundant dictionary was considered by Schmidt [1907]:

He approximated functionsf (x,y) of two variables by bilinear forms

m

∑
i=1

ui(x)vi(y)

in L2([0,1]2). This problem is closely connected with the properties of the integral operator

Jf (g) :=
∫ 1

0
f (x,y)g(y)dy

with kernel f (x,y) (see DeVore [1998], Temlyakov [2002]).
Other examples are:

• Neural networks,
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• Gabor functions,

• Anharmonic Fourier Analysis.

A common feature to all examples is theredundancy: There are many more functions
in the dictionary than needed to approximate any target function f . The hope is that the
redundancy will increase the efficiency. But redundancy mayalso slow down the search for a
good approximation. Results on highly nonlinear approximation are quite fragmentary and a
cohesive theory still needs to be developed.

Approximation using n-terms from a dictionary

We follow DeVore [1998], Temlyakov [2002] and Barron et al. [to appear]. Suppose thatD is
a dictionary from a Hilbert spaceH . A special case of a dictionaryD is given whenD is an
orthonormal basis ofH .

For eachn∈N, let Σn := Σn(D) denote the collection of all functions inH which can be
expressed as a linear combination of at mostn elements ofD . Then, each functionS∈ Σn can
be written in the form

S= ∑
g∈Λ

cgg, Λ⊆D , #Λ≤ n,

with thecg ∈R; it may be possible to writeS in more than one way.
For a functionf ∈H , we define its approximation error

σn( f )H := σn( f ,D)H := inf
S∈Σn
‖ f −S‖H .

Interest lies in an estimate forσn (from above and below). For this purpose, introduce the fol-
lowing way to measure smoothness with respect to the dictionaryD : For a general dictionary
D and for anyτ > 0, define the class of functions

K o
τ (D ,M) :=

{
f ∈H

∣∣ f = ∑
g∈Λ

cgg, Λ⊆D , #Λ < ∞ and ∑
g∈Λ
|cg|τ ≤Mτ

}
,

and defineKτ(D ,M) as the closure (inH ) of K o
τ (D ,M).

Furthermore, defineKτ(D) as the union of the classesKτ(D ,M) over allM > 0 and the
semi-norm

| f |Kτ(D)

as the infimum of allM such thatf ∈Kτ(D ,M). Whenτ = 1, thenK1 is the class of functions
which are a convex combination of functions inD .

In the case whereD is a basisB, n-term approximation fromD is the same asn-term
approximation fromB. We have seen that if 1/τ = α + 1/2, then f is in the approximation
classA α

τ (D) if and only if

∑
k

|〈 f ,hk〉|τ

is finite and this expression is equivalent to| f |τAτ(B). In particular, this shows that

σn( f ,D)H ≤Cn−α | f |Kτ(D)
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in the special case thatD is given by an orthonormal basisB.
There is an interest in understanding whether this holds formore general dictionariesD .

• For the caseα = 1/2, this result is due to Maurey (see Pisier [1980]), who showed
that the above inequality is valid for any dictionary. An iterative algorithm to generate
approximants fromΣn(D) that achieves this estimate forα = 1/2 was given by Jones
[1992].

• For α ≥ 1/2, the estimate is proved in DeVore and Temlyakov [1996].

• Forα < 1/2 (1≤ τ ≤ 2), there seems to be no obvious analogue for general dictionaries.

Greedy algorithms

In the following we use DeVore [1998], Temlyakov [2002] and Barron et al. [to appear].
Greedy algorithms are also known asadaptive pursuit, matching pursuit in signal process-
ing, orprojection pursuitin the neural networks literature. Since bestm-term approximations
are usually out of reach, greedy algorithms aim at building suboptimal but goodm-term ap-
proximations. We will mention three variants of greedy algorithms.

The Pure Greedy Algorithm (PGA) The first algorithm is the pure greedy algorithm.
It can be applied for any dictionaryD and has the advantage of simplicity. It begins with a
target functionf ∈H and successively generates approximants

Gm( f ) ∈ Σm(D) m= 1,2. . . .

In the case thatD is generated by an orthonormal basisB, Gm( f ) is a bestm-term approxima-
tion to f .

If f ∈H , let g = g( f ) ∈D denote an element fromD which maximizes〈 f ,g〉:

〈 f ,g( f )〉= sup
g∈D
〈 f ,g〉.

Assume for simplicity that such maximizer exists; if not, suitable modifications are necessary
in the algorithm that follows.

Define:
G( f ) := G( f ,D) := 〈 f ,g( f )〉g( f )

and
R( f ) := R( f ,D) := f −G( f ).

That means,G( f ) is the best one-term approximation tof from D andR( f ) is the residual of
this approximation.

Then thepure greedy algorithm (PGA)is (DeVore [1998], Temlyakov [2002], Barron et al.
[to appear]):

• Initially, setR0( f ) := R0( f ,D) := f andG0( f ) := G0( f ,D) := 0.
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• For eachm≥ 1, inductively define

Gm( f ) := Gm( f ,D) := Gm−1( f )+G(Rm−1( f )),

Rm( f ) := Rm( f ,D) := f −Gm( f ) = R(Rm−1( f )).

The pure greedy algorithm converges tof for each f ∈H (see Davis et al. [1997]). It is
greedy in the sense that at each iteration it approximates the residualRm( f ) as best possible
by a single function fromD . If D is generated by an orthogonal basis, then it is easy to see
thatGm( f ) is a bestm-term approximation tof from D and

σm( f ,B)H = ‖ f −Gm( f )‖H = ‖Rm( f )‖H .

For general dictionariesD this is not the case. Approximation properties of this algorithm are
far from being optimal:

DeVore and Temlyakov [1996] showed the following estimate to hold: For eachf ∈K1(D):

‖ f −Gm( f )‖H ≤ | f |K1(D)m
−1/6,

which could slightly be improved to

‖ f −Gm( f )‖H ≤ 4| f |K1(D)m
−11/62

in Konyagin and Temlyakov [1999]. Moreover, there is an example of a dictionaryD and a
function f which is a linear combination of two elements ofD such that

‖ f −Gm( f )‖H ≥Cm−1/2

with C an absolute constant. This means that for the simplest functions (which are in all
smoothness classesKτ(D)), the pure greedy algorithm provides approximation of at most
orderO(m−1/2). Livshitz and Temlyakov [2003] could show that there exist adictionaryD
and an elementf ∈H , f 6= 0, with an even lower bound:

‖ f −Gm( f )‖H ≥Cm−0.27.

This means that the PGA cannot provide estimates

σn( f ,D)H ≤Cn−α | f |Kτ(D)

for α > 0.27.
We proceed with some modifications of the pure greedy algorithm with more favourable

approximation properties (DeVore [1998], Temlyakov [2002], Barron et al. [to appear]).

The Relaxed Greedy Algorithm (RGA) Therelaxed greedy algorithm (RGA)is:

• DefineRr
0( f ) := Rr

0( f ,D) := f andGr
0( f ) := Gr

0( f ,D) := 0.
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• Form= 1, define

Gr
1( f ) := Gr

1( f ,D) := G1( f ),

Rr
1( f ) := Rr

1( f ,D) := R1( f ).

• For eachm≥ 2, inductively define

Gr
m( f ) := Gr

m( f ,D) :=
(

1− 1
m

)
Gr

m−1( f )+
1
m

g(Rm−1( f )),

Rr
m( f ) := Rr

m( f ,D) := f −Gr
m( f ),

where, as before, for a functionh∈H , let g = g(h) denote a function fromD which
maximizes〈h,g〉.

Thus, the relaxed greedy algorithm is less greedy than the pure greedy algorithm: it uses the
relaxation parameter1/m. Jones [1992] showed that the relaxed greedy algorithm provides
approximation order

‖ f −Gr
m( f )‖H ≤Cm−1/2, m= 1,2, . . . ,

for any f ∈K1(D). Unfortunately, this estimate requires the knowledge thatf ∈K1(D); if
this information is not available (as would be the case in most applications) the choice of the
relaxation parameter as 1/m is not appropriate.

The Orthogonal Greedy Algorithm (OGA) Another variant, called orthogonal greedy
algorithm, removes some of the objections to the choice of the relaxation parameter.

Let us shortly return to the pure greedy algorithm. As seen above, it chooses functions

g j := G(Rj( f )), j = 1, . . . ,m.

It does not provide the best approximation from the span ofg1, . . . ,gm. If H0 is a finite-
dimensional subspace ofH, let PH0 be the orthogonal projector fromH ontoH0, i.e.PH0( f ) is
the best approximation tof from H0.

The orthogonal greedy algorithm (OGA)is (DeVore [1998], Temlyakov [2002], Barron
et al. [to appear]):

• DefineRo
0( f ) := Ro

0( f ,D) := f andGo
0( f ) := Go

0( f ,D) := 0.

• For eachm≥ 1, inductively define

Hm := Hm( f ) := span
{

g(Ro
0( f )), . . . ,g(Ro

m−1( f ))
}

and

Go
m( f ) := Go

m( f ,D) := PHm( f ),

Ro
m( f ) := Ro

m( f ,D) := f −Go
m( f ).
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Thus, the orthogonal greedy algorithm takes the best approximation by linear combinations
of the functions

G(R0( f )), . . . ,G(Rm−1( f ))

available at each iteration. If the dictionaryD is an orthonormal basis, then PGA and OGA
coincide. DeVore and Temlyakov [1996] have shown that the orthogonal greedy algorithm
satisfies the estimate

‖ f −Go
m( f ,D)‖H ≤ | f |K1(D)m

−1/2.

From this, it is easy to derive (DeVore and Temlyakov [1996]):

Theorem 4.11: LetD be any dictionary, letα ≥ 1/2 and1/τ = α +1/2; if f ∈Kτ(D), then

σm( f ,D)H ≤C| f |Kτ(D)m
−α , m= 1,2, . . . .

For OGA and RGA, Barron et al. [to appear] could provide convergence ratesm−α , 0 <
α < 1/2, wheneverf belongs to a certain intermediate space betweenK1(D) and the Hilbert
spaceH , namely the spaces

Bp := [H ,K1(D)]θ ,∞, θ := 2/p−1, 1 < p < 2,

which are the real interpolation spaces betweenH andK1(D). They showed that iff ∈Bp,
then the OGA and RGA, when applied tof , provide approximation ratesCm−α with

α := θ/2 = 1/p−1/2.

Thus, if one setsB1 = K1(D), then these spaces provide a full range of approximation rates
for greedy algorithms. The results are optimal in the sense that one recovers the best possible
convergence rate in the case where the dictionary is an orthonormal basis.

Other greedy algorithms It should be noted that the described greedy algorithms are not
ready for implementation. The term “algorithm” is actuallynot really justified, we are con-
cerned only with algorithm schemes. Indeed, the implementation may result difficult because
the search for the best choice in each step may not be easy. With neural networks, it really is
not easy (see e.g. Hush [1999]).

To relax these problems, weak versions of all greedy algorithms, called Weak Greedy Al-
gorithms, have been developed, which are more apt for implementation. Here, in each step
only a nearly best solution has to be found in a certain neighbourhood of the best solution.
The bounds of these neighbourhoods then have to be tightenedas m goes to infinity. See
Temlyakov [2002] for further details.

For greedy algorithms in general Banach spaces see also Temlyakov [2002].

4.3 Wavelets and Bayesian techniques: Denoising

We will now describe an important application where the combination of Bayesian and mul-
tiresolution methods have achieved an ernormous success: The removel of noise from a real-
world signal or image. We follow presentations found in Figueiredo and Nowak [2001] and
Abramovich et al. [1998].
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Non-parametric regression models SupposeY is a noisy signal or image, modelled as
a stochastic process

Y = X +V

whereX denotes the process describing the undisturbed signal andV is the noise process
which is usually assumed to be white and Gaussian.

Usually,X is given by a functiong(t) (wheret means time or space), and only disturbed
observationsy= (y1, . . . ,yn)

⊤ on equidistant time or space pointsti are known. For simplicity,
we may assumeti ∈ Zd. Then the standardnon-parametric regression problemis:

yi = g(ti)+ εi , i = 1, . . . ,n,

whereti ∈Z, εi are i.i.d. with
εi ∼N (0,σ2).

By definingx := (x1, . . . ,xn)
⊤ with xi := g(ti) andε := (ε1, . . . ,εn)

⊤, we could as well write

y = x+ ε, ε ∼Nn(0,σ2I)

whereI denotes the identity matrix of appropriate size. We assume that the varianceσ2 is
known; otherwise, it has to be estimated, e.g. by the MAD (Median Absolute Deviation)
algorithm, see Donoho and Johnstone [1995].

The task is then to recover the unknown functiong from noisy datayi without assuming any
parametric form forg.

General possibilities to solve this task are:

• spline smoothing,

• kernel estimation,

• generalized Fourier series expansion,

• wavelets.

Basic properties of DWT for signal processing Wavelets and other multiscale anal-
ysis tools are used successfully in signal/image processing for the following tasks (see e.g.
Figueiredo and Nowak [2001]):

• approximation/representation,

• estimation,

• compression.

In all these applications, two important properties of the discrete wavelet transform (DWT) of
real-world signals and images are exploited:

1) The coefficients tend to be much less correlated than the original data.
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2) The representation in wavelet coefficients issparse, i.e. a few large coefficients dominate
this representation.

The decorrelation of the wavelet coefficients is a result of the multiresolution analysis as given
in section 4.1. The sparseness property is justified by the properties of nonlinearn-term ap-
proximation, the connections to smoothness spaces and the corresponding decay conditions
of the coefficient spaces presented in section 4.2. These both properties together with the fast
implementation of Mallat’s FWT make DWT an excellent tool for signal processing.

The basic approach to DWT-based signal processing consistsin manipulating the DWT
coefficients rather than the signal samples themselves. DWT-based signal/image processing
follows a three step program (see Figueiredo and Nowak [2001]):

1) Compute the DWT coefficients of the signal.

2) Perform some specified processing on these coefficients.

3) Compute the inverse DWT to obtain the processed signal.

In the denoising context, the decorrelation property suggests processing the coefficients
independently of each other; the sparseness property (“heavy-tailedness”) paves the way to
the use of threshold/shrinkage estimators.

Discrete Wavelet Transform and Gaussian errors The vectorω := (cI) of sample
discrete wavelet coefficientsis given by performing the discrete wavelet transform (DWT):

ω = W y.

The vectorθ := (c∗I ) of population discrete wavelet coefficientsis defined as the DWT of the
function valuesx := (g(t1), . . . ,g(tn)):

θ = W x.

Applying the DWTW to the noisy datay leads to noisy coefficientsω

ω := W y = W x+W ε = θ + ε ′

where
θ := W x

and
ε ′ =: W ε ∼Nn(0,σ2I),

sinceW is orthogonal, i.e.W W ⊤ = Id. We have thus for each coefficient

cI = c∗I + ε ′I

with the sample coefficientsω = (cI ), the population coefficientsθ = (c∗I ) and the noise
ε ′ = (ε ′I), whereI ∈ D denote appropriate indices for the wavelet coefficients (asdescribed
in subsection 4.1.5).
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The next step is to extract those coefficients that contain information about the unknown
vectorx, and discard the others. This can be done by thresholding thesample discrete wavelet
coefficientscI . The intuitive idea is: The true vectorx has a parsimonious wavelet expansion,
i.e. only a few “large”cI essentially contain information aboutx. One has to decide which
ones these are and to set the others to zero.

The general denoising procedure with thresholding is (see e.g. Abramovich et al. [1998]):

1) Expand noisy datayi in wavelet series.

2) Extract “significant” wavelet coefficients by thresholding.

3) Invert wavelet transform for denoised coefficients.

Thresholding is actually a special case of shrinkage (Abramovich et al. [1998]):

Shrinkage rule:

• Decreases (not necessarily strictly) the absolute valuesof the wavelet coefficients
without changing their sign.

Thresholding rule:

• Additionally: Maps to zero all coefficients falling in somenon-empty interval
around zero.

