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SUMMARY

Human-AlI teams are increasingly deployed across a range of critical
applications, including medical diagnosis, recruitment, and credit
lending. This widespread adoption is driven by the promise of a
human-Al synergy that leverages the strengths of both Al models and
human decision makers, while mitigating their respective weaknesses.
For instance, such hybrid systems can combine the efficiency and
quality of Al-generated decisions with human experience and domain
knowledge. Moreover, they can mitigate both Al- and human-specific
limitations, for example, statistical biases in AI models and cognitive
biases inherent to human decision-making.

Despite the excitement around deploying human-Al teams, the
Al counterpart is often optimized independently, disregarding the
fact that it needs to operate alongside a human, who has their own
strengths, weaknesses, and error patterns. This oversight has led to
the development of approaches that are mostly heuristic-based and
fail to optimize the human-AlI team performance.

In the first part of this thesis, our goal is to close these gaps and
fully unlock the potential in human-AlI teams by shifting the focus
from model-centric optimization to team-aware learning. We present
methods that optimize the Al model jointly with a triage policy that
governs the interplay between the human and the Al counterparts.
We show that using these methods, human and Al can complement
each other, outperforming either in isolation.

Integrating AI models into high-stakes decision-making domains,
however, requires caution. It is essential to acknowledge that these
models exhibit statistical biases which can propagate through decision-
making processes and be manifested in the final outcomes, leading to
significant societal consequences. For example, when Al models are
deployed in domains such as loan approvals or university admissions,
their biases can systematically influence who receives opportunities,
thereby altering demographic distributions of loan recipients or the
educated population over time.

The second part of the thesis focuses on such Al biases from a
new perspective and studies the scenarios where Al predictions can
be unfair within demographic groups. Within-group unfairness can
prevent the best candidates from these groups—the candidates who
are more likely to be qualified—from moving forward in the selection
process and having a chance of being selected. To mitigate this type
of unfairness, we present an efficient post-hoc algorithm that can
be applied to any black-box model, ensuring its predictions satisfy
within-group fairness constraints.






ACKNOWLEDGEMENTS

This thesis would not have been possible without the support and
encouragement of the many people who accompanied me throughout
my PhD journey. They transformed what is often a challenging period
into some of the most memorable years of my life.

First and foremost, I would like to thank my advisor, Manuel Gomez-
Rodriguez, for his guidance and support throughout my PhD, and
for the opportunities he gave me to grow as a researcher. I am also
grateful to him for organizing our wonderful group retreats in the
Alps and guiding us along the most beautiful trails. Those trips
became some of my favorite memories of these years.

I am grateful to all our group members for the friendly and enjoyable
atmosphere they created. Abir De, my earliest collaborator during my
PhD, deserves particular mention; many of the contributions in this
thesis would not have been possible without him.

I am deeply thankful to Adish Singla, Anthony Lin, Krishna Gum-
madi, and Milan Vojnovic for the time and effort they devoted to
reviewing my thesis and serving on my PhD committee. I especially
thank Milan for traveling from London to attend my defense.

I greatly benefited from many informal conversations with sev-
eral MPI faculty members: Rupak Majumdar, an endless source of
motivation not only in research but also in baking better cakes; Kr-
ishna Gummadi, who was always approachable and generous with
career advice; Viktor Vafeiadis, whose calming presence was always
reassuring; and Anne-Kathrin Schmuck, who kindly lent me an ear
throughout these years.

Outside MPI, I had the opportunity to intern at Meta and work with
many brilliant people there. In particular, I want to thank Niek Tax for
his guidance throughout the internship and beyond. I also spent some
time at Amazon, where I worked closely with Dominik Janzing. I was
constantly impressed by his kindness and thoughtfulness; working
with him was a true pleasure. I am indebted to Muhammad Bilal Zafar
and Isabel Valera; they have given me invaluable advice, support, and
encouragement.

I owe special thanks to my very first computer science teacher,
Mehdi Kazemi. He taught me in high school while I was preparing for
the Olympiad in Informatics. I learned from him the very foundations
of computer science and have remained passionate about this field
ever since.

Tobias, the best IT support one could ask for, deserves special
mention. I showed up at his office countless times and never once
left without having my problem solved. The MPI-SWS office staff,

vii



viii

CONTENTS

especially Vera, Geraldine, and Susanne, are among the main reasons
why our institute is such a warm and welcoming place.

In Kaiserslautern, I crossed paths with many wonderful people with
whom I shared the best moments of my PhD. Although I cannot name
everyone here, I would like to extend my heartfelt thanks to everyone
in The group™. In particular, huge thanks to Ashwani, Bala, Ritam,
Sathya, Soto, and Suhas for all the biryani parties; Simin, Riccardo,
Davide, Pavel, and the Marcos for the basement and premium house
parties; Ana and Irmak for all the gossip sessions; and Marko and
Michalis for the unforgettable Croatia and Greece trips.

I owe special thanks to Amirbahador, Rosa, and Kaushik. Amirba-
hador and Rosa have helped me in countless ways; with them, I felt
like I had a family in Kaiserslautern. Thank you, Rosa and Amir; I
look forward to many more Hokm and Catan nights to come! I was
lucky to have the first three years of my PhD overlap with Kaushik’s
time at MPI; those were easily the most eventful years. Thank you,
Kaushik, for turning the rather quiet city of Kaiserslautern into one of
the most happening cities I have ever lived in.

I met Iason at MPI and made the happiest memories of these years
with him. Of everything this journey has given me, he is by far the
most precious.

Finally, I want to thank my parents, Mehri and Haji, and my sisters,
Niloofar and Nazanin, who supported me from far away. They are the
greatest joy of my life. I hope this thesis, which is dedicated to them,
conveys at least a small part of my gratitude and love.



CONTENTS

IT

INTRODUCTION
1.1 Human-AI Collaboration. . . . . ... ... ... ....
1.2 Al-Assisted Decision-Making . . . ... ... ......
1.3 Thesis Structure and Contributions . . . . . . ... ...
1.4 Publications . .. ... ... .. ... ... . ... ...
1.5 Open-Source Contributions . . . ... ... .......
BACKGROUND
2.1 Submodularity . . .. ... oo
2.2 Calibration . . . ... ... .. ... ... L 0 L.
23 Related Work . . ... ... ... ... .. ... .
2.3.1  Human-AI Collaboration . ... .........
2.3.2 Fairness in Al-Assisted Decision-Making . . . .

HUMAN-AI COLLABORATION
SUPERVISED LEARNING IN HUMAN-AI TEAMS
3.1 Problem Formulation . . . . ... .............
3.2 Margin-based Classification in Human-AlI Teams
3.2.1  Algorithms with Approximation Guarantees for
SVMs . . ... o
3.2.2 Experiments on Synthetic Data . . . . . ... ..
3.2.3 ExperimentsonRealData . . . ... .. ... ..
3.2.4 Section Conclusions . .. .............
3.3 Differentiable Learning in Human-Al Teams . . . . ..
3.3.1  On the Interplay Between Prediction Accuracy
and Triage . . . .. ... .. ............
3.3.2 How To Learn Under Triage . ..........
3.3.3 Experiments on Synthetic Data . . . . .. .. ..
3.3.4 ExperimentsonRealData . ... .........
3.3.5 Section Conclusions . ... ............

AI-ASSISTED DECISION-MAKING
WITHIN-GROUP FAIRNESS IN AI-ASSISTED DECISION-
MAKING

O NN Ul &~ W N R

[ T
N RoR

17
17
18

49

4.1 Screening, Calibration, and Within-Group Discrimination 49

4.2 A Set Partitioning Post-Processing Framework . . . . .

4.3 Optimal Set Partitioning via Dynamic Programming
4.3.1  Pool Adjacent Violators (PAV) Algorithm . . . .
4.3.2 An Optimal Dynamic Programming Algorithm

51
53
54
55

4.4  Within-Group Monotonicity vs Within-Group Calibration 57

4.5 Experiments Using Survey Data . . . . ... ... ...
4.5.1 Experimental setup. . ... ............
452 Results . .. ... ... .. L L.

61

ix



CONTENTS

4.6 Chapter Conclusions . . . ... .............. 64
III CONCLUSION
5 DISCUSSION AND FUTURE WORK 69
5.1 FutureWork . . . ... ... .. ... o L. 70
BIBLIOGRAPHY 73
CURRICULUM VITAE 87

IV APPENDIX

ADDITIONAL INFORMATION FOR CHAPTER 3 91
1 Additional Information for Section3.2 . . . . ... ... 91
1.1 Proof of Proposition 3.2.2 . . .. ... ... ... 91
1.2 Proof of Theorem 3.2.3 . . . . ... ... ... .. 92
1.3 Proof of Theorem 3.2.4 . . . . . ... ... .... 94
1.4 Hard Margin Linear SVMs . . . . ... ... .. 96
1.5 Soft Margin SVMs without Offset . . . ... .. 97
1.6 Lemmasand Facts . ... ............. 99
1.7 Additional Details for Experiments on Real Data 110
2 Additional Information for Section3.3 . . ... ... .. 111
2.1 Proof of Proposition 3.3.5 . ... ... ... ... 111
2.2 Proof of Theorem 3.3.6 . . . . ... ... ..... 112

2.3 Additional Details About the Experiments on
RealData . ............ ... ...... 114

2.4  Additional Evaluation of the Approximate Triage
Policy . . .. ... ... .. .. ... .. ..., 116
ADDITIONAL INFORMATION FOR CHAPTER 4 119
3  Proof of Theorem 4.2.1 . . . . .. ... ... ....... 119
4  Proof of Proposition 423 ... ...... ... . ..., 123
5 Proofof Lemma4.3.4 . ... ... ... .. ... ..... 124

6  Screening Classifiers Induced by Algorithms 5, 6 and 7
for Groups Defined by Race Code . . . . ... ... .. 125

7  Additional Experiments On Within-Group

e-Calibration . . . . . ... . ... ... .. ... 126
8  Experimental Results for Other Groups Z . . . . .. .. 127



LIST OF FIGURES

Figure 3.1

Figure 3.2

Figure 3.3
Figure 3.4

Figure 3.5
Figure 3.6

Figure 3.7

Figure 3.8

Figure 3.9

Figure 3.10
Figure 3.11

Figure 4.1

Figure 4.2

Figure 4.3
Figure 4.4

Figure 4.5

Figure 4.6

Convex hulls and reduced convex hulls of train-
ingsets . ........ ... ... L. 21
Linear and non linear support vector machines
with offset under human assistance trained us-
ing Algorithm 2. . . . ... ... .. .. ..., 25
Performance of all methods on synthetic data. 27
Number of samples outsourced to humans by
the distorted greedy algorithm and its random-
izedvariant. . . . .. ... o Lo 27
Performance of all methods on real data . . . . 28
Performance of the stochastic distorted greedy
algorithm against the maximum number of out-
sourced samples . . . . ... ... ... ... .. 29
Interplay between the per-instance accuracy of
predictive models trained under full automa-
tionand experts . . ... ... ... .. ... 38
Interplay between the per-instance accuracy of
predictive models trained under triage and ex-
perts. . . ... oo 39
Average training losses achieved by the pre-
dictive models and the triage policies during

training . . ... ... ... oL 41
Predictive model and expert losses at a per-
instancelevel . . . . .. ... ... ... 42

Misclassification test error against the triage

level b. . . ... 44
Quality score values and group conditional
quality score values of an (approximately) cali-
brated screening classifier . . .. ... ... .. 51
Probability that an individual suffers from within-
group discrimination against their group mem-
bership . .. ...... ... .. ... .. .. 60
Probability that an individual suffers from within-
group discrimination against the number of bins 60
Size of the partitions returned by Algorithms 5, 6
and7 . ... 63
Quality score values and group conditional
quality score values of the screening classifier

for groups defined by citizenship status. . . . . 64
Size of the shortlists . . . . .. ... . ... ... 65

xi



Figure 1
Figure 2
Figure 3
Figure 4
Figure 5
Figure 6

Figure 7

Ratio of model and human losses for test sam-
ples predicted by the model and test samples
predicted by the humans . . . . . ... ... .. 117

Quality score values and group conditional
quality score values for groups defined by race
code. . .. ... ... 126
within-group e-calibration . . . . .. ... ... 127
Within-group discrimination with groups de-
fined based on gender and disability status . . 127
|B| and the size of shortlist returned by Algo-
rithmss,6andy. ... ... ... ... ... .. 128

Quality score values and group conditional
quality score values for groups defined by genderi29
Quality score values and group conditional
quality score values for groups defined by dis-
abilityrecord . . . ... ... ... . L. 130

LIST OF ALGORITHMS

1 DISTORTED GREEDY . . . . ... .............. 8
2 STOCHASTIC DISTORTED GREEDY . . . . . . . . . .. ... 9
3 YSSWEEP . . o oot 10
4  Di1rFreRENTIABLE TRIAGE: it returns the weights of a
predictive model mg and the weights of a triage policy
Ry o e 37
5  Itreturnsa partition Bpay such that 3 is within-group
monotone. . . .. ... Lo e 54
6 It returns the optimal partition B* such that fg- is
within-group monotone. . . . . .. ... ... ... ... 56
7 It returns the optimal partition B, such that fz: is
within-group calibrated. . . . ... ... ... ... ... 57
ACRONYMS

Al Artificial Intelligence

ML Machine Learning

Xii



DL
RL
RLHF
SVM
LLM
SGD
CNN
PAV

UMB

ACRONYMS

Deep Learning

Reinforcement Learning

Reinforcement Learning from Human Feedback
Support Vector Machine

Large Language Model

Stochastic Gradient Descent

Convolutional Neural Network

Pool Adjacent Violators

Uniform-Mass Binning

xiii






INTRODUCTION

“The hope is that, in not too many years, human brains and
computing machines will be coupled together very tightly, and
that the resulting partnership will think as no human brain has
ever thought and process data in a way not approached by the
information-handling machines we know today.”

—J. C. R. Licklider, 1960*

For several decades, Artificial Intelligence (AI) has been extensively
involved in handling high-stakes tasks such as medical diagnosis,*
content moderation,? recruiting,# programming,5 criminal justice,®
credit lending,” and many more. Given the depth and breadth of Al
involvement in these high-stakes applications, Andrew Ng’s claim
that “Artificial Intelligence is the new electricity”® does not sound too far
from reality.

Despite this excitement around fully delegating such tasks to Al
models, these models also possess important shortcomings. For exam-
ple, they are less accurate than human experts on specific instances,’
exhibit biases,'® have robustness issues in the presence of distribution
shift,"* and are vulnerable to adversarial attacks'.

Such concerns challenge the idea of fully delegating high-stakes
tasks to Al models, and raise interest in a middle ground between full
automation and no automation: a recent paradigm that asks the Al
models and human decision makers to join forces, forming human-
Al teams. These teams have the potential to benefit from both the
efficiency and quality of Al-generated decisions and human experience
and domain knowledge.

While there exist numerous forms of interaction schemes in human-
Al teams, the focus of my thesis is on two main paradigms. In the
first one, the decision-making task is shared between the Al agent and
the human decision maker. In other words, a fraction of the task is
solved by the Al agent, and the remainder is deferred to a human. For
example, in medical diagnosis, a Machine Learning (ML) model that
is trained to predict a severity score, or a severity label, can be utilized
to reduce the workload for the medical doctors by making predictions

! “Man-computer
symbiosis” [Lico8];

2“Do as Al say:
susceptibility in
deployment of clinical
decision-aids”
[Gau+21];

3“Content moderation,
Al, and the question of
scale” [Gil20];

4“Discretion in hiring”
[HKL18];

S “Github copilot ai
pair programmer: Asset
or liability?”
[Dak+23];

©“Machine bias”
[Ang+22];

7“Explainuble machine
learning in credit risk
management”
[Bus+21];

SSmnford MSx Future
Forum, 2017

7 “The algorithmic
automation problem:
Prediction, triage, and
human effort”
[Rag+19b];

10“Fair decisions
despite imperfect
predictions” [Kil+20];

1 “Measuring
robustness to natural
distribution shifts in
image classification”
[Tao+20];

12 “The limitations of
deep learning in
adversarial settings”
[Pap+16];
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13 Note that in this
setup there is no
interaction between the
human and the Al
model, and each of them
only solves the part of
the task that is assigned
to it without being
informed about the
predictions of their
counterpart. The
assignment is done
using a policy that we
later call a “triage

”

policy”.

14 “Metrics for
explainable Al:
Challenges and
prospects” [Hof+18];

15 “Improving expert
predictions with
conformal prediction”
[Str+23]; “Towards
Human-Al
Complementarity with
Prediction Sets” [De
+241;

16 “Improving
Screening Processes via
Calibrated Subset
Selection” [W]G22];

17 These could be the
applicant’s income,
payment history, debt
history, or employment
status.

V8 What we call a
“screening policy” later
in the thesis.

19 Note that here the
final decision is taken
by the human end-user,
as opposed to the first
part, where each of the
human or Al takes
decisions for a fraction
of samples.

20 Supervised Learning

21 Unsupervised
learning, reinforcement
learning, online
learning, etc.
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on a fraction of the cases. The remaining cases are then deferred
to a medical doctor.” As another example, in content moderation,
online publishers rely partly on the ML model predictions and partly
on the human reviews to filter toxic comments before they spread
incivility across their platform. I call this setting human-Al collaboration
throughout the thesis. In Section 1.1 I discuss the challenges in this
setting to prepare the stage for the technical results presented in Part i
of my thesis.

In the second paradigm, the Al predictions are used to inform or
assist a human decision maker. The AI model can assist the human
decision maker in numerous ways. For example, by providing ex-
planations,’* by reducing the set of alternatives among which the
human decision maker has to pick,*> or by cutting down the number
of instances that the human decision maker has to review,® to name a
few. The focus in this thesis is mainly on the last mentioned use case,
namely on screening classifiers.

These classifiers are used in various applications including recruit-
ing, healthcare, criminal justice and credit lending. For instance, in
credit lending, due to a large number of applications, banks may
rely on an ML model to decide which credit applications to approve.
The ML model, taking some of the applicants’ predictive features,'”
returns a score that the bank uses as a proxy for the creditworthiness
of the applicants. The bank then uses a policy™® to select some of the
applications based on these scores.*®

How well these scores approximate the creditworthiness of appli-
cants, how the bank interprets them, and what policy it uses to take
the final decisions based on these scores, all play a crucial role in the
trustworthiness and fairness of the final decisions. I call this setting
Al-assisted decision-making throughout the thesis. In Section 1.2 I dis-
cuss the challenges and gaps in designing screening classifiers and
present the main technical results in Part ii.

As mentioned above, in the following sections of this chapter, I
provide a high-level overview of these two paradigms and identify
the gaps in each that this thesis tries to fill. Before moving on, note
that the AI counterpart in this thesis is limited to a trained ML model
that provides a predicted label, or a predicted score, in a supervised
learning?® setting. While we believe our ideas can be generalized to
other settings,*' studying those scenarios is beyond the scope of this
thesis.

1.1 HUMAN-AI COLLABORATION

As mentioned earlier, the main motivation behind designing human-
ML hybrid teams in which human and the ML model collaborate is that,
although each can outperform the other on specific tasks, or instances,
the collaboration has the potential to amplify the respective strengths


https://en.wikipedia.org/wiki/Supervised_learning
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of human and the ML model, resulting in improved joint performance
compared to the individual performances. This is usually referred
to as human-ML complementarity in the literature.?* The potential for
complementarity can stem from various factors. As stated by Rastogi
et al. [Ras+23], it can be due to the fact that each of the human and
the ML model optimizes a different objective,* they are usually given
different feature sets and histories,** and they have different sets of
actions available to them?>.

While the potential for complementarity has led to a widespread
adoption of these teams, the ML counterpart is often optimized with-
out explicitly accounting for the fact that it needs to operate alongside
a human, who has their own strengths, weaknesses, and error pat-
terns. This oversight has led to the development of approaches that are
mostly heuristic-based, optimize the ML model independently, and
fail to optimize the human-ML team performance. In this thesis I try
to close these gaps and fully unlock the potential in human-Al teams
by shifting the focus from model-centric optimization to team-aware
learning. This perspective has shaped a more principled approach in
designing human-ML teams.

Team-aware learning poses various challenges: One needs to model
the human error, or the human uncertainty in a way that is comparable
to that of the ML model.2® Furthermore, one needs to design a triage
policy?” that optimally distributes the task between the ML model
and the human, taking into account their respective error models.
Having selected the part of the task that is assigned to the ML model,
one needs to optimize the ML model exclusively on that part. And
most importantly, one needs to directly optimize for the joint system
performance. In other words, for any triage policy, there exists an
optimal predictive model corresponding to it, which is not necessarily
the model trained under full automation. This is important as the best
ML model is not necessarily the best for teamwork.?

My goal in Part i of my thesis is to overcome the above-mentioned
challenges and design hybrid human-ML systems that achieve the
best joint performance.?

1.2 AI-ASSISTED DECISION-MAKING

Screening classifiers are becoming increasingly common as many
selection processes receive hundreds or even thousands of applications.
Decision makers rely on these classifiers to shortlist a tractable set
of promising candidates. These shortlisted candidates then move
forward in the selection process and are evaluated in detail, possibly
multiple times, until one or more qualified candidates are selected.
Algorithmic screening consists of designing both a screening classifier,
which estimates the probability that a candidate is qualified, and a

2244 taxonomy of
human and ML
strengths in
decision-making to
investigate human-ML
complementarity”
[Ras+23];

23 An ML model
minimizes a loss
function or maximizes
a reward function while
a human decision
maker may have
various other risk
factors in mind, for
example maintaining
customers or good
social image.

24For example, a
medical doctor gets to
interact with a patient
and see their physical
symptoms and learn
about the history in
their family in contrast
to the ML model.

25For example, an ML
model may only provide
diagnostics while a
medical doctor can also
provide emotional
support to a patient.

26 Ope of the
challenges that this
brought into our
real-world experiments
was the need for
large-scale datasets
with multiple human
annotations.

274 policy that
determines which
samples are predicted
by the ML model and
which are predicted by
the human, defined
formally in Chapter 3

28“Regression under
human assistance”
[De+20b]; “Learning to
Complement Humans”
[WHK2o0];

29 Measured in terms
of predictive accuracy
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screening policy, which shortlists candidates using the candidates
probability values estimated by the screening classifier.

While benefits and harms posed by automated screening have been
investigated in many high-stakes domains,3° these lines of works have
predominantly focused on preventing discrimination across groups
of interest, e.g., designing machine learning models whose predictive
performance (e.g., accuracy, false positive rate) is invariant across
groups. In contrast, the focus in my thesis is on preventing unfairness
within groups.

In simple terms, within-group fairness is satisfied when a rough
monotonicity property holds in the predicted scores, conditional on
group membership. That is, for members of the same group, higher
predicted scores should indicate higher chances of being qualified.
When such a simple and intuitive property is violated, it can happen
that qualified members within a demographic group are rejected by
the screening policy, while some members of the same demographic
group who are less likely to be qualified are selected. Hence, this
type of bias may prevent the best candidates from the groups—the
candidates who are more likely to be qualified—from moving forward
in the selection process and having a chance of being selected.

The goal in Part ii of my thesis is to bring attention to this type of
unfairness, to show that it is more than a theoretical construct and
is observed in real-world screening processes, and finally to design
post-hoc algorithms to avoid such types of discrimination.

1.3 THESIS STRUCTURE AND CONTRIBUTIONS

All the work presented in this thesis is a result of collaborative ef-
forts, and none of it would have been possible without my co-authors.
Hence, I use the first-person plural3" when referring to the contribu-
tions of this thesis. This thesis is structured in two parts.

Part i focuses on human-AlI collaboration as discussed previously
in Section 1.1 of the current chapter. Chapter 3 in this part consists of
three sections:

¢ Section 3.1 provides a general formulation of the problem of
supervised learning in human-AI teams.

¢ Section 3.2 is based on our paper “Classification under human
assistance” [De+21] in which we focus on classification tasks
using margin-based predictors. We first show that for convex
margin-based classifiers, the problem of classification under
human assistance is NP-hard. We then derive an alternative
representation of the objective function which enables us to use
efficient algorithms from the submodular function optimization
literature3* to solve the problem with nontrivial approximation
guarantees.
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¢ Section 3.3 is based on our paper “Differentiable learning under
triage” [ODG21] which provides various interesting insights into
the problem of learning in human-AlI teams. We identify under
which circumstances the human-AI team performance is superior
to the individual performances and what triaging policies allow
us to fully benefit from this potential. Building on such insights
we present a practical gradient-based algorithm that can be used
to find a sequence of triage policies and predictive models of
increasing performance.

Part ii focuses on Al-assisted decision-making as previously dis-
cussed in Section 1.2 of the current chapter. Chapter 4 in this part is
based on our paper “On the within-group fairness of screening clas-
sifiers” [OTR23]. There, we investigate the potential for within-group
bias and discrimination in screening classifiers, study the hardness of
designing screening classifiers that do not exhibit such biases and pro-
vide an efficient algorithm that minimally modifies a given classifier
so that its predictions are within-group fair. These parts assume some
background knowledge that is provided in Chapter 2.

Throughout the thesis whenever a defined term first appears in a
section, it is connected to the definition through a colored hyperlink,
for example clicking on triage policy takes you to where triage policy
is defined. Citations and figure captions are generally provided in the
margin except for the citations in Section 2.3: Related Work, which
do not fit in the margin and are provided inline. Proofs are generally
provided inline except for particularly lengthy ones which are deferred
to the Appendix to preserve the flow of the main text. A proof sketch
is nevertheless provided in the main text.

1.4 PUBLICATIONS

All the papers making up this thesis have passed the peer-review pro-
cess and are published in top-tier ML conferences. They are presented
below in chronological order:

1. AAAI 2021 “Classification under human assistance”
Nastaran Okati*, Abir De*, Ali Zarezade, and Manuel Gomez Ro-
driguez. *Equal contribution [De+21]

2. NeurlPS 2021 “Differentiable learning under triage”
Nastaran Okati, Abir De, and Manuel Gomez Rodriguez. [ODG21]

3. ICML 2023 “On the within-group fairness of screening classi-
fiers”
Nastaran Okati, Stratis Tsirtsis, and Manuel Gomez Rodriguez. [OTR23]
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1.5 OPEN-SOURCE CONTRIBUTIONS

Open-source implementation of the algorithms presented in this thesis,
the data used in our synthetic and real-world evaluations, together
with instructions on how to use the code to reproduce our results are
provided in the following repositories:

* Code and data for Section 3.2: https://github.com
/Human-Centric-Machine-Learning/ classification-under-assistance.

