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Abstract

In this paper we consider a multivariate switching model, with constant states means
and covariances. In this model, the switching mechanism between the basic states of
the observed time series is controlled by a hidden Markov chain. As illustration, under
Gaussian assumption on the innovations and some rather simple conditions, we prove
the consistency and asymptotic normality of the maximum likelihood estimates of the
model parameters.

1 Introduction

Hidden Markov Models (HMM) are a popular class of models for time series data which,
locally within a state, could behave like independent identically distributed (i.i.d.) data, but
their statistical properties repeatedly change between states. A prominent example which
motivates our approach is portfolio analysis which involves high-dimensional time series data.
A simple but wide-spread model for the vector of returns of all assets in a stock portfolio is
based on the assumption that the data are independent random Gaussian vectors, e.g., the
Delta-Normal model (see Riskmetric [9]), with perhaps constant mean p = 0, covariance
matrix ¥ and volatility matrix 3/2, respectively. However, if the market environment
changes, e.g., if it moves to a more volatile state, the covariance matrix changes too. This
behavior can be modeled by a HMM with a finite number, say K, of states represented
by the different state means pp and covariance matrices X,k = 1,..., K. As such, the
HMM model is particularly interesting for analyzing financial returns which are known to
exhibit some particularities (“stylized facts”, see, e.g., Rydén et al. [I0]) such as departure
from the normality assumption and existence of dependence between the data. Indeed,
it is well known that a hidden Markov mixture model can circumvent both the problem
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of normality violation as well as that of dependence. Although locally within a state the
data could behave as, e.g., i.i.d. Gaussian, the mixture is not necessarily Gaussian. For
illustration, if one considers the one dimensional version of the model defined in , under
Gaussian assumption on the residuals, the computation of the skewness or the kurtosis
(function of the transition probabilities, states means and variances) indicates that the data
from this generating mechanism are not necessarily Gaussian. Moreover, the dependence
in time between the data is inherent to the Markovian structure of the hidden switching
mechanism. Hence, in this paper we consider a multivariate time series model that can be
regarded as a hidden Markov mixture of K different high-dimensional i.i.d. processes that
are not necessarily Gaussian.

A prime goal in HMM (Hidden Markov mixture models) is to estimate the model parameters
represented by all the py, X, k = 1,..., K, as well as the transition probability matrix of the
hidden Markov chain. In particular, we focus here on investigating the asymptotic behavior
of the maximum likelihood estimators of the model parameters under Gaussian assumption.

2 The Model and the Parameter Estimates

Let {Q:} be a hidden stationary Markov chain with a finite number K of states which controls
the data generating mechanism of the observed time series {X;}. Let A = (a;j)ij=1,..K
denote the corresponding transition matrix and = (71, ..., 7x)’ the stationary distribution
of the chain. To simplify notation, we consider a multivariate hidden Markov mixture of
processes with constant states trends and covariances, i.e.

K
Xt = Z Stk (Mk + lec/2€t> (21)
k=1

where the current state is indicated by

Stk:{ L ifQe=Fk (2.2)

0 otherwise

E,;l is the inverse of the covariance matrix 3 and the innovations €; are assumed to be
i.i.d. Ny(0,1;) random variables. This serves only as example. Using the method developed
here, other distributions of the innovations could be handled. The state variable S;; as
defined here indicates that at each time instant one and only one of the hidden states is
activated and the remaining K — 1 are off. The vector of parameters € combines all the

free parameters of the model, i.e. the entries of p, € R, X,k = 1,..., K, as well as
a;j >0,i=1,...,K,j=1,..., K —1. From the Markov chain theory, see e.g. Brémaud [I],
A is a stochastic matrix, i.e., ZJK:1 a;; =1, foralli=1,..., K.

In the following, © C RP denotes the parameter set, and we sometimes write A = Ay to
stress the dependence of the transition matrix on the parameters.

As stated in the introduction, the model defined in belongs to the general framework
of hidden Markov mixture of models for which an abundant literature exists, e.g., Cappé et
al. [2] or Frithwirth-Schnatter [5] and some of the references therein, just to name a few.
Additionally, if we observe that this model also includes states means, it could be regarded as
a multivariate extension of the white noises driven by hidden Markov introduced in Francq
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et al. [4] or a multivariate version of the CHARME model introduced in Stockis et al. [11]
with constant states means and covariances.