Wavelet estimators with properly chosen threshold rule have various important optimality
properties (Donoho and Johnstone [1994], Donoho et al. [1995]).

Thresholding rules

Let cI be an arbitrary DWT coefficient of the observed signal/image. Then thehard and soft
thresholding estimators(Donoho and Johnstone [1994], Donoho and Johnstone [1995])are
defined as (Figueiredo and Nowak [2001])

δ hard
λ (cI) := cI 1λ ,∞(|cI |) =

{
0, if |cI | ≤ λ ,
cI , if |cI |> λ ,

δ soft
λ (cI) := sign(cI )max(0, |cI |−λ ) =

{
0, if |cI | ≤ λ ,
sign(cI )(|cI |−λ ), if |cI |> λ .

Soft thresholding yields systematically biased estimators, because it shrinks coefficients re-
gardless of how large they are. Hard thresholding produces less biased but higher variance
estimates.

Thenonnegative garrote(Gao [1998]) tries to retain the best of both approaches (seefig-
ure 4.5):

δ garrote
λ (cI) =

{
0, if |cI | ≤ λ
cI − λ 2

cI
, if |cI |> λ .
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Figure 4.5: Hard, soft and garrote thresholding function

DefineĉI := δλ (cI) whereδλ is one of the thresholding rules, and construct an estimatorx̂
of x by applying the inverse DWT:

x̂ = W ⊤θ̂ whereθ̂ := (ĉI ).

The general problem is how to choose the threshold for the thresholding rule. Proposed
thresholdsλ are (Abramovich et al. [1998]):

• VisuShrink(Donoho and Johnstone [1994]): Theuniversal threshold

λDJ = σ
√

2log(n).

The resulting nonlinear wavelet estimator is spatially adaptive and asymptotically near-
minimax within the whole range of Besov spaces. Moreover, itoutperforms any linear
estimator (i.e. splines, kernel estimation, truncated Fourier series, etc.) within Besov
spacesBs

p,q with p < 2 that contain spatially inhomogeneous functions. However, it
depends on the data only through the estimatedσ and thus oversmoothes in practice.

Therefore, data-driven thresholding rules have been proposed:

• SureShrink(Donoho and Johnstone [1995]): Based on minimizing Stein’sunbiased risk
estimate (Stein [1981]); yields usually smaller thresholds thanVisuShrink. Asymptoti-
cally near-minimax, overall complexityO(nlog(n)).

• Cross-validaton (Nason [1995], Nason [1996]; Weyrich andWarhola [1995]).

• Multiple Hypothesis Testing (Abramovich and Benjamini [1995], Abramovich and Ben-
jamini [1996]; Ogden and Parzen [1996b], Ogden and Parzen [1996a]).

• Bayesian viewpoint (introduced by Vidakovic [1998], Clyde et al. [1998], Chipman
et al. [1997]).

266



i i ii

i i ii

4.3 Wavelets and Bayesian techniques: Denoising

The most thresholding procedures are essentially minimax and thus too conservative. They
do not take into account some specific properties of a concrete vectorx or functiong. The
natural way of introducing prior belief (knowledge, information) aboutg (e.g. regularity prop-
erties) is via a Bayesian approach: Specify a prior distribution on the population wavelet
coefficientsc∗I .

The approach presented here is within a Bayesian framework:

• Impose a prior on the wavelet coefficients of the unknown response function.

• Estimate the function by applying some Bayes rule on the resulting posterior distribution
of the wavelet coefficients.

The main goal is to design the prior model as to capture the sparseness of the wavelet expan-
sion common to most applications.

Bayesian formulation

The likelihood function resulting from the observation model in the signal domain is given by

y|x∼Nn(x,σ2I),

and in the wavelet domain by
ω |θ ∼Nn(θ ,σ2I).

Noise is white and Gaussian both in signal and wavelet domain.
The priorπΘ(θ) is formulated with respect to the wavelet coefficients. Thisprior induces a

signal prior
πX (x) = πΘ(W x),

becauseW is an orthogonal transformation, thus possesses a unit Jacobian, i.e.

|dθ |= |dx|.

The Bayesian version of the three step program for wavelet-based denoising is (Figueiredo
and Nowak [2001])

1) Compute the DWT of the dataω = W y;

2) Obtain a Bayes estimatêθ givenω;

3) Reconstruct the signal estimate ˆx = W −1θ̂ .

Let L(θ , θ̃ ) be a loss function which penalizes the “discrepancy” between θ and any candi-
dateθ̃ and define (see e.g. Figueiredo and Nowak [2001])

θ̂ := argmin
θ̃

∫
L(θ , θ̃ )π(θ |ω)dθ .

Then
x̂ := W −1argmin

θ̃

∫
L(θ , θ̃ )π(θ |ω)dθ
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which is equivalent to

x̂ := argmin
x̃

∫
L(W x,W x̃)π(x|y)dx

since

π(x|y) ∝ π(y|x)πX (x) = π(ω |θ)πX (W −1θ) = π(ω |θ)πΘ(θ) ∝ π(θ |ω).

The estimate ˆx = W −1θ̂ corresponds to a Bayesian criterion in the signal domain under the
loss

L(W x,W x̃)

induced byL(θ , θ̃ ). In some cases, this loss isinvariant under orthogonal transformations,
in the sense that:

L(W x,W x̃) ∝ L(x, x̃).

In this case:

x̂ := argmin
x̃

∫
L(x, x̃)π(x|y)dx,

meaning that ˆx = W θ̂ is a Bayes estimator under the same loss function asθ̂ .
Examples of invariant loss functions are (Figueiredo and Nowak [2001]):

• Squared error lossL2. Then, the optimal Bayes rule is the posterior mean (PM):

L2(θ , θ̃) = ‖θ − θ̃‖22 = ‖W x−W x̃‖22 = ‖W (x− x̃)‖22 = ‖x− x̃‖22 = L2(x, x̃)

because of the orthogonality ofW . Thus, the inverse DWT of the PM estimate of
coefficients coincides with the PM estimate ofx.

• 0-1 lossL0-1: Leads to the maximum a posteriori (MAP) criterion

L0-1(θ , θ̃) = L0-1(W x,W x̃) = L0-1(x, x̃)

simply becauseW −1 exists, i.e. becauseW is bijective. Thus, the inverse DWT of the
MAP estimate of the coefficients is the MAP estimate ofx.

This is not true in general! An example is the following:

L∞(θ , θ̃) = ‖W x−W x̃‖∞ 6= ‖x− x̃‖∞ = L∞(x, x̃)

where‖v‖∞ := max
{
|vi |
}

denotes the infinity norm.
The Bayes rule based on theL2-loss (posterior mean) leads to a shrinkage rule rather than

a thresholding rule (Vidakovic [1998], Clyde et al. [1998],Chipman et al. [1997]). In con-
trast, a Bayes rule based on a weighted combination ofL1-losses (posterior median), which
corresponds toL1-losses based on the functiong and its derivatives yields for certain priors a
thresholding rule (see for example Abramovich et al. [1998]).
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Priors

The decorrelation property suggests to model the coefficients as mutually independent (though
of course decorrelation does not imply independence! We take it as an approximation):

π(θ) = ∏
I∈D

π(c∗I ).

Since furthermore the likelihood function is conditionally independent, the posterior distribu-
tion is as well conditionally independent:

π(θ |ω) ∝ ∏
I∈D

π(cI |c∗I ) ∏
I∈D

π(c∗I ) ∝ ∏
I∈D

π(c∗I |cI )

whereπ(c∗I |cI ) ∝ π(cI |c∗I )π(c∗I ) with cI |c∗I ∼N (c∗I ,σ2).
Under the MAP or the PM criterion, the Bayes rule can be computed separately for each

coefficient (Figueiredo and Nowak [2001]):

θ̂PM = E[θ |ω] =
(
E[c∗I |cI ]

)
I∈D

θ̂MAP = argmax
θ

π(θ |ω) =
(

argmax
c∗I

π(c∗I |cI)
)

I∈D.

Focus now on the prior forone wavelet coefficient. The usual approach is to explicitly
capture the sparseness property with heavy-tailed priors;examples are (Figueiredo and Nowak
[2001]):

• Chipman et al. [1997], Crouse et al. [1998]: mixture of two zero-mean Gaussian, one
with small variance, other with large variance.

• Abramovich et al. [1998]: as before, but small variance component as point mass at
zero.

• Vidakovic [1998]: Studentt-distributions.

• Laplacian prior:π(c∗I ) ∝ exp(−ν|c∗I |) and MAP rule leads to soft thresholding function.

• Bayesian interpretation of hard thresholding rule was presented by Moulin and Liu
[1999].

Choices of prior In [Chipman and Wolfson, 1999], a comparison is made betweenseveral
choices of priors for the wavelet coefficients. Actually, a look on the non-parametric model

y = W θ + ε

and
ω = (cI ) = W −1y, ω ∼Nn(θ ,σ2I)
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reveals the following dependence structure (graphical model):

θ
|

σ2 — ω
|

W — y

Thus, priors have to be put on the “parameters”W , θ , andσ2.

• W : Priors onW are seldom considered; the wavelet basis used is usually taken to be
fixed. Possibilities for a choice are

– wavelet families (e.g. Daubechies family),

– member of the family (e.g. number of filter coefficients),

– basis of a wavelet packet.

Whereas finding a prior for the choice of a wavelet family seems to be very difficult, a
prior on the member of a given family is more approachable because (as in the case of
Daubechies wavelets) the members are often indexed by integersN corresponding to the
smoothness properties of the wavelets. The last point, choice of a wavelet packet basis,
would result in a Bayesian analogue of the basis selection algorithm presented in sub-
section 4.2.3. In any of these cases, the reversible jump sampler (see subsection 3.5.1)
could be usable when treating the problem with a Bayesian simulation approach.

• σ2: A classical choice for a prior onσ2 is an inverse Gamma distribution

σ2∼I G (α/2,β/2).

Special cases areσ2 = s2 fixed (α→∞, β →∞, α/β = 1/s2), or an uninformative prior
given byα = β = 0.

• θ : The priors on the unobserved wavelet coefficientsθ are most varying in the literature.
There are three main possibilities:

– θ ∼Nn(0,Σ): The covariance matrixΣ expresses the dependencies between the
wavelet coefficients. Often it is chosen to be dependent on the varianceσ :

Σ = σ2Σ′,

where the choiceΣ′ = I means independence of the coefficients inθ . Another
choice ofΣ (or Σ′) is some kind of “band structure”, such that coefficients with
strong prior correlation would be those which are “close” toeach other, i.e. coef-
ficients at similar locations, similar scales, or corresponding locations in similar
scales. (Also a Student’st-distribution can be used instead of a normal distribu-
tion.)
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– Mixture of two normal distributions:

c∗I = πIN (0,τ2
I )+(1−πI)N (0,ρ2

I ), c∗I independent of each other,

with τ2
I ≫ ρ2

I andπI ∈ [0,1]. The small varianceρ2
I belongs to the “negligible“

coefficients, the large varianceτI to the “significant” coefficients: the standard de-
viationρI is related to the largest possible coefficient which may be shrunk towards
zero, whereas the standard deviationτI is related to the largest possible “signifi-
cant” coefficient. The limiting caseρ2

I = 0 leads to a mixture of a normal and a
delta distribution on 0:

c∗I = πIN (0,τ2
I )+(1−πI)δ0, c∗I independent of each other.

While a choiceρ2
I > 0 always leads to a shrinkage rule, withρ2

I = 0 a thresholding
rule is possible (see the next section). In applications where a compression (i.e.
reduction of non-zero wavelet coefficients) is important, this latter choice is to be
preferred. Through further prior modelling on the weightsπI also dependencies
on similar locations and scales can be considered.

– Infinite mixture of normal distributions:

θ ∼Nn(0,Σ)

with hyperparameter on the covariance matrixΣ (Holmes and Denison [1999]).
Classical hyperparameters like inverse Gamma or Wishart distributions help little
to the task of prior elicitation, because prior knowledge lies more in the complexity
and underlying smoothness of the signal rather than in the values of the parame-
ters themselves. Considering the case whereΣ = diag(νI) is diagonal, a natural
measure for model complexity is given by the degrees of freedom

DF = (1+σ2ν−1
I )−1

(see Hastie and Tibshirani [1990]). A preference for smoothmodels with low
degrees of freedom is naturally expressed by the prior

ν−1
I |σ2 ∝ exp

(
−c(1+σ2ν−1

I )−1)

where the constantc determines how much to penalize model complexity. The log
of the posterior for this prior is found to be

Log Model Probability= Log Marginal Likelihood−c×DF

showing the form of many classical model choice criteria. This in turn allows to
choose the hyperparameterc according to these criteria:

c 0 1 1
2 logn logn

Model choice criterion Bayes factor AIC BIC RIC
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An example of a prior

We present now the prior given by Abramovich et al. [1998]. Using a mixture of a normal and
a delta distribution and using a median as estimator leads toa thresholding rule. This choice
reveals also an interesting connection between certain hyperparameters and some Besov space
parameters.

As already mentioned, a large variety of different functions allow parsimonious represen-
tation in wavelet series: Only a few non-negligible coefficients are present in the expansion.
One possibility is to incorporate this by placing the following prior onc∗I (Abramovich et al.
[1998]):

c∗I ∼ πIN (0,τ2
I )+(1−πI)δ0

with 0≤ πI ≤ 1, δ0 the point mass at zero, andc∗I independent of each other. The hyperpa-
rametersπI , τ2

I have to be specified.
This prior is a mixture of a point mass at zero and a normal distribution around zero: Every

c∗I is either zero with probability 1−πI or, with probabilityπI , normally distributed with zero
mean and varianceτ2

I . The probabilityπI gives the proportion of non-zero wavelet coefficients
while the varianceτ2

I is a measure of their magnitudes.

Conjugate posterior distribution The proposed prior is conjugate for the regression
model with Gaussian noise. Thus, the posterior distribution for c∗I |cI is also a mixture of
a normal distribution and a point massδ0. Defining

λ̄I := τ2
I /(σ2+ τ2

I ),

the posterior cumulative functionF(c∗I |cI ) results to be:

F(c∗I |cI) =
1

1+wI
Φ

(
c∗I −cI λ̄I

σ
√

λ̄I

)
+

wI

1+wI
1[0,+∞)(c

∗
I )

whereΦ is the normal cumulative function andwI is theposterior odds ratiofor the compo-
nent at zero, given by:

wI =
1−πI

πI

τI

σ
√

λ̄I

exp

(
− λ̄I c2

I

2σ2

)
.

Usage of L1 loss As mentioned, theL2-loss leads to the posterior mean as corresponding
Bayes rule, as used by Vidakovic [1998], Clyde et al. [1998],Chipman et al. [1997]. This in
turn leads to a shrinkage rule, not a thresholding rule.

Instead, one may use any weighted combination ofL1-losses on the individual wavelet
coefficients. The corresponding Bayes rule results in taking the posterior median of each
wavelet coefficient. This leads to a thresholding rule.

Theposterior medianMed(c∗I |cI ) is defined as the solution (inc∗I ) of the equation

F(c∗I |cI ) = 1/2.
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The posterior cumulative distribution function has a jump at zero. Thus: Med(c∗I |cI ) = 0 if

wI ≥ 1

or

wI < 1 and
1
2
(1−wI )≤Φ

(
−
√

λ̄I cI

σ

)
≤ 1

2
(1+wI )

and Med(c∗I |cI ) 6= 0 otherwise. Straightforward calculus leads to

Med(c∗I |cI ) = sign(cI )max(0,ζI )

where

ζI = λ̄I |cI |−
√

λ̄I σΦ−1
(

1+min(wI ,1)

2

)
.

The quantityζI is negative for allcI in some implicitly defined interval

[−λI ,λI ].

Thus, the estimate ˆcI is zero whenever|cI | falls below the thresholdλI . The posterior median
in this case is a coefficient dependent thresholding rule with thresholdsλI . For largecI the
thresholding rule asymptotes to a linear shrinkage rule with factor

λ̄I = τ2
I /(σ2+ τ2

I )

since the second term in the equation forζI becomes negligible for|cI | → ∞.