* Code and data for Section 3.3: https://github.com
/Human-Centric-Machine-Learning/ differentiable-learning-under-
triage.

* Code and data for Chapter 4: https://github.com
/Human-Centric-Machine-Learning / within-group-monotonicity.
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BACKGROUND

Familiarity with Submodularity and Calibration is necessary for un-
derstanding Section 3.2 and Chapter 4 respectively.

2.1 SUBMODULARITY

Let V be a finite set of elements and g : 2V — R be a real-valued set
function where 2V denotes the power set of V. Then, g is a submodular
set function if the marginal gain of adding an element decreases as the
size of the set grows. This property is called the diminishing returns
property. Formally:

98U —9(8) = gL U{j) —g(L) VS S LS VandjeV\L, (21)
or equivalently,

Y g8UGN—g(8)] > g(SUL) —g(8) VS C L C V.
JEL\S

(2.2)

There is an extensive literature on submodular set function optimiza-
tion with a wide range of applications in summarization,?3 influence
maximization,34 active learning,3>.

In practice, many set functions may not satisfy strict diminishing
returns property, but the marginal gains can be bounded. This is
known as approximate submodularity. While there exist various
notions for approximate submodularity, we focus on the notion of
weak submodularity which is defined by a natural extension of Eq. 2.2:

> [g8U{) —g8)] = yIg(8UL)—g(8)IVSC LTV,
JEL\S

where the largest v € [0, 1] that satisfies the above is the submodularity
ratio. Note that any submodular function is also weak submodular
with submodularity ratio y = 1. Weak submodularity has also gained
considerable attention with various use cases for example in feature
selection,3° and interpreting deep learning (DL) models.3” Lastly, a set
function is modular if Eq. 2.1 holds with equality, i.e.,

9(8U{j) —g(8) =g(LU{j) —g(L) V8 C L CVandje V\L,

3344 class of
submodular functions
for document
summarization”
[LB11];

34 “Maximizing the
spread of influence
through a social
network” [KKTo3];

35 “Adaptive
submodularity: Theory
and applications in
active learning and
stochastic optimization”
[GK11];

36 “Submodular meets
spectral: Greedy
algorithms for subset
selection, sparse
approximation and
dictionary selection”
[DK11];

37 “Streaming weak
submodularity:
Interpreting neural
networks on the fly”
[Ele+17];
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Algorithm 1 D1STORTED GREEDY

Input Ground set V, functions g and c, cardinality n and weak
submodularity parameter .
Initialize: § < @
fori=0,...,n—1do
wi - (1— %)nf(wn
% Choose the element with the maximum distorted gain

k* « argmax{w; - [g(8 U {k}) — g(8)] —c({k})}
keVA\S
% Accept it if it positively contributes to the objective
if w; - [(8 U{K™)) — g(8)] —c({k*)) > O then
§ «— SU{k*}

Return 8

and it is monotone if
g8uU{jh)—g(8) >0V8CVandjeWV.

Submodular optimization The problem of maximizing a non-negative
monotone submodular function subject to a cardinality constraint is
defined as:

maximize ¢(8) subjectto [ < n.

A greedy algorithm enjoys approximation guarantees at solving this
problem.?® The greedy algorithm runs for n iterations and at each
iteration adds the element with the maximum marginal gain to the
set (breaking ties arbitrarily) and achieves a (1 — %) approximation
guarantee. These results can also be generalized to the case where g
is y-weakly submodular, in which case the greedy algorithm achieves
a (1 —e7Y) approximation guarantee.39

There exist algorithms for solving various other forms of (weak)
submodular function optimization problems. The one of interest to us
has the form:

maximize ¢(8)—c(8) subjectto [S§|< n,

where g is monotone, non-negative and y-weakly submodular and ¢
is non-negative modular. There is a deterministic greedy algorithm,
DistorRTED GREEDY, that runs in O(n|V|) and returns a set such that
the following approximation guarantee holds:4°

g(8)—c(8) = (1 —e Y)g(OPT) — c(OPT).

Instead of maximizing the marginal gain as in the original greedy
algorithm, this algorithm maximizes a distorted gain at each step. See
Algorithm 1 for a pseudocode of this algorithm.

A faster variant of DISTORTED GREEDY is known as STOCHASTIC
D1sTORTED GREEDY which runs in O(|V|log %). The difference to Dis-
TORTED GREEDY is that this algorithm optimizes over a random sample
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Algorithm 2 StocHASTIC DISTORTED GREEDY

Input Ground set V, functions g and c, cardinality n, weak submod-
ularity parameter vy, error e.
Initialize: § < @, v + [% log %1
fori=0,...,n—1do
B < sample r elements uniformly and independently from V.

Wi — (1 B %)n—(iﬂ-])

% Choose the element with the maximum distorted gain from the set B
k* < argmax {w; - [g(S U{k}) — g(8)] —c({k})}
kEB
% Accept it if it positively contributes to the objective
if w; - [g(S U{k™)) — g(8)] —c({k*)) > 0 then
§ «— SU{k*}

Return 8

of size O(% log 1) at each iteration. See Algorithm 2 for a pseudocode
of this algorithm. This algorithm enjoys the following approximation
guarantee:

E[g(8) —c(8)] = (1—e Y —€)g(OPT) — c(OPT).

Lastly, given that the exact value of y is mostly unknown and
data dependent, and commonly one can only find a lower bound on
v, [Har+19] proposes y-swEEP to guess the value of y. This algorithm
makes a sequence of guesses on the value of y and runs either of the
above-mentioned algorithms#' with the value of these guesses as the
submodularity ratio. Finally, it returns the set that maximizes the
objective in this procedure. This set is guaranteed to be nearly as good
as when the exact value of y is known. Formally, if the algorithm
makes O(1 log 1) guesses, then it is guaranteed that:

El[g(8) —c(8)] = (1—e Y —0(58))g(0OPT) — c(OPT).

An implementation of y-SwEEP is provided in Algorithm 3. Note that
knowing a good lower bound on y will result in fewer guesses and
hence a better run time.

2.2 CALIBRATION

Consider a screening process in which a decision maker relies on
a classifier output to select a set of candidates among the pool of
applicants. Let f: X — [0, 1] be a score-based classifier mapping the
space of predictive features of applicants X to the space of quality
scores Y. In an ideal world we have that:

f(x) =Pr(Y=1X=x),

which means that given any individual, the classifier is able to estimate
their true probability of being qualified (Y =1).

9

41 Whichever of
Algorithm 1 or
Algorithm 2 is picked,
we have to remain
consistent and evaluate
all guesses using the
same algorithm.
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binary classification:
prediction sets,
confidence intervals
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Bayesian” [Daw82];
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receiving the same
score.

45 “Improving
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BACKGROUND

Algorithm 3 y-SWEEP

Input Ground set V, functions g and c, parameters 5 € (0,1),
lower bound L.
Initialize: S_1 < &, T + (% In m]
forr=0,...,Tdo
% The guess for 'y at this iteration
Yr < (1=8)7
% Run one of Algorithm 1 or Algorithm 2 using the value of the guess
8 — AV, g,¢,n,vr).

Return argmaxg | . g(8) —c(8)

Obtaining individual conditional estimates is far from feasible with-
out strong distributional assumptions,** and hence, a natural relax-
ation asks the classifier to predict the true conditional estimates when
conditioned on the outputs of the classifier itself. This property is known
as calibration,*3 formally defined as:

Pr(Y =1[f(X) = a) = a Va € Range(f).

If a classifier is calibrated, then its outputs can be interpreted as true
probabilities on every level set of the classifier. As an example, in the
context of screening, calibration would imply that on average over
the people who receive a score of 0.8 from the classifier, 80% of them
are qualified (and similarly for any other score in Range(f)).#* One
important detail here is that f can only have a finite range. In other
words, f has to provide a countable partition of X. The reason is that
if we make the conditioning set arbitrarily small, we cannot obtain
distribution-free guarantees, as in the individual case discussed above.

Calibration makes the downstream decision-making easier and more
interpretable. For example, if f is calibrated, then the decision maker
can, independently of the model provider, simply use a threshold
rule to select the applicants and this threshold only depends on the
number of applicants that they wish to select.#> Furthermore, they can
reliably estimate the expected number of qualified applicants among
those that they select. Given that the end user and the developer of
the ML model are usually separate, calibration is an easy to interpret
statistical property that gives the end user more control when using
the model.
Post-hoc calibration methods Post-hoc calibration corresponds to
identifying a meaningful partition of X and estimating the conditional
probabilities for those partitions, using a heldout set, called the cal-
ibration set. There exist numerous number of post-hoc calibration
methods: Uniform-mass Binning [ZADoz1], Isotonic Regression [ZEoz],
Temperature Scaling [Guo+17], Platt Scaling [Plagg].

Here we focus only on binning-based calibration approaches since
those are the ones resulting in a finite range of f. These correspond to
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Isotonic regression and Uniform-mass binning (UMB). Since UMB has
distribution-free finite sample calibration guarantees [GR21], we use
this approach in this thesis.

UMB works as follows: using a calibration set D,, the interval
[0, 1] is partitioned into n bins such that each bin receives a (nearly)
equal number of calibration points where the assignment is based
on the interval that each f(x;) falls into. Then, the average of the y;
values inside every bin is set as the bin value. Refer to Algorithm 1
in [GPR20] for a pseudocode of the algorithm.

2.3 RELATED WORK
2.3.1  Human-AlI Collaboration

Human-AI collaboration is known under the terms: learning under
algorithmic triage [Rag+19b; ODG21], learning under human assis-
tance [De+20b; De+21], learning to complement humans [WHK21;
Ban+21], and learning to defer [MS20; Moz+23]. These bodies of work
can be naturally differentiated into two major ones. The first line
of work has developed rather general heuristic algorithms that do
not enjoy theoretical guarantees [Rag+19b; Ban+21; WHK21]. The
second has developed algorithms with theoretical guarantees [De+20b;
MSz20]; however, they have focused on more restrictive settings. More
specifically, De et al. [De+20b] focus on ridge regression and reduce
the problem to the maximization of approximately submodular func-
tions, and Mozannar and Sontag [MS20] view the problem from the
perspective of cost sensitive learning and introduce a convex and con-
sistent surrogate loss of the objective function they consider. My thesis
advances the second line of work by providing rigorous theoretical
analysis and efficient algorithms for human-Al teamwork in Part i.
In what comes next, I provide a brief overview of some bodies of
work that are closely related to, but inherently different from, the
above-mentioned literature on human-AlI collaboration. These lines of
work include the literature on active learning, learning to reject, and
reinforcement learning with human feedback (RLHF).
Active learning. In active learning,4® the goal is to determine which
subset of training samples a human expert should label so that a
supervised machine learning model, trained on these samples, ge-
neralizes well across the entire feature space during test. There are
various fundamental differences between human-AlI collaboration and
active learning. In human-AlI collaboration, at deployment time, the
trained model only needs to accurately predict samples which are
close to the samples assigned to the machine during training time.
The remaining samples are assigned to the human decision maker. In
contrast, in active learning, the trained model needs to predict well any
sample during test time and human does not provide any predictions
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GSoy; Has+19;
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Hai+24; Rob+24]
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at deployment time. Furthermore, in active learning, the human
annotator is regarded as an oracle that provides the ground truth label
(during training) and is free of errors. In human-Al collaboration,
however, human also possesses errors and biases which need to be
properly modeled.

Learning to reject. The literature on learning to reject decisions*” asks
the ML models to reject to provide predictions in the presence of high
levels of uncertainty. In other words, these models should be aware
of when they are likely to be incorrect. This setup, however, does not
consider that there is a human decision maker, with a human error
model, who takes a decision whenever the models rejects to do so.
Furthermore, this setup is mostly applied at deployment time and the
models are trained to predict the labels of all samples in the training
set, as in full automation. In contrast, in human-AlI collaboration the
model is optimized for teamwork at training time.

RLHE. The main motivation behind this line of work is that human
feedback, experience and domain knowledge can be utilized to im-
prove the performance of the ML models. In reinforcement learning
(RL), an agent interacts with an environment and tries to learn a policy
for taking actions that maximize its cumulative reward. RLHF seeks
to bring human preference (feedback) to the reward model [Chr+17].
RLHF has recently become a popular method for different tasks re-
lated to language models ranging from fine-tuning [Zie+19], sum-
marization [Sti+20], and question-answering [Nak+21] to reducing
their potential harm [Bai+22; Gan+22]. Note that in our setup we do
not assume that the ML model can interact with the environment or
receive feedback from the human as we focus on supervised learning
settings.

Note that there exists a body of literature that focuses on developing
RL models that are optimized to operate in a teamwork scenario
together with a human [Str+21; Mer+20] and it should not be confused
with the literature on RLHF. In other words, such works do not
incorporate human preferences into the reward function but rather
try to learn an optimal policy for triage (deferral) together with an
optimal policy for the agent.

2.3.2 Fairness in Al-Assisted Decision-Making

There is an extensive and rapidly growing line of work addressing
bias and discrimination in the machine learning literature.#® This line
of work has applications in a variety of important domains, including
health care [Garg7; WMog], criminal justice [DMB16; WBL16; Ang+22;
Fel+16; DF18] and recommender systems [Swe13; DTD15; Beu+19a;
Wan+21]. However, as mentioned earlier, it has predominantly focused
on preventing discrimination across demographic groups of interest,
e.g., designing machine learning models whose predictive performance
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(e.g., accuracy, false positive rate) is invariant across groups. In contrast,
the focus in Part ii of this thesis is on preventing discrimination within
groups.

Within the above machine learning literature, there are a few notable

exceptions [Zeh+17; YGS19; GB21; Zeh+22], which studied similar
notions to within-group fairness in the context of ranking. Among
them, the notion of in-group monotonicity by Zehlike et al. [Zeh+17;
Zeh+22] is perhaps the most similar. However, it comprises only the
top-k ranked candidates in a specific pool of candidates (i.e., in our
work, the shortlisted candidates), rather than every candidate in a
population of interest, and unconditional quality scores, rather than
group conditional quality scores. Our work is also related to the body
of work on calibration and within-group calibration described below:
Calibration. Refer to Section 2.2 for a background on calibration. A
line of work has been devoted to the study of calibration in supervised
learning,* where, the main focus has been on the design of classifiers
with low calibration error using calibration-aware training or post-
hoc re-calibration, or on proposing proper approaches to measure
miscalibration [Mat+23; Guy+25; Arr+22]. There have also been recent
efforts to ensure calibration errors are bias-free [Bro11; FF12; Roe+22].
In this thesis, the goal is not to improve the screening classifier in
terms of calibration error; in contrast, we assume that we are given a
perfectly calibrated classifier. We then argue that even such classifiers,
that are widely trusted in high-stakes decision-making tasks, can
exhibit biases when conditioned on group memberships and then, try
to eliminate such biases using post-hoc algorithms.
Within-group calibration. Within-group calibration [Ple+17; Kle18]
strengthens calibration by asking for well-calibrated probability esti-
mates across pre-defined groups, so that a decision maker need not
use group membership to interpret these estimates. However, in the
context of screening, our results show that within-group calibration
may be an unnecessarily strong requirement which may result in
coarse predictions which reduce accuracy. In this context, it is also
worth mentioning multicalibration [Héb+18] which is a stronger no-
tion than within-group calibration which asks for calibrated estimates
for any identifiable and possibly overlapping groups.
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SUPERVISED LEARNING IN HUMAN-AI TEAMS

“Weak human + machine + better process was superior to a
strong computer alone and, more remarkably, superior to a strong
human + machine + inferior process”

- Garry Kasparov, former World Chess Champion 5°

3.1 PROBLEM FORMULATION

Let X C R4 be the feature domain, Y be the label domain, and assume
features and labels are sampled from a ground truth distribution
P(x,y) = P(x)P(y|x). Moreover, let h(x) be the predicted score,>* or
predicted label,>* provided by a human expert and assume they are
sampled from a distribution P(h|x), which models the disagreements
amongst experts.>3 Then, in supervised learning in human-AlI teams,
one needs to find:

(i) a triage policy  : X — {0,1}, which determines who predicts
each feature vector—a supervised learning model (7t(x) = 0) or a
human expert (n(x) = 1);

(ii) a predictive model m : X — Y, which needs to provide label
predictions for those feature vectors « for which nt(x) = 0.

Here, as in standard supervised learning, we look for the triage policy
and the predictive model that result in the most accurate label predic-
tions by minimizing a loss function {({J, y), where y is the ground truth
label and {j is the predicted one. More formally, let TT be the set of all
triage policies, then, given a hypothesis class of predictive models M,
our goal is to solve the following joint minimization problem:

minimize L(7, m) (3.1)

subject to Eg[m(x)] <b
tell,meM

where b is the budget,5* a given parameter that limits the level of
triage, i.e., the percentage of samples human experts need to provide
predictions for. Hence, our goal in both Section 3.2 and Section 3.3 is
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511 Section 3.2,
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assume human provides
a label, i.e.,
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SUPERVISED LEARNING IN HUMAN-AI TEAMS

to solve the optimization problem in Eq. 3.1. In Section 3.2 the class
of predictive models is the class of convex margin-based classifiers,
which is generalized to any differentiable model in Section 3.3.

3.2 MARGIN-BASED CLASSIFICATION IN HUMAN-ATI TEAMS

This section introduces our first steps towards tackling the problem of
designing learning algorithms that are optimized to operate under dif-
ferent automation levels. We focus on convex margin-based classifiers
and first show that the problem is NP-hard. Then, we further show
that, for support vector machines (SVMs), the corresponding objective
function can be expressed as the difference of two functions f = g —c,
where g is monotone, non-negative and y-weakly submodular, and c
is non-negative and modular. This representation allows us to utilize
a deterministic greedy algorithm (Algorithm 1: DISTORTED GREEDY),
as well as a more efficient randomized variant of the algorithm (Algo-
rithm 2: STocHASTIC D1STORTED GREEDY), which enjoy approximation
guarantees at solving the problem.55

We start by formally introducing margin-based classification under
human assistance. For simplicity, we will consider binary classification,
however, our ideas can be extended to m-ary classification.

In binary classification, one needs to find a mapping function m(x)
between feature vectors x, and class labels y € Y ={—1, 1}. To this end,
one utilizes a training set D = {(xi,yi)}iev to construct a mapping
that works well on an unseen test set. For margin-based classifiers,
finding this mapping usually reduces to building a decision boundary
defined by a set of parameters 0 that separates feature vectors in the
training set according to their class labels. One typically looks for the
decision boundary that achieves the greatest classification accuracy
in a test set by minimizing a convex loss function ¢(dg(x),y) over a
training set, i.e.,

0% =argmin » {(de(a1), Y1),
O  iev

where dg(xi) denotes the signed distance from the feature vector x to
the decision boundary. Then, given an unseen feature vector « from the
test set, the classifier predicts m(x) = 1 if dg+(x1) > 0 and m(x) = —1
otherwise.

In binary classification under human assistance,5® for every feature
vector &, we resort to a triage policy to decide which of the classifier or
the human expert make the final prediction. Given the training set D,
the policy simply reduces to choosing the subset of training samples
§ C V that are outsourced to human experts, with [8] < n.57 We then
need to build a decision boundary that separates feature vectors in
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the subset of training samples 8¢ = V\§ according to their class labels.
We can hence rewrite the optimization problem in Eq. 3.1 as:

mlnslguze Z (’,(de(mi),yi)+Z€(h($i),yi)
iEV\S ies (3-2)

subject to [§| < n,

where {(h(x),y) denotes the human error per sample, which we will
define more precisely in the next section. Here, we assume that human
annotations are independent, which allows us to cast the total human
error as the sum of human error per sample over all instances.

First note that, if we are given the optimal set 8*, we can find
the optimal parameter 0* = 0*(V\8*) in polynomial time since, by
assumption, the loss {(dg(xi),yi) is convex. However, the following
theorem tells us that, in general, we cannot expect to find both 8* and
0* in polynomial time:

Theorem 3.2.1 The problem of designing margin-based classifiers under
human assistance defined in Eq. 3.2 is NP-Hard.

Proof We prove that a particular instance of our problem is NP-
hard. Let £(dw(x:i),yi) = (1 —yw " z;)? and assume the human error
l(h(xi),yi) =0forallieV, X = [ac;'—;a:;; ";ml—l\;l] has full row rank
[V|. Then, we can map our problem to the NP-hard problem of robust
least square regression,>® which is given by:

minimize Y (ri—w ' zi)?
Sw,|8|>n ies

7

where r; € R. More specifically, note that since X has full row

rank then, it has a right inverse. Then, we define wy = X ! (y—r),

where X T is the right inverse of X. Therefore, 'wg Ty = m? wy =

(XX ]} . (y—7) =yi —1i, where A, denotes the i’th row of matrix

1%
A. Finally, if we define a new variable w’ = w — w(, we can rewrite

the optimization problem in Eq. 3.2 as follows:

minimize (1 —yinwi)z
w,V\§,|V\S8|>|V|—m

T 2

=  minimize (1 —yiw’ x; —yiw] ;)
w/, V\8,|V\8|>|V|—n

= minimize (1 —yiw/Twi - yiz + Ui'ri)z
w’,V\8,IV\8|>|V|—n

= minimize (yiry *yiwlei)z
w’,V\8,|V\8|>|V|-n

=  minimize (ri—w'"xi)?.

w’,V\8,|V\8|>|V|-n

Moreover, given the solution to the above minimization problem, we
would still need to decide whether to outsource an unseen feature
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vector x from the test set to a human expert even if @ # x; for
all i € V. To this end, we could train an additional model 7(x) to
decide which samples to outsource to a human using the labeled set
{(x1, s1)}iev, where x; are the feature vectors in the training set and
sy = 1if i € 8 and s; = 0 otherwise. Then, as long as this model does
not make mistakes on the training set, one can readily conclude that
the samples assigned to the classifier during training are as if they
were sampled from the feature distribution p(x)m(s = 0|x) induced
by 7. As a direct consequence, if the model 7t(s|x) is smooth with
respect to x, one can further conclude that the trained margin-based
classifier will work well on the unseen samples it needs to decide upon
at test time, i.e., samples from p(x)n(s = 0|x).

We are now ready to present our algorithms that solve Eq. 3.2 with
approximation guarantees for SVMs.

3.2.1  Algorithms with Approximation Guarantees for SVMs

We start by showing that, for SVMs, the optimization problem defined
in Eq. 3.1 can be rewritten as a maximization of the difference of two
functions g — ¢, where g is monotone, non-negative, and y-weakly
submodular and c is non-negative modular and further find a lower
bound on the submodularity ratio vy.

For (soft margin) SVMs, we can first rewrite the minimization prob-
lem defined in Eq. 3.2 as follows:>

minimize Z [7\||'w||2 +[1—yi(w O (x;) +b)]+]

Sw,

ieVA\S
€(daw,p (i) Y1)
+ Z (1 —yih(xi)l; subjectto [8]|<n, (3-3)
—_—
S t(h(@) )

where @(-) denotes a given feature transformation, h(-) € [-H, H] is
the (normalized) score provided by the human experts, which is only
known for the training samples, and H > 0 is a given constant. In the
above, we measure the human error £(h(x),y) using a hinge loss [1 —
y - h(z)]; because the SVM formulation also uses a hinge loss [1 —y -
(w'x 4 b)), to measure the machine error. This is necessary in order
to compare human and machine performance meaningfully. However,
our solution is agnostic to this specific choice—it is applicable to any
human error model.

Now, for any given set §, let w*(V\8) and b*(V\8) be the parameters
that minimize the objective function above, i.e.,

w*(V\8),b*(V\§) = argmin Z D\H'wH2
whb ey

+ (1 —yi(w ' ®(zi) + b)) ).
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Here, note that these parameters can be found in polynomial time
since the first two parameters in the objective function are convex.
Then, we can rewrite the above minimization problem as a set function
maximization problem:

maxismize g(8) —c(8), subject to [§| < n, (3-4)
where
g(8) = AMWl[[w*(V)[|* + Y _[1 —yi(w* (V)T (a:) + b*(V))] ¢
iev
—AVS[[w* (W\S)[[Z = > [1 —yi(w* (V\S) T ®(a;) +b*(V\8))l4,
1EV\S
and
c(8) =) [1—yih(z:)l;. (3:5)

ies

In the above, the first terms in (i) ensure that the function g(8) is non-
negative and the function c(8) is clearly non-negative and modular.®
Moreover, we have the following proposition, which shows that g(8)
is a monotone function (proven in Appendix 1.1):

Proposition 3.2.2 The set function g(8), defined in Eq. 3.5, is monotone.

If the feature vectors in the training set are not separable according
to their class labels, there exist instances of the problem in which
the function g(8) has submodularity ratio y = 0. However, we will
now identify a general class of feature distributions for which the
function g(§8) has a nonzero submodularity ratio and its value can be
lower bounded. This lower bound will allow a deterministic greedy
algorithm as well as its randomized variant to enjoy approximation
guarantees at solving the problem (see Section 2.1). In the remainder,
we first consider linear SVMs, i.e., ®(x) = x, and then nonlinear
SVMs.
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Figure 3.1: Convex
hulls and reduced
convex hulls. Pan-
els (a) and (b) show
the convex hulls @+
and reduced convex
hulls G]i/s of a train-

ing set whose feature
vectors are non sepa-
rable. In both panels,
cyan and orange dots
represent feature vec-
tors x; with y; = 1

and yi = —1, respec-
tively.

60T understand
Eq. 3.5 better, see
that (i) does not
depend 8 and hence,
is just an additive
positive constant.
The remainder terms
are directly from

Eq. 3.2 where the
negation is because
the minimzation
problem is turned to
a maximization one.
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Let V* and V~ be the set of training samples with positive and
negative labels, respectively, C* and C~ be their corresponding convex
hulls, i.e.,

(‘fi = Z Wixy Z wi=1,u =>0,, (36)
iev+ iev+

and A be the minimum distance between them, i.e.,

A= min et — x|
xteCt,z—eC—
Then, note that, whenever the feature vectors in the training set are
not separable according to their class labels, the above convex hulls
overlap and thus A = 0. However, under mild technical conditions,
there will always exist subsets of feature vectors within these convex
hulls that do not overlap, as shown in Figure 3.1. To characterize these
subsets, we introduce the notion of reduced convex hulls:®*

1
e;lt/s = Z Hiwi‘ Z Wi = 1, O g i < g 7 (3'7)
ievE ievE

where s € NT, with s < min{|[V*|,|V~|} and, similarly as before, we
denote the minimum distance between them as

Ay = min |zt —2 |

iy P
w*GC]/S,w EG]/S

Now, consider the sequence of reduced convex hulls {((?1+ s (U /s )}Zi‘i]“,
where Viin = min{|V*],|V 7]}, illustrated in Figure 3.1(b), and note
that the corresponding minimum distances, by definition, satisfy that
Ay, < Ay for all s’ > s. Then, we measure to what extent feature
vectors with positive and negative labels overlap using the distance

A = SE{]II,I}.i.R?min} {Al/s | A1/s > 0}/ (38)
where the higher the value of s* = argmin  {Ay /s | Ay/s > 0}, the
higher the overlap between feature vectors with positive and negative
labels. Moreover, if there are no elements in the sequence with positive
distance, we set A* =0 and s* = 0.