Below, we shall give conditions on 6 which guarantee the existence of a stationary solution
to equation as well as its geometric ergodicity. Given those conditions are satis-
fied, we consider the observed process to be sampled from a stationarity and geometrically
ergodic mechanism {(Q, X;)}, and we assume the starting values (Qo, Xo) to be gener-
ated accordingly to the corresponding stationary distribution. Then, the combined process
{(Q4,X4)}22, is a stationary Markov process defined on the product space {1, ..., K} x R%.
We always assume that the evolution of the hidden Markov chain does not directly depend
on the observed time series, which follows from

A. 2.1. {&}{2, is independent of {Q:}72,.
Then, we have e.g. fort >0,k =1,..., K,

P(Q: = k|Qs, Xs5,5=0,...,t —1) = P (Q=k|Qs,s=0,...,t—1) (2.3)
= P (Qr=k|Qi1) (2.4)

by the Markov property.

To define the parameter estimates of interest, we first have to introduce some notation. Let
go(+|k) denotes the conditional density of X; given @y = k, which under model ({2.1)) is the
Gaussian density with mean p; and covariance Xj.

Given a sequence {y; }¢cz of real vectors and m,n € Z, m < n, we set > = {Ym, ..., yn}. For
q € {1,..., K}, we then get the conditional likelihood function as the conditional density
of X7 given Xy and Qo = qo

K K n
po(X7 X0, Qo=q0) = Y _ ... Y. H gy 1.0 90(Xe | @1) (2.5)
=1 q=1 t=1
and the conditional log-likelihood function given Xg and Qg = qo
In(0,q0) = logpe(X7'|Xo, Qo= qo) (2.6)
n
= > logpy(Xe|X{, Qo = qo).
t=1
with
K K
poXel X Qo=a0) = D > 96(Xe | ar)ag_qP (Qi1=aq1|X5 ", Qo = q).
qt—1=1q1=1

Similarly, the conditional log-likelihood function given only X

n
= log pp(Xy| X7 (2.7)
t=1
with
K K
pe(XﬂXéfl) = Z Z 90(Xtlqt)ag,_1,q,P(Qt—1 = Qt71|X671)' (2.8)
gt—1=1q=1
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The maximum likelihood estimate

0, = arg max 1,(0)
is the classical likelihood estimate that one will consider, e.g. in the i.i.d. framework
without switching mechanism. Indeed, assuming e.g. a Gaussian residuals, one obtains a
closed form for the conditional density of X;. However, assuming a switching mechanism
this is not always guaranteed, as one can observe at the begin of Section [5} Therefore, we
get interested in

~

On,qo = arg Ignea@))( 1n(0,q0),

which takes at least into account the switching mechanism. Furthermore, we let én,qo depend
on an arbitrary initial value gop € {1,..., K} which asymptotically will make no difference
by Proposition [3.2] below.

3 Asymptotic Properties of the Parameter Estimates

In this section, we state our main results. Under rather weak conditions, we may conclude
that the assumptions of Douc et al. [3] are fulfilled for our model and, therefore, make use
of their results to derive the asymptotics of the parameter estimates. We assume that the
data X, ..., X,, are generated by a multivariate hidden Markov mixture of processes as in
(2.1) with unknown parameter 8*. Moreover, we assume that assumption A holds.

A. 3.1. The parameter set © is a compact subset of RP, where p is a function of the number
of hidden states and 6* is an interior point of ©.

The compactness of the parameter set © as well as the assumption on the unknown true
parameter value 6* are quite standard in the literature and will be considered here without
any further justification.

A major condition to apply the results of Douc et al. [3] is stationarity, irreducibility and
geometric ergodicity of the Markov process {(Q¢, X¢)}. We follow the development in Stockis
et al. [II], however, with a rather strong assumption on the transition probabilities,

A. 3.2. There exist a_ and a4 such that

0<a-<a;;<ay<l1, foralli,j=1,...,K;0 0O

Indeed, the above assumption on the transition probabilities is rather motivated by the proof
of the asymptotics of the parameter estimates than by the proof of the geometric ergodicity.
In fact, we could have considered weaker assumptions as in [11].