Particular form of the hyperparameters The hyperparametersπI andτ2
I have to be de-

fined. A possible choice with interesting relations to Besovspace parameters was proposed by
Abramovich et al. [1998] for the one-dimensional case (d = 1). They choose level dependent
hyperparametersπ j andτ2

j for each levelj with

π j = πI and τ2
j = τI for all I ∈ D j

in the following way:

τ2
j = C12−α j and π j = min(1,C22−β j), j = 0, . . . ,J−1

whereC1,C2,α,β are nonnegative constants.

Remark: The universal thresholdλDJ = σ
√

2log(n) can be obtained as a particular limiting
case (Abramovich et al. [1998]):

α = β = 0, C1−→ ∞, C2−→ ∞

such that √
C1/(C2σn)−→ 1.
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Interpretation of hyperparameters α and β The prior expected number of non-zero
wavelet coefficients on thej-th level isC22 j(1−β ).

• In the caseβ > 1, the number of non-zero coefficients in the wavelet expansion is finite
(this follows from the first Borel-Cantelli lemma). The Prior model implies thus thatg
is exactly expressed as a finite wavelet expansion.

• More interesting is the case 0≤ β ≤ 1:

– The caseβ = 0: Corresponds to the prior belief that all coefficients on all lev-
els have the same probability of being non-zero. This characterizes self-similar
processes as white noise or Brownian motion, the overall regularity depending on
α.

– The caseβ = 1: Assumes that the expected number of non-zero coefficientsis
non-zero on each level. This is typical e.g. for piecewise polynomial functions.

Relation between Besov space parameters and hyperparameters of prior model
There is an interesting connection between the hyperparameters of the prior and the Besov
space parameters established by Abramovich et al. [1998]. We begin with the two-parameter
prior given above, which mainly characterizes the primary Besov parameters. Thereafter, a
three-parameter version of the prior will also take the parameterq into account.

Theorem 4.12(Abramovich et al. [1998]): Let ψ be a mother wavelet of regularity r, where

max(0,1/p−1/2) < s< r, 1≤ p,q≤ ∞,

and let the wavelet coefficients c∗I of a function g obey the prior model given above with

τ2
j = C12−α j and π j = min(1,C22−β j)

where C1,C2,α ≥ 0 and0≤ β ≤ 1. Then g∈ Bs
p,q almost surely if and only if either

s+1/2−β/p−α/2 < 0

or
s+1/2−β/p−α/2 = 0 and 0≤ β < 1, 1≤ p < ∞, q = ∞.

If β > 1, then the number of non-zero coefficients in the wavelet expansion is finite almost
surely. Thus, with probability one,g will belong to the same Besov spaces as the mother
waveletψ, i.e. those for which

max(0,1/p−1/2) < s< r, 1≤ p,q≤ ∞.

With a three parameter prior we can take into account the Besov space parameterq: Introduce
a third parameterγ with −∞ < γ < ∞:

τ2
j = C12−α j jγ .

Then the previous prior is a special case of this prior withγ = 0.
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Theorem 4.13(Abramovich et al. [1998]): Let ψ be a mother wavelet of regularity r, where

max(0,1/p−1/2) < s< r, 1≤ p,q≤ ∞,

and let the wavelet coefficients c∗I of a function g obey the prior model given above with

τ2
j = C12−α j jγ and π j = min(1,C22−β j)

where C1,C2,α ≥ 0, 0≤ β ≤ 1 andγ ∈R. Then g∈ Bs
p,q almost surely if and only if either

s+1/2−β/p−α/2 < 0

or
s+1/2−β/p−α/2 = 0 and γ satisfies the following conditions:

p,q < ∞ p = ∞, q< ∞ p < ∞, q= ∞ p,q = ∞
0≤ β < 1 γ <−2/q γ <−1−2/q γ ≤ 0 γ ≤−1

β = 1 γ <−2/q γ < 0

With the prior used here, the several coefficientscI are a-priori independent from each other.
If dependency is introduced, the relation to Besov spaces islost. This can be seen through the
so-called “shuffle-invariance”: a shuffling of the wavelet coefficients belonging to the same
level j leads to the same Besov spaces. This cannot be true for dependent priors.

4.4 Wavelets and dynamical systems

4.4.1 Nonparametric estimation

System identification and wavelets The usage of wavelets for system identification
is an astonishingly seldom appearing combination in the literature. For example, Hasiewicz
[2001] uses wavelets for the identification of Hammerstein models. This model type is a
simple form of nonlinear modelling, done by a serial connection of a nonlinear static and a
linear dynamical model. Hasiewicz realizes the static partby a wavelet approximation whereas
the linear dynamical part is treated with the usual identification procedures of linear systems
theory. The input sequence for the identification process has to be stationary.

Another example is Guo et al. [2004]. They use a stochastic state space model where the
transition map is represented by alinear wavelet approximation. In chapter 5 we will use a
similar idea, which in contrast is principally able to exploit the sparseness properties of the
wavelet coefficients revealed bynonlinear n-term approximation (augmented by a possible
incorporation of wavelet packet trees and a Preisach part inthe model).

4.4.2 Linear systems and frames

We have introduced wavelet transform, multiresolution analysis, and orthogonal bases for the
analysis of functions. There are interesting analogues forlinear time-invariant (LTI) systems,
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recently developed by Feuer et al. [2006]. The transform used there is a generalization of the
known Laplace, Laguerre and Kautz transform, and also generalizes the more recent Hambo
transform developed by Heuberger et al. [2003]. Among otherthings, these transforms are
used to the purpose of model reduction. The idea of sparseness in relation with the analysis
of functions and the idea of reduction in relation with models are similar. Thus, it may be
expected that with this Unified Transform (UT) a sparse representation of linear systems can
be achieved, even more because Feuer et al. [2006] show that this Unified Transform yields
some kind of multiresolution analysis for LTI systems. Concerning our case of nonlinear
systems, it is especially interesting when we look at Local Model Networks with linear local
models. If one uses a wavelet decomposition for the weight functions, one could also try using
a decomposition of the local models with the Unified Transform.

The model reduction provided by the Unified Transform can be seen as an optimal pole
placement in the Laplace domain.
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Implementation and application

This chapter describes primarily the concrete implementation of the foregoing more theoreti-
cal issues, but provides also the missing links between the single building blocks. These build-
ing blocks we have to combine are wavelet techniques, state space modelling of differential
and hysteretic behaviour of nonlinear systems, and identification of parameters by stochastic
techniques, mainly Bayesian techniques in combination with Sequential Monte Carlo (SMC)
methods.

One crucial point in our model is the combination of SMC methods and wavelet-based non-
linear approximation. The sparseness properties of the wavelet coefficients and their practical
application using thresholding are here essential. In Guo et al. [2004], also a method combin-
ing SMC methods and wavelet approximation is proposed. But although they claim that they
use wavelet thresholding (they write “wavelet shrinkage”), they compute instead the vector
of wavelet coefficients and then “truncate it by keeping onlythe firstκ elements”. But this
is not thresholding, which would lead to nonlinear approximation. It is rather solelylinear
approximation, and the only parameters they have to estimate is the numberκ of coefficients
and their values. In our case, the procedure is more involved: We have to estimatewhichof
the coefficients we have to keep, and to estimate their values. We will realize this by using ap-
propriate priors on the wavelet coefficients. For the implementation, we also have to provide
a data structure (called wavelet tree) which stores only thenon-zero wavelet coefficients in an
effective way. Nothing of this is done in the mentioned article. Additionally, we are able to
deal with hysteretic behaviour.

Overview At the beginning we shortly summarize the crucial points of the last three chap-
ters. A section with three parts is dedicated to our method (and so following Samarskii): one
part describing the whole stochastic model, the second partdevoted to the identification algo-
rithm including the definition of our main data structure, the wavelet tree, and the third part
summarizing the implementation. We end this chapter providing some examples, and a real
application: the identification of data taken from measurements of a shock absorber.

Contributions

• Combination of SMC methods and nonlinear wavelet approximation methods.

• Additional flexibility through the possibility to use wavelet packet trees.

• Inclusion of difference and hysteretical properties intothe state space model and non-
parametric estimation.
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• Description and implementation of a new identification algorithm.

• Application of the algorithm to some examples and on a real data set.

5.1 Summary

We shortly summarize those points of the theories reproduced in the foregoing chapters which
are of importance for understanding of the model and algorithm proposed in the present chap-
ter. From wavelet theory:

• Sparseness property,

• Decorrelation property.

From Bayesian probability and statistical decision theory:

• Prior distributions on coefficients,

• Sequential Monte Carlo Methods.

Non-parametric approach: Grey-box model as approximation We follow a non-
parametric approach. The task here is to approximate a real systemΣ by a best model in the
setMn:

M0 ⊂ M1 ⊂ M2 ⊂ ·· ·

∈ ∈ ∈

Σ0 Σ1 Σ2 · · · −→ Σ

An analogy is function approximation: The task in this case is to approximate a functionf by
a best function in the setXn:

X0 ⊂ X1 ⊂ X2 ⊂ ·· ·

∈ ∈ ∈

f0 f1 f2 · · · −→ f

The principal idea in both cases is atomic decompositions: Decompose an objectΣ into a
weighted superposition of simpler objectsΣω , ω ∈Ω:

Σ =

∫

ω∈Ω
Σω µΣ(ω)

where

• Ω is some index set, and

• µΣ is a (signed, complex) measure dependig onΣ.
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Increase of
„freedom“ −→

Highly Nonlinear Approximation
Nonlinearn-term Approximation

Linear Approximation −→

Need of more
„knowledge“

Table 5.1: Approximation as an inverse problem

As example letf ∈H be a Hilbert space, and(ηi)i∈N, an orthonormal basis. Then

f = ∑
i∈N

fiηi , fi ∈R,

with approximations

fn :=
n−1

∑
i=0

fiηi (Linear Approximation)

or

fn :=
n−1

∑
i=0

fτ(i)ητ(i) (Nonlinearn-term Approximation)

where in the latter caseτ : N−→N is a bijection such that

| fτ(0)| ≥ | fτ(1)| ≥ | fτ(2)| · · · (rearranged coefficients).

A special case is given when the orthonormal basis(ηi) is a wavelet basis.
The next step of “nonlinearity” in approximation is highly nonlinear approximation: Choose

a basis(ηi) depending onf (best basis search). A prominent example here are wavelet packets.
The search for best approximation (= identification) is always an inverse problem (see ta-

ble 5.1). This means: Information contained in experimental data is not enough; using only
experimental data leads to unstable identification (too much depending on noise).

To avoid difficulties with inverse problems, one uses regularization. The regularization prin-
ciple is: Use prior knowledge to stabilize the identifications. Usual assumptions are smooth-
ness properties of the functionf . In the special case of wavelets, smoothness properties of the
function f are given in terms of Besov spaces. These in turn correspond to sparseness proper-
ties of the wavelet coefficientscI , measured in the norm of sequence spaces. Approximation
for functions of these spaces can be done via thresholding ofthe wavelet coefficients.

Why wavelets? A problem in our case is:f can be multi-dimensional. Forn-term approx-
imation, there are two major possibilites:

1-dim multi-dim

Wavelets

Free-Knot Splines
equivalent

easy extension of 1-dim case

?

There are at least two possibilities to use wavelets for the purpose of identification of non-
linear dynamical systems:
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Approximation of systems⇐⇒ Approximation of functions

SystemΣ Input/Output-OperatorΓ „Characteristic function“

Nonlinear
differentiable

control
system

y(t) = η(x(t))
x(t) solution of
ẋ(t) = f (u,x, t)

f multi-dimensional

Preisach
Hysteresis

y(t) =
∫

α<β

(Γα,β u)(t)µ(α,β ) f (α,β ) :=
∫

T(α,β )

dµ(α̃ , β̃)

T(α,β ) = Triangle(α,α)–(α,β )–(β ,β )

Table 5.2: Interplay between approximation of dynamical systems and function approximation

• It is possible to transform the inputu and outputy of the dynamical system with the
Wavelet Transform and identify the transformed system; butbeware: the Wavelet Trans-
form is linear, so the transformed system is necessarily still nonlinear, and there is no
reason to believe that the identification of the transformedsystem is easier than the
original system. We will not follow this approach.

• One can approximate the state transition function and/or the output function with adap-
tive approximation (and with the help of wavelet bases). This is our choice.

Approximation of dynamical systems How can we use function approximation for the
approximation of systems? The key observation here is that important dynamical systems can
be completely determined by some kind of “characteristic function”; it is then enough to ap-
proximate this function. A summary of the interplay betweenthe approximation of dynamical
systems and function approximation shows table 5.2

How to find approximations onf ? The idea is to estimate wavelet coefficients. We use
a Bayesian approach: Put a prior distribution on the waveletcoefficients. Two important
properties of the wavelet coefficients give a general guideline on how to do this:

• Decorrelation property of wavelet decomposition: Choosean independent prior for each
wavelet coefficient.

• Sparseness of wavelet coefficients: Use heavy-tailed priors.

A possible prior is a mixture of a Dirac and a Gaussian distribution around 0, as e.g. used for
denoising of images. This together with anL1 loss results in a thresholding rule and realizes
thus the approximations.

Wavelets used We use Daubechies wavelets because they bear the following properties:
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• They have compact support,

• they can be arbitrarily smooth, and

• Fast Wavelet Transform (FWT) is applicable.

Discrete stochastic state space systems with control We consider only discrete state
space systems, given by:

Controls:ut ∈Rn, States (hidden):xt ∈Rd, Observations:yt ∈Rm,

with time t = 0,1,2. . . , and

• initial State: x0∼ f0(x),

• state transition equation: xt ∼ f (x|xt−1,ut−1),

• observation equation: yt ∼ g(y|xt).

u0 u1 u2 . . . ut ut+1 . . .

ց ց ց ց ց

x0 −→ x1 −→ x2 −→ . . . −→ xt −→ xt+1 −→ . . .
y y y y

y1 y2 . . . yt yt+1 . . .

Estimation of states and parameters Estimation of state densities given observed data
(filter and smoothing densities): Analytical solutions exist only in a few cases:

• Linear Gaussian Systems=⇒ Kalman-Filter/Smoother,

• Discrete (finite) Systems=⇒ Baum-Welch algorithm.

In all other cases: Exact analytical solutions are not possible. Therefore use the following ap-
proximations: Approximate the filter density by a mixture ofDirac distributions and transfer
these as particles recursively through the state space system; this leads to Sequential Monte
Carlo (SMC) methods (particle filters). The estimation of states is necessary for the estimation
of parameters. With the Bayesian viewpoint, there is no difference between states and param-
eters, and estimation of both can be done jointly with the same methods. The parameters in
our case are the wavelet coefficients and possibly other realparameters.

5.2 Model, algorithm and implementation

In this section, we describe our new algorithm together withthe underlying model; it follows
a short subsection about its implementation.
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5.2.1 Model

Assumptions on the system/model

We want the following assumptions on the system to be fulfilled:

• We assume that the system has both differential and hysteretic properties.

• We assume that we can describe the behaviour of the system through a virtual collection
of internal signals, given as hidden states consisting of

– real numbers, and

– sequences of alternating real numbers of arbitrary length.

• We assume that all information about the differential parts of the model is provided by
a finite number of real-valued states.

• We assume that all information about the hysteretic parts of the model is provided by
the alternating sequences.

• We assume that the state transitions are provided by either

– real-valued multi-dimensional functions on some of the real sequences;

– update of the alternating sequences;

– summation formulas using a primitive Preisach function on one of the alternating
sequences.

• We assume that there are some white noise sources which are subsumed under the real
states.

• We assume that there are real inputs (controls) into the system which we subsume under
the real states.

• We assume that there is a real output which may be given by a multidimensional real
function on the states (including noise sources).

We have thus several real-valued multi-dimensional functions as core of the state transitions.
Our aim is the identification of these functions.