Given the above, we are now ready to present and prove one of
our key results, which characterizes the submodularity ratio of the
function g(8) in terms of the amount of overlap between feature
vectors with positive and negative labels, as measured by the distance
A* (proven in Appendix 1.2):

Theorem 3.2.3 Let the following conditions hold:

O(x) =z, p* = Vmin/[V], 0" =s*/V|,n = <2ﬁ+rinea\;< ||w1|>/\f7\.
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Then, the submodularity ratio 'y of the function g(8) (defined in Eq. 3.5)
satisfies that

min [A*G*]z !
4N T (n—2)2
Y=Yy = >
n2 (1 [T _aVin—1)
n+2 <2+\/4+T12 +M=1)V]

as long as the number of samples outsourced to humans n < (p* — o*)|V|.

For nonlinear SVMs, rather than characterizing the submodularity
ratio in terms of A* and s*, we resort to the spectral properties of the
kernel matrix K = [K(z, zj)]; jev. In particular, our key result is the
following theorem (proven in Appendix 1.3):
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Theorem 3.2.4 Letn = (2ﬁ+maxiev \/K(:lzi,a:i)>/ﬁ, Y = diag({yliev),

p* = Vmin/|v|/ and

(= minimize w Y TKY p.
#2203 eyt mi=1,3 i cp— Hi=1

If the kernel matrix is full rank, i.e., rank(IK) = |V, then the submodularity
ratio vy of the function g(8) satisfies that

min —CG*Z 71
- n+1ﬁ ]+\/1+W +(n_])|\7|/
2\2"V4 n2

as long as n < (p* — o*)|V| for some o* € (0, p*].

Finally, for the particular case of (soft margin) SVMs without offset,
ie, b =0in Eq. 3.3, we can derive a stronger lower bound, which
does not depend on A* and s*, by exploiting their greater stability
properties (proven in Appendix 1.5):

Theorem 3.2.5 Ifn = (Zﬁ + maxicy /K(xi, wﬂ)/ﬁ, then for SVMs
without offset, (b = 0 in Eq. 3.3), the submodularity ratio of the function
g(8) is given by

. 1 2
vev =min{o g}/ g

Proof sketch of the key technical results The proofs of Theorems 3.2.3,
3.2.4 and 3.2.5 consist of two steps. In the first step, we show that
g(SU{) —g(8) = Alw*(V\8)||? and use the dual formulation of SVM
as well as the properties of the corresponding SVM model to derive
a lower bound of [|jw*(V\8)||. In the second step, we use the stability
property of SVM®? to derive the upper bound on g(S U £) — g(8).
These two steps together lead to the bound on y*.

62 “Stability and
generalization” [BEo2];
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While the bounds in all the above theorems are tight in terms of the

size of the dataset, there are notable differences between the different
model classes. For SVMs with offsets, Theorems 3.2.3 and 3.2.4 suggest
that the submodularity ratio bound decreases proportionally to 1/[V]
and this is due to their poor stability properties.®3 For SVMs without
offsets, Theorem 3.2.5 tells us that the submodularity ratio bound is
independent of |V| and this is due to their greater stability properties.®*
More specifically, for any £ C V\§, the marginal gain g(SU £) — g(8)
can be upper bounded by a smaller quantity than in the case of SVMs
with offsets and this results into a stronger lower bound. These results
enable us to use an algorithm with approximation guarantees which
we describe next.
Distorted greedy algorithm As discussed in detail in Section 2.1, the
algorithm® proceeds iteratively and, at each iteration, it assigns to
the humans the sample (xy,yx) that provides the highest marginal
distorted gain among the remaining training samples V\ §. Algo-
rithm 1 summarizes the algorithm, which requires the value of the
submodularity ratio 'y as an input. Since we only have data dependant
bounds on v, in our experiments, we use Algorithm 3 which is a meta
algorithm proposed in [Har+19] to guess the value of .

Since we have shown that the objective function in Eq. 3.4 can
be expressed as the difference of two functions g —c, where g is
monotone, non-negative and y-weakly submodular and ¢ is non-
negative modular, it readily follows from Theorem 3 in [Har+19]
that the distorted greedy algorithm enjoys approximation guarantees.
More specifically, the distorted greedy algorithm is guaranteed to
return a set 8 such that

9(8) —¢(8) = (1 —e Y)g(0PT) —c(OPT), (3.9)

where OPT is the optimal set and vy > y* with v* defined in Theo-
rem 3.2.3 (linear SVMs with offset), Theorem 3.2.4 (nonlinear SVMs
with offset), or Theorem 3.2.5 (SVMs without offset).

In addition to the distorted greedy algorithm, which needs to make
O(n|V|) evaluations of the function g(-), [Har+19] has also proposed a
randomized variant of the algorithm, which enjoys an asymptotically
faster run time due to the use of sampling techniques and is also
applicable to our problem. Instead of optimizing over the entire
ground set V at each iteration, it optimizes over a random sample
Bi CV of size O(% log %). Hence, it only needs to make O(|V| log(]g))
evaluations of g(-) and it returns a set 8 such that

Elg(8) —c(8)] > (1 —e™Y —€)g(0PT) —c(0PT). (3.10)

Please refer to Section 2.1 for a detailed review of this algorithm.
Algorithm 2 provides a pseudocode. In the next sections, we will
demonstrate that, in addition to enjoying the above approximation
guarantees, the distorted greedy algorithm as well as its randomized
variant perform better in practice than several competitive baselines.
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3.2.2  Experiments on Synthetic Data

In this section, we first look into the solutions provided by the distorted
greedy algorithm (Algorithm 1) and the stochastic distorted greedy
algorithm (Algorithm 2) in a variety of synthetic examples. Then, we
compare the performance of these algorithms with several competitive
baselines. Finally, we investigate the influence that the amount of
human error has on the number of samples outsourced to humans by
the distorted greedy algorithm.

Experimental setup In all our experiments, we generate V| = 400
samples using a generative process under which the corresponding
SVM under full automation is unable to perform well. For linear
SVMs with offset, we draw the class labels uniformly at random, i.e.,
y ~ Bernoulli(0.5), and then draw the features from two different
distributions:

plzly =—1) =N([0,0],[6,1;1,6]),

and
plxly =1) = BN([5,5],16,1;1,6]) + (1 — B)N([-5,-5],[6,1;1, 6]),

where  ~ Bernoulli(0.5). For nonlinear SVMs, we draw the features
from a single distribution p(x) ~ N([0,0],[12,1;1,14]) and, for each
sampled feature x, we sety = +1if ||z —[1,1]|| < 2or |+ [1,1]]| =5
and y = —1, otherwise. Here, we use a quadratic kernel K(xi, ;) =
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Figure 3.2: Linear and
non linear support
vector machines with
offset under human
assistance trained
using Algorithm 2.
In  each  panel,
circles represent the
feature vectors in the
training set, filled
and empty circles are
assigned to humans
and machines,
respectively, the
solid line indicates
w*T (V\8*)d(x) +
b(V\8*) = 0, and
the cyan and orange
dashed lines indicate

w* T (V\8*)p(z) +
b(V\8*) = 1 and
w*T (V\8*)p (x) +
b(V\8*) = -1,
respectively. For
both  linear and
nonlinear SVMs,
we used A = 1,

AH = 0.2 and, for
nonlinear SVMs, we
used a quadratic
kernel K(xzi, x;) =
(3 (zi,@))2.
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(3(zi,z;))>. Moreover, we generate the scores provided by human
experts h(zx) per label by drawing samples from two uniform dis-
tributions, ie., h(x) ~ Unif[-AH,—AH + 1] if y = 1 and h(x) ~
Unif[—1 + AH, AH] otherwise. The exact choice of AH varies across
experiments and is mentioned therein. Finally, in each experiment, we
use 60% of samples for training and 40% of samples for testing, set
A =1 and we follow the procedure described in Section 3.2 to train a
multilayer perceptron 7i(-|z) that decides which samples to outsource
to humans at test time.

Baseline methods We compare the performance of the distorted
greedy algorithm and its randomized variant with four competitive
baselines:

— Triage based on algorithmic uncertainty:®® it first trains an SVM
for full automation, i.e., 8§ = (. Then, at test time, it outsources to
humans the top n testing samples sorted in decreasing order of the
classification uncertainty of this SVM, defined as 1/|w*(V)d(x) +
b*(V)I.

— Triage based on predicted error:7 it trains an SVM for full automa-
tion, i.e., 8 = (), and two additional supervised models that predict
the human error and the SVM error. Then, at test time, it outsources
to humans the top n testing samples sorted in decreasing order of
the difference between the predicted machine error and the predicted
human error.

— Full automation: it trains a SVM for full automation and, at test
time, the trained SVM predicts all testing samples.

— No automation: humans predict all testing samples.

We evaluate the performance of all the methods in terms of the
misclassification test error IP(y # {j) and F1 score on positive test
samples. Here, our F1 score is a useful metric in medical diagnosis,
since it measures the ability of a model to detect the specific disease.
Results First, we look into the solutions (8*, w*(V\8*), b*(V\8*)) pro-
vided by the distorted greedy algorithm. Figure 3.2 summarizes the re-
sults, which shows that: (i) the distorted greedy algorithm outsources
to humans those samples that are more prone to be misclassified by
the machine, i.e., {(z,y) |ylw* " (V\8*)d(x) + b(V\8*)] < 0}; and, (ii)
the higher the samples n outsourced to humans, the lower the number
of training samples inside the margin, i.e., {(z,y) | [w* T (V\8*)d(x) +
b(V\8*)| < 1}, among those samples the SVM needs to decide upon.

Next, we compare the performance of the distorted greedy algo-
rithm and its randomized variant with all the baselines—algorithmic
uncertainty triage, predicted error triage, full automation and no
automation—in terms of the misclassification test error IP(y # {j) and
F1 score on positive test samples. Figure 3.3 summarizes the results,
which shows that both algorithms consistently outperform all the
baselines by large margins. Finally, we investigate the influence that
the amount of human error has on the number of samples |§| < n
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outsourced to humans by the distorted greedy algorithm and its ran-
domized variant. Figure 3.4 summarizes the results for the linear SVM
with offset. We find that, as long as the amount of human error is
small, both algorithms outsource |§| = n samples to humans, how-
ever, for higher levels of human error, the algorithm outsources fewer
samples 8| < n since it is more beneficial for the minimization of the
overall error.

3.2.3 Experiments on Real Data

We experiment with three real-world medical datasets and first show
that, under human assistance, SVMs trained using the distorted greedy
algorithm as well as its randomized variant outperform those trained
for full automation as well as humans operating alone. Then, we
investigate the influence that the amount of human error has on the
performance of the distorted greedy algorithm.

Experimental setup We experiment with three publicly available
datasets,® each of them from a different application in medical diag-
nosis:

(i) Messidor: It consists of |[V| = 400 eye images. Each image is
assigned a score by one single medical expert, on a four-point
scale, which measures the severity of a retinopathy.
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Figure 3.3: Perfor-
mance of all meth-
ods on synthetic data
with linear SVM with
offset. For all meth-
ods, we set AH =
0.2. If humans pre-
dict all testing sam-
ples (No automation),
we have that P(§ #
y) = 0.19 and
F1-score = 0.81.

Figure 3.4: Number
of samples [8] out-
sourced to humans
by the distorted
greedy  algorithm
and its randomized
variant against the
maximum number of
outsourced samples
n  for different
amount of human
errors.

68 “Feedback on a
publicly distributed
database: the Messidor
database” [Dec+14];
“Locating blood vessels
in retinal images by
piecewise threshold
probing of a matched
filter response”
[HKGoo];
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Figure  3.5:  Per-
formance of all
methods on three
medical datasets. If
humans predict all
testing samples (No
automation), we have
that P(§ # y) =
0.15,0.14,0.20

and  Fi-score =
0.87,0.78,0.8 for

Messidor, Stare
and Aptos datasets
respectively.

69 “Deep residual
learning for image
recognition” [He+16];

70 “Very deep

convolutional networks
for large-scale image
recognition” [SZ14];
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(ii) Stare: It consists of |[V| = 373 retinal images. Each image is
assigned a score by one single medical expert, on a five-point
scale, which measures the severity of a retinal hemorrhage.

(iii) Aptos: It consists of |V| = 705 retinal images. Each image is
given a score by one single clinician, on a five-point scale, which
measures the severity of diabetic retinopathy.

Following previous work, we first generate a 1000 dimensional feature
vector using Resnet® for each sample in the Stare dataset and a 4096~
dimensional feature vector using VGG167° for each sample in the
Messidor and the Aptos datasets. Then, we use the top 50 features,
as identified by PCA,7" as x in our experiments. Moreover, for each
sample, we set y = —1 if its severity score q corresponds to one of the
two lowest grades of the associated disease and y = +1 otherwise.

For each sample, we only have access to the score q given by a single
human expert. Therefore, we sample the scores given by humans
from a categorical distribution h(xz) = § ~ Cat(pz,q), where p; q =
Dirichlet(xz,q) are the probabilities of each potential score ¢ for a
sample (x,y) and xz,q is a vector parameter that controls the human
accuracy, and then scale these scores so that h(-) € [-1,1] and compute
the human error as {(h(x),y) = E[(1 —yh(z))]. For each sample
(x,y), the element of X q corresponding to the score § = q given by
the human expert has the highest value.

Finally, for each dataset, we use 60% of samples for training and
40% of samples for testing, set the value of A using cross validation
under full automation, and followed the procedure described in Sec-
tion 3.2 to train a logistic regression model #(s | x) that decides which
samples to outsource to humans at test time. Here, the logistic re-
gression model uses just [w*(V\8)d(x) + b*(V\8)| as the only single
feature. Appendix 1.7 contains additional details about the generation
of human scores, the additional model # and the baseline algorithms.
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Result First, we compare the performance of all methods in Figure 3.5.
The results show that the distorted greedy algorithm as well as its
randomized variant: (i) outperform the triage baselines in most of
the automation levels and (ii) benefit from human assistance both in
cases when humans on their own (No automation) are better than
machines on their own (Full automation) and vice versa (Panels (a)
and (b) vs Panel (c)); and, (iii) perform comparably, sometimes one
beating the other and vice versa (refer to Section 3.4. in [Har+19] to
better understand the reasons).

Here, note that we intentionally experimented with different values
of X, across different datasets so that the performance of the no au-
tomation baseline varies. Moreover, since in our datasets, the parame-
ter p* = min{|V*|,[V~[}/|V| € (0.33,0.45), then to satisfy the conditions
of Theorem 3.2.3, we only experiment with n/|V| < 0.2 < p*.

Next, we assess the influence that the human error c(x,y) has on
the performance of the greedy algorithm. Figure 3.6 summarizes the
results for the Aptos dataset, which show that, as long as the human
error is small, the performance of the distorted greedy algorithm im-
proves with respect to the maximum number of samples n. However,
for higher levels of human error, outsourcing samples does not help.

3.2.4 Section Conclusions

In this section, we have shown that, for support vector machines, we
can solve the problem of classification under human assistance using
algorithms with approximation guarantees. Moreover, we have further
shown that, under human assistance, support vector machines trained
to operate under different automation levels can provide superior
empirical performance than those trained for full automation.
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Figure 3.6: Perfor-
mance of the stochas-
tic distorted greedy
algorithm against the
maximum number of
outsourced samples
n for different lev-
els of human error
¢(h(x),y) on the
Aptos dataset.
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3.3 DIFFERENTIABLE LEARNING IN HUMAN-ATI TEAMS

While the previous section shows some success at fulfilling the promise
of human-AI complementarity, in this section we take a step further,
and study the interplay between the predictive accuracy of a predictive
model and its human counterpart under algorithmic triage.

We gain several interesting insight, building upon which, we in-
troduce a practical gradient-based algorithm that is guaranteed to
find a sequence of predictive models and triage policies of increasing
performance.

3.3.1  On the Interplay Between Prediction Accuracy and Triage

We start by unrolling the joint optimization problem in Eq. 3.1 as:

L(mr,m) = Egyn (1 —7(x)) t(m(x),y) + () L(h,y)], (3.11)

where remember that h shows the label predictions by human experts
that are sampled from a distribution P(h|x), which models the dis-
agreements among experts as we described in Section 3.1.7> We first
investigate under what conditions we can benefit from algorithmic
triage and then, given any predictive model and a level of triage, we
find the optimal triage policy.

Let m§ be the optimal predictive model under full automation,”3
ie.,

my = argmin L(7rp, m),
meM

where 7y () = 0 for all € X.74 Then, the following proposition tells
us that, if the predictions made by mj are less accurate than those by
human experts on some instances, the model will always benefit from
algorithmic triage:

Proposition 3.3.1 If there is a subset V C X of positive measure under P
such that

J Eyja [l(my(x),y)] dP > J
xeV

zeV

Ey nj €0, y)] dP,

then there exists a nontrivial triage policy T # mo such that L(m, m§) <
L(rto, m§).7%

Proof Let t(x) = I(x € V). Then, we have:

Ey o [0(m}(z),y)] dP +j

Ey niz (h,y)] dP
xeV

JmEDC\V
(1)

< By tmy(@) )] dP+ | By lmi(e),v) ap

JmGDC\V eV

=[  Bywlttmg(a)y) ap
xeX
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where inequality (i) holds by assumption and equality (ii) holds by
the definition of 7o ().
[

To find the optimal triage policy, we start by rewriting the optimization
problem in Eq. 3.11 as

L(m,m) = Eg[(1 —7(2)) Eyjz[(m(2), y)] + 7(2) Ey njs [L(h,y)] ]

Then, it becomes apparent that, for any model m € M, the optimal
triage policy 7, = argmin__r; L(7, m) is a deterministic threshold
rule in which triage decisions are derived by thresholding the dif-
ference between the model and human loss on a per-instance level.
Formally, we have the following theorem:

Theorem 3.3.2 (Optimal triage policy) Let m € M be any fixed predic-
tive model. Then, the optimal triage policy that minimizes the loss L(m, m)
subject to a constraint Eg[mt(x)] < b on the maximum level of triage is given

by:

Tnb (T) = {

where

12
0 otherwise, (3.12)

tm = argmin Eg [tb+max (Ey, [((m(z),y) — En,ll(hy)l] — 7, 0) .

=0

Proof We first provide the proof of the unconstrained case. First, we
note that,

=B, [(1 —7(x)) Byplt(m(z),y)] + 7(z) By nieL(h, y)l]

_E, [n(w) [Eym[e(h,yn _ IEWWm(a:),y)]H
- Eaylt(m(a),y)]

Since the second term in the above equation does not depend on 7, we
can find the optimal policy 7 by solving the following optimization
problem:

7T

minimize [E, [71(33) [Ey,m[ﬂ(h,y)] - Ey|m[€(m(w)1y)]:|:|
subjectto 0<m(z) <1 Vxzel

Note that the above problem is a linear program and it decouples
with respect to . Therefore, for each z, the optimal solution is clearly
given by:

1 if Bygltm(@),y) — Englth,y)ll >0
0 otherwise.

n:‘n(s:Hm):{
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7O We drop the
subscripts P and b and
write t, instead of
tp,b,m whenever it is
clear from the context.

77Here, note that, in
the unconstrained case,
tm = 0 and

THRESo (@, 0) =
max(a,0).
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Next, we provide the proof of the constrained case. Here, we need to
solve the following optimization problem:

minimize [E, |:7‘[(CB) [Ey,hm[l’,(h,y)] - Ey|w[€(m(w)ly)]:|:|

7T
subject to  Ez[m(x)] < b,
O<n(z)<1 VzeX

To this aim, we consider the dual formulation of the optimization
problem, where we only introduce a Lagrangian multiplier tp p for
the first constraint, i.e.,

maximize minimize [E, [7’((.’]’3) [IEHIMQE[E(h,y)] — IEym[(’,(m(:c),y)}H

Tp,b 20 T
+ Eg [tp,p (t(x) — b)]
subjectto 0<m(z)<1 Vxel (3.13)

The inner minimization problem can be solved using the similar
argument for the unconstrained case. Therefore, we have:

ﬂm,b

* (S -1 |$) _ 1 if Ey\m[e(m(m)fy) _Ehlm[e(hly)“ > tP,b,m
0 otherwise

where

tp b m = argmax E, [min (EyeEn g l(hy)]

Tp,p 20

—(m(z),y)+ TP, 0) —Tpp b}-

Then,”¢ if we plug Eq. 3.12 into Eq. 3.1, we can rewrite our minimiza-
tion problem as:
minimize L(7t}, , m) (3.14)
meM g

where

L(m p, m) = Eg [Ey‘m[ﬂ(m(ac),y)]
- THREStm (IEy|m [E(m(w)/y) - Ehlm[e(hry)]] /O) ] (315)

a ifa>t
with77 THRES (a, val) = )
val otherwise.

Next, building on the above expression, we prove that the optimal
predictive model under full automation me; is suboptimal under
algorithmic triage as long as the average gradient across the subset of
samples which are assigned to the human under the corresponding
optimal triage policy nfneg/b is not zero. Formally, our main result is

the following proposition:
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Proposition 3.3.3 Let moy be the optimal predictive model under full au-

tomation within a hypothesis class of parameterized models M(©), 7y,
5

the optimal triage policy for me; defined in Eq. 3.12 for a given maximum
level of triage b, and V = {x | 7* () =1L 1If

mes,b

J Eyz [Vel’,(me(m),y)le:eg] dP # o, (3.16)
xeV
then, it holds that L(ﬁ*me* b,meg) > mingc@ I_(Tt;‘ne b Me).

5 ,

Proof The optimal predictive model mg: under full automation within
a parameterized hypothesis class of predictive models M(©®) satisfies
that

Vo Lo, mo)lg_g; = Eay |Vo Umo(@),yll_g;| =0,  (317)
and the optimal predictive model me- under 7}~ satisfies that
Ve L(Tcin.e,b/mene:e* = 0. (318)
Now we have that

VeL(ﬂTnQ,b,me)‘ = Vo L(mo, me)lg—o;

0=0;
— Vo Eqg [THREStP,b,m (IEy\a: [f(m(w),y) _]Ehlcc[e(h/y)]] ,0)] ‘6:9(’;

_o—J By [vee(me(m),yne:eg} dP—J 0dP # o,
xre T

EX\V
(3.19)
where we have used that
Vif(x) if f(x) >t
VXTHRESthn_L(f(X),O) — X ( ) . ( ) P,b,m
w O lf f(X) < tP,b,m-
Hence, we can immediately conclude that
L(ﬁzle(’gfb’ me(*)) > ggg L(ﬂtne,b/ mg).
|

Finally, we can also identify the circumstances under which any predic-
tive model mg within a hypothesis class of parameterized predictive
models M(©) is suboptimal under algorithmic triage:

Proposition 3.3.4 Let mg: be a predictive model within a hypothesis class of
parameterized models M(©), 75, +, the optimal triage policy for me: defined
in Eq. 3.12 for a given maximum level of triage b, and V = {x |7} (x) =

me /,b
o). I

5 Eyo [Vel(me(x),y)lg_e/] dP # o, (3.20)
xc
then it holds that L(ch‘ne,,b,me/) > mingc@ L(ch‘ne,b,me).
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78At test time, given a
predictive model mg
and an unseen sample
x, we cannot directly
evaluate (or, more
precisely, estimate
using Monte-Carlo) the
value of the optimal
triage policy

T g b (T), gl0EN by
Eq. 3.12, since it
depends on Eyle [-]
and By |4 [-].

794 A stochastic
approximation method”
[RM51];

80 All omitted proofs of
this section can be
found in Appendix 2.
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*

orbr We have that:

Proof Under triage policy 7t

*
Vol(mm,, v.mel|

= Vo Ea[(1 =y, () Byl [€mo (@), y)) + 1 (2) By i (R, ) ]|
= IEm [(] _ﬂ;kne,,b(m)) ]Ey|m[v9 e(mﬁ(m)/y”e:e/]]

:J' Eyjz [Vol(me(x),y)lg_g/] dP # 0.
xeV

Hence, we can immediately conclude that

L(Trine,/b,mex) > reréig L(7 0,0, M)

The above results will lay the foundations for our practical gradient-
based algorithm for differentiable learning under triage in the next
section.

3.3.2 How To Learn Under Triage

In this section, our goal is to find a model mg- within a hypothesis
class of parameterized predictive models M(©) that minimizes the
loss L(7y,, v, me) defined in Eq. 3.14.

We now introduce a general purpose gradient-based algorithm that
first approximates mg- given a desirable maximum level of triage,
b, and then, approximates the corresponding optimal triage policy
ﬂfne*,b.78 To approximate meg-, the main obstacle we face is that the
threshold value tm, in the average loss L(7} _ 1, me) given by Eq. 3.15
depends on the predictive model mg which we are trying to learn. To
overcome this challenge, we proceed sequentially, starting from the
triage policy 7y, with mp(x) = 0 for all € X, and build a sequence
of triage policies and predictive models {(thnet,b,met)}zzo. More
specifically, in each step t, we find the parameters of the predictive
model mg, via stochastic gradient descent (5GD),” i.e.,

() G-1 j—1 *
et] = et] — o071y, L(nmetq'b'me)‘e—e(j*”
Yt

Y T A v R [nineH,b(m) Ey nj [0, Y)]
,pb(m)) ]Eylm[e(me(ﬂﬁ),y)]]
—«U-VE, [(1— ﬂ;knewb(m))

X Eyjo[Vo e(me(w)/y)‘ezef[jfﬂ]}/

+(1 _7-[219,[

o=o0y "

_ UiV
(3-21)

where «l) is the learning rate at iteration j. Moreover, the following
proposition shows that, under mild conditions, the performance of the
triage policies and predictive models improves in each step (proven in

Section 2.1):8°
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Proposition 3.3.5 Assume that V§(me(z),y)< Al for all x € X and
y € Yand «U) < 1/A for all j > 0 for some constant A > 0. If, in each step
t, we find the parameters of the predictive model mg, using Eq. 3.21, with

(0) .
0, = 0¢_1, then, it holds that L(n;et,b,met) < L(7tj‘net_],b,meH ).