For the covariance matrices let us assume,

A. 3.3. there exist 0 < §; < §,, < oo such that

o < Inkin ALk < max Auk < Oy

where \;j is the smallest eigenvalue of the covariance matrix 3 and A, is its largest
eigenvalue.
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Assumption [3-3] implies that all the covariance matrices are positive definite and
0f < A < 1Bkl < XL, < 0

Moreover, the existence of J, can also be regarded as a consequence of the compactness
assumption on the parameter set. Furthermore, 3 positive definite implies

3, = P, ' Dy Py
where Dy is the diagonal matrix of the eigenvalues of ¥; and Py is unitary matrix whose

rows comprise an orthonormal basis of eigenvectors of 3.

From the later observation, it is straightforward to see that the squared Mahalanobis dis-
tance, see [§],

d%, (Xe, i) = (Xe — p) 1 (Xe — pr)

satisfies
1 2 2 1 2
(TIIXt = pil|” < ds, (Xt pg) < glllxt — pl” (3.1)
u

Now, using the compactness of O, it first follows the existence of 0 < M < oo, such that
1X: — pill? < (IX¢| + M)?2, for all k = 1,..., K. Therefore, we have

1 1
5 IIXe — pr® < dg, (Xe, ) < gl(HXtH +M)>?. (3.2)

Given the above assumption we have the following probabilistic result, which induces the
stationarity and mixing properties of the observed process. Indeed, the stationarity and
mixing properties are key ingredients for deriving the asymptotic properties of the parameter
estimates.

Proposition 3.1. Let {X;} be generated from model , and let A. and A to
hold. It follows

1. {Q4} is a strictly stationary, irreducible and aperiodic Markov chain with finite state
space {1,...,K}.

2. {(Q, Xy)} is geometrically ergodic.

8. The existence of moments for Xy follows from the existence of the corresponding mo-
ments of .

The following result implies that in estimating the model parameter by maximizing the log
likelihood, it makes no difference if we assume Qg = qo to be given. The proof is postponed
to the technical appendix.

Proposition 3.2. Consider A[2.1, A[3:1) to Al3.3 hold. It follows

1
sup sup ‘ln(e,qg) —1(0) —0 as as n— o0
0 1<go<K |T

For proving consistency, we need a standard identifiability condition for the true parameter
vector which is essentially a condition on the parameter set ©.
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A. 3.4. For all n > 1, 0* is the unique solution in © of

pe*(XﬁXo)>
E (log P\ELI20))
< po(XT]Xo0)

Giving the above mentioned assumptions and the subsequent results in Proposition [3.1] and
[3:2] we are now in position to state and prove the results on the consistency as well as the
asymptotic normality of the parameter estimates.

Theorem 3.1. Let A[2.1] and A[3.1) to AI3.4] hold. Then, for all g =1,..., K,

lim =0* a.s.
noo 90

where

9”#10 = arg renea@X ln(G, QO)~

To formulate the asymptotic normality of the parameter estimates, we have to introduce
the notation

1(0) = ~EgVj log py(X¢ | XE3),

which does not depend on t for stationary processes. I(6*) is the Fisher information in our
model, and we can estimate it consistently as described in the following theorem.

Theorem 3.2. Consider Al3.1] to A[3.4] and assume, additionally, some moment assump-
tions, and that I(0*) is positive definite. Then, for all qg

1 .
~ Vil (0,0, a0) — 1(0") a.s.

and

A~

V(Bn,go — %) — N0, (1(67)) 7).

The later theorem formulates the asymptotic normality of the parameter estimates which is
of great importance to the practitioner who wishes e.g., to conduct formal tests of hypothesis
and construct confidence interval estimates.

4 Summary and perspectives

In this paper we have proven the consistency and asymptotic normality of the maximum
likelihood estimates, for the parameters under Gaussianity assumption on the innovations,
for multivariate hidden Markov mixture of AR-ARCH with constant state means and covari-
ances. This should be regarded as an illustration that the theory works and could easily be
extended, given different probabilistic type of residuals. However, we always have to check,
e.g., that the conditions of Douc et al. [3] hold. Nevertheless, we need to observed that
assumption A3:2 on the transition probabilities could be, perhaps for some applications,
rather restrictive. Therefore, it will be worth investigating the asymptotic of the param-
eter estimates under weaker considerations, for example, allowing some of the transition
probabilities to be equal to zero.
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5 Technical Appendix

Throughout the whole appendix, we assume that {Q;, X;} is a stationary process gener-
ated from model . We first start with some technical lemmas which are needed for
proving consistency and asymptotic normality of the maximum likelihood estimates of the
parameters. Under model , the conditional density of X; given X; 1