The model

The model will be given as a general state space model:

x0∼ f0(x) (initial state),

xt ∼ f (x|xt−1,ut−1) (state transition),

yt ∼ g(y|xt) (observation),
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for t = 1,2,3. . . . We first have to fix the spaces wherein to act. The states are taken out of the
cartesian product

X := R
d×S

e

whereS is the space of alternating sequences overR :=R∪
{
−∞,+∞

}
andd andeare some

natural numbers denoting the respective dimensions.

Building blocks It is possible to factor the state transitionf (xt |xt−1,ut−1) into several, say
K, building blocks without disturbing the Markov property: Let xt,1 := (xt ,ut ,εt,1), wherext

is the state at timet, ut is the control (input) at timet andεt,1 is some independent noise with
known distribution. Define recursively:

xt,k+1 := ak(xt,k,ut ,εt,k), k = 1, . . . ,K

whereεt,k are independent noises with known distributions,

ak : Rdk×S
ek→R

dk+1×S
ek+1, k = 1, . . . ,K−1,

are deterministic functions, anddk andek, k = 1, . . . ,K are suitable dimensions. Additionally
we requirext+1 := xt,K. We remark that the requirement that the distributions of the noises
are knwon is not really restricting: Parameterized distributions with unknown parameters can
usually be easily described as deterministic transformations of standard distributions, for ex-
ampleε ∼N (µ,σ2) is given byε = φ(ε̃; µ,σ2) with ε̃ ∼N (0,1) and the parameterized
function

φ(x; µ,σ2) := σx+ µ.

Nevertheless, the noise sourcesεt,k are not restricted to Gaussian noise. Also heavy-tailed
distributions are possible. The proposed algorithm for theidentification is not restricted to
some special assumptions concerning these distributions.

Transitions between the building blocks We will allow the following transitionsak for
the building blocks: Divide each intermediate statext,k into the part

xRt,k =
(
xRt,k,1, . . . ,x

R

t,k,dk

)

which gathers all real values, and the part

xS
t,k =

(
xS

t,k,1, . . . ,x
S
t,k,ek

)

which gathers all prefixed alternating sequences. Thenak may realize transitions in three
ways, where the first possibility is given by a usual multi-dimensional function and the last
two realize a general Preisach operator on some internal one-dimensional signals:

• Real transitions:
xRt,k+1,J := ak, j(x

R

t,k,I)

for some index setsJ⊆
{

1, . . . ,dk
}

andI ⊆
{

1, . . . ,dk+1
}

.
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• Update of alternating sequence:

xS
t,k+1, j(s) := ρ(xS

t,k,i1,x
R

t,k,i2)

for somej ∈
{

1, . . . ,ek
}

, i1∈
{

1, . . . ,ek+1
}

andi2∈
{

1, . . . ,dk+1
}

, whereρ denotes the
update algorithm of prefixed alternating sequences (see subsection 2.2.2).

• Summation formula:

xRt,k+1, j := ∑
s

Fk, j
(
xS

t,k,i(s),x
S
t,k,i(s+1)

)

for some j ∈
{

1, . . . ,dk
}

and i ∈
{

1, . . . ,ek+1
}

, and whereFk, j is a suitable primitive
function of a general Preisach hysteresis operator.

Additionally, we allow:

• Sampling from a noise source:

xRt,k+1, j ∼ noise source

for somej ∈
{

1, . . . ,dk
}

.

We also have the observation transition:

y := b(xR,ηt)

for xR := xRt,K, given by a deterministic functionb and independent observation noiseηt .

Parameters We thus are concerned with several multi-dimensional functions: ak, j for the
real state transitions,Fk, j for the Preiach transitions, andb for the observation transition. For
either of them, we assume that they are either known, or, if they are not known, that they are
given

• either as parameterized function with an unknown vectorθ of real parameters,

• or nonparametric through unknown wavelet coefficients.

Since in the last case we want to use techniques closely related to nonlinear approximation
and since we want that these methods provide efficient representations of these functions, we
have to assume some smoothness or regularity conditions on the functions. They could e.g.
be assumed to be in some suitable Besov space. In this case, the wavelet coefficients can be
equipped with independent priors.

Priors for wavelet coefficients and parameters For the wavelet coefficients, we use a
prior as described in section 4.3. This prior is a mixture of adelta distribution and a normal
distribution, both with mean zero:

c∗I ∼ πIN (0,τ2
I )+(1−πI)δ0

with the weightπI and variancesτ2
I only depending on the levelj.

For the parameters, the priors are application dependent; the algorithm allows a free choice.
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5.2.2 Algorithm

The aim of the algorithm is the identification of the unknown functions in the state and obser-
vation transitions. We treat these functions all in the sameway: Either they are parameterized,
or we approximate them by a wavelet decomposition. We thus have to identify the parameters
and the wavelet coefficients. Having identified in some way the wavelet coefficients, we after-
wards reconstruct the functions with the usual quadrature mirror filters given by the (inverse)
fast wavelet transform. The advantage of this procedure lies in the sparseness and decorrela-
tion properties of the wavelet coefficients: We need by far less data to represent the original
function than by storing the values of the function point by point, and the coefficients can be
estimated independently: If we change one coefficient, the resulting reconstructed function
will change only locally.

The identification of the parameters and the wavelet coefficients has to be done jointly
with the hidden states. We use a Bayesian approach and include the parameters and wavelet
coefficients into the state space. We then use SMC techniquesfor the joint estimation of
parameters, coefficients and states.

General algorithm Our basic algorithm is the SISR algorithm where resampling is done
if the effective sample size falls below some threshold, as described in section 3.6.4. For
simplicity, we always use the state transition density as proposal. We have to augment the
SISR algorithm with a procedure to evaluate the functions given by wavelet coefficients. We
therefore need some special data structures which we will describe in the following.

Storing of the wavelet coefficients To store the wavelet coefficients, we need two kinds
of information when using wavelet package bases:

• The wavelet packet tree storing the rules for the reconstruction of the original function.

• The (nonzero) wavelet coefficients themselves.

The storage of the wavelet coefficients can be done similarlyto the storage of the entries of
a sparse matrix, by providing both location and value only ofthe nonzero coefficients in a
list. During reconstruction of the original function, onlythese nonzero values have to be used,
saving computation time.

Introduction of artificial dynamics for parameters and wavelet coefficients Due
to the difficulties SMC methods still have with identifying mixed dynamic and static param-
eters, we have to modify the model and make the static parameters and wavelet coefficients
dynamic: we introduce artificial dynamics (“jitter”). For both parameters and wavelet coeffi-
cients, we use some kind of random walk. For the parameters, this is standard. For the wavelet
coefficients, we allow a random walk as well as a possibility to threshold a coefficient to zero,
with greater possibility if it is small. We also allow the creation of a new wavelet coefficient
with some possibility; the value of this new wavelet coefficient is normally distributed. There
is no possibility to assess good parameters for these distributions in advance. They depend
on the application, and we decided in each case by try and error. In any case, a random walk

285



i i ii

i i ii

5 Putting things together: Implementation and application

consisting of a mixture of two normal distributions (one forsmall and one for large steps)
seems sensible.

Wavelet trees

Wavelet trees are the core data structure of our algorithm. They consist of

• a regular rooted tree, and

• wavelet coefficients attached to each node of this tree.

Wavelet trees realize a multi-dimensional discrete functionh :Zd −→R. The regularity index
M depends on the dimensionalityd; if tensor product wavelets are used, this index isM = 2d.
Each node has then none or exactlyM = 2d children.

We assign coefficients to each node of the tree, both to inner nodes and leaves. The coef-
ficients on the nodes cannot be chosen independently. They are related through the levels via
the scaling and wavelet filters. We have the inverse operations of decomposition and recon-
struction:

• Decomposition

– Given the coefficients of a node, the coefficients of its children are obtained by
decomposing these coefficients with the scaling and waveletfilters (FWT).

– Beginning with the root, one computes the coefficients for the next lower level
with the filters given by the FWT.

– Recursively iterating this procedure ends up with the leaves: the original function
on the root is thus decomposed into wavelet coefficients.

• Reconstruction

– Given the coefficients of the children of a node, the coefficients of this node are
obtained by reconstructing these coefficients with the inverse scaling and wavelet
filters (Inverse FWT).

– Beginning with the leaves, one computes the coefficients forthe next upper level
with the filters given by the Inverse FWT.

– Recursively iterating this procedure ends up with the root:here the coefficients
correspond to the values of the realized function.

Definition 5.1: Let A be a dilation matrix with M:= |detA|. Let T := (G, r), G := (V,E), be
a rooted M-ary regular tree with a strict enumeration q. Letψ0 := ϕ be a scaling function
and ψ1, . . . ,ψM be wavelets with associated filter coefficients(hi,m)m∈Z, i = 0, . . . ,M− 1.
Let further beψ̃0 := ϕ̃ be a dual scaling function and̃ψ1, . . . , ψ̃M the dual wavelets, and let
(h̃i,m)m∈Z, i = 0, . . . ,M−1, be the dual filters coefficients. Define the decomposition operator

H̃iη := ∑
m∈Z

h̃i,mη(A ·−k)
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and the reconstruction operator

H[η0, . . . ,ηM−1] :=
M−1

∑
i=0

∑
m∈Z

hi,mηi(A ·−k)

as for wavelet packets. A family of coefficients

C :=
{
(cu,z)u∈V,z∈Zd,cu,z∈R

}

is called anassociated family of wavelet coefficientsif for each u∈ V and the set of its
childrench(u) the following holds:

• The coefficients of the (enumerated) children
{

v0, . . . ,vM−1
}

= ch(u) are obtained by
decomposition from the coefficients of u,

(cvi ,z)z∈Zd = H̃i(cu,z)z∈Zd,

or, equivalently,

• the coefficients of u are obtained by reconstruction from the coefficients of the (enumer-
ated) children

{
v0, . . . ,vM−1

}
= ch(u),

(cu,z)z∈Zd = H[(cv0,z)z∈Zd, . . . ,(cvM−1,z)z∈Zd].

The pair(T,C ) is then called awavelet tree.

Given a wavelet tree(T,C ), C :=
{
(cu,z)u∈V,z∈Zd

}
, each coefficient is determined by

• the nodeu∈V,

• the key (index)z∈ Zd, and

• its valuecu,z.

The wavelet trees have the same structure as the wavelet packet trees presented in subsec-
tion 4.1.6. But we do not assign the wavelet packet bases to each node; instead we assign
coefficients. Both kinds of trees belong together: to each wavelet packet tree those wavelet
trees belong with the same structure and where the assigned coefficients decompose and re-
construct according to the filters given by the wavelet packet tree.

Definition 5.2: Let (T,C ) be a wavelet tree with T:= (G, r), G := (V,E) and

C :=
{
(cu,z)u∈V,z∈Zd

}
.

Let S:= (GS, rS), GS := (US,ES), be a regular subtree of T with regularity index equal to that
of T . Let further

C (S) :=
{
(cu,z)u∈VS,z∈Zd

}
.

Then(S,C (S)) (or, shorter, S) is calledwavelet subtreeof the wavelet tree T .
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These wavelet subtrees are also wavelet trees.
The information contained in the coefficients is highly redundant. It suffices e.g. to know

the coefficients at the root to be able to obtain the complete sets of coefficients in all nodes
by wavelet decomposition; on the other hand, knowing the coefficients at all leaves is enough
information as well, because all coefficients at all leaves can be obtained by wavelet recon-
struction. More general, we have:

Theorem 5.1(Sufficient independent sets of coefficients): Let (T,C ), C := (cu,z)u∈V,z∈Zd be
a wavelet tree. Let S be any subtree of T with the same root r as T. Then the coefficients
associated to the leaves of S are sufficient to determine the coefficients at all nodes in T .

Proof. Going upwards (direction root) by reconstruction, going downwards (direction leaves)
by decomposition.

Special cases:

• S:=
{

r
}

: Original function is given, decomposition at leaves is obtained.

• S:= T: Decomposed wavelet coefficients are given, reconstructedfunction is obtained.

Sparse coefficient spaces

The sparsity property of nonlinear wavelet approximation says that most coefficients after
decomposition are zero. We want to use this property in our implementation and thus store
only those coefficients which are non-zero. This procedure is similar to managing sparse
matrices. The implementation is done by using key-value pairs. We refer to this data structure
as tosparse coefficient spacesor shortsparse spaces.

The sparsity is also utilized for decomposition and reconstruction: we anyway cannot use
the FWT algorithm (quadrature mirror filters) in its original form because neither the complete
function will be known nor all coefficients will be used at once.

The procedure for reconstruction is as follows (needed in the identification procedure and
for simulation with a given or identified model):

• Reconstruction is usually needed for values in some (discrete) hypercuboid (often only
one value);

• Determine recursively which coefficients are needed;

• Begin with the coefficients at the leaves of the wavelet tree;

• Construct sparse spaces for each parents: Multiplicate each nonzero coefficient in the
leaves with the corresponding filter coefficient and add it tothe corresponding coeffi-
cient in the sparse space of the parents;

• Proceed in the same way going upwards in the tree;

• At the end a sparse space of the root is constructed: This gives the reconstructed func-
tion.

288



i i ii

i i ii

5.2 Model, algorithm and implementation

The procedure for decomposition is similar to reconstruction (usually not needed for the
algorithm; we only need it for comparison in the examples we will present later):

• Procedure is similar to reconstruction, but beginning at the root and using the decompo-
sition filters;

• At the end, the leaves contain the coefficients; they may notbe very sparse, but many
coefficients will be near zero;

• Apply an appropiate thresholding to restore sparseness.

Discrete approximation of the intermediate transition functions in a
hypercuboid

Let f be any of the intermediate real transition functionsak, j or any of the primitive Preisach
functionsFk, j which need approximation (estimation) with wavelet coefficients. If f is a
function fromRd toRn for some dimensionsd andn (in the state space, in the Preisach plane,
etc.), we may look at the componentsfi , i = 1, . . . ,n, of f separately, and therefore assume that
n = 1, i.e. f : Rd −→R. Only a finite number of coefficients can be estimated. Therefore we
have to restrict the estimation off to a bounded hypercuboid̃Q onRd. This is similar to e.g.
the LOLIMOT algorithm which also works on a compact hypercuboid. To be able to use the
Fast Wavelet Transform onf , we have to discretizẽQ. To do this, we choose a hypercuboid
Q⊆ Zd, a regular realRd×Rd-matrix as scaling matrix (usually diagonal), and define the
rounding functionρ(x) : Rd −→Z

d componentwise byρ j(x) := ⌊x j +0.5⌋ for all j = 1, . . . ,d
such that

Q = ρ(RQ̃).

We thus have defined a discrete gridR−1Q⊆ Q̃. The estimation task is then to find an appro-
priate maph : Q−→R such

f (x)≈ h(ρ(Rx)) for all x∈ Q̃,

i.e. to findh such that
f (R−1ξ )≈ h(ξ ) for all ξ ∈Q.

One should take care that during identification and simulation no extrapolation occurs, i.e.
that no values fall outside the given hypercuboid. To avoid unexpected behaviour when it
happens, values outside of the boundaries shall be projected to the nearest boundary. This
gives a similar effect as the use of decision-tree based weight functions with the LOLIMOT
algorithm.

Inner and outer hypercuboids in the wavelet tree Given a wavelet tree(T,C ), a
discrete bounded hypercuboidQ⊂ Z

d, and a functionh : Q−→ R. We want to represent
the functionh through the coefficients given at the leaves of the wavelet treeT. To represent
the functionh exactly inside the hypercuboidQ, one has to compute and to store certain
coefficients at the leaves of the wavelet tree. If we setQr := Q for the rootr, we can define
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hypercuboidsQu for each nodeu∈V in the tree through recursive decomposition, such that
theQu have minimal size but still ensure correct reconstruction of the coefficients contained in
Q. In subsection 4.1.5 in the paragraph “Computation of number of coefficients”, we showed
how to compute the boundaries of these hypercuboids in each dimension for tensor product
wavelets. The hypercuboids shrink in size if we go in direction of the leaves. There is a
minimal size for the hypercuboids, only depending on the length of the decomposition filter.
For tensor product wavelets, the minimal length of one edge of the hypercuboids is given by
the length of the one-dimensional filter minus 1. If the height of the tree is sufficient, we get
this minimally sized hypercuboids at the leaves.