In addition, the following theorem shows that, whenever the loss
function {(-) is convex with respect to 6, our algorithm enjoys global
convergence guarantee (proven in Section 2.2):

Theorem 3.3.6 Let {(-) be convex with respect to © and the output of the

SGD algorithm be ¢ = argmin, L(nfne ] b Mo ). Moreover, assume that
1

Aminll < V3 8(mo(x),Y) < Amaxll, with Amin > 0, and £(-) be H-Lipschitz,

ie, L(mo(x),y) —Lme/(x),y) < H-||0—0'|. Then, we have that

AH2 A ax

lim L(7c; , — L(7 ,Mes) K —5———. .
m (T[met,b met) (T[me*,b Mo ) /\rznln(] _b)z (3 22)

t—o0

In practice, given a set of samples D = {(xi,yi, hi)}, we can use

the following finite sample Monte-Carlo estimator for the gradient
Ve L(T[*met,1 b’ Meo ):

Vol(7h, b me)

|D]
= Vo @ ; e(me(ﬂfi)/yi)

—TaREsy,,,  (Lmo(zi),yi) —L(hi, yi), 0)

max([(1—b) |D[],p)
- > Vol(me(®)), Yp),

i=1

where -;; denotes the i-th sample in increasing value of the differ-
ence between the model and the human loss®* {(mg, , (z[;)), Y1) —
€(h(i},y54)) and p is the number of samples with £(mg, | (x[i)), Yp)) —
(i yray) <O

In the above, we do not have to explicitly compute the thresh-
old tm,  or the triage policy ﬂfnet,pb(mi) for every sample x;
in the set D; we just need to pick the max([(1 —b)|D[],p) sam-
ples with the lowest value of the model loss minus the human loss
€(me, , (x[i)),ypu) — Uhpy, yp)) using the predictive model mg, , fit-
ted in step t — 1. To understand why, note that, as long as tme, , > 0,
by definition, tm, , needs to satisfy that

:O’

1

% LGZ@[Tb +max({(mg, ,(xi),yi) — (hi,yi) — T, o)]}

T=tmg,

and this can only happen if {(meg, ,(xi),yi) —€(hi, yi) — tme, , > 0

1
for |b|DI| out of |D| samples. Here, we are implicitly estimating the
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81 Note that, if the set
of samples contains
several predictions h
by different human
experts for each sample
(i), we would use all
of them to estimate the
(average) human loss.
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optimal triage policies using the observed training labels and human
predictions—we are not approximating them using a parameterized
model—and, due to Proposition 3.3.5, the implementation of the above
procedure with Monte-Carlo estimates is guaranteed to converge to a
local minimum of the empirical loss. Moreover, note that we can think
of the procedure as a particular instance of disciplined parameterized
programming®? where the differentiable convex optimization layer is
given by the minimization with respect to the triage policy.

While training each of the predictive models mg,, we can implicitly
compute the optimal triage policy 7y , as described above, however,
at test time, we cannot do the same since we would need to observe
the label and human prediction of each unseen sample x. To overcome
this, after training the last machine model mg,, we also fit a model

fty(x) to approximate W%GT,b(a:) using SGD, i.e.,

|D]
YO =y a0 v S 0y (1), T, () ,
=1 y=y (-1
(3-23)
where o) is the learning rate at iteration j and the choice of loss

’(-) depends on the model class chosen for 7. In our experiments,
we have found that, using the above procedure, we can approximate
well the optimal triage policy 7m, . However, we would like to
note that this problem can also be viewed as finding an estimator
for the o-superlevel set C*(f) = {x € X : f(x) > o} of the function
flz) = Ey|zlt(me(x),y) — En|ol(h(z),y)]] with & = tm, from
a set of noisy observations. Under this view, it might be possible
to derive estimators with error performance bounds building upon
works on level set estimation,® which is left as future work. Refer to
Algorithm 4 for a pseudocode implementation of the overall gradient-
based algorithm, which returns 61 and .

Scalability analysis of Algorithm 4 In comparison with vanilla SGD,
our algorithm just needs to additionally call the function TRIAGE before
each iteration. This function first sorts the samples in the correspond-
ing minibatch in decreasing order of the model loss minus the human
loss and then returns the first max([(1 —b)|D[], p) samples. Overall,
this adds O(T|D|log B) to the overall complexity of the training proce-
dure with respect to vanilla SGD, where B is the size of the minibatch
used during training, D is the training dataset, and T is the number of
steps. Furthermore, note that the function APPROXIMATETRIAGEPOLICY
is called only once and uses SGD to train the approximate triage pol-
icy of the last predictive model. Therefore, it does not increase the
computational complexity of the overall algorithm.
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Algorithm 4 DIFFERENTIABLE TRIAGE: it returns the weights of a
predictive model mg and the weights of a triage policy #, .

Require: Set of training samples D, maximum level of triage b, number of
time steps T, number of epochs N, mini batches M, batch size B, learning
rate o.

1: function TRAINMACHINEUNDERTRIAGE(T,D, M, B, b, «)
2 0(0) + INTTIALIZETHETA()

3 fort=1,...,Tdo

4 0t < TRAINMODEL(0¢_1,D, M, B, b, &)

5 v < ArPROXIMATETRIAGEPOLICY(OT,D, N, M, B, b, «)
6 return O,y

7. function Tr1AGE(D, b, 0)
8: p + number of instances in D with {(mg(x),y) —{(h,y) <0
9: D' )
10: fori=1,...,max((1—0b)|D|,p) do
11: D’ + D' U{i-th sample from D in increasing value of {(mg(z),y) —£(h,y)}

12: return D’

13: function TRAINMoODEL(8/, D, M, B, b, «)
14: 0(0) o
15: fori=0,..., M—1do

16: D)« the i’th mini batch of D

17: DU « Triace(DV),b,0(1))

18: Vo0

19: for (x,y,h) € D) do

20: V+V+ Ve f(me (.’I)),y”e:e(i]
21: pli+1) ee(i)—oc%

22: return 0(M)

23: function ApPROXIMATETRIAGEPOLICY(0, D, N, M, B, b, )

24: vM)  INTTIALIZEGAMMA ()

25: forj=1,...,Ndo

26: y(0) (M)

27: fori=0,..., M—1do

28: D) « the i’th mini batch of D

29: V0

30: for (x,y,h) € D) do

31 V+V+ Vyﬂ’(ﬁy(m),ﬂ*me,b(w)) S
32: v () —oc%

33: return y(M)

3.3.3 Experiments on Synthetic Data

In this section, our goal is to shed light on the theoretical results from
Section 3.3.1. To this end, we use our gradient-based algorithm in a
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No triage Triage policy 7t}
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Predictive model mg, trained under full automation

Figure 3.7: Interplay between the per-instance accuracy of predictive models
trained under full automation and experts under different triage policies.
The first row shows the training samples (x,y) along with the predictions
made by the model mg,(x) and the triage policy values 7(x) and the second
row shows the predictive model loss {(mg,(x),y) against the human expert
loss £(h,y) on a per-instance level. Columns correspond to the settings 1 and
2 from left to right. The triage policy ﬂ:‘n%,b is optimal for the predictive

model mg o0 Each point corresponds to one instance and, for each instance,
the color indicates the amount of noise in the predictions by experts, as given
by Eq. 3.24, and the tone indicates the triage policy value. In all figures, we
used £(7,y) = (§ —y)? and the class of predictive models parameterized by
sigmoid functions, i.e., mg(x) = Sg(x).

simple regression task in which the optimal predictive model under
full automation is suboptimal under algorithmic triage.

Experimental setup We generate |D| = 72 samples, where we first
draw the features x € R uniformly at random, i.e., x ~ U[-3, 3], and
then obtain the response variables y using two different sigmoid
functions Sg(x) = m. More specifically, we set y = S1(x)
if x € [-3,-15)UI0,1.5) and y = S5(x) if x € [-1.5,0) U[1.5,3].
Moreover, we assume human experts provide noisy predictions of the
response variables, i.e., h(x) =y + e(x), where €(x) ~ N(0, 02(x)) with

8x1073 if xe[-3,—15)
1x103 if xe[-1.5,0)
2 _ )
(@) =91 45103 if xe(0,1.5) (3-24)

2x103 if xe€/[l1.5,3]
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Figure 3.8: Interplay between the per-instance accuracy of predictive models
trained under triage and experts under different triage policies. The first row
shows the training samples (x,y) along with the predictions made by the
models m(x) and the triage policy values n(x) and the second row shows
the predictive model loss £(m(x),y) against the human expert loss {(h,y)
on a per-instance level. Columns correspond to the settings 3 and 4 from
left to right. The triage policy 7y,  is optimal for the predictive model
mg. Each point corresponds to one instance and, for each instance, the
color indicates the amount of noise in the predictions by experts, as given
by Eq. 3.24, and the tone indicates the triage policy value. In all figures, we
used £(7,y) = (§ —y)? and the class of predictive models parameterized by
sigmoid functions, i.e., mg(x) = Sg(x).

In the above, we are using heteroscedastic noise motivated by multiple
lines of evidence that suggest that human experts performance on
a per instance level spans a wide range.®4 Then, we consider the
hypothesis class of predictive models M(O) parameterized by sigmoid
functions, i.e., mg(x) = Sg(x), and utilize the sum of squared errors
on the predictions as loss function, i.e., {(0,y) = ({J — y)z, to train the
models and triage policies in the following four settings:

1. Predictive model trained under full automation me, without
algorithmic triage, i.e., ﬁm%,b(m) =mo(x) =0forall z € X.

2. Predictive model trained under full automation mg, with optimal
algorithmic triage 7}, = .

3. Predictive model trained under algorithmic triage mg, with b =1,

with suboptimal algorithmic triage ﬂfne b- Here, we use the
o
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85411 algorithms were

implemented in Python
3.7 and ran on a Vioo
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triage policy that is optimal for the predictive model trained
under full automation.
4. Predictive model trained under algorithmic triage mg, withb =1,

with optimal algorithmic triage T[tne,b'

In all the cases, we train the predictive models mg, and mg using our
method with b =0 and b = 1, respectively. Finally, we investigate the
interplay between the accuracy of the above predictive models and the
human experts and the structure of the triage policies at a per-instance
level 85

Results Figures 3.7 and 3.8 show the training samples (x,y) along
with the predictions made by the predictive models mg, and mg
and the values of the triage policies 7 (x), ﬂfneo,b and n;erb, as well
as the losses achieved by the models and triage policies (1-4) on a

per-instance level. The results provide several interesting insights.

Since the predictive model trained under full automation mg, seeks
to generalized well across the entire feature space, the loss it achieves
on a per-instance level is never too high, but neither too low, as shown
in the left column Figure 3.7. As a consequence, this model under
no triage achieves the highest average loss among all alternatives,
L(mp, mg,) = 0.0053 (setting 1). This may not come as a surprise
since the mapping between feature and response variables does not lie
within the hypothesis class of predictive models used during training.
However, since the predictions by human experts are more accurate
than those provided by the above model in some regions of the feature
space, we can deploy the model with the optimal triage policy mg_,,
given by Theorem 3.3.2 and lower the average loss to L(T[EO,b' me,) =
0.0020 (setting 2), as shown in the right column of Figure 3.7 and
suggested by Proposition 3.3.1.

In contrast with the predictive model trained under full automation
me,, the predictive model trained under triage mg learns to predict
very accurately the instances that lie in the regions of the feature space
colored in green and yellow but it gives up on the regions colored in
red and blue, where its predictions incur a very high loss, as shown in
Figure 3.8. However, these latter instances where the loss would have
been the highest if the predictive model had to predict their response
variables y are those that the optimal triage policy 7}, hand in to
human experts to make predictions. As a result, this predictive model
under the optimal triage policy does achieve the lowest average loss
among all alternatives, L(Tt’é,b,me) = 0.0009 (setting 4), as suggested
by Propositions 3.3.3 and 3.3.4.

Finally, our results also show that deploying the predictive model
mg under a suboptimal triage policy may actually lead to a higher
loss L(ngorb,me) = 0.0037 (setting 3) than the loss achieved by the
predictive model trained under full automation me, with its optimal
triage policy 75 ,. This happens because the predictive model mg is
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trained to work well only on the instances x such that Tne.b (x) =0

and not necessarily on those with 7y, (x) =0.

3.3.4 Experiments on Real Data

In this section, we use our gradient-based algorithm in two binary and
multi-class classification tasks in content moderation and scientific
discovery. We first investigate the interplay between the accuracy
of the predictive models and human experts and the structure of
the optimal triage policies at different steps of the training process.
Then, we compare the performance of our algorithm with several
competitive baselines.
Experimental setup We use two publicly available datasets,® one
from an application in content moderation and the other for scientific
discovery. We chose these two particular applications because the
corresponding datasets are among the only publicly available datasets
that we found containing multiple human predictions per instance,
necessary to estimate the human loss at an instance level, and a
relatively large number of instances.
— Hatespeech: It consists of |D| = 24,783 tweets containing lexicons
used in hate speech. Each tweet is labeled by three to five human
experts from Crowdflower as “hate-speech”, “offensive”, or “neither”.
— Galaxy zoo: It consists of |D| = 10,000 galaxy images.?” Each image
is labeled by 304 human experts as “early type” or “spiral”.

For each tweet in the Hatespeech dataset, we first generate a 100 di-
mensional feature vector using fasttext® as x, similarly as in [De+20al.
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Figure 3.9: Average

training losses
achieved by the
predictive  models

mg, and the triage
policies A1) on
the Hatespeech and
Galaxy zoo datasets

during training.
In Panel (a), each
predictive model

mg, is the output of
TRAINMODEL(-) at
step t and in Panel
(b), each triage policy
7, (1) is the output
of TRAINTRIAGE(-)
at epoch i.  Both
functions are defined
in Algorithm 4. Error
bars correspond to
plus and minus one
standard error.

86 Automated Hate
Speech Detection and
the Problem of
Offensive Language”
[Dav+]; “Galaxy Zoo:
the dependence of
morphology and colour
on environment”
[Bam+o9];

87 The original Galaxy
zoo dataset consists of
61,577 images,
however, we report
results on a randomly
chosen subset of
10,000 images due to
scalability reasons. We
found similar results in
other random subsets.

88 “Fastrext. zip:

Compressing text
classification models”
[Jou+16];
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Figure 3.10: DPre-
dictive model and
expert losses at a
per-instance  level
on a randomly
selected subset of
500 samples of the
Hatespeech (top
row) and Galaxy
zoo (bottom row)
datasets throughout
the execution of
our method during
training. The maxi-
mum level of triage
is set to b = 04
for Hatespeech and
b = 1.0 for Galaxy
zoo dataset. Each
point  corresponds
to an individual
instance and, for each
instance, the color
pattern indicates the
triage policy value.

89 Convolutional
Neural Networks for
Sentence
Classification
[Kim14];

90 Deep Residual
Learning for Image
Recognition [He+15];
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For each image in the Galaxy zoo dataset, we use its corresponding
pixel map as . Given an instance with feature value x, we esti-
mate P(h|z) = %, where n;(h) denotes the number of
human experts who predicted label h and we set its true label to
Y = argmax; .y P(h|x). Moreover, at test time, for each instance that
the triage policy assigns to humans, we sample h ~ P(h|x).

In all our experiments, we consider the hypothesis class of proba-
bilistic predictive models M(®) parameterized by softmax distribu-

tions, i.e.,
me () ~ Pox = Multinomial <[exp (dDy,e(m))]yey) '

where, for the Hatespeech dataset, ¢, is the convolutional neural
network (CNN),% and, for the Galaxy zoo dataset, it is the deep
residual network.9° During training, we use a cross entropy loss on the
observed labels, i.e., {({J,y) = —log P(§ = y|=). Here, if an instance is
assigned to the predictive model, we have that

exp (py,0(z))
Zg’ exp (d)y’,e ({IJ)) ’

and, if an instance is assigned to a human expert, we have that P({j =
ylx) = P(h =y|x). For the function #, (x), we use the class of logis-
tic functions, 'i.e., fty(x) = m, w'he're ¢ is the same C;NN
and deep residual network as in the predictive model, respectively.

Here, we also use the cross entropy loss, i.e., ¢'(7ty (x), ﬂ;eT/b (x)) =

PO =ylz) =

—TtTnsT,b(a:) log 7ty (x) — (1 — n%ele (x))log(1 — 7ty (x)). In each exper-
iment, we used 60% samples for training, 20% for validation and
20% for testing. Refer to Appendix 2.3 for additional details on the
experimental setup.

Details of the baselines In the following list we provide the details of
our algorithm together with the baselines against which we compare

our algorithm.
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— Our method: During training, it runs Algorithm 4. During test, it
lets the humans predict any sample for which #, () > pp, where
the threshold py, is found using cross validation.

— Confidence-based triage:?* During training, it first estimates the
probability P(h = y) that humans predict the true label. Then,
it proceeds sequentially and, at each step t, it uses SGD to train
a predictive model mg,. However, in each iteration of SGD, it
only uses the min(|b|D|],n) training samples with the lowest
value of P(h = y) —maxy ey P(mg(x) = y’) in the correspond-
ing mini batch, where n. is the number of training samples in
the mini batch for which P(h = y) > maxy/cy P(me(x) = y’).
During test, it first sorts all the samples in increasing order of
maxy ey P(mg(x) = y’) and then lets the humans predict the
first min(|b|D||, n.) samples,®> where n. is the number of test
samples for which P(h =y) > maxycy P(mg(x) =y’').

— Score-based triage:3 During training, it uses SGD to train a pre-
dictive model mg using all the training samples. During test, it
first sorts all the samples in increasing order of maxy ey P(meg(x) =
y’) and then lets the humans predict the first |b|D|| samples.
Here, note that the method always lets the humans predict |b|D| |
samples because its triage policy does not depend on the human
loss.

— Surrogate-based triage:** During training, it trains a predictive
model mg, where 7t(x) = 1 is just an extra label value Ygefer,
by minimizing a surrogate of the true loss function defined in
Eq. 3.11. During test, it first sorts all the samples in increasing
order of maxy/cy P(me(x) = y') — P(mg(x) = Ydefer) and then
lets the human predict the first min(|b|D||, n.) samples where
N is the number of test samples for which P(meg (%) = Ydefer) >
maxycy P(mg(x) =y').

— Full automation triage: During training, it uses SGD to both
train a predictive model mg using all training samples and an
approximate triage policy 7, that approximates the optimal triage
policy 7y, . During test, it lets the humans predict any sample
for which #, (x) > pp, where the threshold py is found using
cross validation.

Results First, we look at the average loss achieved by the predictive
models mg, and triage policies 7t (1) throughout the execution of our
method during training. Figure 3.9 summarizes the results, which
reveal several insights. For small values of the triage level, the models
mg, aim to generalize well across a large portion of the feature space.
As a result, they incur a large training loss, as shown in Panel (a). In
contrast, for b > 0.4, the models mg, are trained to generalize across
a smaller region of the feature space, which leads to a considerably
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91 “Is the most accurate
ai the best teammate?
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9zHere, note that the
method assumes that
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Figure 3.11: Misclas-
sification test error
P(y # vy) against
the triage level b on
the Hatespeech and
Galaxy zoo datasets
for our algorithm,
confidence-based

triage [Ban+21],
score-based
triage [Rag+19b],

surrogate-based
triage [MS20] and full
automation triage.

95Among all the
baselines we are aware
of [Rag+19b; De+20a;
De+21; WHK20;
Ban+21; Sonz2o0], we
did not compare

with [De+20a; De+21]
because they only allow
linear models and
SVMs and we did not
compare

with [IWHK20] because
they did not provide
enough details to
implement their
method.
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smaller training loss. However, for such a high triage level, the overall
performance of our method is also contingent on how well 7, ap-
proximates the optimal triage policy. Fortunately, Panel (b) shows
that, as epochs increase, the average training loss of %, ;) decreases.
Appendix 2.4 validates further the trained approximate triage policies
7ty. Next, we compare the predictive model and the human expert
losses per training instance throughout the execution of our method
during training. Figure 3.10 summarizes the results. At each step
t, we find that the optimal triage policies ﬂilet,b hands in to human
experts those instances (in orange) where the loss would have been the
highest if the predictive model had to predict their response variables
y. Moreover, at the beginning of the training process (i.e., low step
values t), since the predictive model mg, seeks to generalize across
a large portion of the feature space, the model loss remains similar
across the feature space. However, later into the training process (i.e.,
high step values t), the predictive models mg, focuses on predicting
more accurately the samples that the triage policy hands in to the
model, achieving a lower loss on those samples, and gives up on the
remaining samples, where it achieves a high loss.

Finally, we compare the performance of our method against four
baselines in terms of test misclassification error P({ # y). % Figure 3.11
summarizes the results for different values of the maximum triage
level b. We find that, in each dataset, our algorithm is able to find the
predictive model and the triage policy with the lowest misclassification
across the entire span of b values. In the Hatespeech dataset, they are
those corresponding to b = 0.8 and, in the Galaxy zoo dateset, they
are those corresponding to b = 0.6. One could view these values of
maximum triage levels as the optimal automation levels (within the
level values we experimented with).

3.3.5 Section Conclusions

In this section, we showed our contributions towards a better under-
standing of supervised learning under algorithmic triage. We have first
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identified under which circumstances predictive models may benefit

from algorithmic triage, including those trained for full automation.

Then, given a predictive model and desired level of triage, we have
shown that the optimal triage policy is a deterministic threshold rule
in which triage decisions are derived deterministically from the model
and human per-instance errors. Finally, we have introduced a practical
algorithm to train supervised learning models under triage and have
shown that it outperforms several competitive baselines.
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AI-ASSISTED DECISION-MAKING






WITHIN-GROUP FAIRNESS IN AI-ASSISTED
DECISION-MAKING

“Algorithms are opinions embedded in code.”

— Cathy ONeil, data scientist?

4.1 SCREENING, CALIBRATION, AND WITHIN-GROUP DISCRIMI-
NATION

Given a candidate with a feature vector x € X C R¢, we assume the
candidate belongs to one demographic group?” of interest®® z € 2
and can be qualified? (y = 1) or unqualified (y = 0) for the selection
objective. Next, let f : X — Range(f) C [0, 1] be a screening classifier
that maps a candidate’s feature vector € X to a predicted score f(x),
where we usually trust f to satisfy a rough monotonicity property, i.e.,
higher predicted scores indicate higher chances of being qualified.

Then, given a pool of m candidates, a screening policy*° m : [0, 1]™ —
P({0,1}™) maps the candidates” quality scores to a probability distri-
bution over shortlisting decisions {si};c[n]. Here, each decision s;
specifies whether the corresponding candidate is shortlisted (s; = 1)
or is not shortlisted (s; = 0).

In high-stakes applications, screening classifiers are usually required
to provide calibrated quality scores'* (see Section 2.2 for a background
on calibration). Calibration is a desirable property in such applications
because, if the classifier f is calibrated, its scores can be fed into
a screening policy that shortlists the smallest set of candidates, in
expectation, with a desired number of qualified candidates, with high
probability.’** We call such a policy the optimal screening policy, which
is given by a simple threshold rule as follows:

1 iff(aci) > ty,
si = ¢ Bernoulli(0¢) iff(x;) = ty, (4.1)
0 otherwise,
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where t¢ and 0 depend on the classifier and the data distribution.
These results lend support to focusing on calibration as the only re-
quirement for screening classifiers. However, we argue that screening
policies given by threshold decision rules using calibrated classifiers
may suffer from an understudied type of discrimination—they may
discriminate against qualified members within demographic groups.
More formally, the following proposition shows that any threshold
decision rule may discriminate against qualified members within de-
mographic groups:

Proposition 4.1.1 Let 7t be a screening policy given by a threshold decision
rule using a calibrated classifier f with threshold t. Assume there exist
a,b € Range(f), with a < t < b, and z € Z such that P(Y = 1[f(X) =
a,Z=2z)>P(Y=1|f(X) =b,Z =2z). Then, it holds that

Ev-py 5 [Y(1 = $) [f(X) = a,Z = 2]
> Ey-py,xz,5-7 [YS|F(X) = b, Z = 2].

Proof By definition, the threshold decision rule 7t outputs S = 0 if
f(X) = aand S = 1if f(X) = b. As a result, it immediately follows
that:

Ev-py s 5~n [Y(1=8)[f(X) =a,Z=2]
=Evy-py\, YIf(X)=0qa,Z
> Byp,, YIf(X)=b,Z =7]
= Eyop, 57 YS|(X) =b,Z =2].

z]

The above result implies that there exist pools of applicants for which
an optimal policy using a calibrated classifier may shortlist a candidate
who is less likely to be qualified than a rejected candidate from the
same group. Importantly, the assumption under which the above
within-group discrimination appears is not just a theoretical construct—
it has been observed empirically in multiple real-world domains,
typically when the group membership Z is a spurious confounding
factor that causes both X and Y.*°3 The case in which the assumption
holds for every group z € Z and any threshold decision rule is known
as Simpson’s paradox.'**

To avoid the above within-group discrimination, we introduce and
study within-group monotonicity:

Definition 4.1.2 Given a set of groups Z, a classifier f is within-group
monotone if, for any z € Z and a,b € Range(f) such that a < b, Pr(Z =
z|f(X) =a) > 0and Pr(Z = z| f(X) =b) > 0, it holds that

PriY=1|f(X)=q,Z=2z)<Pr(Y=1|f(X)=b,Z=2).



4.2 A SET PARTITIONING POST-PROCESSING FRAMEWORK
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In simple terms, within-group monotonicity is satisfied when a rough
monotonicity property holds in the predicted scores, conditional on
group membership. That is, for members of the same group, higher
predicted scores should indicate higher chances of being qualified.
When such a simple and intuitive property is violated, it can happen
that qualified members within a demographic group are rejected by
the screening policy, while some members of the same demographic
group who are less likely to be qualified are selected.