K
9o6(Xe | Xim1) = D go(XKe | Qe =J)P(Qr=j | Xi1)
j=1

with

P(Qi =j|Xi—1) = ZP(Qt =j|Qi—1 =1, X 1)P(Qi—1 =1 | Xy—1)

.
Il
—

I
] =

aijP(Qi—1 =1|, X¢—1).
1

.
I

Moreover,

P(Qi—1 =i| Xi—1) = P(Si—1=1] X4-1)
= E(Si—1, | Xi-1)

and using A[2.1] together with the subsequent consequences in equations (2.3) and (2.4), it
follows

P(Qi—1 =1|Xi—1) = E(E(Si—1,i|St—2, Xe—1)| Xi—1)
= E(aQtfzﬂ' |Xt*1)

Now, putting everything together, we derive

K K
90(Xe | X)) = Y 90(Xe | Qe = jaiE(aq, i | Xi1) (5.1)
i=1 j=1
where
1 1 Isv—1
G X | Qr=k)= ——F—Fexp _§(Xt — ) B (X — )
(27) 2 || 2

i.e., the conditional density of the observation given we are in the state k.

Lemma 5.1. Consider A[2Jand A[3:1) to A]3.3 hold. Then,
1. For all X4, Xi—1 € R,

inf X | X 2

012999( t|X¢-1) >0, (5.2)
and

sup go(X¢| Xi—1) < o0. (5.3)

0cO
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2. We also obtain,

by = sup sup go(X¢ | k) < 00 (5.4)
0

ty

and

E logi%fgg(Xl | Xo)| < o0. (5.5)

Proof. 1. Using 6, < ming Ay, for all X,

2K

QG(Xt|Xt—1) < W <

+00

since exp(—%u) <1forall u>0anda;; <1foralli,j=1,...,K. On the other hand, by
compactness of ©, we can choose M > 0 such that ||px| < M,k =1,..., K. Then,

a_ 1 _
WX Xi1) = maxay 5o (<5 (X ) (X )
TSN
a? 1
> max —— exp (— Xy — 2)
5 oy o (g Xl

a*

Y

1
———exp | ——(|X +M2> >0
P b (552 (1%l + )

as gp( | ) sums over positive terms, each of the summand is less than the sum and the first
inequality follows since ag,_,; > a—. The second equation follows using min; ; a;; > a_ and
(3.1). Finally, the third equation uses the compactness assumption as in and the fact
that exp(—%u) is decreasing on the positive real line.

2. By definition and moving along the same line of arguments as in the proof of part 1.
above, we see that by is trivially dominated by a positive constant. Hence the first part of our
assertion holds. For the expectation in the second part, we get from the above development:

o 270y ) 2

2K a? 1
“— >infgp(X1|X0) > ——— - Xy + M)?
> a0 (XalX0) > —“=oxp (~g (i) + 1))

Henceforth, there exist a positive constant C such that

: (I Xl + M)
logint g (X|Xo)| < €4 UL 52
Using the stationarity and 2nd moment assumption for X;, the assertion follows. O

Proof of Proposition and Theorem

Under our conditions, the proof of Proposition [3.2] follows along the lines of the proof of
Theorem 1 of Stockis et al. [II], which implies that {(Q¢, X¢)} is not only geometrically
ergodic, but also irreducible and aperiodic, and every compact set is a petite set. Choosing
only the 6 for which the drift (one could choose a completely different drift function here)



5 Technical Appendix

condition is fulfilled, the transition kernel of the combined Markov process {(Q:, X¢)} is
positive Harris recurrent. Therefore, assumption (A2) of Douc et al. [3] is satisfied. Then,
Proposition follows from going through the proof of Proposition 2 of Douc et al. [3],
where we only have to check, if their other assumptions are satisfied too. Our assumptions
A3.2represents (A1) of Douc et al., (A3) is implied by our Lemma [5.1] below, and (A4) is
immediate from the representation of go(X¢| X¢—1).

Marking that any stationary process { Z; }+>0 can be extended to a two-sided process { Z; } —co<t<oo,
see e.g. Theorem 4.8 of Krengel [7], our Theorem follows from Theorem 1 of Douc et
al. [3] once we have checked their conditions. (A1l)-(A4) have been discussed already in
the previous paragraph. The identifiability condition(A5) follows immediately from our
Assumption [3:4] Finally, the required geometric ergodicity follows from Proposition

In the next lemma, ©* C © denotes an open neighborhood of 8* contained in © which exists
by A Again, to stress the dependence on the model parameters, we write Ag, ay(6) for
the transition matrix of {@Q;} and its elements.