If we begin with the hypercuboidsQu at the leaves of the tree, we could go in the opposite
direction and construct hypercuboidsQ̃u for all nodesu∈V via reconstruction, such that̃Qu

is minimal in the sense that decomposition remains correct for the coefficients in the hyper-
cuboidsQu at the leaves. The boundaries are then increasing if we go in direction root, and
we haveQu ⊆ Q̃u for all u∈V. For tensor product wavelets where the univariate filters have
length greater than 2, this inclusion is strict. We will callthe Qu inner hypercuboidsand
theQ̃u outer hypercuboids. The outer hypercuboids̃Qu are needed during the reconstruction
process, to ensure an exact reconstruction of the coefficients on the boundaries of the inner
hypercuboids.

Example: Let be given at the root of a wavelet tree a hypercuboid of one dimension (interval);
the left boundary (minimal position) shall be at 0, the rightboundary (maximal position) at 63.
We have thus 64 coefficients; if we had several dimensions anduse tensor product wavelets,
the following numbers would apply to each dimension separately. In table 5.3 we show for
different filter lengths the boundaries of the hypercuboidsat the nodes through different levels.
In the upper rows (until the middle part), we see the inner boundaries obtained in each level
during decomposition until the minimal number of coefficients is reached (at level 6); in the
lower rows, the outer boundary for the additionally needed coefficients during decomposition
are shown. These additional coefficients are needed during the decomposition process but
can be neglected afterwards. From the table, it is easily recognizable that from some coarse
level on, the minimal boundary of the inner hypercuboids stagnizes at a value of 2 minus filter
length. From this, it is seen that the original hypercuboid could be extended such that the
minimal boundary is set to this value (instead of 0), withoutthe need to increase the number
of levels. The computations for these additional points remain correct. In contrast, the upper
boundary is already maximal and cannot be increased withoutthe need of additional levels.

The computation of wavelet trees is only correct inside a predefined hypercuboid. One has
to pay attention to points falling outside the hypercuboid!The behaviour of the wavelet trees
is not predictable in these regions. Therefore we project the points to the nearest boundaries
(axis-parallel).

Decision rule: Mean of wavelet trees

SMC methods lead to a discrete approximation of the distribution of the wavelet coefficients.
We actually obtain distribution of wavelet trees. How to obtain concrete values for the coeffi-
cients, i.e. point estimates? One possibility is to use themean of wavelet trees:
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filter length= 2 filter length= 4 filter length= 6 filter length= 8
Level min max min max min max min max

0 0 63 0 63 0 63 0 63
1 0 31 -1 31 -2 31 -3 31
2 0 15 -2 15 -3 15 -5 15
3 0 7 -2 7 -4 7 -6 7
4 0 3 -2 3 -4 3 -6 3

In
n

er
B

o
u

n
d

ar
ie

s

5 0 1 -2 1 -4 1 -6 1
6 0 0 -2 0 -4 0 -6 0
5 0 1 -4 3 -8 5 -12 7
4 0 3 -8 9 -16 15 -24 21
3 0 7 -16 21 -32 35 -48 49
2 0 15 -32 45 -64 75 -96 105
1 0 31 -64 93 -128 155 -192 217

O
u

te
r

B
o

u
n

d
ar

ie
s

0 0 63 -128 189 -256 315 -384 441

Table 5.3: Inner boundaries (upper rows) and outer boundaries of hypercuboids (lower rows)
for partial reconstruction

• If all wavelet trees belonging to the particles have the same structure: Just take the mean
of all coefficients corresponding to the same node and (key) index.

• Else: More difficult; trees could be brought to the same structure by decomposition
and/or reconstruction (expanding or collapsing nodes).

Since the wavelet transform is linear, taking the mean of thewavelet coefficients at the leaves
and reconstruct the function is the same as first reconstructthe functions and then taking the
mean of the function values.

Problems with wavelet coefficients

There are two major problems which are actually due to the introduction of artificial dynamics
(jitter):

• The locality of wavelet coefficients in connection with therecursive identification scheme
leads to “uncontrolled” behaviour of those wavelet coefficients which are not involved
in the identification step. This is the case if at a given time the output does not depend
on the value of the considered coefficient. A possible remedyis to use the artificial
dynamics only with coefficients which have an effect on the output.

• The drifting of wavelet coefficients: if wavelet coefficients of two different wavelet trees
are “connected in series” and highly negatively correlated, the values in both trees may
grow towards−∞ and+∞ respectively. This is a kind of non-identifiability. As a remedy
the jitter may be equipped with a probability distribution which is biased towards zero.
But it seems better to avoid such situations completely.
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Guidelines for identification with wavelet trees

The following guidelines should be followed when wavelet trees are used for identification or
simulation purposes:

• Choose an appropriate order (and thus smoothness) of the wavelet; Daubechies wavelets
with filter length 2 (e.g. Haar wavelets) are usually not sufficient; linear functions can
be approximated sparsely with Daubechies wavelets of filterlength 4.

• Choose an appropriate granularity of the gridR−1Q, i.e. choose an appropriate scaling
matrix R and an appropriate size for the bounded hypercuboidQ⊆ Zd; a coarse dis-
cretization increases the variances which leads to unstable identifications; the finer the
discretization the smaller is the additional variance.

• Choose appropriate boundaries for the hypercuboidsQ̃ (and thus for eachQ); outside
the boundaries the coefficients cannot be controlled by identification; therefore no eval-
uations should be done outside the boundaries.

• Choose an appropriate height of the wavelet tree; for sparsity reasons, the tree should be
as heigh as possible; there is a maximal height which is around log2 of the grid size (in
one dimension and if separable wavelets are used with dilation factor 2); but the heigher
the tree, the more computations are needed for reconstruction.

The last three points, granularity, boundaries, and heightof tree, are intimately connected:
granularity and boundaries determine the grid size, whilstthe height of the tree should be
choosen according to the grid size. It should be remarked that increasing the grid size and
increasing the tree height simultaneously such that the height is maximal does not change the
number of non-zero coefficients to be estimated, and thus does increase the computational
burden only marginally.

5.2.3 Implementation

We implemented a prototype of the described algorithm underthe working nameHySyWaT,
which stands forHystereticSystems withWaveletTrees, in the programming language Java.
The complete implementation has been done from the scratch,because the basic algorithms
SISR and wavelet filters had to be modified in such a way that no existing implementations
could have been used.

5.3 Examples

Before we present the results of the identification of a real shock absorber, we will consider
three examples which shall bring an understanding of the behaviour of our identification pro-
cedure. Each example will serve to some different aspect on advantages and disadvantages.

We should note that the estimation of wavelet coefficients inthe finer levels showed to be
difficult due to the independence prior of the wavelet coefficients and their locality: Whereas in
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the coarser levels the coefficients determine the functionsmore globally, non-zero coefficients
in finer levels appear as located disturbances of the function, especially in higher dimensions.
Imagine a digital picture decomposed with wavelets; areas of similar shading lead to areas of
similar shading also in the decomposed scales; the coefficients are thus not independent from
their neighbours. To avoid this problem, we will restrict our estimations to the coarsest levels.
A possible solution of this problem may be given in the futureby a spatial decomposition
of the coefficient hypercuboids with decision trees as it is done in the LOLIMOT algorithm,
or by introducing spatial dependencies in a stochastic way.Nevertheless, we could see this
restriction to the coarsest level as a kind of introducing prior knowledge: We know that our
functions do not have any singularities, so the coefficientsof this level should be enough for
estimating the rather smooth functions assumed here.

In all examples we used the SISR algorithm with state transition density as proposal. A
resampling step is done after the Effective Sampling Size estimator (see subsection 3.6.4) is
below a threshold which is always taken to be 1/10th of the number of particles.

In all examples, we kept the number of particles, the size of the trees and the hypercuboids,
as well as the number of time steps relatively small, to avoidlong computation times. All
estimations need thus only a few minutes for running.

5.3.1 First example: Linear mass-spring-damper system

Consider the second-order system:

m
d2ξ
dt2

+R
dξ
dt

+kξ = u

with ξ :R−→R, input forceu :R−→R, and constantsm,R,k∈R, where we want to observe
ξ (t) at the discrete time pointst = 1,2,3, . . . with additive Gaussian measurement noise. We
use a simple Euler discretization with forward differences:

dξ (t)
dt
≈ ∆ξ (t)

∆t
=

ξ (t +∆t)−ξ (t)
∆t

where we choose the time step to be∆t := 1. This leads to

m
[
ξ (t +2)−2ξ (t +1)+ξ (t)

]
+R
[
ξ (t +1)−ξ (t)

]
+kξ (t) = u(t)

which is equivalent to

ξ (t +2) =

(
2− R

m

)
ξ (t +1)+

(
R−k

m
−1

)
ξ (t)+u(t).

Settingx(t) :=

(
ξ (t +1)

ξ (t)

)
and adding some Gaussian process noise leads to

x(t +1) = Ax(t)+

(
u(t)
0

)
+V(t), y(t) = Cx(t)+W(t)
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with V ∼N2(0,ΣV), W ∼N (0,σ2
W), where we choose

ΣV :=

(
0.01 0

0 0.01

)
, σ2

W := 0.1,

and set

A :=

(
2− R

m
R−k

m −1
1 0

)
, C :=

(
1 0

)
.

Especially we choose:

m := 1, k := 1, R := 1.1, hence A :=

(
0.9 −0.9
1 0

)
.

As excitation signalu, we will apply a random white noise. The initial distribution is given as
N2(µ0,Σ0) with

µ0 :=

(
4
2

)
and Σ0 :=

(
0.2 0.1
0.1 0.4

)
.

Even though the states could be estimated with the Kalman filter if the parameters are known,
the joint estimation of parameters and states is not possible with the Kalman filter. Thus, even
in this simple linear Gaussian model, approximation methods are necessary (nevertheless,
Rao-Blackwellisation could be used, see subsection 3.6.4).

We want to estimate the upper row ofA, i.e. the valuesa11 := 2− R
m anda12 := R−k

m −1; all
other values are assumed to be known. We produced observations by simulating the system
with complete parameter set, such that the “true” values to be estimated area11 = 0.9 and
a12 =−0.9 respectively.

We use two estimation methods:

• Estimation of the real parametersa11 anda12 with SMC methods but without wavelet
trees, and

• estimation of the functionx1(t +1) = A1(x1(t),x2(t)) with a wavelet tree, wherex(t) =
(x1(t),x2(t))⊤; note that the “true” function is given byA1(x(t)) = a11x1 +a12x2.

Remark:

• The wavelet tree used here has tow inputs:x1(t) andx2(t); thus the functionA1 and the
estimated coefficients can be represented graphically.

• If we wanted to includeu in a non-additive way we could use a wavelet tree with three
inputs:u(t), x1(t), andx2(t).

• If we wanted to estimate also the second row ofA, we would need a second wavelet tree
representing the functionx2(t +1) = A2(x1(t),x2(t)).
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In the estimation with wavelet tree, the estimated functionis nonlinear. To avoid the estima-
tion of a function which is too nonlinear, we use the Daubechies wavelets with filter lengths 4.
Thus, the first two moments vanish, and linear functions on a compact intervall can be repre-
sented exactly with finitely many coefficients. We also use a usual wavelet tree with maximal
height, such that at the four leaves of the deepest level, we have hypercuboids with minimal
edge lengths 3. We further restrict the estimation to the coefficients which belong to the leaf
with the scaling coefficients; this is the leaf at the deepestlevel with the enumeration 0. We
thus have to estimate 9 coefficients. Compare this to the 2 parameters in the estimation of the
linear function without wavelet tree.

Results For the estimation of the parameters, we used 20 000 particles and only 64 time
steps. We added also a small jitter to the parameters. In figure 5.1, we show the histograms
of the empirical distribution of the estimated parameters in the last time step. In figure 5.2,
we plot the means of the empirical distribution over time. Wesee that already after a few
time steps the estimated parameters are quite near the original ones; due to the jitter, they are
time-variant, but nevertheless, fluctuations are small. Infigure 5.3, the states and observations
of the original simulation are compared to a simulation withthe estimated parameters. As
parameter estimate, the mean of the empirical distributions at the last time step was taken.
The fit is quite good. Other runs generally showed similar results. Nevertheless, in some runs
the system exploded, due to an estimation of the parameters beyond the stability boundary. To
prevent this, an application of Durbin-Levinson recursioncould help (see subsection 3.4.2).

Figure 5.1: First example, estimation of scalar parameters: Histograms of estimated parame-
ters

In figure 5.4, we show coulor plots of the coefficients of the two wavelet trees representing
the original functionsA1 = 0.9x1−0.9x2 andA2 = 1x1+0x2, respectively. In each plot, at the
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Figure 5.2: First example, estimation of scalar parameters: Plot of estimated parameters over
time during estimation

top, the treeT is pictured; at the lower left, the decomposed inner hypercuboids at all leaves
are depicted. Shown are their boundaries and the non-zero coefficients. The hypercuboids are
arranged in such a manner as it is usual for image analysis with wavelets. The hypercuboids
do not fit to each other because a filter length greater 2 is used; thus, there are empty spaces
necessary between them in the picture. As can be seen, non-zero coefficients appear only in
the 0-node at the coarsest level. This is due to the polynomial reconstruction property of the
Daubechies wavelets with filter length 4: linear polynomials can locally be reproduced exactly
with finitely many coefficients; these appear only as scalingcoefficients in the coarsest level.
The colours have been choosen such that negative values are blue, positive values are red, and
light green is zero.

At the lower right of each plot, the reconstructed outer hypercuboid at the root is depicted.
The corresponding inner hypercuboid is marked with a red frame. Also here, only the non-
zero coefficients are coulored. We see that only the values inthe inner hypercuboid represent
correct linear functions. There are non-zero coefficients in the outer hypercuboid outside the
inner cuboid. These are pictured just for demonstration purposes and will never be used for
the simulations.

In figure 5.5 we zoom into the scaling coefficients (left), andshow the corresponding inner
hypercuboids of the root (right).

In figure 5.6, we depict the estimated wavelet tree. The estimated wavelet tree is given by
the mean of the empirical distribution of the wavelet trees,i.e. the means of each coefficient,
at the last time step. We again want to stress that only the inner hypercuboid contains the
relevant coefficients. We depict these in comparison with the original ones in figure 5.7. In
spite of the nonlinear estimation method, the estimation quality in this part is remarkable.

Eventually, in figure 5.8, we compare states and observations simulated with the original
wavelet tree and with the estimated one.
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Figure 5.3: First example, estimation of scalar parameters: From top to bottom: input signal
(black), two state signals (red and blue), and output signal(green); the solid lines
depict simulations made with the original parameters, the dashed curves depict
simulations made with the estimated parameters
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For the wavelet estimation, we used only 2000 particles. Despite the low number of particles
and the low number of time steps, the estimation is astonishingly good.

Figure 5.4: First example, estimation with wavelet trees: Decomposed and reconstructed co-
efficients of the wavelet trees realizing the original 2-dimensional linear function

5.3.2 Second example: Nonlinear mass-spring-damper system

We replace the constantk by a function depending onξ . Thus, the linear functionkξ is
replaced by a nonlinear functionκ(ξ ). We will use aκ which shows saturation effects for
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Hyperplane Coefficients Reconstruction

(
0.9 −0.9

)

(
1 0

)

Figure 5.5: First example, estimation with wavelet trees: Zoom into reconstruction in inner
hypercuboids (left) and coefficients of scaling leaf (right) for the original function

Figure 5.6: First example, estimation with wavelet tree: Decomposed and reconstructed coef-
ficients of wavelet tree realizing the estimated 2-dimensional function
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Hyperplane Original Estimation

(
0.9 −0.9

)

Figure 5.7: First example, estimation with wavelet tree: Zoom into reconstruction in inner
hypercuboids: original (left) and estimate (right)

large values ofξ ; in particular we take the sigmoid function

κ(ξ ) :=
2

1+exp(−ξ )
−1

which asymptotes−1 for ξ →−∞ and+1 for ξ → +∞. We thus replace the matrixA by a
nonlinear functionh:

x(t +1) =

(
x1(t +1)
x2(t +1)

)
=

((
2− R

m

)
x1(t)+

(
R−κ(x2(t))

m −1)
)

x2(t)+u(t)

x1(t)

)
.