In what follows, we will design a post-processing framework that,
given a calibrated classifier, modifies it minimally so that it is within-
group monotone, as shown in Figure 4.1. As a result, any screening
policy given by a threshold decision rule using the modified classifier
will not suffer from within-group discrimination. *°

4.2 A SET PARTITIONING POST-PROCESSING FRAMEWORK

Let f be a calibrated classifier with Range(f) = {aj,...,an} and
Pr (f(X) = a;) = pi. Here, note that, as discussed earlier in Sec-
tion 2.2, we focus on calibrated classifiers with finite range, i.e.,
|[Range(f)] = n < oo, since it is impossible to find non-atomic cali-
brated classifiers from data, even asymptotically.’®® Predictors can
be calibrated with a calibration set using any of the existing calibra-
tion approaches that are based on binning such as isotonic regres-
sion'”7 or uniform-mass binning.’*® Since uniform-mass binning has a
distribution-free finite sample calibration guarantees,’® we use this
approach in our experiments. Moreover, for ease of exposition, we
assume that f is perfectly calibrated and we have access to true value of
the relevant probabilities p;, aj, p,|; and a; .. However, our method-
ology can be adapted to work with approximately calibrated f and
noisy probability estimates as long as the estimation errors can be
bounded (with high probability). Here, assume that a; < a; for any
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Figure 4.1: Qual-
ity  score  values
a = P(Y =
1[f(X) = a) and
group  conditional
quality score values
a, = P(Y =

11f(X)=aqa,Z=2)
of a (approximately)
calibrated screening
classifier f with finite
range trained on US
Census survey data
and its within-group
monotone counter-
part fg« found by
our post-processing
framework. The
demographic groups
of interest Z are
defined wusing US
citizen status and the
hatched bars indicate
within-group mono-
tonicity ~ violations.
Note that there exist
no such violations in
fg« (second row).
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i < j without loss of generality. Further, for every demographic group
of interest z € Z, let

Pr(Y=T1[f(X)=ai,Z=12z)=ai,,

and,
Pr(Z=z|f(X)=ai) = p, |1

and note that, by definition, we have that a; = }_ 22 Pz|iGiz. Then,
our goal is to modify f minimally so that it is within-group monotone.

To this end, we first note that the classifier f induces a partition of
X into n disjoint regions or bins {Xy,..., X}, where each bin X; is
characterized by a; and p;. Building upon this observation, we look
at the problem from the perspective of set partitioning and seek to
merge a small number of these induced bins to achieve within-group
monotonicity.

More formally, let &2 be the set of all partitions of the bin indices
{1,...,n}. Every B € & is a partition of the bin indices into a collection
of nonempty and disjoint equivalence classes {A1,...,A|g|}, which
we call cells. For each « € X, denote the index of the bin it belongs
to as i(x) = {i|f(x) = ai} and represent a cell in B containing index
i(x) by [i(x)]y, where we drop the subscript B whenever it is clear
from the context. Further, we know that the equivalence relation
~p implies that, for all i(x’) € [i(x)], we have that i(z) ~5 i(z’).
Then, we can use the partition'*® B to define the modified classifier
fg : X — Range(fg) ={aa}aen, where

2 jeA 95P;

and fg(x) = afj(g)-
Z)'E.A Pj i)

agq =

Without loss of generality, we keep the cells induced by the partition

B in increasing order with respect to au, i.e, a4, < ag; forany i <j.
Next, note that, by definition, f3 is calibrated, i.e.,
_ e 9P

Pr (Y =1[fz(X) =ay) —ﬁ = a4,
jeA Pj

and we have that

Pr(Y = 11f5(X) = ap,Z — 2) = ZIEAPIPL Bz
2 jen PiPzlj

Moreover, the larger the size of the partition B, the more fine-grained
the predictions of the classifier f."** Therefore, we can naturally think
of reducing the problem to finding a partition B of maximum size''?
such that fg is within-group monotone, i.e.,

maximize |B]

iy subjectto  aq,z < aa;z

VA, Aj € B such that ay, < aq;, vz € 2.
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However, such a problem formulation presents difficulties both in
terms of tractability and soundness. First, we cannot expect to find
such a partition in polynomial time (proven in Section 3):

Theorem 4.2.1 Given a calibrated classifier f, the problem of finding the
partition B of maximum size such that fg is within-group monotone is
NP-hard.

Proof sketch: To prove the above result in Appendix 3, we first show
that, by finding the partition B of maximum size such that f is within-
group monotone, we can decide whether there exists a partition B’ of
size |B’| = 2 such that fg/ is within-group monotone. Then, we show
that the latter decision problem is NP-complete by a reduction from a
variation of the partition problem,"*3 which we refer to as the equal
average partition problem and prove it is NP-complete.

Second, even if the size of the partition B is large, the shortlists
provided by threshold decision rules using fg may differ greatly from
those using f. The reason is that, in general, we may end up merging
very different bins to ensure monotonicity within groups and, as
a consequence, fg may rank (pairs of) candidates strictly differently.
More specifically, f5 may not satisfy the following monotonicity property:

Definition 4.2.2 A classifier f' is monotone with respect to f if, for all
f(x1), f(x2) € Range(f) such that f(x1) < f(x2), it holds that f'(x1) <
f'(x2).

To guarantee that f¢ is monotone with respect to f, we need to restrict
our attention to the set of contiguous partitions # C & of {1,...,n},
ie, forany B € 4, if i(x1) < i(x2) < i(z3) and i(x1) ~p i(x3), then
it also holds that i(x1) ~g i(x2) and i(x2) ~¢ i(x3). More formally,
we have the following result (proven in Section 4):

Proposition 4.2.3 Given a classifier f with Range(f) ={a1,..., an}, fg is
monotone with respect to f iff B is a contiguous partition on {1,...,n}.

Surprisingly, while |%| = 2" we will show in the next section that
it is possible to find the optimal contiguous partition:*'4

B* = argmax|B|,
BeR

such that fg- is within-group monotone, in polynomial time using
dynamic programming.

4.3 OPTIMAL SET PARTITIONING VIA DYNAMIC PROGRAMMING

Since the structure of our problem resembles isotonic regression, one
may think of using a simple variation of the many times re-discovered
Pool Adjacent Violators (PAV) algorithm™> to find the optimal parti-
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Algorithm 5 It returns a partition Bpay such that B, 18 within-group
monotone.

©: Input: {a1,...,anz},cp

2: Initialize: Bpay = {{1},...,{n}}

3 while 3A; 1, A; € Bpay and z € Z such that ag, . < ag, . do

4 BpaV = Bpav \{Ai1, A}

5 BpaV = Bpav U{Ai1 UA}

6: return Bpay

tion.

However, in what follows, we first show that the PAV algorithm
may not find the optimal partition—it is not even guaranteed to
find a partition satisfying an intuitive type of local optimality. Then,
building on the reasons why the PAV algorithm may not find the
optimal partition, we derive an efficient algorithm based on dynamic
programming that is guaranteed to find the optimal partition.

4.3.1  Pool Adjacent Violators (PAV) Algorithm

In comparison with the original PAV algorithm, the only difference
is that, in our setting, one needs to check for monotonicity violations
across multiple sets of conditional predictors, one per group z €
Z, rather than only one set of predictors. However, the main idea
underpinning the PAV algorithm remains the same, i.e., as long as there
are monotonicity violations between two adjacent cells, the algorithm
merges the corresponding cells into one. Algorithm 5 summarizes the
overall procedure, which has complexity O(m? x|Z|) and is guaranteed
to return a partition B,y such that B, 1S within-group monotone,
as formalized by the following proposition:

Proposition 4.3.1 Algorithm 5 returns a partition Bps, € % such that the
classifier f3,,, is within-group monotone.

Proof We prove by contradiction. Assume there exist violations of
within-group monotonicity. We first define the nearest violating triplet,
(1,7v,z), as:

(Lr,z) = argmin lj —1il such that a4, . > QA z-
{(1j,z) |i,jeRange(f3),i<j,z€Z}

If r = 141 then it contradicts with the assumption that no mono-
tonicity violations occur between adjacent cells. If v # 1L+ 1, there
exists i € Range(fg) such that | < i < r and it does not happen
simultaneously that i = 1 and i = r. Then it should hold that
aa,z < A,z < ag, . since otherwise either of (1,1,z) or (i,7,z) is
the nearest violating triplet. In this case however, a4, . < a4, . which
is a contradiction with it being a violating triplet. As a result, no such
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triplet can exist and fg is within-group monotone. |

Unfortunately, while the original PAV algorithm does enjoy global
optimality guarantees for the isotonic regression problem'*® under
multiple choices of loss functions,"'” this is not true for our problem.
There exist many instances for which Algorithm 5 fails to find the op-
timal partition B*, e.g., refer to Figure 4.5 and Figure 2 in Appendix 6.
In fact, Algorithm 5 does not even enjoy a type of intuitive local
optimality guarantee based on the notion of dominance:'*®

Definition 4.3.2 Let f and f' be calibrated classifiers. Classifier f dominates
f/ if, for any x1, 22 € X such that f(xq) = f(x2), it holds that f'(x) =
f'(x2).

More specifically, if fg dominates f3/, it can be shown that the ex-
pected size of the shortlists provided by the optimal screening policies
using fg are not larger than those using fg, [W]G22, Corollary 4.3]
and it clearly holds that |B| > |B’|, as shown by the following example:

Example 4.3.3 Let Range(f) = {a1, az, a3}, Z ={z1,z2} and pip,|; = %
foralli e {1,2,3} and z € Z. Further, let a1,, = a2,, = A3, = &,
aiz, =20, a2, =3xand a3, =4x, where « € [0,0.25].

In the above example, first note that, by construction, it holds that a; =
%oc <ay=2a<az= %oc. Now, since a7 ,, > az,,, Algorithm 5 first
merges these two bins, then, since ay; ,} ., > a3y ,,, it merges all the
three bins together and finally it terminates, returning B = {{1, 2, 3}}.
However, since it holds that a;,, < a3}, and a1, < ap23},,, it
clearly holds that the partition B’ = {{1},{2,3}} induces a classifier
fg, that is within-group monotone and it readily follows that fz:
dominates fg.

The reason why Algorithm 5 may fail to find the optimal partition
is that, whenever it tries to fix a monotonicity violation between two
adjacent cells A;_1 and A;, it does so by merging them. However, in
our problem, the optimal fix may require merging cells A; and A; 7.
Building on this insight, we will design an efficient algorithm based
on dynamic programming that provably finds the optimal partition.

4.3.2 An Optimal Dynamic Programming Algorithm

Our starting point is the following observation, which allows us to
break down the problem of finding the optimal partition B* into
several subproblems. Let %, be the set of contiguous partitions of
the bin indices {1,...,1}, with r < n, and %, C %, be the subset
of those partitions such that, for any B = {As,..., Ajg|} € %, it
holds that Ajg| ={l,...,r} and fgyg’ is within-group monotone on
the region of the feature space defined by U;<;X;, where B’ is any
partition of the bin indices {r +1,...,n}." Then, it clearly holds
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Algorithm 6 It returns the optimal partition B* such that f3« is within-
group monotone.
©: Input: {a1,2,...,anzl,co
2: Initialize: By, = {} VI,r € {2,...,n}, B1, = {{1,...,7}} Vr €
{1,...,n}
:forle{2,...,ntdo
forre{l,...,n}tdo
Sl,r = {k‘k <1, ax,.. . 1-1}z < an,...rlz Vz € Z} > Refer
to Lemma. 4.3.4
if 81 = () then
Continue > In this case By =)

;TS

k* = argmax cg, 1By 1—1l
Bir =B U{L..., T}
100 ¥ = argmaxic(y ) 1Binl

11: return By«

that the optimal partition B* € U{"; %1, and thus we can break the
problem of finding B* into n subproblems, i.e., finding the optimal
partition By | = argmaxg g |B| within each subset % ,,. From now
on, with a slight abuse of notation, we will write fg instead of fg_ 5
whenever B’ refers to any partition of the bin indices not in B and it
is clear from the context.

Next, we realize that we can efficiently find the optimal partition
B, in each subset %, recursively using dynamic programming.
The key idea of the recursion is that any partition B € % ; needs to
satisfy the following necessary and sufficient conditions (proven in
Section 5):

Lemma 4.3.4 Given any B € %, it holds that B € %, if and only if
Jk < 1 such that B \{{l, T E %k,1—1 and Ak, 1-1}z < amn,...rhz
Vz € Z.

Consequently, we can efficiently find all the partitions in the subsets
P\ iterating through 1 using the partitions in the subsets %y 1_1
with k < 1. Finally, by construction, it clearly holds that, if By =
B'U{L,...,r}}, with B’ € Py 11, is the optimal partition in A, , then
B’ = B} _; is the optimal partition in %y, 1. As a result, at each
step of the recursion, we only need to store the optimal partition ‘.B’{,T,
not all partitions in % .

Algorithm 6 summarizes the overall procedure, which has complex-
ity O(n> x |2|) and is guaranteed to find the optimal partition B*, as
formalized by the following theorem:

Theorem 4.3.5 Algorithm 6 returns B* = argmaxg ¢, |B| such that f5+
is within-group monotone.

Proof To prove that Algorithm 6 returns the optimal partition B*, we
just need to prove that, for each 1,1 € {1,...,n}, the partition By, the
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*
cal

Algorithm 7 It returns the optimal partition B
within-group calibrated.

: Input: {ay,2, ..., anz}, o

2: Initialize: Bey i ={} Vie{l,...,n}

30 if a1, = a7 Vz € Z then

4 Bea,1 = {ar}}

forre{2,...,n}do
Sr = {i € {21 e, T ag,...rhz = Af,...r} Vz € Z’}
k* = argmax, . s, ‘Bcal,k—1
if Bearkr—1 # () then
Bcal,r = 'Bcal,k*fl U {{k*/ sy T}}
10: elseif a;; .y =ap,. 1. Vz € Z then
11: Bearr =U1,..., 1}

12: return By

such that fg- s

=

e ® N aw:

algorithm finds is optimal, i.e., By, = TB’{,T. In what follows, we prove
this by induction.

For the base cases, we have that B, = {{1,...,r}} are clearly opti-
mal since % only contains {{1,...,7}} for all r € {1,...,n}. As the
induction hypothesis, assume that, for any 1’ < l and v’ < r, the
partition By, the algorithm finds is optimal. Moreover, let 8y, =
{klk <lLapy, . 1-1},2<aq,.. .+, 7zZ€ Z}. Then, for (1, 1), we need to
show that By, = By 11 U{{L,...,7}}, with k* = argmaxy g - 1By 1—1l,
is optimal.

To this end, we first show that fg,  is within-group monotone on
UigrXi, e, By € %r. We have that, by the induction hypoth-
esis, By« 1—1 € Py+1—1 and, by definition, k* € 8. Then, it fol-
lows directly from Lemma 4.3.4 that fg € % . Next, we show that
Bir = argmaxspe 4 Bl Using again Lemma 4.3.4, we have that, for
any B € %A, it holds that B = B’ U{{l,...,1}}, with B’ € %y,
for some k € 8. As a result, since |B'U{{l,...,r}}| = |B/[+1, it
suffices to find B’ = argmaxg., EUesy, Prr |B”|. Now, by the induc-
tion hypothesis, we know that, for each % 11, By 11 is the optimal
partition. Then, since k* = argmax, Su |Bx,1—1], we can conclude that
By,+ is optimal. |

4.4 WITHIN-GROUP MONOTONICITY VS WITHIN-GROUP CALI-
BRATION

Within-group calibration, or calibration within groups, requires that the
probability that a candidate is qualified is independent of their group
membership conditioned on their quality score. More specifically, it is
defined as follows:**°

57

1200y fairness and
calibration” [Ple+17];
“Inherent trade-offs in
algorithmic fairness”
[Kle18];



58

121 Using a similar
proof technique as in
Theorem 4.2.1, it can be
proven that the problem
of finding the partition
B € & of maximum
size such that fg is
within-group calibrated
is NP-hard. Therefore,
in general, the
computational
complexity is not lower.

WITHIN-GROUP FAIRNESS IN AI-ASSISTED DECISION-MAKING

Definition 4.4.1 Given a set of groups Z, a classifier f is within-group
calibrated iff, for every z € Z and a € Range(f) such that Pr(Z = z|f(X) =
a) > 0, it holds that Pr(Y =1[f(X)=a,Z=2) = a.

As discussed previously, within-group calibration implies within-
group monotonicity. Then, to minimally modify a calibrated classifier
f so that it becomes within-group monotone, one may think of finding
the optimal partition B} = argmaxg_,|B| such that f3 is within-
group calibrated. In what follows, we will first show that, perhaps
surprisingly, finding B}, is computationally easier'** than finding B*.
However, we will further show that, in many cases, B}, may not exist
and, when it does exist, the size of B ; may be much smaller than the
size of B*, leading to less fine-grained predictions.

To find the optimal B ,, we proceed recursively. Let %, be the
set of contiguous partitions of the bin indices {1,...,7}, with r < n.
Then, iterating through r, we find the optimal partitions B:al,r =
argmaxg ¢ 5. |B| such that f@:al’r is within-group calibrated in Ui« X;.
In this case, the key idea of the recursion is that any partition B € %,
such that f¢ is within-group calibrated on U;<,X; needs to satisfy the
following necessary and sufficient condition:

Lemma 4.4.2 Given any B € %,, it holds that f¢ is within-calibrated
on Ui Xy if and only if 31 < 1 such that B\{{l,...,r}} € P11 and
fR\{{1,...r}} 18 within-group calibrated on Uiy 1 Xy and agy, 4. = Qg 1}
Vz € Z.

Proof We first prove the sufficient condition, i.e., we prove that, given
any B € 4., if it holds that fg is within-group calibrated on U;<,X;
then 3l < r such that B\{{L,...,r}} € 11 and fz\(q,.. )} is within-
group calibrated on Ui 1X; and agy,.. ). = ap,.. ) forall z € Z.
Let B’ = B\{{l,...,r}}. Since B covers {1,...,r}, then it holds that
B’ covers{1,...,1—1} and hence B’ € %;_1. Since B’ C B and 3 is
within-group calibrated on U;<,X;, then it holds that f3: is within-
group calibrated on Uj<1—1X;. Finally, since {l,...,r} € B, it also
holds that ary, v, = aq,. -

Next, we prove the necessary condition, i.e., given any B € %,
if 31 < 7 such that B\{l,...,7}} € %1 and fg\(, .+ is within-
group calibrated on Ui<1—1X; and agy,. . = aq,... ) Vz € Z then
fg is within-group calibrated on Uj<,X;. We need to show that, for
every A € B, it holds that a4, = a4. Let B’ = B\{{l,...,7}}. For
every z € Z, it holds by assumption that a4, = a4 VA € B’ and
aq,... vz = aq,..r}- As aresult, fg is within-group calibrated on
Uigrxi. |

As a consequence, we can efficiently find all partitions B in the subsets
Py such that fg is within-group calibrated iterating through r using
the partitions B’ in the subsets #; with 1 < r such that f3/ is within-
group calibrated. Finally, by construction, it clearly holds that if the
optimal partition B*, = B'U{{l,...,r}}, with B’ € %, is the

cal,r
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optimal partition in %, then B’ = B;ﬂ,l—] is the optimal partition in
1. As a result, at each step of the recursion, we only need to store
the optimal partition B, not all partitions B € %, such that f¢ is
within-group calibrated, and reuse it to find all B¥, with r’ > r.

Algorithm 7 summarizes the overall procedure, which has complex-
ity O(n? x |Z|) and is guaranteed to find the optimal partition B , if
such a partition exists, as formalized by the following theorem:

Theorem 4.4.3 Algorithm 7 returns B, = argmaxg  , |B| such that fg-
is within-group calibrated if such partition exists or () otherwise.

Proof To prove that Algorithm 7 returns the optimal B}, if a solution
exists, we just need to prove that, for every r € {1,...,n}, the partition
Bealr the algorithm finds is optimal, ie., B = Bl In what
follows, we prove this by induction. For the base case (r = 1), we
have that Bg,1 = {{a1}} iff, for all z € Z with p,|; > 0, it holds
that a; , = aj. This is clearly optimal since %; only contains {{aq}}.
Otherwise, it holds that B, 1 = 0.

As the induction hypothesis, assume that, for any v’ < r, the
partition By, the algorithm finds is either the optimal partition
or, if there is no solution, an empty partition. Moreover, let &, =
{ie{2,....v} a2 =0aq. . Vz€2Z}. Then, for v, we distin-
guish between two cases. If B,/ is empty for all v’ < r, we again
distinguish between two cases. If a;; .+ # ap1,.. +),2 Vz € Z, it means
that B, = {{1,...,7}} is the only partition in %, that is within-group
calibrated and thus it is optimal. Otherwise, we can conclude that
no partition B € %, is within-group calibrated and thus B, , = 0.
Now, if By, is not empty for some r’ < r, we need to show that
Bealr = Beakr—1 U{Ik*, ..., 1)}, with k* = argmaxy g |Bealk—1l, s
optimal.

To this end, we first show that fg_, is within-group calibrated on
Ui<rXi. Using the induction hypothesis and the fact that k* < r, we
have that B, 1«1 is the optimal partition in %y-_71. As a result, it
follows from Lemma 4.4.2 that fg_, = is within-group calibrated on
Uigr Xi.

Next, we show that B, » = argmaxg, , |B| among those partitions
B such that f3 is within-group calibrated. Using again Lemma 4.4.2,
we have that, for any B such that f¢ is within-group calibrated, it holds
that B = B'U{{k, ..., r}}, with B’ € %_;, forsome k € §,. As a result,
since |B| = |B’| + 1, it suffices to find B’ = argmaxg e, o s, |B"]
such that fg» is within-group calibrated. Now, by the induction hy-
pothesis, we know that, for each %y _1, Bi_ is the optimal partition.
Then, since k* = argmax, s, }Bcal,k,1 , we can conclude that B, , is
optimal. |

cal,r
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Unfortunately, there are many cases in which B*, does not exist, e.g.,
this will happen if f systematically undervalues the probability that in-
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Figure 4.2: The
probability pg), that
an individual from
group z may suffer
from  within-group
discrimination
against Pr(Z = z)
forn =15.

Figure 4.3: Panel (a)
shows the probability
pa that an individ-
ual may suffer from
within-group discrim-
ination and panel (b)
shows the probability
Pd|Dpoo that an in-
dividual suffers from
within-group discrim-
ination in a test pool
Dpool of size m, av-
eraged across all test
pools, against n =
[Range(f)|.

WITHIN-GROUP FAIRNESS IN AI-ASSISTED DECISION-MAKING

Citizenship status (Z) Race code (Z)
0.3 Born in Unincorporated US| 0.3 B American Indian or Alaska
=+ Not a US citizen Black or African American
- B Born abroad Asian, Native Hawaiian or other
N 0.2 I Born in the US 0.2 BN White
=
IS¥
0.1 0.1 = =+
0.0 - L 0.0 =
0.01 0.05 0.07 0.86 0.01 0.1 0.12 0.77
Pr(Z = 2) Pr(Z = 2)

~@— Citizenship status (Z) Race code (Z) —l— Gender (Z)

—%— Disability record (Z)

(@ pgvs. n

(b) Pa| Dy VS T

dividuals from a group are qualified, in comparison with individuals
from another group:

Proposition 4.4.4 Let Z = {z,z'}, p, |1 = 01 and a;, < ay . for all
i e {1,...,n}. Then, there exists no B € % such that {3 is within-group
calibrated.

Proof We prove by contradiction. Assume there exists a B € 4 such
that fg is within-group calibrated. Then, for every A € B, it must
hold that a4, = a4, = a4. Consider an arbitrary cell A € B. We
have that

_ 2jeaPiPzli%iz (i) 2jea PiPz 1%z
a‘A”Z - . - .

2 jena PPzl 2 jea PPzl

(2) 2 jeA PiPzr]5Q,20

2 jea PPz

= a4,z

where (i) follows from the fact that p,|; = p,/|; for all i € Range(f)
and (ii) follows from the fact that, by assumption, ai, < a; .’ for all
i e {1,...,n}. As an immediate consequence, we have that a4, <
ag < ag,.r, contradicting the within-group calibration property. W

In the above situation, f may actually be within-group monotone
and thus [B*| = n. Even if BY, exists, there are examples where
|B*| =B =n—T.

cal
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4.5 EXPERIMENTS USING SURVEY DATA

In this section, we create multiple instances of a simulated screen-
ing process using US Census survey data to first investigate how
frequently within-group discrimination’®* occurs and then compare
the partitions, as well as induced screening classifiers, provided by
Algorithms 5, 6 and 7."3

4.5.1 Experimental setup.
We use a dataset consisting of ~3.2 million individuals from the US
Census.™* Each individual is represented by sixteen features and one
label y € {0, 1} indicating whether the individual is employed (y = 1)
or not (y = 0). For our experiments, we think of employment as a
(imperfect) proxy of qualification. The features contain demographic
information such as age, marital status or gender [Din+21, Appendix
B4]. We run four sets of experiments where, in each of them, we use a
different feature (US citizen status, race, gender, or disability record)
to define the demographic groups of interest 2.1

For the experiments, we randomly split the dataset into two equally-
sized and disjoint subsets. We use the first subset for training and
calibration and the second subset for testing. More specifically, for
each experiment, we create the training and calibration sets Dy, and
Deal by picking 100,000 and 50,000 individuals at random (without
replacement) from the first subset. We use Dy to train a logistic
regression model f| g*2° and use D, to both (approximately) calibrate
f1 g using uniform mass binning (UMB),"*” i.e., discretize its outputs
to n calibrated quality scores, and estimate the relevant probabilities
Pi, ai, Pz|i and ai, needed by Algorithms 5, 6 and 7. The resulting
(approximately) calibrated classifier serves as our screening classifier f.
For testing, we create a set {@;001}22? of 100 pools, each with m = 100
individuals picked at random from the second subset, and create
(the smallest) shortlists with at least k qualified individuals using
the screening classifiers B s TB and fg:al induced by the partitions
found by Algorithms 5, 6 and 7, respectively. Here, since we find
that, in most experiments, no within-group calibrated classifier exists,
we allow fg+ to be within-group e-calibrated*®® within Algorithm 7
and use binary search to find the smallest € € (0,1) such that fa-
exists.” Throughout the experiments, we estimate the average and the
standard error of the reported quantities by repeating each experiment
100 times.

4.5.2 Results

Within-group discrimination occurs frequently between individuals
from minority groups, especially with fine-grained classifiers. We
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start by estimating the probability p4|, that an individual from a
demographic group of interest z € Z may suffer from within-group
discrimination, i.e.,

1
Pajz = Pr(Z=z) Z PiPz|iVi,
ie{l,...n}

where vi =1 [Elaj € Range(f)[a; < a; ANai, > aj,z]. Figure 4.2 sum-
marizes the results for a screening classifier f with n = 15 bins. We find
that individuals who belong to minority groups are much more likely
to suffer from within-group discrimination than those who belong
to a majority group. For example, the probability that an individual
who is not a US citizen may suffer from within-group discrimination
is pg |, > 0.3 while it is almost impossible that an individual born in
the US is within-group discriminated. Further, we investigate to what
extent the probability pq = ) ,cy P(Z = z)pq|, that an individual
may suffer from within-group discrimination depends on the number
of bins n of f.