Lemma 5.2. Consider A[3:1] to A[3.3 hold. It follows
(a) for all k,l1 € {1,..., K} and X; € RY, the functions

0 — akl(e) and 0 — gg(Xt“{J)

are twice continuously differentiable on ©*.
(b)

sup sup || Vg log ay(8)|| < oo and sup sup || V2 logaw(8)|| < oo
0cO* kil 0cO* k|l

(¢)

E { sup sup || Vg loggg(X1|k)H} < oo andE { sup sup HV% loggg(Xllk)H} < 00.
0ecO* k 0co* k

Proof. The first part of (a) and (b) follow immediately from the fact that the transition
probabilities ax;(f) are parameters themselves or, for [ = K, linear functions of the param-
eters. Additionally, let us recall that go(X¢|k), the conditional density of X; given that the
hidden process is in state k, is a multivariate Gaussian density and in particular

Gr(0) = logge(X:|k)
d 1 1 _
= —glog2m — S log|Ex| — 5 (X — ) S0 (X — )

d 1 1

therefore, the required differentiability of gg(X;|k), in (a), follows trivially.

For the rest of the proof of (c), it is enough to investigate and control the first and sec-
ond order partial derivatives of G (6) with respect to the entries of states means p and
covariances .
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It is easy to observe that the partial derivatives which include only the entries of the state
means are straightforward and using some matrix algebra could be written in the vector
form as (see (7.7) and (3.9) in Harville [6])

0

—Gp(0) = =221 (X — ), 5.7
Fo-Gul6) = —255 (X = ) .1
and
9 g ) =2%;. ! (5.8)
Opdpy, " T TR '
However, using the matrix differentiation as exposed in Harville [6], for the more general
framework including the covariance matrices component, for all i, = 1,...,d, we have,
0 0
log | =] = tr (21{ zk}) . 5.9
o5, " 0%k o9
Since X is non singular, we derive, using 3,3 = I,
0 -1 af 0 -1
o =-% X X . 5.10
O%kij " ; {('Ek,z'j k} : (>10)

Additionally, recalling the symmetric property of 3 and considering u;( the jth-column of
the identity matrix 1),

0 zk:{uiug i=7

0%k ij ulu; +ujul i>jori<j .
Therefore,
82
S = Ogxa, for alld, ju,l=1...,d. 5.11
82;@@-82;@“; k dxd, 1or allz,7,u ( )
Using (5.10)), we then derive, for all i,5 =1...,d,
0
——d% (X
azk’l] Ek( ta”’k)
0
= tr (Xy — )20 (X —
0% 7“(( t— M) k (Xy Hk))
0
= tr (21X, — X, — pi)
S r (B (X — ) (X — pr))

0
=tr(-%;" S 20Xy — ) (X — )
T( k {82]6@ k} k (Xt — o) (X Hk))
Similarly, using (5.9) to (5.11)) and allowing for repetitions of the covariances entries, i.e.,
for all 4,5,u,l=1...,d,
62
0%,i;0% 8wl

0 0
= >t >
i <32k,uz k0% k)

log |2k

10
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and

82

% (X

0%}, 02 =(Xe, )

=tr (2! sz 1 sz Xy — ) (X — )
Fl0Zkw ) k

o (3L lst L2 s Usovx, - - m).
k0% Fl0Zkw k

We can now derive the partial derivatives with respect to the covariance entries, i.e., for all
,j=1,....d,

)
0T G(0)

(5.12)
= —tr <21;1 {BEi,z'j Ek})

_ 0 _

Moreover, the second order partial derivatives with respect to the covariance entries and
allowing for repetitions, i.e for all 4, j,u,l =1,...,d, are given by
62

7{92;@@»82&“; Gr(0) (5.13)
_ 0 _ 0
=tr <2k ! {82k,ulzk} =t { zk}>
_ 0 _ _
+tr (Zkl {azk lﬁk} Zkl {82k sz} Ekl(Xt — pr) (X — Hk)/>
7u 7Z]
_ 0 _ 0 _
+tr (Ekl {mzk} Ekl {Ek} Ekl(Xt — pg) (X — Hk)/> :
71-7

Finally, the cross second order partial derivatives, with respect to the ux and the entries of
the covariances matrices, are given by