Estimation of the upper row shall again be done using a wavelet tree.

Results Analogously to the previous example, we show in figure 5.9 thewavelet tree for
the original functionh, in figure 5.10 the wavelet tree for the estimated function, and in fig-
ure 5.11 the comparison of the original and estimated coefficients of the reconstructed inner
hypercuboid. In figure 5.12 we depict states and observations simulated with the original and
estimated wavelet trees. We used only 2000 particles for theestimation. The estimation in this
case is more difficult than before. To get better results, onecould increase the height of the tree
(leads to lower discretization errors), enlarge the hypercuboid (during the estimation of this
example, many evaluations at the boundaries of the hypercuboid or even outside occurred),
increase the number of particles, or increase the number of time steps.

5.3.3 Third example: Preisach hysteresis

We now consider a Preisach hysteresis system given by the primitive functionsF,F− andF+

which is a scaled version of the system described in example (2) in subsection 2.2.2 with

FT(α,β ) =
1
2
(α−β )2,

i.e. a two-dimensional quadratic function. We added also a small noise to the observations.
The Preisach plane is always two-dimensional, thus we need awavelet tree with two inputs,
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Figure 5.8: First example, estimation with wavelet tree: From top to bottom: input signal
(black), two state signals (red and blue), and output signal(green); the solid lines
depict simulations made with the original parameters, the dashed curves depict
simulations made with the estimated parameters
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Figure 5.9: Second example: Decomposed and reconstructed coefficients of the wavelet tree
realizing the original 2-dimensional nonlinear function

Figure 5.10: Second example: Decomposed and reconstructedcoefficients of the wavelet tree
realizing the estimated 2-dimensional function
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Function Original Estimation

h(x)

Figure 5.11: Second example: Zoom into reconstruction in inner boundaries: original (left)
and estimate (right)

and we can represent this tree and its coefficients graphically. We additionally need two one-
dimensional wavelet trees forF+ andF−. With Daubechies wavelets of filter lengths 4, it is
actually difficult to represent quadratic functions, whereas with Daubechies wavelets of filter
lengths 6, quadratic functions on a compact interval can be represented exactly with finitely
many coefficients. Nevertheless, even Daubechies waveletswith filter length 4 used for the
estimation give good results. We used only 200 particles in this case, and 400 time steps.

Results In figures 5.13 and 5.14, we show original and estimated wavelet tree for the func-
tion F, respectively (we do not show the estimations forF− and F+). In figure 5.15, we
compare the inner hypercuboids, and in figure 5.16, we compare original and estimated obser-
vations. The estimation shows a quite good fit to the originalsimulations. Also the function
on the Preisach half plane is very well estimated. One shouldnote that it only needs to be es-
timated above the diagonal from bottom left to top right. Thecoefficients below the diagonal
are arbitrary.

5.4 Identification of real data

5.4.1 The data

The data are from a real shock absorber. The measurements were taken by the LMS company
and have been kindly provided for use in this thesis. The measurements consist of 4 data
sequences taken from different experiments:

• one data sequence is measured during a road test,

• the remaining experiments have artificial inputs:

– White noise,

– Sine wave 6 Hz with changing amplitude,

– Sine wave 0.1 Hz (quasi-static).
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Figure 5.12: Second example: From top to bottom: input signal (black), two state signals
(red and blue), and output signal (green); the solid lines depict simulations made
with the original parameters, the dashed curves depict simulations made with the
estimated parameters
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Figure 5.13: Third example: Decomposed and reconstructed coefficients of the wavelet trees
realizing the original 2-dimensional primitive Preisach function

Figure 5.14: Third example: Decomposed and reconstructed coefficients of the wavelet trees
realizing the estimated 2-dimensional primitive Preisachfunction
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Function Original Estimation

F(x)

Figure 5.15: Third example: Zoom into reconstruction in inner boundaries: original (left) and
estimate (right)

The data are pictured in figures 5.17, 5.18 and 5.19 in different representations. The data has
been scaled, and some data sequences had a small offset, theyhave been slightly adjusted to
0, but otherwise the data remain unchanged.

Problems with the artificial input data are:

• The amplitude of white noise is very small compared to the amplitude of real (road test)
input, but the amplitude could not have been increased without danger of destroying the
test rig.

• The slow sine wave (0.1 Hz) is meant for identification of hysteresis; no inner loops
occur, and the part of the state space which is covered by thissignal is rather small:
Since velocities are small, the covered area of the real partof the state space is more or
less one-dimensional. The same is true for the Preisach plane. Similar statements hold
for the 6 Hz signal.

Therefore, the road test signal is the essential signal for estimation: Being much more in-
formative than the other sequences, it covers a much larger part of the state space. This can
already be seen on the input/output diagram of figure 5.19. Wenevertheless want to use all
data sequences for the identification of the model.

Summarized, we have very heterogeneous data, and identification is difficult.

Simultaneous identification The idea used to circumvent the mentioned problems is to
try simultaneous identification of all data sequences at once. This is easy with the SMC
approach:

• Let run 4 systems in parallel: Each system is running on one of the input sequences.

• The outputs are independent given the parameters, we thus use the algorithm with joint
parameters and individual states.

• Given parameters and states, the joint observation probabilities are equal to the product
of the single individual observation probabilities because of conditional independence.
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Figure 5.16: Third example: Input signal (black) and outputsignal (green) of the hyteresis; the output of the original system is
depicted as solid line, the output of the estimated system isdepicted as dashed line
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Figure 5.17: The measured data taken from experiments with ashock absorber, single data sets
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Figure 5.18: The measured data taken from experiments with ashock absorber, overlaid data
sets

Figure 5.19: The measured data taken from experiments with ashock absorber, input/ouput
diagram
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Model The data showed extremely difficult to be estimated through agrey- or black-box
model; it was impossible with the LOLIMOT algorithm, and theauthor tried several different
models with the new algorithm. At last, the simplest of them was (at least to the most part)
successful. It is a weighted parallel combination of a Preisach hysteretic system and a differ-
ence system, see figure 5.20; we call it the mixed model. In this figure,P denotes the Preisach
system with prefixed alternating sequencer. The input isu, the output of it is the intermediate
state ˜x1. In the lower part of the figure, we find a difference system with tapped delays, with
inputu and output ˜x2. Tr denotes a transform. Concerning this transform, we first used simply
a multiplication with a constant factorC that had to be estimated, but we got better results by
using a further one-dimensional wavelet tree where we estimated the coefficients. There are
also two noise sourcesV andW. They were chosen as Gaussian noises with mean zero. The
variance of the process noise was chosen to be very small, nearly neglectable. To be estimated
are thus the three wavelet trees for the Preisach hysteresis, and the additional wavelet tree for
the transformation. All wavelet trees have height 6 which corresponds to hypercuboids of size
64 (plus filter length minus 2) in each dimension. We used Daubechies wavelets with filter
length 4. In this case, we estimated the coefficients of all leaves at the deepest level, i.e. the
coarsest coefficients and the corresponding details. For each wavelet tree, we had thus 2·3= 6
coefficients for the one-dimensional cases and 4·9 = 36 coefficients for the two-dimensional
case, in summary 1·36+3 ·6 = 54 coefficients to be estimated. To get smoother outputs for
values near the diagonal of the Preisach plane, the outputs of the wavelet tree corresponding
to the two-dimensional Preisach functionF(α,β ) have been multiplied by a sigmoid function
on |β −α| which is zero at input zero and asymptotes 1 for large inputs.This smoothens the
discretization error and avoids a jumping behaviour of the simulated output near the change
points.

∑

P

∑

Tr

u

r

x̃1

x̃2

−

+

y
+

+V

W

z−1

z−1

z−1

Figure 5.20: The mixed model with differential and hysteretical dynamics

Results We used only 20 particles to reduce computation time, and foridentification, we
used only the first 500 steps of the data sequences. To test thequality of the estimated model,
we tried simulations also on data which where not used for identification. In figure 5.21, we
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show the estimated inner hypercuboid of the reconstructed Preisach function. In figure 5.22,
we depict the original and estimated outputs of the several data sequences for the 500 time
steps used for identification. In figure 5.23, we try to give a rough impression on the quality of
the simulations. We used the first 2500 steps of the data, the first 500 being the steps used for
identification, the remaining observations being completely unknown to the system (remark
that the third data sequence has only a length of 1251 steps, so we show only these steps). As
a detailed example, we show in figure 5.24 a shorter sequence of 1200 steps of the road test
data, i.e. the steps from times 24 900 to 26 100 after the startof the simulations, where in the
measurements both rather large values as well as smooth sections occur. It should be remarked
that the estimated outputs are pure simulations from step 0 until the shown time steps, without
any adaptation to measured data! Taking into account the very small number of particles and
the small number of time steps used for identification, and also the stochastic nature of the
model, the simulated signal is astonishingly good for 3 of the 4 data sequences. Only the
simulated output of the quasi-static 0.1 Hz signal is not well reproduced. The simulations
are extremely stable. Considering the first three data sequences, the simulated output always
follows at least roughly the measured output, and in many places we have a really close fit.
Discrepances can be recognized especially if the output oscillates with a large amplitude,
where the extreme values are not always reached or overshot.In the parts were the signals are
flatter, a small offset can occur.

Several repetitions of the identification process showed that the results are always nearly
identical. The identification is stable.

The bad fit for the fourth data sequence may have several reasons: First of all, one could
argue that the part which is not fitted well was not used for identification. But also using the
complete data sequence for identification does not help much, it even worsens the results for
the remaining data sequences. The bad performance may be dueto the sparse coverage of the
Preisach plane, or an artefact induced by the artificial dynamics of the parameters/coefficients.
If the complete data sequence is used for identification, it is clearly recognized that the esti-
mated output flattens and reproduces a kind of averaged output over time of the original data
sequence. This in turn may result from the time-varying estimation of the wavelet coefficients:
they adapt too much to the observations at a given time and forget too much about the ear-
lier observations (hence also the mentioned worsening of the other three sequences). Another
possibility might have been that we identified only wavelet coefficients in the coarsest level of
the wavelet tree which does not give enough flexibility for the reconstruction of the Preisach
function. But several trials to use also coefficients at finerlevels and with higher filter orders
did not gain any improvement. The subject needs further investigation. The author expects
that with further improvements of the algorithm this problem might be settled.

Summary of results

It seems that our new method is principally able to identify complex systems. Nevertheless, it
has to be improved; the adjustments of jitter parameters, choice of grid size etc. are cumber-
some and time-consuming. Also the quality of the estimations has to be improved. But the
method should be seen as a first step only, and the partial estimation of the shock absorber data
should be seen as a proof that the consideration of the methodis not worthless. Especially the
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Figure 5.21: Data identification: Reconstructed inner hypercuboid of estimated Preisach func-
tion

road test data sequence of the shock absorber could already be simulated astonishingly well.
And this is the sequence which really is important for applications. An important point is
also that the simulations could be done in real time: only forward computations are necessary.
Together with the obtained stability and accuracy (which surely can even be increased), the
usage of the identified grey-box model as a part of a model for awhole axis or even a complete
car may open the way to interesting applications.

5.5 Conclusion and future work

5.5.1 Résumé: Usage of identification methods

We try to explain, according to the distinct modelling approaches, when and which of the
identification methods (improved LOLIMOT or newly introduced model class) is reasonably
used.

Black-box approach

The original LOLIMOT algorithm must be seen as black-box approach, because there are
actually no possibilities to include a-priori knowledge into the model. As mentioned earlier,
this algorithm can be improved in many respects, without recourse to the new model class
and the essentially more complex identification algorithm.We treat models with external
dynamics (input/output models) and internal dynamics (state space models) separately.

External-dynamics models In the original algorithm, only global NARX models can be
identified. The extension to other model structures like NOEmodels must be done by an
additional gradient-based adaptation, applied during or after the original LOLIMOT run. In
connection with the likewise supplementary pruning methods this procedure leads to smaller
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Figure 5.22: Measured and estimated outputs of data used foridentification: solid green line:
measured output; dashed green line: simulated output of theestimated model;
black line: input signal; the signals consist of the first 500time steps of each of
the four data sequences
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Figure 5.23: Measured and estimated outputs of data used fortesting: solid green lines: mea-
sured output, dashed green lines: simulated output of the estimated model; black
lines: input signal; shown are the first 2500 time steps of thefirst, second and last
sequence, and the complete third sequence consisting of 1251 time steps
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Figure 5.24: Measured and estimated output signals of data used for testing: solid green: measured output; dashed green: simulated
output of the estimated model; black curve: input signal; shown are 1200 time steps of the road test data, representative
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5 Putting things together: Implementation and application

and more exact models (in comparison to the original algorithm). If the local model networks
were seen as neural networks, then the gradient-based adaptation would be regarded as the
main part of the algorithm; the prepended division algorithm (i.e. the original LOLIMOT al-
gorithm) would serve only to the production of “good” initial values for the parameters. At
the same time, the question of the selection of the model order is answered: By applying the
usual methods (validation by a separate data set, Akaike criterion etc.) the model order can
be determined similar to the usual neural networks or linearsystem identification. It may be
useful to replace the original weight functions of the localmodel networks. These original
weight functions are normalized Gaussian bell functions, i.e. derived from the density func-
tion of the Gaussian normal distribution. These are the functions used with RBF (Radial Basis
Function) networks. They may be replaced by weight functions that are a (multiplicative)
superposition of sigmoidal functions, although the usage of sigmoidal functions is not really
necessary; important is the derivation from an underlying decision tree, which guarantees that
the weight functions are normalized. These sigmoidal functions are the usual activation func-
tions of MLP (Multi Layer Perceptron) networks. The local model networks come thus nearer
to this kind of neural networks. Only the introduction of these new weight functions gives the
flexibility to add the improvements of the algorithm proposed in this thesis. Therefore, these
weight functions are to be preferred.

Internal-dynamics models This especially in the nonlinear case essentially larger class
compared to the models with external dynamics can be treatedadequately only with the
new model class. The state space dynamics which is characterized by hidden (not observ-
able/measurable) variables (states) inside the system introduces new difficulties when identify-
ing such systems, especially in the nonlinear case. Then neweffects appear, the so-called hard
nonlinearities, where hysteresis is an example. Those hardnonlinearities cannot be treated by
means of linearizations, because if doing so this would completely extinct the effect. Thus,
we must provide new model classes and correspondingly new identification algorithms. One
approach is the new model class and identification scheme introduced here, whereas one can-
not avoid the disadvantage that the computer resources which are needed for identification
are multiples of those needed for models with external dynamics. This is owing to the higher
flexibility of the internal-dynamics models compared to theexternal-dynamics models.

Grey-box approaches

The Bayes approach used for the newly introduced model classenables the inclusion of knowl-
edge about the real system through a-priori distributions for parameters and data. Looking at
the model class from this standpoint, it can equally well be seen as a grey-box approach.
If one does not have such kind of knowledge, one still has the possibility to use so-called
non-informative priors instead. In many cases, this choiceis equivalent to the frequentist ap-
proach, but for example in the case of multiplicative parameters (like scaling parameters) there
are significant differences. Also in this case, the Bayes approach shows its superiority, even if
no a-priori knowledge can be used.
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5.5 Conclusion and future work

5.5.2 Future work

We just mention a few points for improvements of the proposedalgorithm:

• Fine tuning of algorithm;

• Inclusion of choice of wavelet packet during estimation;

• Priors of wavelet coefficients with spatial dependencies in one level and dependencies
through levels;

• Inclusion of other levels than the highest one in the identification;

• Combination of the algorithm with a constructive tree for spatial dependencies of wavelet
coefficients (like LOLIMOT);

• Theoretic investigations on approximation properties ofdynamical systems and connec-
tions to approximation of underlying functions;

• Improved particle filters;

• Adaptive estimation schemes.