Figure 4.4a shows that the more fine-grained a classifier is, the
higher the probability that an individual may suffer from within-group
discrimination, e.g., for n < 10, pg < 0.05 while, for n =40, pg > 0.12
across all sets of groups Z. Since the accuracy of a calibrated classifier

130“Improving ~ is related to how fine-grained its predictions are,’3° the above finding
Screening Processes via suggests that high accuracy may have a cost in terms of within-group
Calibrated Subset discrimination.
Selection” [W]G22];

Our results so far show that the probability that individuals may
suffer from within-group discrimination is significant. Next, we esti-
mate the probability pg D ool that, in a test pool Dy Of size m, an
individual does suffer from within-group discrimination, i.e.,

1
Pa| Do — Z V.,

where vy =1 [Ix’ € Dpool | Qi (z) < Ai(z) A Qiz),z > Qi(ar)z)- Figure 4.4b
shows that, on average across all test pools, the probability pq|»,,,
follows the same trend as pq4, however, it is slightly lower in value
because each of the test pools is not representative of the entire popu-
lation. However, note that, as m — oo, one can readily conclude that
Pd| Dy 7 Pd-

Algorithm 6 consistently provides larger partitions, which result
in more fine-grained classifiers and smaller shortlists, than Algo-
rithms 5 and 7. We experiment with several screening classifiers f
with a varying number of bins n and compare the size of the partitions
B provided by each of the algorithms, i.e., the number of bins of the
modified classifiers f¢. Figure 4.4 shows that the optimal partition B*
is always greater in size than the partitions B}; and Bpay. Moreover,
it also shows that, as n increases, the growth in the size of the parti-
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tions B* and By, ¢\ diminishes because the occurrence of within-group
discrimination increases, as shown in Figure 4.3.

Further, we use both the original classifier f and the modified
classifiers fg+, B oy and fp: to shortlist the minimum number of
individuals among those in each of the simulated test pools {3;001}
such that, in expectation, there are at least k qualified shortlisted indi-
viduals per pool. To this end, for each test pool and classifier, we sort
the candidates in decreasing order with respect to the corresponding
quality score and, starting from the first, we keep shortlisting individ-
uals in order until the sum of the quality scores reaches k [W]G22,
Appendix, A.3]. Figure 4.6 shows that the shortlists created using
fg+ are consistently smaller than those created using f5_,, and fz-
for k = 5. Moreover, it also shows that the price to pay for achieving
within-group monotonicity, i.e., the difference in size between the
shortlists created using f and fg-, is small. We found qualitatively
similar results for other k values.

We also take a closer look at all the quality score values a = Pr(Y =
1[f(X) = a) and group conditional score values a, = Pr(Y = 1[f(X) =
a, Z = z) of both the original classifier f and the modified classifiers
fg induced by the partitions B found by each of the algorithms.
Figures 4.5 summarize the results for one experiment with a classifier
f with n = 15, which reveal several interesting findings:

As expected, fz+ and f3,,, are within-group monotone and fg-« is
more fine-grained than fg pav? ie., |B*| > |Bpav|. However, the minimum
value of e such that fg;l exists is not always low enough for fg:al to be
within-group monotone. Moreover, we find that, for f, f3- and f3_,,
the difference among group conditional score values a, for a given
quality score values a is often significant. As a result, one should
be cautious about comparing candidates from different groups z and
instead utilize group-dependent decision thresholds'3' to implement
more equitable hiring practices such as the Rooney rule,’3> which
requires that, when hiring for a given position, at least one (or more)
candidate(s) from each minority group should be interviewed. In this
context, it is also worth noting that, while using f5: would mitigate
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Figure 4.4: Size of the
partitions Bpay, B*
and B}, returned by
Algorithms 5, 6 and 7,
respectively (higher is
better).

131 “Improving
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Calibrated Subset
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rule” [Colo7];
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Figure 4.5: Qual-
ity  score  values
a = P(Y =
1[f(X) = a) and
group  conditional
quality score values
a, = P(Y =
1f(X)=a,Z=2z2)
of the screening
classifier f and the
modified classifiers
prav, fgx, and
fg: induced by the
partitions found by
Algorithms 5, 6 and 7,
respectively. Groups
are defined based on
citizenship status. In
the first and last rows,
the hatched bars
indicate within-group
monotonicity  viola-
tions and, in the last
row, we report the
smallest € value such
that a within-group
e-calibrated classifier
f'Bc*al exists.
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such differences, our results show that this would reduce dramatically
the granularity of the predictions. We found qualitatively similar
results for different n values. Section 6 shows similar experimental
results when the group membership is defined by race code.

46 CHAPTER CONCLUSIONS

We have shown in this chapter that optimal screening policies using
calibrated classifiers may suffer from an understudied type of within-
group discrimination. Then, we have developed a polynomial time
algorithm based on dynamic programming to minimally modify any
given calibrated classifier so that it satisfies within-group monotonicity,
a natural monotonicity property that prevents the occurrence of within-
group discrimination. Finally, we have shown that within-group
monotonicity can be achieved at a small cost in terms of prediction
granularity and shortlist size.
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Figure 4.6: Size of the

shortlists created us-
ing the original clas-
sifier f and the mod-
ified classifiers fgpav,
fg*, and fﬂ:al in-
duced by the parti-
tions found by Algo-
rithms 5, 6, and 7, re-
spectively, for k = 5
(lower is better).






Part II1

CONCLUSION






DISCUSSION AND FUTURE WORK

This thesis contributed towards a deeper understanding of oppor-
tunities and risks in human-AI teams. The first goal was to design
learning algorithms and triage policies to address the problem of
supervised learning in human-AI teams. The single takeaway I would
like the readers to carry from this part of the thesis is the following:
To fully unlock the potential in human-Al teams, we need to shift focus from
model-centric optimization to team-aware learning.

I support this claim in Part i of this thesis through various theoretical
results and empirical studies. I believe that these studies have played
a significant role in shaping a better understanding and design of
human-AI hybrid systems and have inspired the line of work on
human-AI complementarity.

The second objective of my thesis was to bring attention to the fact
that integrating Al models into high-stakes decision-making processes
has to be done with caution. These consequential decisions can di-
rectly impact individuals—deciding who receives opportunities—and
reshape the distribution of demographic groups in society over time.
Importantly, an AI model that achieves a strong overall predictive
performance may still perform poorly on subgroups, and this is often-
times manifested more severely in minority groups. As a result, we
need to rigorously assess the group-conditional predictions of these
models, and ensure they are fair for different subgroups.

The main focus of the thesis in this regard has been on an understud-
ied type of group fairness, within-group fairness, which, when violated,
adversely affects qualified members of demographic groups. In simple
terms, within-group fairness is satisfied when a rough monotonicity
property holds on the predicted scores, conditional on group member-
ship. That is, for members of the same group, higher predicted scores
should indicate higher chances of being qualified.

Our empirical studies in Part ii in fact show that within-group
discrimination is not solely a theoretical construct, and exists in real-
world screening processes. Furthermore, it occurs more frequently
within minority groups and can prevent the best candidates belonging
to these groups from being selected, perpetuating historical biases.
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DISCUSSION AND FUTURE WORK

5.1 FUTURE WORK

There exist numerous promising avenues for future work on top of
the results of this thesis. Some aspects are discussed below:

Fairness in human-AI collaboration While we mainly focused on
predictive accuracy in human-Al collaboration, an equally interesting
and important aspect is to assess the fairness aspects in the decisions
resulting from this collaboration. Remember that the hope of human-
Al synergy is not only to amplify the respective strengths of human
or Al, but also to mitigate their respective biases and limitations,
for example, the statistical biases in AI models and cognitive biases
inherent to human judgments. While we have mainly explored the
tirst objective, a compelling avenue for future research is to explore
the extent to which these biases are truly mitigated, or conversely,
propagated in the final decisions.

Human error modeling We have mainly modeled human error us-
ing inter-annotator disagreement. It would be a natural next step
to explore alternative approaches. Importantly, a real-world deploy-
ment of such error modeling relies on datasets with multiple human
annotations per sample, which are scarce in practice. As a result, a
more general and data-efficient modeling of human error remains a
compelling direction for a more practical deployment.

Furthermore, since in practice, the spectrum of human abilities
spans a broad range, it would be worthwhile to develop algorithms
that, over time, adapt to the particular human(s) they are dealing with.

Additionally, we have assumed that the human annotations are
independent, however, there exist scenarios in which annotations
are correlated, e.g., when a single user sequentially reviews a set of
items in a session. It would be interesting to lift the independence
assumption and design algorithms that account for the correlation
between annotations.

Lastly, while our main message in the first part of the thesis is that

the best Al for teamwork is not the one that is optimized in isolation,
a symmetrical expectation can be placed on the human decision-
maker. Humans can also benefit from recognizing that they operate
in a collaborative framework, and understanding the limitations of
their Al counterpart. Studying what sort of strategies humans could
adopt towards a better overall team performance is an open research
direction.
Designing AI models that best aid humans In the first part of the
thesis, we have focused on Al models that can best support humans,
by taking over the part of the task that humans find most challenging.
In many real-world scenarios, human predictions are instead informed
by a predictive model. A natural next step, hence, would be to explore
how predictive models can best guide human decision makers in those
scenarios."33



5.1 FUTURE WORK

Extending within-group fairness to non-specified, possibly over-
lapping groups An intriguing avenue for future work is to design
classifiers that are within-group monotone with respect to any group
that can be identified from the population.’3* Such models would
ensure fair ranking beyond the usual demographic groups, and for
all their intersections and fine-grained combinations, safeguarding a
variety of subpopulations.

Balancing sharpness and within-group fairness In some scenarios, it
might be sufficient to control the probability that an individual may
experience within-group discrimination, rather than fully eliminating
it. Fully eliminating within-group unfairness requires a model to
adopt coarser (less sharp'3°) predictions, thereby adversely affecting
predictive accuracy. An interesting research direction is therefore to
optimize this trade-off between the predictive accuracy and within-
group fairness.
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ADDITIONAL INFORMATION FOR CHAPTER 3

1 ADDITIONAL INFORMATION FOR SECTION 3.2
1.1 Proof of Proposition 3.2.2

Proposition 3.2.2 The set function g(8), defined in Eq. 3.5, is monotone.

Proof Without loss of generality, assume b = 0. Then, we have:

g8UGN—g(8) = 3 Allw (MS)2 + (1 —yiw* (NS)T d(ay))-]

1EV\S
— Y Dt NSUEI + (1 —yiw (WS UG T @ () 4]
eV (8U{i}
=AVS|w* (WS)[*+ Y (1 —yiw* (V\S) T @ (1)) 4
1EV\S

—AS| =) [[w*(W\S)[2 = > (1 —ysw* (V\8) ®(21)) ¢

VA (8U{})
FANS =) [[w* (WS)2+ ) (T—yaw (V\S) D ()4

1eVA\(8U{j})

— A8 = 1) [[w* (V\(SU{)|1?
— ) (I =y (W\(SU{) ()¢
ieV\(su{j}
= Alw* (M\S)[|* + [T —yjw* (V\8) T ® ()] ¢
FANS| = 1) [w (WS) [P+ D (1 —yuw (V\8) D(m1))
1eV\(8U{j})
—AIV\S| = 1) [lw* (V\(S U N2
- Y (=g (WEU{) o)),

ieV\(8u{j})
(1)
> AJw* (V)| + (1 — yjw* (V\8)T @(5))4 >0,

where w*(V\§8) = argmin_ Ziev\S[AHsz + (1 —yw' ®(x;))4] and
the inequality (i) holds because

min ) Aw|?+ (1 —yiw (V\S) T (a))4]
1€V (8U{i})

= ) D MEUGIP+ (0 =y (WS U{[)) T (zi))+]

ieV\(sufi}h)

<D Mwr W82+ (T—yiw* (W\8) T ()4 ].
1eV\(8U{j})
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1.2 Proof of Theorem 3.2.3

Theorem 3.2.3 Let the following conditions hold:
©(a) = 2," = Voin/ IV, 0° = /¥, = (23 + max ]|} VA

Then, the submodularity ratio -y of the function g(8) (defined in Eq. 3.5)

satisfies that
e J et
A4 N T (m—2)?

Y=Yyt = 5
| 1 1T 4Vim—1)
LISy (RAEY iy —Nw
n+2<2+\/4+ ! +m=1)[V

as long as the number of samples outsourced to humans n < (p* — o*)[V|.

Proof First, we find a lower bound for g(8 U{j}) — g(8) for every j ¢ 8.
Starting from Eq. 3.4 with ®(x) = «, we have:

g(8U{j}) —g(8) = Alw*(M\8)||* + (1 —yj(w*(V\8) "a; + b*(8)))+
> AJw*(V\8)]|.

Then, to bound [|w*(V\8)||?, we resort to Lemma 1.2, which equips
us with the dual formulation of our problem, i.e.,

Zie\?\s xi (V\S)yizi

w(V\8) = AW\

and Y  ai(V\8)y; =0,
1EVA\S

and the following condition:
Yi(w* (V\8) Tz +b*(V\§)) <1 = ai(V\8) =1,

as well as to the fact that, due to the upper bound on [§|, V\§ contains
at least one positive and one negative point since [V\§| = [V|—[8] >
V| — (I[VF|—s*) = [V7|+s* and [V\8] > [V*|+ s*. More specifically,
we consider the following two cases:

— Case (a): There is at least one instance i™ € V\8 with y;+ = +1
and another instance i~ € V\§ with y;- = —1 that satisfy:

Yir (w*(V\8) @i +b*(V\8)) > 1

and
Yi- (w*(V\8) Txi- +b*(V\8)) > 1,
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respectively. Then, by adding these two inequalities, we have the
following bound:

w*(V\S)T(yi+wi+ +yr:1:if) > 2
4 1

— [lw*(V\8)|]* > > .
I I*> Tl — 2112 7 maxiey ||zi?

— Case (b): 1f case (a) does not happen, then it means that either all
negative samples or all positive samples are misclassified. Without
loss of generality, assume that all negative instances are missclassified.
Then, from the KKT conditions, we have that o;(V\8) = 1 for all
i€ (V\8) N'V~. Using this observation and the dual formulation of
the problem above, we have:

Y M8 = Y (WS =[(M\8)n V.

iE(VA\S)NVF iE(VA\S)NV—

Then, using the above equality, we can derive the following bound:

1
lo' M8l = g | 2 «WMSzi— ) (M)

ie(VAS)NV+ 1E(V\8)NV—
‘Zle wms)nv+ %V\S)xi 2 ic(vis)nv- %i(V\S)xi

27\|V\8| 16 (VAS)NV+ i (V\8) Zie(V\S)m?* oi (VA\S)
D> a(M\S)
1e(VAS)NV—
) 1
2AIV\S|

o

(

WV

Ay s vas)nv-| - IIVAS) NV
(ii)
P

2AIVAS|
(i) A*0™[V|
= WS

A*o*

2 T AN/

2\

A* - |(V\S) N V|

where

¢ the inequality (i) is due to the fact that

ZiG(V\S)mvi o (VAS)xy C o
ZiEV\SmVi i (V\S) 1/1(VA8)NV—|

and, by definition, it holds that |la* —a™| > Aq j(y\g)nv-| for
a* € CT ;
T/I(VA8)NV— |

¢ the inequality (ii) is due to [(V\8)NV~| > s* (Fact 4) which
results in A]/l(V\S)ﬂV*\ = A1/s* = A* (Fact 5); and,

¢ the equality (iii) is due to [8| < n < (p* — ¢*)[V| and Fact 5.
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Then, if we combine the bounds from both cases, we have that:

**2
9(SUL — g(8) > A" (W\8) 2 mm{m‘” i }

’ 2
4 maxiey [l

Second, we find a lower bound for g(8 U L) — ¢(8), with £L C V\S.
To this end, we can directly use (I) of Lemma 1.3 and obtain

(Zﬁ—FK)W
9(8U£)—g(8)<T
(zﬁ+|<)2|£| 1 \/1 AVI(T+ 25)
+ s+t
2\ 2 V4 2vAa+K)2L?
K
+IVI(1+ﬁ)

2
_ n 1 1 4m—=1)IV|
—nlcl+ el (2 +\/4 F g | =1,
where the equality follows from the definition of 1. Finally, if we

combine both lower bounds, we can bound the submodularity ratio
from below as follows:

. { [A*o*)? A }
. |£| min , 5
2jec 98U —g(S)] - 4N

maxiev ||

g8uUL)—g(8) 7 n? 1 1T 4m-=1V
e (24 LA DV
el Ll St gt g ) VI
min ao]? A
4N maxiey [z
2
n? (1, 1, 4Vin—1) vl
"ty <2+\/4+ wier )t

. {[A* o°] }
min ,

n2 /1 4V
n+2<2+\/4+ 7 1|\7|

1.3 Proof of Theorem 3.2.4

Theorem 3.2.4 Letn = (zﬁ + maxiey + /K(mi,a:i)> JVAY = diag({yhiev),
p* = Vmin/|v|/ and

minimize TYT]KYu.
/J'>O ZIEV+ pi=1, ZIGV ni=1
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If the kernel matrix is full rank, i.e., rank(IK) = |V|, then the submodularity
ratio 'y of the function g(8) satisfies that

rnin{cg*2 7] }
. AN T (n—2)2
vyt = ; (m—2) ,
R 1+\/1+4I\7I(n—1) +m—=1)[V]
2 \2 4 n2

as long as n < (p* — 0*)[V| for some o* € (0, p*].

Proof First, we find a lower bound for g(8 U{j}) — g(8) for every j ¢ 8.
Starting from Eq. 3.4, we have that:

g8 U{i}) = g(8) = Allw*(V\S)1* + (1 —y; (w* (V\8) T @ (a;) + b%(8))) +

> A
> AJw*(V\8)]|.

Then, to bound ||w*(V\8)||?, we resort to Lemma 1.2, which equips
us with the dual formulation of our problem, i.e.,

Zie\?\s oci(V\S)yi K(x, x1)
2AIV\S| !

> o(V\S)yi =0, and i (V\S) =0 Vi € S,
1EV\S

w*(V\S) ' ®(z) =

and the KKT conditions, i.e.,
Yi(w* (V\8) T @(z;) +b*(V\§)) <1 = o;(V\8) =1

as well as the fact that, due to the upper bound on [§], V\8 contains
at least one positive and one negative point since [V\8| = [V| — (8] >
V| — (IVT|—o*IV]) = V7| + o*|V] and [V\S| > |VT|+ o*|V]. More
specifically, we consider the following two cases:
— Case (a): There is at least one instance 1™ € V\8 with y;+ = +1
and an instance i~ € V\8 with y;- = —1, which satisfy y;+ (w*(V\8) T @ (x+) +
b*(V\8)) = 1 and yi- (w*(V\S) T @ (i) +b*(V\S)) > 1, respectively.
Then, by adding these two inequalities, we have the following bound:

w*(V\8) " (yi+ @ (xi+) +yi- @(xi-)) > 2
1

maxicy /K(zi, xi)

— Case (b): 1f case (1) does not happen, then it means that either all
negative samples or all positive samples are missclassified. Without
loss of generality, assume that all negative instances are missclassified.
Then, from the KKT conditions, we have that o;(V\8) = 1, fori €
(VA§) N'V~. Using this observation and the dual formulation of the
problem above, we have that:

Y a8 = ) (M) =[(MS)NVL.

ie(VAS)NV+ 1e(VAS)NV—

= [w"(N\S) =
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Then, using the above equality, we can derive the following bound:

(M\S)TY TKY a(V\8)
ANZV\S]2

2
_ pN\8)TY TKY pu(V\8) .
o 4N2|V\ 8|2 (16(\7%0\7 almAS))

lw* (W\8)]|? = <

(W8N V|2
T AN2IV\8)?
(1) CO'*2|V|2 CO'*Z
= P ,
IN2ZV\S2 T 4a2

o (V\S)
2icms)nv- i(V\S)

where u(V\8); = and the inequality (i) is due

to Fact 4.

Finally, if we combine both lower bounds, proceed similarly as in
the proof of Theorem 3.2.3 in Appendix 1.2, and apply Lemma 1.3, we
obtain the required lower bound on the submodularity ratioy. W

1.4 Hard Margin Linear SVMs

For hard margin linear SVMs, we can rewrite the minimization prob-
lem defined in Eq. 3.1 as follows:

minimize |V\8|A\|w||2+%[1—yih(a:i)]Jr

(1)

subject to |§|<n
yilw mi+b) =1 Vie s

For any given set §, let w*(V\8) and b*(V\8) be the parameters that
minimize the objective function above subject to the constraints. More-
over, note that these parameters can be found in polynomial time since
IV\S|A||w]||? is a convex function and yi(w x; +b) > 1is a convex
constraint. Then, we can rewrite the above minimization problem as a
set function maximization problem:

g(8)

maximize A [[V[w* (V)||2 = V\8[w" (V\$)|I*] = 3_[1 —yih(a)];
i€es

c(8)
(2)

subject to  [§] < n.

In the above, the constant term |V|||w* (V)||? ensures that the function
g(8) is non-negative, it readily follows from Proposition 3.2.2 that
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the function g(§8) is monotone, and the function c(8) is clearly non-
negative and modular.

Finally, the following proposition provides a lower bound on the
submodularity ratio of g(8):

Proposition 1.1 The set function g(8), defined in Eq. 2, is y-weakly sub-
modular withy > 1/[V|.

Proof From the second part of the proof in Proposition 3.2.2, for j ¢ &
we have:

g(8 UL} — g(8) = AJw*(V\8)]|%.
Furthermore, for any £ C V such that £ N8 = (), we have:
g(8UL) —g(8) = IV\S|Alw* (V\S)[|* — (IV\S| — L) Aw* (V\(8 U £)) |2
< [VASIAJw* (V\8)].

From above two equations, and using the definition of weak submod-
ularity we conclude the proof,

2 jec 98U —g(8)] S |L] - 1
g(8uUL)—g(3) VS| T VI

1.5 Soft Margin SVMs without Offset

For nonlinear soft margin SVMs without offset, we can rewrite the
minimization problem defined in Eq. 3.1 as follows:

. 5
m%li?bme e%\s [7\||'w|| + (1 —yiw " O(x;)) } _4_% [1—yih
i 1
¢(dw,b (Ti)Yi) ¢(h(zi),yqi)

subject to [§] <n
(3)

For any given set 8, let w*(V\§) be the parameter that minimizes the
objective function above, i.e., w*(V\8) = argmin , ;-\ Al|w]|? +
(1 —yjw ' ®(x)),]. Then, we can rewrite the above minimization

problem as a set function maximization problem:

g(8)

maximize a(V) = M\S|A[lw* (V\S)[|* — > [1—yiw*(V\8) T @ (a5
1EV\S

— Z“ —yih(xi)] 4

ies

c(8)

subjectto [§] <n
(4)

97



98

ADDITIONAL INFORMATION FOR CHAPTER 3

where the constant a(V) = |V|Al|w* (V)||? + 2 ievl] —yiw* (V) T @ (x;)]
ensures that the function g(8) is non-negative.

It readily follows from Proposition 3.2.2 that the function g(8) is
monotone, and the function c(8) is clearly non-negative and modular.
Moreover, if we define the distance A* similarly as in Section 3.2.1, we
can characterize the submodularity ratio of the function g(8) in terms
of the amount of overlap between feature vectors with positive and
negative labels, as measured by A*, using the following theorem:

Theorem 3.2.5 Ifn = (Zﬁ + maxicy /K(xi, xﬂ)/ﬁ, then for SVMs
without offset, (b = 0 in Eq. 3.3), the submodularity ratio of the function
g(8) is given by

. 1 2
vey =min{ ot 0/ e )

Proof Starting from Eq. 4, we have the following bound:

AMlw*(W8)]|Z + (1 —yjw*(V\8) T d ()

min A [w? + (1 —yyw " ®(a;)) ¢

g(8uU{j}) —g(8) >
>

(XZK(CC]',:IZ]')

WV

«€el0,1] 4N

A 1
;= Fact 6).
maXicvy K(il)i, mi) 2} ( ac )

> min{

Now, consider a set £ such that §N £ = (). To bound ¢g(8U L) — g(8),
we directly use (II) in Lemma 1.3, with k = max, /K(x, ), which
gives:

<2ﬁ+ K) L] (ZﬁJr K)zlﬂl n2
g(8UL)—g(8) < 7 + P\ =ﬂ|~5|+7|5|,

where the equality is obtained by plugging in the value of n. Finally,
we have:

. 1 1
2 jeclg(8U{ih) —g(8)] g |L|mm{(n—2)2’z}

(SUL)—g(8) = 2
J J niel+ T1e

. 1 1
- mm{(n—Z)z'Z}

- 2
n
N+

max o« — ————— (dual maximization problem)
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1.6 Lemmas and Facts

Lemma 1.2 Given the set 8, the dual of the optimization problem:
(i) For the soft margin linear SVM with offset is given by

1
imi T _ oG Us T T
maximize o 1py) 4}\|/\7\8|_§€v“10€]yly}$1 T; (5)
1)

subjectto 0< o<1, 1€V

o =0, 1ed
Z oy = 0. (6)
iev\s

Moreover, if a*(V\8) is the optimal solution of the above problem, we have
w*(V\8) = ¥ ey s ai(V\S)yiz1/2AV\S).

(ii) For soft margin linear SVM without offset is the same as above except the
absence of the equality constraint in Eq. 6.

(iii) For soft margin nonlinear SVM with offset is given by

1

max(z;mize aT1W‘ S| Z o oYy Ky, ) (7)
1jev
subjectto 0< oy <1, 1€V
a =0, iesd
D wyi=0, 8)
iEV\S

where 1v is a |V| dimensional vector with unit entries. Moreover, if o*(V\8)
is the optimal solution of the above problem, we have w*(V\S)(x) =
Zie\?\s o (VAS)yiK(z, 1) /2AV\S].

(iv) For the soft margin nonlinear SVM without offset, is same as the above
optimization problem except the absence of the equality constraint in Eq. 8.

(v) Finally, the dual variables and the positions of the corresponding training
instances, for 1 € V\S, relate in the following way:

Yi - Ay (mis)br(vi8) (1) > 1 = o (V\S) =0 9)
Vi Ay (v 8),b* (i 8) (1) <1 = a;(V\S) =1 (10)
Vi dyr(mis)pr(vis) (i) =1 = a;(V\S) < 1 (11)

Proof (i) The coefficients of different terms in the objective function
are different from traditional objective function. The proof is almost

identical to [CS5+00]. However, we provide the proof for completeness.

By introducing slack variables &;, the optimization problem of soft
linear SVM with offset is equivalent to:

. 2 ,
minimize  NV\Sl[lwl®+ 3 &
JEVAS
subjectto  yj(w x;+b) = 1—&;, jEWS
£ >0, j e M.