82

0
_ SR bR QEERE YIS Yl 0, o
s Cu®) = 25 { G m B K )

(5.14)
and, using relation (3.7) in [0],

82
— G (0
0%y ;01 #(0)

(5.15)
_ 0 _

We have designed expressions for first and second order partial derivatives. To conclude
with the proof, we need to observe that, for the control of the expectations of the norms of

11
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some of the above partial derivatives as desired in the statement of the Lemma, e.g. (5.11]
where the trace is involved, we make use of

(Vec A)'(Vec B) = trAB,

where Vec is the vectorization operator. Furthermore, applying the Cauchy-Schwartz in-
equality

|(Vec A) (Vec B)| < || Vec A|||| Vec B]|.

For other partial derivatives, e.g., (5.8]), we just need to use the definition of a matrix norm
or for some other, e.g., , remark that for any suitable matrix A and a vector X the
induced norm satisfies

[AX]] < AJIX-

Together with the compactness of the parameter set ©, we can conclude with the proof of
the Lemma by means of some straightforward calculations. O

Before we embark with the proof of asymptotic normality, let us state an additional auxiliary
result.

Lemma 5.3. If A[3.1] to A[3.4 and, additionally, E|X;||? < co hold then
1. There exists a function fo: R? — RY satisfying Efo(X¢) < 0o, such that

sup go(X¢lk) < fo(X¢)
9cor

for all X; € R%.
2. There exist functions fi, fa : R — RY satisfying Efi(X;) < oo, fori = 1,2, such
that
IVogo(Xelk) || < f1(Xe) and | Vige(Xelk)| < fo(X)

for all X; € R4,

Proof. We use the notation

9k(0) = go(Xy | k) = exp(G(0))
1. follows immediately with a constant fy from 0 < gx(6) < i which we have shown above.

For showing 2., let i, px represent an arbitrary selection of pj or 3 entries, with repetitions
allowed. We have

9gr(0) _ 0Gk(0)
Mk Mk

and

0*g1(6) _ <62Gk<e> MO

5.17
Ok Ok, Ok Opx, O Opk (5:17)

where G (6) and its partial derivatives are given in the proof of Lemma[5.2] The conclusion
follows using similar idea as in the proof of Lemma part (c). O]

12



References

Proof of Theorem [3.2}

Proof. The assertion follows from Theorems 3 and 4 of Douc et al. (2004). We have already
discussed in the proof of Theorem [3.1] that their assumptions (A1) to (A5) are fulfilled. The

remaining assumptions (A6)-(A8) follow from Lemma [5.2) and O
References
[1] P. Brémaud. Markov Chains: Gibbs Fields, Monte Carlo Simulation, and Queues. Springer,

2]
3]
4]
[5]

16]

17l
18]

19]
[10]

[11]

Newyork, 1999.

Cappé, O., Moulines, E., and Rydén, T. Inference in hidden Markov models. Springer Series
in Statistics. New York, NY: Springer. , 2005.

Douc, R., Moulines, E., and Rydén, T. Asymptotic properties of the maximum likelihood
estimator in autoregressive models with Markov regime. Ann. Stat., 32(5):2254-2304, 2004.

Francq, C. and Roussignol, M. On white noises driven by hidden markov chains. Journal of
Time Series Analysis, 18(6):553-578, 1997.

Frithwirth-Schnatter, S. Finite mizture and Markov switching models. Springer Series in Statis-
tics. Berlin: Springer., 2006.

Harville, D. A. Matriz algebra from a statitician’s perspective. Springer , 2008.
Krengel, U. Ergodic Theorems. De Gruyter, Berlin, 1985.

Mahalanobis, P. C. A well-conditioned estimator for large-dimensional covariance matrices.
Journal of Multivariate Analysis, 88:365—411, 2004.

RiskMetrics. Technical document. JP Morgan. New York, USA., 1996.

Rydén, T., Terasvirta, T., and Asbrink, S. Stylized facts of daily return series and the hidden
markov model of absolute returns. Journal of Applied Econometrics, 13:21-744, 1998.

Stockis, J.P., Tadjuidje Kamgaing, J., and Franke, J. On geometric ergodicity of CHARME
models. Journal of Time Series Analysis, 31:141-152, 2010.

13



	Introduction
	The Model and the Parameter Estimates
	Asymptotic Properties of the Parameter Estimates
	Summary and perspectives
	Technical Appendix