5.5.3 Conclusion

We will conclude this thesis by roughly outlining a programme. Identification of nonlinear
dynamical systems is an issue of high importance for modelling and simulation purposes as
well for model reduction. Our programme includes the known three steps:

(i) Models: One must provide suitable classes of models. It should be able to include as
much prior knowledge as possible in the selection of the model classes, be it in terms
of smoothness or in terms of prior distributions, or, even more interesting a coupling of
both (an example being the priors on wavelet coefficients andthe corresponding Besov
space parameters).

(ii) Algorithms : There must be an approximation scheme with known properties in terms of
approximation rates for the selected model classes. As uncertainties are unavoidable, this
approximation scheme must be coupled with a stochastic estimation procedure which
deals with this uncertainties, may they originate from measurement errors, process noise
or unknown states.

(iii) Implementation : There should be a fast implementation. Monte Carlo methodsin con-
nection with wavelet filters seem to be very promising, because they are easily paral-
lelizable and break the curse of dimensionality.

We could hardly start with this programme in the present thesis. We just collected some theo-
ries which the author considers necessary. Many aspects equally worth to be considered have
not even been mentioned, as operator theory or the theory of dynamical systems. The proposed
algorithm is only a rude ad-hoc trial and certainly must be improved in many respects.
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Appendix: Basic notions

Measures

We follow mainly Bauer [1992].

Signed measures

Let Ω be a set,A a σ -algebra onΩ andµ a measure onA . Then we call the pair(Ω,A )
a measurable spaceand the triple(Ω,A ,µ) a measure space. We usually assume thatµ is
σ -finite and non-negative. We as well considersigned measures, i.e. measures which take
values in

R = R∪
{
−∞,+∞

}
,

but at most one of the values−∞ or +∞ is taken byµ. Each signed measureµ can be uniquely
decomposed into two non-negative measuresµ+ andµ− such that

µ = µ+−µ−.

Continuous and singular measures

Definition 1 (µ-continuity,µ-singularity): Letµ, ν be two (non-negative or signed) measures
on the measurable space(Ω,A ).

(1) ν is calledµ-continuousif everyµ-null set inA is also aν-null set. We then write:

ν ≪ µ

(2) ν is calledµ-singular if there exists a set N∈A with µ(N) = 0 andν(∁N) = 0. We then
write:

ν⊥µ

Sometimes the notion “absolutely continuous” is used instead of “continuous”.

Theorem 2 (Lebesgue’s decomposition theorem): Let µ and ν be σ -finite measures on the
measurable space(Ω,A ). Then there exist uniquely defined measuresν1, ν2 on A with
ν = ν1 +ν2 such that

ν1≪ µ and ν2⊥µ.
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Measures and densities

Definition 2: Let(Ω,A ) be a measurable space and f: Ω−→R
+
0 ∪
{

∞
}

be anA -measurable
function. Then:

ν(A) :=
∫

A
f dµ A∈A

defines a measure and f is called thedensity(or Radon-Nikodym derivative) of ν with respect
to µ.

Theorem 3(Radon-Nikodym): Let µ andν be measures on the measurable space(Ω,A ). If
µ is σ -finite, then the following conditions are equivalent:

(i) ν has a density with respect toµ.

(ii) ν is µ-continuous.

Theorem 4: Let (Ω,A ) be a measurable space andν = f µ a measure onA with density f
with respect to theσ -finite measureµ onA . Then:

(i) f is µ-a.e. uniquely defined.

(ii) ν is σ -finite if and only if f isµ-a.e. real valued.

Function Spaces

The following is taken from Wloka [1982] and Walz [2000-2003].

Spaces of derivable functions Let Ω be an open set. ThenCl (Ω), l ∈N, is the space of
real or complex valued functionsϕ(x), x∈Ω, with continuous and bounded derivatives

Dsϕ(x), |s| ≤ l

(up to orderl ). The norm onCl (Ω) is defined by

‖ϕ‖Cl (Ω) := sup
|s|≤l
x∈Ω

|Dsϕ(x)|.

Lipschitz and Hölder spaces Let Ω be an open subset ofRd. We say that a (real or
complex valued) functionϕ on Ω is α-Hölder continuous, if (|·| denoting the Euclidean
norm):

|ϕ(x)−ϕ(y)|
|x−y|α ≤C < ∞

for all x,y∈Ω, x 6= y, with 0< α ≤ 1 (α-Hölder continuous functions withα > 1 are constant
on Ω). If α = 1, then we call the functions alsoLipschitz-continuous. If α = 0, the function

320



i i ii

i i ii

is simply bounded. We define the spaceCl ,α to be the set of all functions onΩ with continu-
ous and bounded derivatives up to orderl , where additionally thel -th derivative isα-Hölder
continuous. The norm of this space is given by

‖ϕ‖l ,α := sup
|s|≤l
x∈Ω

|Dsϕ(x)|+ sup
|s|=l

x,y∈Ω
x6=y

|Dsϕ(x)−Dsϕ(y)|
|x−y|α .

We have
Cl ,0(Ω) = Cl(Ω).

The spaceC0(Ω) is just the space of continuous and bounded functions.
A generalization of the above constructions of Lipschitz and Hölder continuous spaces is

the following: Let (M,d) be a metric space. The space Lip(M,d) of Lipschitz continuous
functions is then the space of all functionsf onM such that

‖ f‖Lip = sup
x6=y

| f (x)− f (y)|
d(x,y)

+ | f (x0)|< ∞

with some fixed pointx0 ∈M (if M is compact, replacing| f (x0)| by ‖ f‖∞ leads to an equiv-
alent norm). Lip(M,d) with this norm is then a Banach space. A special case is given if
M ⊆R

d and 0< α ≤ 1, and ifdα is the metric

dα(x,y) = |x−y|α .

The space Lip(M,dα) is then the Hölder spaceC0,α(M).

Lipschitz domain

A Lipschitz domain is an open and bounded subset ofRd such that the boundary can be
thought of as being locally the graph of a Lipschitz function:

Definition 3: Let Ω be an open and bounded subset ofRd, d∈N, d≥ 1. Let ∂Ω denote the
boundary ofΩ. ThenΩ is calledLipschitz domainand∂Ω is called aLipschitz boundary,
if for every point p∈ ∂Ω, there exists a ball B<r(p) =

{
x∈Rd

∣∣ ‖x− p‖ < r
}

around p with
radius r> 0 and a map

hp : B<r(p)−→ B<1(0)

on the unit ball B<1(0), such that

• hp is a bijection;

• hp and h−1
p are Lipschitz continuous functions;

• hp(∂Ω∩B<r(p)) =
{
(x1, . . . ,xn) ∈ B<1(0)

∣∣ xn = 0
}

;

• hp(Ω∩B<r(p)) =
{
(x1, . . . ,xn) ∈ B<1(0)

∣∣ xn > 0
}

.
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Real variable Hardy spaces

The following is taken from “Encyclopeadia of Mathematics”, eom.springer.de/H/h110090.htm
(G.B. Folland):

The real-variable Hardy spacesH p = H p(Rn) for 0 < p < ∞ are spaces of distributions on
Rn. Originally, they were defined as boundary values of holomorphic functions of complex
Hardy spaces.

Definition Let φ ∈S (Rn) be an element of the Schwartz class of rapidly decreasing func-
tions, and set for allt > 0:

φt(x) := t−nφ(t−1x).

For all f ∈S ′(Rn), the space of tempered distributions, define theradial maximal function
mφ f by

mφ f (x) = sup
t>0
| f ∗φt(x)|

and thenon-tangential maximal functionMφ f by

Mφ f (x) = sup
|y−x|<t<∞

| f ∗φt(y)|.

The Fefferman-Stein theorem states that the following conditions are equivalent for 0< p< ∞:

1. mφ f ∈ Lp for someφ ∈S with
∫

φ 6= 0;

2. Mφ f ∈ Lp for someφ ∈S with
∫

φ 6= 0;

3. Mφ f ∈ Lp for everyφ ∈S with
∫

φ 6= 0, and in factMφ f ∈ Lp uniformly for φ in a
suitable bounded subset ofS .

The Hardy spaceH p(Rn) is then the space of allf ∈S ′ that satisfy these conditions. The
quasi-norm ofH p(Rn) is defined to bef → (

∫ |mφ f |p)1/p (or f → (
∫ |Mφ f |p)1/p), different

choices ofφ leading to equivalent quasi-norms. It is a norm only in the casesp ≥ 1, the
H p(Rn) in these cases being Banach spaces. Nevertheless, forp < 1 thep-th power‖·‖p

Hp(Rn)

defines a metric that makesH p(Rn) into a complete metric spaces (not Banach spaces).

Connection to Lp spaces and dual spaces For p > 1, the spaceH p coincides with
Lp, whereasH1 is a proper subspace ofL1. For p < 1, H p contains distributions that are
not functions. The Fefferman theorem states that the dual ofH1 is thespace of functions
of bounded mean oscillation,BMO: It is the space of all locally integrable functionsf ∈
L1

loc(R
n) such that

‖ f‖∗ := sup
Q

1
|Q|

∫

Q
| f (t)− fQ|dt < ∞,

where the supremum is taken over all ballsQ in Rn, with volume denoted by|Q|, and fQ is
defined as the mean off overQ:

fQ :=
1
|Q|

∫

Q
f (t)dt.
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The so-calledBMO-norm‖·‖∗ becomes a norm after dividingBMOby the constant functions.
The dual space ofH p for p < 1 is the homogeneous Lipschitz space of ordern(1/p−1).
The spacesH p for (p≤ 1) andBMOhave more desirable properties than the corresponding

Lp spaces, and thus provide an extension to the scale ofLp spaces for 1< p < ∞ that is in
many respects more natural and useful than theLp spaces forp≤ 1 andp = ∞, respectively.
Examples are Calderón-Zygmund operators and Littlewood-Paley theory.

Atomic decompositons In the casep≤ 1, there is an interesting and important character-
ization of the Hardy spacesH p(Rn) by atomic decompositions: A measurable functionα is
called ap-atom for 0< p≤ 1 if

(1) α vanishes outside some ball of radiusr > 0, and

sup
x∈Rn
|α(x)| ≤ r−n/p,

(2) for all polynomialsP of degree≤ n(1/p−1) we have
∫

P(x)α(x)dx= 0.

The atomic decomposition theorem states thatf ∈ H p(Rn) if and only if

f = ∑
j∈N

c jα j ,

where eachα j is a p-atom and

∑
j∈N
|c j |p < ∞.

Hilbert spaces

Riesz basis of a Hilbert space The following can be found for example in Jaffard et al.
[2001].

Definition 4: A Riesz Basisof a Hilbert space H is the image of a Hilbert basis( f j) j∈J of H
under an isomorphism T: H −→ H

Note:T is not necessarily an isometry!
Then: Eachx∈H is decomposed uniquely in a series

x = ∑
j∈J

α jej where∑
j∈J
|α j |2 < ∞

Furthermore:
α j = 〈x,e∗j 〉 wheree∗j := (T∗)−1( f j)

(e∗j ) j∈J is thedual basisof (ej) j∈J; the two systems are said to bebiorthogonal.
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Fourier transform

We follow Walz [2000-2003].

Fourier transform on the Schwartz space

Let S (Rn) be the Schwartz space of smooth functions with rapid decrease. TheFourier
transformed function

f̂ : Rn−→ C

of a function f ∈S (Rn) is given by

f̂ (ξ ) :=
1

(2π)n/2

∫

Rn
f (x)e−ix·ξ dnx

with x·ξ := x1ξ1+ · · ·+xnξn. We have then alsôf ∈S (Rn), and the following fundamental
properties:

(i) For every multiindexα = (α1, . . . ,αn) ∈Nn, setting

Dα f :=
∂ α1

∂xα1
1

· · · ∂ αn

∂xαn
n

f

and
(ix)α := (ix1)

α1 · · ·(ixn)
αn,

we have
D̂α f = (ix)α f̂ .

(ii) For everyg∈S and the convolution product

f ∗g(x) :=
∫

Rn
f (x−y)g(y)dny,

we have
f̂ ∗g = (2π)n/2 f̂ ĝ.

(iii) We have: ∫

R

| f (x)|2dnx =

∫

Rn
| f̂ (x)|2dnx.

TheFourier transform F is the linear and bijective map

F : S (Rn)−→S (Rn), F f = f̂ .

The inverse mapF−1 is called inverse Fourier transform. For f̃ := F−1 f the following
inversion formula is valid:

f̃ (ξ ) =
1

(2π)n/2

∫

Rn
f (x)eix·ξ dnx

(where the only difference to the Fourier transformF is the sign in the exponent of thee-
function).
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Fourier transform on Lp spaces

With the same formulas, the Fourier transform can be defined for Lp spaces. Forf ∈ L1, the
lemma of Riemann-Lebesguesays thatf̂ ∈C0

0(Rn), i.e. f̂ is continuous and

lim
|ξ |→∞

f̂ (ξ ) = 0.

For f ∈ L1∩Lp, 1≤ p≤ 2, andq with

1/p+1/q = 1,

theHausdorff-Young inequalityis valid:

‖F f‖q≤ ‖ f‖p,

and the Fourier transform can thus be extended uniquely to a continuous linear map from
Lp(Rn) to Lq(Rn). This extension is as well called Fourier transform. In the case of the
Hilbert spaceL2, this extensionF is a unitary operator, especially we have thetheorem of
Plancherel:

‖F f‖2 = ‖ f‖2 for f ∈ L2.

Fourier transform for finite measures

The Fourier transform can also be defined for a finite measureµ on the Borel-σ -algebra
B(Rn). TheFourier transformed measurêµ is defined as

µ̂ : Rn−→ C, µ̂(ξ ) :=
1

(2π)n/2

∫

Rn
f (x)e−ix·ξ dnx.

For arbitrary finite Borel measuresµ, ν andα ∈R≥0, the following properties hold:

(i) µ̂ +ν = µ̂ + ν̂,

(ii) α̂µ = αµ̂ ,

(iii) µ̂ ∗ν = µ̂ · ν̂.

If further T is a linear map onRn into itself with transposed mapT⊤, then we have for the
measureT(µ):

T̂(µ) = µ̂ ◦T⊤.

Especially for the translationTα(x) := x+α with α ∈Rn, we have

T̂α(µ) = δ̂α µ̂

whereδα is the Dirac measure inα.
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Sequence Space ℓ2(Z)

We follow Jaffard et al. [2001].

Convolution on ℓ2(Z)

Definition 5: For each g,h∈ ℓ2(Z) we define the convolution∗ by

(g∗h)n := ∑
k∈Z

gkhn−k for g = (gk)k∈Z,h = (hk)k∈Z ∈ ℓ2(Z).

The convolution operator∗ has the following properties:

• ∗ is associative, distributive with respect to addition, andcommutative.

• (g∗h)n = ∑
k∈Z

gkhn−k = ∑
k∈Z

gn−khk.

• (g∗ej)n = ∑
k∈Z

gn−kδk, j = gn− j (g is shifted byj to the right).

Shifts on ℓ2(Z)

Definition 6: Let n∈ Z. We define theshift (translation)Ψn : ℓ2−→ ℓ2 by:

(Ψnh)k := hk−n for h = (hk)k∈Z ∈ ℓ2(Z).

Properties:

• Ψn is an isometry:‖Ψng‖ℓ2 = ‖g‖ℓ2.

• ΨnΨm = Ψn+m for all n,m∈ Z.

Definition 7: Let T be an operator onℓ2(Z). We call Ttranslation invariant if

ΨnT = TΨn for all shiftsΨn, n∈ Z,

i.e. T commutes withΨn.

It sufficesΨ1T = TΨ1.

Translation invariant linear bounded operators on ℓ2(Z)

Theorem 5: Let F : ℓ2(Z) −→ ℓ2(Z) be a linear bounded operator which is translation in-
variant, i.e. for all u= (uk)k∈Z ∈ ℓ2(Z) and n∈ Z holds:

(Fũ)k+n = (Fu)k where(ũk)k∈Z ∈ ℓ2(Z) with ũk+n := uk.