99
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Solving the above optimization problem is equivalent to solving its
dual problem. The Lagrange dual function g is the infimum of La-
grangian, so we have:

gla,B) = S)r%ré .E%\S (AHwH% + &5 — (yj(wTa:j +b)—1+&)— [5)'5)') ,
j

(12)

where § = [§jliev\s, @ = [aljev and B = [Bjljev. To find the above
minimum, we differentiate the Lagrangian w.r.t. the primal variables
to get

99 Y jevis YT

= =2AN\Slw— Y ajyjz; =0 = w*(V\8) =

dw _ 2A\S|
JEVAS
(13)
)
%:—Z ay; =0 = Z oy; =0 (14)
JEV\S JEVAS
)
aig:o:>o¢j+[5j:1 Wj € V\S. (15)
)

By putting these optimal values in Eq. 12, we have:

1
gla,B) = Z oc)-—W\SI Z Z oqocjyiyj:z:?a:)- (16)

JEV\S LEV\SJEV\S

where, since 3; > 0, according to Eq. 15 we have «; < 1. Then, the
dual optimization problem would be

. 1
maxbmlze . Z oy — m . Z . Z (XiO()'yiyj(L';rCCj (17)
JEV\S LEVAS jEV\S

subjectto 0< oy <1, 1€V\§

Y iy =0,

ieV\8
which is equivalent to

1

m iZ (Xi(XjUinK(CUi/ il?j)

JEV

maximize aT1|\7| —
(64

subjectto 0< oy <1, 1€V

oy =0, ied
Z aiyi =0
1EVA\S

Moreover, if a*(V\8) is the solution of the above optimization problem,
then we get the required expression of w*(V\8) using Eq. 13.

In case of (ii), the proof is similar to (i) except there is no presence
of the differentiation in Eq. 14. The cases (iii) and (iv) follow a similar
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proof technique. Finally, (v) follows from KKT conditions [CS+o00].
More in detail, since ot (yidy-(v\s)b(v\8) (i) — 1+ &) = 0 for all
i e V\S§, we have:

Yidy (vis)pr(ni8) (1) > T = & =0;

and, since &1 =0A g + B =1 for all i € V\S, we have:

>0 = oy =1 (18)

which means,
Yidew (m8)br(vis)(®i) <1 = oy =1 (19)
|

Lemma 1.3 (I) For the soft margin nonlinear SVM with offset, if at least
one training sample lies on the hyperplane, i.e., 3(x,y) € V\S such that
y(w*(V\8) T @ (z) + b*(V\8)) = 1, then for any L C V\S, we have that
g(8UL)—g(8) is less than

<2ﬁ+ |<> £ <2ﬁ+ K)2|L| (1 +\/1 INVIoms >

- >t/

+
VA 2A 47 (2VA+x)21LP
+ |V|bmax: (20)

where k = maxg /K(x, ) and bmax = 1+ k/VA.
(II) Given £ C V\S. Then, for the soft margin nonlinear SVM without
offset, we have:

2
g(8uL)—g(8) < (ZﬁJFK) < - <2ﬁ+K> |L|, (21)

VA 2A
where kK = maxg v/ K(x, x).

Remark Note that the assumption that one sample lies on the hyper-
plane is not restrictive. In general, there may be several optimal values
of the offset b(V\8). Therefore, even if a solution (w*(V\8),b*(V\S8))
does not satisfy such criteria (each point is strictly on one of the
sides of the hyperplane), using Lemma 1.4 we can shift b*(V\§) «
b*(V\8) + b’ to ensure this assumption, while incurring the same
optimal loss.

Proof We only prove (I), the result of (II) is readily given by setting
bmax = 0 in Eq. 20. Our proof leverages the technique from [BEoz].
We first define

Aw* = w*(V\(SU L)) — w*(V\S),
Ab* =b*(V\(S8U L)) —b*(V\S8),
eslack(h/y) = (1 -y h)—l—'

101
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Next we define 19 = (w,b) for any w and b and therefore, we can
denote

P (V\S) = (w*(V\S),b*(V\8))
A = (Aw*, Ab*).

Now, we define:

Rs() = ) loack(dwp (@), yi) = ) Loack(w T @ (x1) +b,ys).
1eVAS ieEV\S

Since {4,k is a convex function in ), so Rg is convex, and for t € [0, 1],
we have:

Rs (9*(V\8) + tAy™) — Rg (9" (V\S))

<t (Rs (¢ (V\(SUL))) —Rs (*(V\S))),

and,

Rs (9 (V\(SU L)) — tAp*) —Rs(¢*(V\(SU L))
<t (R (9 (V\8)) —Rs (9" (V\(SU L)))).

Adding the above two equations, we have:

Rs (9" (V\8) + tA%*) + Rs (* (V\(S U L)) — tAY*)
< Rs (9" (V\8)) +Rs (" (V\(SUL))). (22)

Moreover since ¥*(V\S8) = (w*(V\S), b*(V\8)) is the minimum of
AW\S| - [|wl|* + Rs ((w, b)), we have:

AV\S| [lw* (VAS)[|* + Rs (% (V\8))
SANS| - [[w* (V\S) + tAw*||* + Rs (3% (V\S) + tAp*),  (23)

and similarly:

AIVAS| = 1£1) [[w* (VS U £))[1% + Rsue (¥ (V\(S U £)))
<AV - [lw* (V\(S U £)) — tAw* || + Rsue (3" (V\(SU L)) — tAg™).
(24)

Adding Egs. 22, 23, 24, we have:

M| = 121) lle* (V8 U LI = [lw* (V\(8 U L)) — taw™|*)
+ AVS| ([ (M\S)|1? = [lw* (V\8) + taw*|*)
< (Reuc (" (V\(SU L)) — tAy") —Rs (¥ (V\(S U L)) —tAy"))
— (Rsuz (¥ (V\(SU L)) —Rs (¥* (V\(SUL))).
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Therefore,

A(IV\SI—ILI)(Hw*(\?\(Suﬁ))llz (M8 UL)) —tAw*uz>
+7\|V\S|<

(NS — ™ (V) + )
< (Reue (8" (M(5UL) — 1a97) — Rslp* (V\(5UL) — taw")
~ (Reue w5 ULN) ~Rslw*(MisUL)) )
— (200781 el (M(5U L) T A" A8 1) 4w )

+ < — 2AV\S|w* (V\S) " Aw* — A2 V\§] - ||Aw™*||? )
< =R (B (V\(SU L)) —tA™) + Ry (4™ (V\(SU L))

= Z <€s1ack(d¢*(\7\(8um) (1), Y1) — Lotack (daps (v (sU)) (@) — t- dag+(21), 1) )
icc

(25)

L 2\ [|Aww” | — 2A18] - w* (V\(S U £)) T Aww®
— 2ARS| — [£]) [|Aw* |2
<) <eslack(d¢*(\7\(SULJ)(mi)ryi) ~ Latack (dy (v (su0)) (#1) — t- dag- (1), yy) )
iel
< tILlldays (x1)]
B9 W8] - [Aw* |2 — 260L] - w* (V\(S U £)) T Aw*
— EA2V\S| - 1£]) Aw* |2
< HL|(|Aw* T D (@4)] + 2bmax)
G DA\ - [Aw* |2 — 26A1L] - w* (V\(S U £)) T Aw*
—2A(2IW\S| — |L]) [|Aw* |12
< L[k [[Aw* || + 2bmax)

% IAWAS] - [|Aw™ |2 — 2A18] - w* (V\(S U £)) T Aw* — tA(2W\8| — | £]) || Aw* |2
< |L|(K HAw*H +2bmax)

( ) * * *
= 2NV\S| - [[Aw* |2 — 2VAIL] - [[Aw* || — tA2IV\S| — 1 £]) [Aw*||?
< 1L1(k | Aw* || + 2bmax), (26)

where
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e (i) is due to:

2EA(IV\S] — [£))w* (V\(S U £)) T Aw™ — 2tAIV\8|w* (V\8) T Aw*
= 2AV\S| - (w* (V\(SU L)) — w*(V\S)) " Aw*
—2tAL] - wH*(V\(SU L)) T Aw*
= 2EAV\S| - [[Aw*||* — 2tAlL] - w* (V\(SU L)) T Aw*

and,

Lotack (dop= (v (su£)) (®1),Yi) — Letack (dap= (v (sUL)) (E1)
aeslack(y/p)

op (27)

—t-dayg:(xi),yi) < tldag: (x|

max

0 zslack (y P )

op ‘ = 1 for hinge loss;

with sup, ’

¢ (ii)is due to that |[day:(x)| = |Aw* T O (x) + Ab*| < |[Aw* T O (z)|+
2bmax, with bmax =1+ % (Fact 2);

e (iii) is due to that [Aw* T @ (x)| < ||Aw*|| /K(z, ) < k[|Aw*||
by Cauchy-Schwartz inequality;

* (iv) is due to canceling t > 0 from both sides of the inequality;
and,

o (v)isduetothatw*(V\(SU L))" Aw* < |w*(V\(SU L)) ||Aw*||
by Cauchy-Schwartz inequality and ||w™*(V\(8 U L))Hz < % by
Fact 1.

Eq. 26 is valid for all t € [0, 1]. Making t — 0, we have :

2AM\S| - [[Aw* || — (2VAIL] + KIL]) [[Aw* || < 2bmax

il

= ||Aw

] ((Zﬁmzﬂ/uﬁm%z

< .
T 2AN\] 2 1 +4W\Sbmx) (28)
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We slightly modify here the first part in the proof of Proposition 3.2.2
to note that

g(SUL) —g(8)
= 3 IMw (NS + Cack (dape (vrs) (1), Y1)

ieV\8
- Z I [w* (VNS U L)) 12 + Catack (dypr (v (s 1) (1), )]
1EV\(8UL)
= AV * 2
= AVSHw* (V\S)I* + D Lotack(dyr (vr8) (24, Y1)
iEV\8
— AIV\S| — I£]) [[w* (W\8)||* — Z Lotack (Ao (v\8) (Z1), Yi)
iEV\(SUL)
F VS| — |£]) [Jw* (V\S) > + Z Cotack (dop+ (v\8) (®1), Y1)
1EV\(8UL)
— A(V\S| = I£]) [[w* (V\(S U £))]|* — Z Cotack (dap= (v\ (suc)) (®1), Yi)
1EV\(8UL)
= NLI- [w* (V8?4 D Laack(dy (v\8)(®5), y5)
jeL
FAIVS] = 1£]) [[w* (W\8)[|* + Z Lotack (Ao (v\8) (Z1), Yi)
iEV\(SUL)
—AIV\S| = 1£]) lw* (V\(S U L)) |> — Z Cstack (Ao (v (suc)) (T1), Yi)-
1EV\(8UL)
(29)
Now we bound the first part of Eq. 29
LI w* (V)12 + Y Caack(dy (v\8) (®5), Y5)
jeL
(1) )
< LI+ ILI(T + k [[w* (VAS) || + brmax)
(it) 1
§ |£J| -+ |£,| (1 + Kﬁ + bmax>
1
= |L| (2 + K\ﬁ + bmax) ’ (30)

where

e inequality (i) is due to ||w*(\7\5)||2 < % and Lgjack (o (vi8) (), Y5) <
T+ [w*(V\8) T @ ()| 4 bmax < 1+ & [|w*(V\S)]| + bmax

e inequality (ii) is due to |w* (V\8)]|* < %
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Next, we bound the second part of Eq. 29 in the following.

ANSI= LD [lw* (WS)IZ+ D Letack(dyr (vy8) (@), i)
ieV\(SUL)

— (AIWV\S| — 1£]) [[w* (V\(S U L))]|?

+ Z Lotack (dope (v (suc)) (1), Y1)
i€V\ (SUL)

SAV\S| = L)) (w* (V\(S U L)) +w*(V\S)) T (w*(V\(SUL)) —w*(V\S))

+ Z (Cstack (g (v\8) (®1), Y1) — Lstack (Ao (v (sU2 ) (1), Y1)
ieV\(SUL)

(1)
< MM =1£]) [[Aw™[| [lw™ (V\(S U L)) + w™ (V\S)]|

oL ,
N Z sup, slacak(P y)
1EV\ (SUL) p

' “[d A= (x1)]

(i1)
< 2VA(IV\S| — &) [|Aw* || + (IV\S| — I£]) - (k [|Aw*|| + bmax)
= (IV\8| = I1£1) 2V A + k) |Aw™ || + (IV\S| = |£]) brmax, (31)

where,

¢ inequality (i) is because:

(w*(V\(S U L)) +w™ (V\S)) T (w*(V\(S U £)) —w* (V\S))
< JAw™ || [w™ (VNS U L)) + w* (V\S) |,

by Cauchy-Schwartz inequality and,

(Lstack (dap+ (v\8) (1), Y1) — Lstack (o= (v (sUL)) (T1), Y1)

aeslack(p/ y)

< sup, ap

-ldag (x1)],

by Lipschitz criterion;

e inequality (ii) is due to the fact that [[w* (V\(S U L)) + w*(V\8)|| <

|lw* (V\(SU L)) + [[w*(V\S)|| < % from Fact 1, the fact that

sup, |23 — 1 and |dag-(#)] < 18w T ()] + bmax <
K |[|Aw*|| + bmax from triangle inequality and Cauchy Schwartz

inequality, respectively.
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By adding Egs. 30 and 31 and then replacing ||Aw*| with its value
provided by Eq. 28 we have that g(§ U £) — g(8) is smaller than

(2—1— K\}) L]
LA el ) NP SN ((Zﬁ i L7 \/ (2v/A+ ke +4W\8bmx)

2AW\S] 2 4
+ [VA\S|bmax
A+K) 1L vas el (1 [T v Somm
< 7 + 7 3T 02" 2
A <2ﬁ+ K) |C]2
+ [VA\8|bmax

(Zﬁ—i- |<> L] <2ﬁ+ K>2|L| . (1 \/1 . ANV[D o )

< - S+l
VA 2A 2 2VA+K)2IER

+ |V|bmax
[ |

Lemma 1.4 For soft margin SVMs with offset, if no training instance lies
on the hyperplane, i.e., H(z,y) so that y(w*(V\8) T @ (z) + b*(V\8)) =
then one can compute a shift value b’ so that (w*(V\8), b*(V\S) + b’)
is also an optimal solution and it ensures that at least one instance (x,y)
satisfies y(w* (V\8) T @ (x) + b*(V\8) +b’) = 1.

Proof Since there is no training instance that satisfies y(w*(V\8) T @ (z) +
b*(V\8)) = 1, then for each instance either y(w*(V\8) T ®(x) +b*(V\S)) >
1 or y(w*(V\8) T @ (x) +b*(V\8)) < 1. First, we assume there exists

at least one (x,y3), such that y; (w*(V\8) T @ (z;) + b*(V\8)) > 1. Let

us define,

&= min {[1—yi(w (N8) @) +b* ()|}

i* e argm1n{‘1 —yi(w*(V\S) T @ (x;) +b*(\7\8))‘} .
1eV\8

If we shift b*(V\8) — b*(V\8) —yi+&, then we have:
T—yi(w*(V\8) T ®(zi) +b*(V\8)) <
= 1—yi(w* (V\8)  ®(x;) + b* (\7\8) —yi+&) <0.  (32)
T—yi(w*(V\8) T @(zi) + b*(V\8)) >
= 1—y1(w*(V\8)T®(w1)+b (V\8) —yi=&) 2 0. (33)
Now, we define
My = {i € WSIT—yi(w*(V\8) T d (i) +b*(V\S)) <0} (34)
My :={i € V\8|1 —yi(w*(V\8) " @ (i) + b*(V\S)) > 0} (35)
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Hence, we have:
3 1 —yi(w (V\8) Td(xq) +b*(V\8) —yi-£)]+
1EVA\S
= > [ —yi(w* (V\8) T ®(x:) + b*(V\8) —yi-E)] ¢

ieM,

+ ) 1 —yi(w*(V\8) "D (@) + b*(V\S) —yi-£)] ¢

ieMy

= (1 —yi(w*(V\8) T ®(z) + b*(V\8) — y-&))

ieMy
-t —yi(w*(V\sF@(azi)+b*(v\sn—[yi*a-( )y yi)
ieMy ieMy
ST (1 — g (w (W) T D () + b5 (W\8)), (36)
ieMy

where (i) is due to Egs. 32 and 33. To show (ii), we know from
Lemma 1.2 that ZieV\S i (M8)yi = 0; ai(V\S) = 0 for i € M,
; and o (V\8) = 1 for i € My. Since there is no (x,y) such that
y(w*(V\8)T®@(x) + b*(V\8)) = 1, then we have 2icvisy XiYi =

ZieV\s,Ui =0.
From Eq. 36 we can see that the loss function remains unchanged,

therefore (w*(V\8), b*(V\8) + b’) is also an optimal solution, where
b’ = —yi+&. Moreover, we have:

1—yir (w (V\8) T @ (@) + b*(V\8) — yi-&)
=T—yi+ (w" (V\8)@(xi+) + b*(V\8)) — £ =0,

which completes the proof. |

Claim 1 For kernel SVMs without offset, we have ¥ $ C V : ||w* (V\8)||* <
1/A.

Proof We have
AVAS| [[w* (V\8)[|?

SAVS|[w* (WS [2+ Y m(ep(@i),y0) SANSI-0+ Y m(0,y1)
1eEV\S 1eVA\S

=[\3|,

which proves the required result. |

Claim 2 For a nonlinear soft margin SVM with offsets, if there exists at least
one training instance, which satisfies y(w* (V\8)Td () +b*(V\8)) = 1,
then we have [b*(V\8)| < 1+ k/V/A, where k = maxg /K(z, ) > 0
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Proof Since y(w*(V\8) '@ (x) +b*(V\8)) = 1, then b*(V\§) = y —
w*(V\8) T @(x), and we have:

[b*(V\8) = [y —w*(V\8) " ® ()|
< T4+ w*(V\S)" @ (z)]

<1+ |fllgy VK(z, x) (Fact 3)
<T+k/VA  (Fact1). (37)

Claim 3 (Cauchy-Schwartz Inequality) [f(x)| < ||f| v/K(z, x).

Claim 4 If [8| < n < min{|VT|, [V~[} — s* for some s* €, then |(V\8) N
VE > s*,

Proof We have:

((V\S) N V™| = [V

=V [=18nV~|
2 V718
> V7= min{[V*|, [V [} + " > s". (38)

Claim 5 Given CF,_, Ay, are defined according to Egs. 3.7 and 3.8, then
5 1/s7 21/ g to kg

A]/s1 = A1/Sz ifS] > S).

Proof Since 1/s7 < 1/s5, then G?E/S] - G?E/Sz. Therefore, any two
. . + — . + — .

points in €7, and €, , also arein €7 . and €7, , respectively. As

a result, the minimum distance between two points in € T /s, and C} /ss

would be smaller.

11
Claim 6 If g(o0) = x —po?, then maXye[o,1] 9(x) > min {4p' 2}.

Proof Assume o* indicates the global maximum. Now,

dg(a)
do

=0 ifand only if ™ < 1,

x=0o*

and otherwise, «* = 1. Hence, if 1/2p < 1, then maxy¢(01] 9(x) =
1/4p. Otherwise, we have max,¢cjp179(x) =1—p > 1/2. |
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1.7 Additional Details for Experiments on Real Data

Dirichlet parameters x, . Given an instance (x,y) with grade q, the
values of x4 q depend only on q, which vary across different datasets.
More specifically, we set x, q for our datasets as follows:

* Messidor. It contains scores on a four-point scale. Hence, we

have:
Xea = [0.5,05,5,4] if q=3 (39)

e Stare: It contains scores on five point scale. Hence, we have:

3,3,2,1,1 if q=1
2,7,05,05,0.1] if q=2

Xaq =< [0.1,0.1,4,3,2] if q=3 (40)
1,2,3,3,1 if q=4
0.1,0.1,5,5,5 if q=5

¢ Aptos: It contains scores on five point scale. Hence, we have:

4,2,1,1,1 if q=1
4,1,1,05,05 if q=2

Xa,q = [0.1,0.1,5,4,4] if q=3 (41)
0.1,0.1,4,5,4] if q=4
0.1,0.1,4,4,5 if q=5

Choice of the additional model 7t For all three real datasets, we use a
logistic regression model for 7t, which is given as follows:

1
T+exp —wr - d(w* (V\8*) Tz + b*(V\8*))]

n(s|x) = (42)
where w, is the trainable parameter.

Implementation of Triage based on predicted errors We first train a
support vector machine for full automation, i.e., 8§ = (} as well as two
additional supervised models that predict the human error and the
machine error. Finally, we sort the test samples in decreasing order of
the difference between the predicted machine error and the predicted
human error and outsource top n samples to humans.

Following [Rag+19b],3° we train two multi-layer perceptron models—

one (&) for predicting human error and another (€,,) for predicting
machine error— on {(x, zi)}icvy where x, are the feature and z, are
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the binary labels. The binary labels z, are different for £y and &,
and are computed as follows.

For the human error model 1, we first sample four expert scores per
each sample (x,y) using the same strategy described in Section 3.2.3,
then split them into two evenly sized sets and, finally aggregate the
grades in each set into single binary labels by averaging and thresh-
olding using the same thresholding strategy described in Section 3.2.3.
We set z = 0 if these binary labels for two sets agree and z = 1 other-
wise. On the other hand, for machine error model &,,, we set z =0,
if, for the sample (x,y), the label predicted by the trained machine
agrees with the label predicted by human and z = 1 otherwise. Each
of & and &, consists of one hidden layer with 100 units with ReLU(-)
as the activation function for the hidden layer. Moreover, we use L,
regularization and optimize using stochastic gradient descent.

Computing infrastructure All experiments were implemented in
Python 2.7 and were carried out in 2.2 GHz Intel Core i7 processor
with 8 GB of RAM.

Average run-time of each result The average run-time of each iteration
of the distorted greedy algorithm is 6.91,1.26 and 10.79 seconds for
Messidor, Stare and Aptos datasets respectively. On the other hand,
the average run-time of each iteration of stochastic distorted greedy
algorithm has decreased to 0.98,0.3 and 0.97 seconds for Messidor,
Stare and Aptos datasets respectively.

2 ADDITIONAL INFORMATION FOR SECTION 3.3
2.1 Proof of Proposition 3.3.5

Proposition 3.3.5 Assume that V3t(me(z),y)< Al for all x € X and
y € Yand «U) < 1/A for all j > 0 for some constant A > 0. If, in each step
t, we find the parameters of the predictive model meg, using Eq. 3.21, with

(0) :
0, = 0¢_1, then, it holds that L(njnet,b,met) < L(ﬁfﬂetq,b’met—l ).

Proof Since n;et’b = argmin_ L(7, mg, ), we have that:

LT, 00 Moy) < Lty oMo, 43)
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Then, if S,Ei) is computed from 6,([1_” using Eq. 3.21, then we have
that [BBVo4, Eq. 9.17]:

I‘(T[Tnetq,b’meg]) < L(”;&,ti],bfmef*”)
. . i1 Al (1T 0112
+ VoL (M, Mg (00 61+ o — 0"
(a) *
= L(ﬂmetfwb'mef*”)
— (X(l_] )VGL(nTﬂ.et7] ,b’ mei(;i—]] )TVGL(TE:’LQt71 ,b’ megi_]))
oA . 2
+(o((1 1))2z ‘veuﬂmetq’meiii”)H
:L(“tnet,],b’meii’”)
. 1A ?
(i-1) (i=1))2 * i
() [t |
O -1 . 2
< I—(T[met71 ,br meii*”) - 2 Hve[-(ﬂmet—l’b’me‘([iil))H
<L(”tnet,],b'me§i*”)' (44)
where equality (a) follows from the fact that
oV gl — o1y, L(n* me) (45)
t t - 0 mo, ,,bs 10 o—o" " 45

and inequality (b) follows by assumption, i.e.,, «(\=A < 1.
Eq. 44 directly implies that

L(m ],b,met) < L(7%,

me,ﬁ met,wb/m

9&0) ) = L(T[:net71 ,br met,] )/
where the last equality follows by assumption, i.e., G,EO) = 0¢_1. This

result, together with Eq. 43, proves the proposition. |

2.2 Proof of Theorem 3.3.6

Theorem 3.3.6 Let {(-) be convex with respect to © and the output of the
SGD algorithm be 0 = argmin, L(Tc;‘ns b mg). Moreover, assume that
Aminl < V% (me(x),y) < Amaxll, with Amin > 0, and {(-) be H-Lipschitz,
ie, {(me(x),y) —Ll(me/(x),y) < H-||0—0’|. Then, we have that

AH2 A ax
< ———
AZ. (1—b)2

min

lim L(chnet,b,met) — L(7,. b Mo+) (3-22)

t—o0

Proof Let TTy, := {m € TT|[E, [t(x)] < b} and @ = L(n;“ne Mo, ) —
L(n;e*,b, mg-+). Then, note that, for all 7t € TTy,, we have that
Vo L(m,me) = Egy [(1—m(z)) Vi (me(x),y)]
— Amin(1—=b)I < VEL(7, M) < Amaxl  (46)
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Moreover, we also have that

(Dt+1 - L(T[ilgt+1,b’m9t+] ) - L(T[;kne*,b/ m@*)

()

< I—(T[Tne*,b/metjq ) - L(T[rne*,bl me*)
(ii) A .

< 5 8 — 07|17, (47)
ﬂeﬂb rrlet+] ,b
and (ii) follows from the Taylor series expansion of L(7y  ,mo)
around 0 = 0* and Eq. 46, i.e.,

where (i) follows from the fact that argmin L(t,me,,,) =

L(T[;Le*,brmetJr]) < L(T[:rl_e*,bl m@*)

+ VBL(T[*mg*,b/ mB)T‘e:e*(et+1 - 9*)

=0

A *
MO 19y, g — 02

+

Next, we have that

* @ * (] - b)/\min
L(ﬂmet,b’met) > L(nmet,b’metﬂ ) + f He’E+1 - etHZ

G (1—1)Ami
P L(Wmem,b/mem )+ % 18c41 — 041,

(48)
where (i) follows from the fact that 07 = argming L(7};, 0,7 mg), the
Taylor series expansion of L(Tc";ne b me) around 6 = 0+, 1, and Eq. 46,
ie.,

L(T[T.net/b, met) 2 L(T[:net/b’ TTIGH_1 )

+ VGL(”*met,brme)T‘ezem (0t —Oc41)

=0

Amin(1—D0b
+%H9t—9t+1“21

and (ii) follows from the fact that argmin L(rt,me, ;) =

*
el T[met+],b‘

Then, from Eq. 48, it readily follows that

(1-b)A

Oy — Dy 2 3 min 1041 —et”z- (49)

Now, combining Eq. 47 and Eq. 49, we have that

A
Dot < 0 81— 0711 < Amax |[0641 — 64| + |0, — 07

2/\max 4 Hz /\max

X (@ — D o cmax
(1—b)/\mm( ¢ t+‘)J’/\2 (1—1b)2

min

IN=

(50)
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where we have used Proposition 2.1 in (i). Finally, from Eq. 50, it
readily follows that

4H? Amax
lim @41 <
lngo t+1 Arznln“ _b)z
This concludes the proof. u

Proposition 2.1 Let £(-) be convex with respect to © and thus the output
of the SGD algorithm 0y = argmin, L(ﬂfneH ,Mg). Moreover, assume
that V% L(mo(x),y) = Amin, With Amin > 0, and {(-) be H-Lipschitz, i.e.,
L(me(x),y) —Ume:(x),y) < H-||0—0'||. Then, we have |0y —0*|| <

2H
Amin(]_b).
Proof We have that
Amin(1—1b) w2 M . »
% I8¢ —0%]|* < L(Thn,., 0 Mo, ) — L(Th,. b, o)

< H|6y—0%, (51)

where (i) follows from the Taylor series expansion of L(my,,. ., me)
around 0 = 0*. Then, from Eq. 51, it readily follows

2H

0 — 0| < ———
H ¢ H /\min(1 _b)

(52)

2.3 Additional Details About the Experiments on Real Data

In what follows, we provide additional details regarding the exper-
iments on real data. In our experiments, our method and all the
baselines use the hypothesis class of predictive models M(©) parame-
terized by softmax distributions, i.e.,

me () ~ Po.x = Multinomial <[exp (dDy,e(iB))]yey) '

where, for the nonlinearities ¢4, we use the following network archi-
tectures:

— Hatespeech dataset: we use the convolutional neural network
(CNN),'37 for text classification, which consists of 3 convolutional
layers with filter sizes {3, 4, 5}, respectively and with 300 neurons
per layer. Moreover, each layer is followed by a ReLU nonlinearity
and a max pooling layer.

— Galaxy Zoo: we use the deep residual network.'3® To this end,
we first downsample each RGB channel of each of the images to
size 224 x 224 and standardize its values.’3 The wide residual


https://pytorch.org/hub/pytorch_vision_resnet/
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network consists of 50 convolutional layers. The first layer is a
7 x 7 convolutional layer followed by a 3 x 3 max pooling layer.
The next 48 convolutional layers have filter sizes of 1 x 1 or 3 x 3
which are followed by an average pooling layer. The last layer
is a fully connected layer. Each convolution layer is followed by
ReLU nonlinearity.

In our method and all the baselines except surrogate-based triage,
we use the cross-entropy loss and implement SGD using Adam opti-
mizer'4° with initial learning rate set by cross validation independently
for each method and level of triage b. In surrogate-based triage, we
use the loss and optimization method used by the authors in their
public implementation. Moreover, we use early stopping with the
patience parameter e, = 10, i.e., we stop the training process if no
reduction of cross entropy loss is observed on the validation set for
10 consecutive epochs. Finally, to avoid that the cross entropy loss
£(9,y) becomes unbounded whenever an instance is assigned to a
human expert and all human experts predicted the same label for
that instance in our dataset, we do add/subtract an e value to the
estimated values of the conditional probabilities P(h|x).

115
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2.4 Additional Evaluation of the Approximate Triage Policy

Figure 1 shows the ratio of model and human losses for those test
samples predicted by the model and test samples predicted by the
humans, as dictated by the approximate triage policy 7, for different
values of the maximum level of triage b. We find several interesting
insights. We observe that the approximate triage policy 7, lets the
humans predict those samples whose ratio of model and human losses
is higher, as one could have expected.

Moreover, in the Hatespeech dataset, we find that the triage policy
lets humans predict (almost) all the samples whenever b =1 (b = 0.8),
i.e., the budget constraint in the optimization problem defined by
Eq. 3.1 is active. This suggests that the humans are more accurate than
the predictive model throughout the entire feature space. In contrast,
in the Galaxy zoo dataset, the triage policy does not rely on the human
predictions for all samples for b = 1. This suggests that the humans
are less accurate than the predictive model in some regions of the
feature space.
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3 PROOF OF THEOREM 4.2.1

Theorem 4.2.1 Given a calibrated classifier f, the problem of finding the
partition B of maximum size such that fg is within-group monotone is
NP-hard.

Proof We call a partition B € & valid if f3 is within-group monotone.
We first show that, by finding a valid partition B of maximum size,
we can decide whether there exists a valid partition B’ of size |B'| =2
Assume the valid partition B of maximum size has size |B| = m. Then,
if m > 2, we can conclude that such a partition exists using Lemma 3.1
and, if m < 2, no such partition exists because B is the valid partition
of maximum size. Now, since we prove in Lemma 3.2 that this decision
problem is NP-complete, we can directly conclude that the problem of
tfinding the valid partition of maximum size is NP-hard. |

Lemma 3.1 Assume the valid partition B of maximum size has size |B| =
Then for every k' € {1,...,k — 1}, there exist a valid partition B’ such that
|B’| =k’

Proof By Proposition 4.2.3, we have that any contiguous partition
B’ on {1,...,|B[} is monotone with respect to fg. Furthermore, due
to the same proposition, B’ is also monotone with respect to the
set {aﬂi,z}ie{] JBI} for all z € Z. Since B is valid, we have that

{a A'uz}ieﬂ |5} is increasing for all z € Z. As a result, B’ is a valid

.....

partition. Thus, for any k' € {1,. — 1}, we have that the contiguous
partition B’ = {fh,flz, e ,A|B‘_k,_1, Uje{O,...,k’}-AIB\—j} is valid and
|B’| = k’. This concludes the proof. [ |

Lemma 3.2 The problem of deciding whether there exists a valid partition
B such that |B| = 2 is NP-complete.

Proof First it is easy to see that, given a partition B, we can check

whether the partition is valid and has size |B| = 2 in polynomial time.

Therefore, the problem belongs to NP.

Now, to show the problem is NP-complete, we perform a reduction
from a variation of the classical partition problem'+', which we refer
to as the equal average partition problem. The equal average partition
problem seeks to decide whether a set of n positive integers 8§ =
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{s1,...,sn} can be partitioned into two subsets of equal average. In
Theorem 3.3, we prove that the equal average partition problem is
NP-complete, a result which may be of independent interest.'4

Without loss of generality, we assume s; € [0,1] for all s; € §,"3
and s; < sjif i <j. For every s; € §, we set aj,, = si, iz, = 1 —5i,
PL = 17, Pz i = % P11 = 1 — o for « € (0.5,0.75]. Note that we
will have that a; = asi + (1 — x)(1 —si) = 2ax—1)si + (1 — ) € [0, 1].
Note first that for any A € B

ap. — 25cAPiPz 1%z 2icAnYa  2jea Y (53)
Z1 T -
] ZjeA PjPzy 15 Z)’EA o Al

_ ZjeA(] —0jz,) _

—]— |A| —]—(1/1,7_2,
and

Yieala—1aj ., +1—«)
agq = )€ Al La (54)
. a;
= (zoc—nZ]E:“q'”‘M —x=(2a—1Nag., +1—o

Note that, whenever we have that a4 ,, < a4’ .,, it will also hold that
ag < agras2e—1>0.

Now, assume a valid partition B with |B| = 2 exists and B =
{A1,Az}. Without loss of generality, assume a4, ., < ag,.,. Since
B is a valid partition, we should have also that a4, ., < ax,.,,
furthermore,

AAy,z < AAyzy = - AAy,z >1- AAyzy = QA 2, = aA;,zy (55)

Since it simultaneously holds that a4, ., > a4,., and a4, ., <
a4,,z,, a valid partition B with |B| = 2 exists if and only if a4, ., =
ax,,z, and hence ag, ., = aa,.,. As ag,, is the average of s; for
j € Ay and ay, ,, is the average of s; for j € A, the partition B can
partition § into two subsets of equal average.

We now prove that if no valid partition B with |B| = 2 exists, there
is no way of partitioning 8 into two subsets of equal average. For
the sake of contradiction, assume 8 can be partitioned into §; and 8,
with equal averages k. Define A ={i|s; € 81} and A, = {jlsj € 82 }.
Now if we build an instance of our problem based on § as described
before and set B = {A1, Az} (clearly we have that B is a partition of
{1,...,n}) wehave that a4, ., = au,z, =K Qa,z, =04,., =1—K
(refer to Eq. 53) and a4, = a4, = (2a— 1)k + (1 — ) (refer to Eq. 54).
As a result, we have that B is a valid partition of size 2 which is a
contradiction. This concludes the proof. |

Theorem 3.3 Given a set of n positive integers, the problem of deciding
whether it can be partitioned into two non-empty subsets of equal average is
NP-complete.
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Proof First it is easy to see that, given two subsets, we can evaluate in
polynomial time their averages and check whether they are equal or
not. Therefore, the problem belongs to NP.

In the remainder of the proof, we will perform a reduction from
the equal cardinality partition problem, which is known to be NP-
complete, to the equal average partition problem. In the original
problem, we are given a set of n positive integers §, where n is an
even number. The objective is to decide whether there exist two subsets
81,82 C 8 such that U8 =8 and 81 N8y =0, with |S1| = |S2| and
2ies, L= Ljes, -

Now, we will transform an arbitrary instance of that problem into
an instance of the equal average partition problem. Let the set of
integers be 8’ = 8§ U{no, no}, where 0 = ) , ¢ k. It is easy to see that
the average of 8’ is equal to %

We will start by showing that, if we can decide positively about that
instance of the equal average partition problem, we can also decide
positively about the original instance of the equal cardinality partition
problem. Assume there exists a partition of 8’ into two sets 87, 85,
with equal averages. As an intermediate result, we will show that the
two copies of the number no cannot belong to the same set 8} or 85.
For the sake of contradiction, and without loss of generality, assume
that both copies belong to 8;.

. Zi or 1
In the case where 8] = {no,no}, it holds that ‘Sei,sf = no and
1
Zi rj . . .. . ce
| ; flz = %, which is a contradiction, since the two quantities cannot
2
be equal because of n > 2. In cases where 8 contains at least one more
‘ Yiesr i )
element, since 8} # (), we get that ISE?II = zgfj'(, with0 <k <o
Yiest
and 1<1<n—-1,and |]s€?|2 = 2=1. It follows that
2
1 o—K 2 jes, )
L TR g ey
n—1 n—1 85|

(%) Zjesgj - (2n+1)o N Zjeséj D xes' Kk
185 n+2 185 18/ 7

where (x) holds because n > 1. According to Lemma 3.4, the last
inequality leads to a contradiction. With that, we can conclude that
one copy of no belongs to 8§; and the other one belongs to 85.

Let 81, 82 be such that 8] ={no}US8; and 85 = {no}uU§,. We will
now show that 87 and 8, are a solution to the original instance of
the equal cardinality partition problem, i.e., [81] = (82| and } ;. g, 1=
2_jes, ). It is trivial to see that 81,8, have to be non-empty, otherwise
the averages of 8] and 8} would differ. Since 87, 8} are a partition of
8’ with equal averages and because of Lemma 3.4, we know that

no+3 s, MO+ 5e5,)  (2n+1)o

= = 6
1+184] 1418;] n+2 (56)
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For the sake of contradiction, assume that either |81] # [S2| or }_; s, 1 #*
2_jes, )- For brevity, we will focus only on the two following cases, as
any other case leads easily to a contradiction:

* |81] < |82] and Zie&i < Zjeszj: Since 87, 8, are such that
81 U8, = 3§, it holds that

Y j=) i<o

jesz 168]

= (2?13:]2)0“ +182l) —no— (2nj:12)0(] +181)) +no< o
2n+1)o

- (n+z)(52|—|51l) <o= (2n+1)(82—I81]) < (n+2)

*

(;)Zn—i—] <n+2=n<l,

where (x) follows from Equation 56, and (xx) holds because
I82] = [81] = 1. The last inequality is clearly a contradiction.

* IS1] > 182l and 3 jcg, 1> X jes, ) The proof is the symmetric
version of the proof in the previous case.

Therefore, we can conclude that §7 and 8, are a solution to the original
problem, i.e., they are a partition of 8§ with equal cardinality and equal
sums.

Lastly, we will show that, if there is no partition of 8’ with equal
averages, there can be no equal cardinality partition of 8§ with equal
sums. For the sake of contradiction, assume there exist 81, 8, with
811 = I82] and } ;e 1 = Z)'ESZ j. Then, let 8] = {no}US8; and
85 ={no}us,. Itis easy to see that

Ziesq i _ n0+21681 i _ no + Z)’eszj _ Ziesg i (57)
8171 1+(81] 1+(82] 851

which is a contradiction, since it means that 8] and 8} are a partition
of 8’ with equal averages.

Following the above procedure, we can decide whether the original
instance of the equal-cardinality problem has a solution or not. As a
consequence, the problem of deciding whether a set of positive integers
can be partitioned into two subsets of equal average is NP-complete. B

Lemma 3.4 A set of integers 8 can be partitioned into two non-empty sets

81, 82 with equal averages le;sl‘ - ngif), iff ngf" = Zﬁgfk, with
811 C I8].
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Proof First, assume there is such a partition of § into 87, 8, with
equal averages. It holds that

Ziesit_ 2wesk—2iesit g o D_i=il| ) k=) i

81l 18— 181 ies; kes  ies,

. "L k
:>|5|Zi=|81|Zkz>Zlesl :Zkes /

=ry kes 811 8]

where 81 C 8 because 8, # 0.

Now, assume there exists a set 87 C §, such that Zies T Fiesk

1811  — 18]
and let 8§, = 8\ 85. It is easy to see that
. . 181]
Zjesﬂ . Zkesk_zie& L ZkGSk*\T”ZkESk _ 2 xesk
S N S| —18 B BN 8
2] ST 181] 51— 5) 8]

and therefore, the sets 81, 8, consist a partition of § with equal aver-
ages. |

4 PROOF OF PROPOSITION 4.2.3

Proposition 4.2.3 Given a classifier f with Range(f) ={a1,..., an}, f3 is
monotone with respect to f iff B is a contiguous partition on {1,...,n}.

Proof We first prove the sufficient condition, i.e., we prove that, if fg
is monotone with respect to f, then B is a contiguous partition on
{1,...n}. The proof is by contradiction. Assume B is not a contiguous
partition, i.e., there exists x1,x2,x3 € X such that i(z1) < i(x;2) <
i(:l)g) and i(:lﬁ) ~B i(CB3) while i(:m) 7/3 i(:l)z). It Ali(z)] = Ali(zz)]”
then fg(xq) > fg(x2), however, since f(x1) < f(x,), this leads to a
contradiction with the monotonicity assumption. On the other hand,
if Ali(zq)] < Ali(zy)) then fg(wg) < fg(wz) since 1(.’131) ~B 1(:133) and
thus afi(4,) < Qji(e,)), however, this leads again to a contradiction
with the monotonicity assumption. This proves that B must be a
contiguous partition.

Next, we prove the necessary condition, i.e., we prove that, if B is a
contiguous partition on {1, ...n}, then f3 is monotone with respect to
f. For any «1,x, € X such that f(z1) < f(x2), we have that:

2 teli(m)) MPL
Zle[i(m )1 Pt
2_1eli(ay)] Q1P

< = Qi(ay)) = 3 (@2),
2 telife)) PL e

fa(T1) = Afi(z))]

where the inequality is due to Lemma 4.1 below and the fact that the
weighted average of a set of numbers is lower and upper bounded by
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the smallest and largest element of the set respectively. u

Lemma 4.1 Let f be a classifier with Range(f) = {ay,...,an}, B be a
contiguous partition on {1,...,n}and x1,x2 € X. If i(x1) < i(x2) and
i(x1) 5 i(x2), then, for every k € [i(x1)] and k' € [i(x2)], it holds that
k <k’

Proof To prove the lemma, we just need to prove that the largest index
in [i(x1)] is smaller than the smallest index in [i(x;)]. The proof is by
contradiction. Let | = max{k |k € [i(x7)]} and s = min{k |k € [i(x2)]}
and assume that | > s. Then, it cannot simultaneously hold that
i(x1) =land i(x,) = s since we have that i(x1) < i(x2). Assume first
that i(x1) # 1, and take x3, x4 € X such that i(x3) = s and i(x4) = L.
If i(x3) < i(x1), then it holds that i(x3) < i(x71) < i(x2), however,
since i(x>) ~5 i(x3) and i(x1) ¥ i(x2), this leads to a contradiction
with the assumption that B is contiguous. If i(x3) > i(x1), then it
holds that i(x7) < i(x3) < i(x4), however, since i(x1) ~¢ i(x4) while
i(x3) 8 i(x4), this also leads to a contradiction with the assumption
that B is contiguous. If one assumes instead that i(z1) =1, a similar
reasoning using i(x,) and i(x4) leads to a contradiction too. This
completes the proof. [ |

5 PROOF OF LEMMA 4.3.4

Lemma 4.3.4 Given any B € %,, it holds that B € %, if and only if
Jk < 1 such that B \{{l, .. .,T‘}} S %k,l—1 and Ark,... 1—1}z < a,... v,z
Vz € Z.

Proof We first prove the sufficient condition, i.e., we prove, for any
B € %, Tk <lsuchthat B\{{l,...,7} € Z1-1and a1}, <
ag,.. .+ ¥z € Z. Let B’ = B\{{l,...,7}}. To this end, we start by
proving by contradiction that 3k < 1 such that B’ € %y ;. Since the
partition B covers {1, ..., 1}, we have that the last cell of B’ contains bin
1—1. Assume B’ ¢ UL_! %y 1_1. Then, there must exist A, A’ € B’
and z € Z such that ag < ay’ and a4, > ag,. However, since
B’ C B, it also holds that A, A’ € B and fg cannot be within-group
monotone on Uj<,Xj, leading to a contradiction. Therefore, it must
hold that B’ € U};H Pr.1—1. Now, to prove that, if B’ € U};H B 11
and B € %, then it must hold that ap . 11y, < aq,.. 12 Vz € Z,
we resort to Lemma 5.1.

We next prove the necessary condition, i.e., we prove that, given any
B € %, if Ik < lsuch that B\{{l,..., 7} € By 1and ap,. 1132 <
ap,.. v,z vz € Z then B € %,. Let B' = B\{{l,...,r}}. Since
B’ € $y,1—1, we know that no violations of within-group monotonic-
ity occurs on Uij<1—1Xi. Now, we prove that there are no violations
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of within-group monotonicity between {1, ..., r} and any A € B’. By
assumption, we know that there are not violations of within-group
monotonicity between {l,...,r} and {k,...,1 —1}. Then, we prove by
contradiction that there are not violations between {l,...,r} and any
A e B'\{{k,...,1—1}}. For any A € B'\{{k,...,1—1}}, it follows
from Proposition 4.2.3 that ag < ap,.. -1y and ag < ag,.. . Now,
assume there exists A € B’ \{{k,...,1—1}}, z € Z such that a4, >
ag,... ),z Since, by assumption, we have that ap 111, < aq,.. 1)z
it should hold that ag 11}, < a4, which contradicts with the
assumption that B’ € %) 11, leading to a contradiction. This proves
that B € % .. |

Lemma 5.1 Let B =B'U{l,...,7}} € By, and B’ € By 11 withk < L.
Then, it must hold that ap, 11}, < aq,.. v,z VZ € Z.

Proof Since B’ € %y 11, we know that {k,...,1— 1} € B’. Moreover,
it follows from Proposition 4.2.3 that fg is monotone with respect to f
and hence, since k < l and k 5 |, we have that ap 11} < ap,.._ -
Further, since B € By ,, we have that, for every A, A’ € B such that
aq < ayr, itholds that ay . < ag, for all z € Z. Thus, it also holds
that age 11y, < aq,. n.forallz e Z.

[ |

6 SCREENING CLASSIFIERS INDUCED BY ALGORITHMS 5, 6 AND
7 FOR GROUPS DEFINED BY RACE CODE

Figure 2 shows the quality score values a = Pr(Y = 1|f(X) = a) and
group conditional score values a, = Pr(Y = 1[f(X) = a,Z = z) of
both the original classifier f and the modified classifiers f3 induced
by the partitions B found by Algorithms 5, 6 and 7, when the group
membership is defined by race code. We restate the insights mentioned
in Section 4.5.2 for completeness.
As expected, f3+ and f3,,, are within-group monotone and fg- is
more fine-grained than fg pav? ie., |B*| > |Bpav|. However, the minimum
value of e such that fg:al exists is not always low enough for fg;l to be
within-group monotone. Moreover, we find that, for f, f3- and f3_,,
the difference among group conditional score values a, for a given
quality score values a is often significant. As a result, one should
be cautious about comparing candidates from different groups z and
instead utilize group-dependent decision thresholds'# to implement 144 Improving
more equitable hiring practices such as the Rooney rule,4> which g;’lf;’;’égfggjf“ via
requires that, when hiring for a given position, at least one (or more) Selection” [W]G22];
candidate(s) from each minority group should be interviewed. In this 145 4 Tuckding

context, it is also worth noting that, while using fg- would mitigate unconscious bias in
cal hiring practices: The
plight of the Rooney
rule” [Colo7];
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Figure 2: Qual-
ity  score  values
a = P(Y =
1[f(X) = a) and
group  conditional
quality score values
a, = P(Y =
1f(X)=a,Z=2z2)
of the screening
classifier f and the
modified classifiers
prav, fgx, and

fg: induced by the
partitions found by
Algorithms 5, 6 and 7,
respectively. Groups
are defined based
on race code. In the
first and last rows,
the hatched Dbars
indicate within-group
monotonicity  viola-
tions and, in the last
row, we report the
smallest € value such
that a within-group
e-calibrated classifier
fg:al exists.
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such differences, our results show that this would reduce dramatically
the granularity of the predictions. We found qualitatively similar
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results for different n values.

7 ADDITIONAL EXPERIMENTS ON WITHIN-GROUP
€-CALIBRATION

In this section, we investigate how the smallest € such that a within-
group e-calibrated classifier f5- exists varies against the number of
bins n of the screening classifier f. Figure 3 shows that, for each set
of groups Z, € remains relatively constant with respect to n, however,
the greater the difference across group conditional quality scores
a, = P(Y = 1[f(X) = a,Z = z), the greater the value of e that is
needed to obtain a within-group e-calibrated classifier, as one may

have perhaps expected.
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Figure 6: Qual-
ity score  values
a = P(Y =
1/f(X) = a) and
group  conditional
quality score values

a, = P(Y =
11f(X)=a,Z=2z2)
of the screening

classifier f and the
modified classifiers
fﬁpav , fg* , and
fgx ~ induced by
the partitions found
by Algorithms 5, 6
and 7, respectively.
Groups are defined
by gender. In the first
row, the hatched bars
indicate within-group
monotonicity  viola-
tions and, in the last
row, we report the
smallest € value such
that a within-group
e-calibrated classifier
fg:al exists.



130 ADDITIONAL INFORMATION FOR CHAPTER 4

I With a disability I Without a disability

Figure 7:  Qual- ,Nt 075
ity score values e
a = Py = = 050
1/f(X) = a) and ?
group  conditional 5 0,25 | ‘ h ‘ ‘
quality score values bl | |
a; = P(Y = N ||
11f(X)=a,Z=2z) 0.0 0.02 0.04 0.11 023 0.34 041 001|;59 068 0.71 0.76 0.79 081 087
of the screening B
classifier f and the S
modified classifiers —20.75
fgpav’ fg*, and 5’/
faz induced by L0050
the partitions found T
by Algorithms 5, 6 >~ 0.25
and 7, respectively. z Ll |I | ‘
Groups are defined 00 002 004 011 023 034 041 05 009 068 0.71 0.76 079 084
by disability record. = 1| fp(X
In the first row, the .
hatched bars indicate N
within-group mono- 075
tonicity  violations 3
and, in the last =050
row, we report the T
smallest € value such >~ 0.25
that a within-group & o n |I | ‘
e-calibrated classifier 00 002 004 011 023 034 041 05 059 0.68 071 076 0.82
fps exists. =1|/5,.(X
N €=022
5075
&0.50
—
Il
i
& . a1l || |

0.0 0.02 004 011 023 034 041 Oo 063 0.71 076 079 0.84
Pr(Y = 1|, (X))



	Summary
	Acknowledgements
	Contents
	List of Figures
	List of Algorithms
	Acronyms
	Introduction
	Human-AI Collaboration
	AI-Assisted Decision-Making
	Thesis Structure and Contributions
	Publications
	Open-Source Contributions

	Background
	Submodularity
	Calibration
	Related Work
	Human-AI Collaboration
	Fairness in AI-Assisted Decision-Making


	Human-AI Collaboration
	Supervised Learning in Human-AI Teams
	Problem Formulation
	Margin-based Classification in Human-AI Teams
	Algorithms with Approximation Guarantees for SVMs
	Experiments on Synthetic Data
	Experiments on Real Data
	Section Conclusions

	Differentiable Learning in Human-AI Teams
	On the Interplay Between Prediction Accuracy and Triage
	How To Learn Under Triage
	Experiments on Synthetic Data
	Experiments on Real Data
	Section Conclusions



	AI-Assisted Decision-Making
	Within-Group Fairness in AI-Assisted Decision-Making
	Screening, Calibration, and Within-Group Discrimination
	A Set Partitioning Post-Processing Framework
	Optimal Set Partitioning via Dynamic Programming
	Pool Adjacent Violators (PAV) Algorithm
	An Optimal Dynamic Programming Algorithm

	Within-Group Monotonicity vs Within-Group Calibration
	Experiments Using Survey Data
	Experimental setup.
	Results

	Chapter Conclusions


	Conclusion
	Discussion and Future Work
	Future Work

	Bibliography
	Curriculum Vitae

	Appendix
	Additional Information for Chapter 3
	Additional Information for Section 3.2
	Proof of Proposition 3.2.2
	Proof of Theorem 3.2.3
	Proof of Theorem 3.2.4
	Hard Margin Linear SVMs
	Soft Margin SVMs without Offset
	Lemmas and Facts
	Additional Details for Experiments on Real Data

	Additional Information for Section 3.3
	Proof of Proposition 3.3.5
	Proof of Theorem 3.3.6
	Additional Details About the Experiments on Real Data
	Additional Evaluation of the Approximate Triage Policy


	Additional Information for Chapter 4
	Proof of Theorem 4.2.1
	Proof of Proposition 4.2.3
	Proof of Lemma 4.3.4
	Screening Classifiers Induced by Algorithms 5, 6 and 7 for Groups Defined by Race Code
	Additional Experiments On Within-Group -Calibration
	Experimental Results for Other Groups Z