Then there exists a sequence h= (hk)k∈Z ∈ ℓ2(Z), such that

Fu = h∗u i.e. (Fu)k = ∑
n∈Z

hk−nun for u = (uk)k∈Z ∈ ℓ2(Z).

Furthermore, H(ω) := ∑k∈Zhke−ikω is in L∞(0,2π) with norm‖H‖∞ = ‖F‖.
Conversely, if h= (hk)k∈Z ∈ ℓ2(Z) is such that H∈ L∞(0,2π), then Fu:= h∗ u defines a
linear bounded translation invariant operator F: ℓ2(Z)−→ ℓ2(Z) with norm‖F‖= ‖H‖∞
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Neural Networks

Kolmogorov’s Neural Net

We follow Walz [2000-2003].
The 13th problem of Hilbert states as follows: Is it possibleto realize any continuousm-

dimensional function on a compactn-dimensional set by superposition and composition of
one-dimensional continuous functions? Kolmogorov’s neural net (1957) as solution to this
problem was constructed only for theoretical reasons:

Theorem 6: Let K⊂ Rn, K 6= /0, a compact subset ofRn and f : K −→ Rm a continuous
(vector-valued) function f= ( f1, . . . , fm). Then there exist continuous functionsϕip :R−→R,
1≤ i ≤ n, 1≤ p≤ 2n+1, and Tj : R−→R, 1≤ j ≤m, such that for all x= (x1, . . . ,xn) ∈ K
and all j∈

{
1, . . . ,m

}
holds

f j(x) =
2n+1

∑
p=1

Tj

( n

∑
i=1

ϕip(xi)
)
.

The practical realization of Kolmogorov’s net was not successful because of the complicated
dependence of theTj on f j .

At the end of the 1980s Robert Hecht-Nielsen proposed the ridge-type neural network;
following his proposal the following result was found:

Theorem 7: Let K⊂ Rn, K 6= /0, a compact subset ofRn and f : K −→ Rm a continuous
(vector-valued) function f= ( f1, . . . , fm). Then there exist for allε > 0 and all continuous
sigmoidal transfer functions T: R −→ R net parameters q∈N, wip,Θp,gp j ∈R, 1≤ i ≤ n,
1≤ p≤ q, 1≤ j ≤m, such that for all x= (x1, . . . ,xn) ∈ K and all j∈

{
1, . . . ,m

}
holds

∣∣∣ f j(x)−
q

∑
p=1

gp jT
( n

∑
i=1

wipxi−Θp

)∣∣∣≤ ε.
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Index of definitions

α-Hölder continuous,320
θ ,q-norm,241
ϕ-irreducibility, 161
ϕ-irreducible,163
0-1 loss,132

absolute error loss,132
accept-reject algorithm,176
acceptance-rejection method,176
accessible sets,164
actions,127
adaptive pursuit,259
admissibility condition,218
admissible,130
Akaike Information Criterion, AIC,24
alternating sequences,89
analysis filter bank,226
antisymmetric extension,100
aperiodic,167
approximants,237
approximation error,237
approximation error (for libraries),256
approximation space,238
Armijo step size,54
associated family of wavelet coefficients,287
associated family of weight functions,35
associated half space,60
associated hyperplane,59
associated polytope,60
associated string,34
assumptions,3, 122
atomic decomposition,73
atoms,73
automaton,68
autoregressive model,153
autoregressive moving average model,157

Auxiliary Particle Filter (APF),203
average loss,128

Bayes risk,128, 129
Bayes rule,129
Bayes’ theorem,125
Bayesian Decision Theory,127
Bayesian Information Criterion, BIC,25
Bayesian principle,128
Bayesian statistical model,125
Bernstein inequality,242
Besov norm,245
Besov space,245
binary,34
biorthogonal,323
biorthogonal wavelets,221
black-box model,3
bootstrap filter,201
bounds of the frame,220

canonical form,14
canonical ordering,33
Causality axiom,67
chain components,170
chain graph,170
child, 31
children,33
clique,31
closedness assumption,138
Cocycle property,67
complete,68
complete graph,30
complete memory sequence,86
components,36
computation,119
conditioning by intervention,123
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Index of definitions

conditioning by observation,123
congruency property,92
conjugate for a likelihood function,141
connected,32
connected component,32
Consistency axiom,67
continuous piecewise monotone functions,

77
continuous wavelet transform (CWT),218
convex (open) polytope,59
corner,94
countable,158
cumulant generating function,142
cycle,32
cyclic kernel,178

d-cycle,167
data,122
decision,127
decision map,35
decision procedure,127
decision rule,127
decision theory,123
decision tree,35
decision tree based weight functions,38
decomposition filter bank,226
decomposition principle,72
decreasing rearrangement,243
degree,32
delayed relay,78
density,320
descent direction,52
detailed balance,176
deterministic state space system,65
dictionary,257
difference dynamics,8
difference operator,245
differential dynamical system,69
diffusion process,185
dilate,222
dilation matrix,222
direct theorem,242
directed acyclic graph (DAG),32
directed edge,31

directed graph,31
Discrete Wavelet Transform (DWT),220
dual basis,323
dyadic partitioning,20
dyadic wavelet frames,221
dynamic model,153
dynamical system,7, 65

edge,30
edge weight,35
Effective Sample Size (ESS),198
empirical Bayes,149
endvertex,30
entropy,140
entropy distance,132
enumeration,34
equivariant decision rules,145
ergodicity,162
error function,7, 19
error ofn-term approximation,238
esimate,127
estimation,127
estimator,127
evanescence,162
exchangeable,139
expectation maximization (EM) algorithm,

192
exponential family,141
Extended Kalman Filter (EKF),194
extended probability model,139

Factorization,169
Fast Wavelet Transform (FWT),226
filtering, 186
filtering density,188
first hitting time,161
first return,161
first stage weight,203
Fixed-interval smoothing,188
Fixed-lag smoothing,188
forced motion,72
forest,32
Fourier transform,324
Fourier transformed function,324
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Index of definitions

Fourier transformed measure,325
free motion,72
frequentist principle,128
frequentist risk,128
full, 34
full binary decision trees,35
full conditional distribution,148, 168, 178

Gabor transform,213
Gauß-Newton descent direction,53
general,158
general detatiled balance condition,180
general state space model,183
Generalized Bayes Formula,126
Generalized Bayes Rule,129
generalized local model network,74
generates,220
generation of observations,184
Gibbs sampler,176
global basis functions,12
Global Markov property,169
gradient descent direction,53
graph,30
graphical model,168
grey-box model,4

Haar basis,221
Haar function,221
half space,59
hard and soft thresholding estimators,265
hard thresholding operator,253
Harris (recurrent),166
Harris recurrent,166
has a value,130
Hausdorff-Young inequality,325
height,34
Heisenberg uncertainty principle,213
Hellinger distance,132
hidden,8, 60
hidden layer,13
Hidden Markov Model (HMM),184
Hierarchical Bayes model,148
high pass filter coefficients,225
highest probability density (HPD) region,

134

highly nonlinear approximation,236
highly nonlinear problem,255
history,196
hyperparameters,148
hyperplane,59
hysteron,78
hysterons,73
HySyWaT,292

identification error,45
identification set,45
imperfect knowledge,120
implementation,119
Importance Sampling (IS),172
improper prior distribution,126
inadmissible,130
incremental weight,196
indegree,31
independence Metropolis-Hastings,178
induced,31
infinitesimal,139
information independent,138
initial distribution,159
initial state,8, 66
initial time, 66
inner dynamics,8
inner hypercuboids,290
inner node,33
inner vertex,33
input function,66
input function space,65
input value space,65
input-output operator,68
interpolation spaces,240
interpretation,119
interval,66
Interval axiom,66
intrinsic credible region,134
intrinsic loss,132
invariant,145, 165
invariant underG , 144
invariant under orthogonal transformations,
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Index of definitions

invariant under the action of the group̃G ,
145

invariant under the action of the groupG ,
144

invariant with respect to the time transfor-
mation,70

Inverse Discrete Wavelet Transform (IDWT),
220

inverse Fourier transform,324
inverse partial autocorrelations,157
inverse theorem,242
irreducibility,163
irreducibility measure,163

Jackson inequality,242
Jeffreys’ noninformative prior,146
joint admissibility condition,219
joint distribution,125
joint smoothing density,187

k-ary,34
K-functional,240
K-linear,71
k-regular,34
Kalman filter,193
Kalman gain matrix,193
Kalman smoother,193
knowledge,122
Koksma-Hlawka inequality,175
Kullback-Leibler divergence,132

Laplace’s prior,144
leaf,33
left child, 34
lemma of Riemann-Lebesgue,325
level,34
Levenberg-Marquardt descent direction,53
library, 255
life span,66
likelihood,124, 192
Likelihood Principle,136
linear,10
linear approximation,237
linear combination of basis functions,11
linear difference dynamical system,73

linear differential dynamical system,72
linear model,185
linear system,4
linear time-invariant,73
linearity,4
link, 30
Lipschitz boundary,321
Lipschitz domain,246, 321
Lipschitz-continuous,320
local basis functions,12
Local Markov property,169
local memory,74
local model network (LMN),14
localized at the frequency,213
localized at the phase point,213
localized at the time,213
location parameter,11, 17, 145
logic, 122
logistic function,39
LOLIMOT algorithm,19
long-time memory,74
loop,31
Lorentz space,243
loss function,127
low pass filter coefficients,225
lower threshold,78
lowest expected loss (LEL) region,134
LTI, 73

marginal distribution,125
marginalization,125
Markov Chain Monte Carlo (MCMC) meth-

ods,176
Markov transition function,159
matching prior,146
matching pursuit,259
mathematical model,119
maximal irreducibility measure,164
maximin risk,130
maximum a posteriori (MAP) estimator,133
maximum entropy prior,140
maximum likelihood (ML) estimator,192
Mayergoyz representation theorem,93
mean of wavelet trees,290
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Index of definitions

measurable space,319
measure space,319
measurement errors,119
measurement noise,119
Metropolis method,177
Metropolis-Hastings sampler,177
minimax risk,129
minimax rule,129
mixture kernel,178
model,3
model errors,119
model selection,24
modelling,119
modulus of smoothness,245
Monotonicity assumption,138
monotonicity partition,77
Monte Carlo (MC) methods,171
mother basis function,11
mother wavelet,218
move types,181
moving average model,155
µ-continuous,319
µ-singular,319
multilayer network,13
multinomial sampling,174
multiresolution analysis (MRA),222

n-step transition probability kernel,160
n-term approximation,235
NARX, 8
natural,141
natural parameter space,142
near best approximation,242
negative saturation,85
neighbours,31
neurons,15
Newton descent direction,53
node,30
NOE,9
non-parametric regression problem,263
non-randomized,127
non-tangential maximal function,322
nonlinear approximation,237
nonlinear equation error model,8

nonlinear system,5
nonlocal memory,74
nonnegative garrote,265
normal (or Gaussian) linear model,185
normalized,15, 17, 35
normalized importance weights,173
null, 165

observations,124
observed data,3
occupation time,161
order,217
orientation,34
orthogonal greedy algorithm (OGA),261
outdegree,31
outer dynamics,8
outer hypercuboids,290
outliers,185
output,66
output function,8
output map,65
output value space,65

Pairwise Markov property,169
parametric empirical Bayes,150
parametric statistical model,124
parent,31
parents,33
partial autocorrelations,154
particle filter,197
particle paths,196
particles,196
path,32, 196
path space,158
period,167
periodic wavelets,231
phase space,212
phase space representation,212
piecewise monotone function,77
population discrete wavelet coefficients,264
positive,165
positive Harris,166
positive recurrent,165
positive saturation,85
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Index of definitions

posterior distribution,125
posterior expected loss,128
posterior median,272
posterior odds ratio,272
prediction,186
predictive distribution,126
Preisach half plane,79
Preisach model,80
Preisach operator,81
Preisach weight,80
primitive function,93
primitive functions,94
principal shift invariant (PSI) space,222
prior distribution,125
prior knowledge,3
probability centredq-credible region,134
probability tree,35
projection pursuit,259
proper,34, 126
proposal,177
proposal density,177
proposal distribution,172
pure greedy algorithm (PGA),259

q-credible region,134
quadratic loss,131

radial basis functions,17
radial construction,13
radial maximal function,322
Radon-Nikodym derivative,320
random walk Metropolis,179
random walk on the log-scale,179
randomized decision rule,127
range invariant,71
Rao-Blackwellisation,204
rate independence,92
real system,3, 118
realizations,158
reconstruction filter bank,226
recurrence,162
recurrent,164
recurrent neural networks,14
reduced memory sequences,87

redundancy,258
reference prior,146
Refinability assumption,138
reflection coefficients,154
regime based weight functions,15
regime vector,17
regression vector,16
regressor matrix,152
regular,222
(regular) grid,222
regularization parameter,54
reiteration theorem,241
rejection sampling,176
relaxation parameter,261
relaxed greedy algorithm (RGA),260
representation theorem,139
resampling,173
residual sampling,175
reversible,68
ridge construction,13
ridge function,13
Riesz Basis,323
right child,34
Risk Inflation Criterion, RIC,25
root,33
rooted tree,33

sample density,124
sample discrete wavelet coefficients,264
sample paths,158
sample ties,199
Sampling/Importance Resampling (SIR),173
scale invariant,144
scale parameter,11, 17, 145
scaling function,222
Schwarz’s Information Criterion, SIC,25
selection,173
separability assumption,138
separable wavelets,229
sequence space,158
Sequential Importance Sampling (SIS),196
Sequential Importance Sampling with Re-

placement (SISR),197
Sequential Monte Carlo (SMC),195
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Index of definitions

Sequential Monte Carlo Samplers,195
shift, 222
shift (translation),326
short-time memory,74
shrinkage rule,265
sigmoid function,12
signal,211
signed measures,319
simple graph,31
simulated outputs,9
slice sampler,182
smoothing,186
smoothing density,188
Sobolev embedding theorem,246
Sobolev space,244
soft operator decision trees (SODT),39
space of functions of bounded mean oscil-

lation,BMO, 322
space of piecewise monotone functions,77
sparse,264
sparse coefficient spaces,288
sparse spaces,288
splitting rule,38
stable on a space,242
state,8, 66
state domain,8
state evolution,184
state of nature,127
state space,65, 158
state space model,8
state space system,8
state trajectory,66
state transition function,8
state transition map,65
state transition operator,8
static system,6
stationary,153
step size,52
stochastic volatility model,185
stopping times,160
Strang-Fix condition,223
stratified sampling,175
strict,34
subgraph,31

superposition principle,72
symmetric,144
synthesis filter bank,226
systematic sampling,175

tangent filter,206
tapped delays,8
target function,234, 237
tensor product construction,12
test functions,212
test set,45
theorem of Plancherel,325
thresholding,253
thresholding rule,265
tight, 220
tightness,162
time domain,65
time invariant,71
time scaling,70
time series model,153
time shift,70
time transformation,70
(time)-continuous models,7
(time)-discrete models,7
time-homogeneous Markov chain,159
time-reversibility,176
topological,158
total variation norm,166
trail, 32
trajectory,196
transient,164
transition probability kernel,159
translation invariant,144, 326
translation operator,245
trapezoid,94
tree,32
triangle,94

undirected edge,31
undirected graph,31
uniformly transient,164
universal threshold,266
unnormalized importance weights,172
upper threshold,78
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Index of definitions

validation error,46
validation set,45
vanishing moments,217
vertex,30

wavelet,218
wavelet basis,224
wavelet coefficients,224
wavelet frame,220
wavelet packet bases,232
wavelet subtree,287
wavelet transformed function,218
wavelet tree,287
weakLp, 243
weight degeneracy,197
weighted empirical distribution,172
white noise,184
white-box model,3
window,214
windowed Fourier transform,213
wiping-out property,92
Wold decomposition,155
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