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Abstract

The Symphony of Alignment: Ensuring Fairness and Mitigating Bias in

Foundation Models
by
Jialu Wang

Foundation models are poised to revolutionize decision-making across various domains,
but their reliance on historical data can perpetuate and amplify existing biases. This
risk of reinforcing societal stereotypes through biased outputs underscores the critical
need to evaluate and mitigate biases in these models to ensure their responsible and
ethical use. In this dissertation, we delve into three critical challenges in ensuring fair-
ness and mitigating bias in foundation models and Al systems. It comprises three main
contributions: (1) An exploration of fair learning under uncertainty, particularly when
sensitive attributes are corrupted. The research proposes noise-resistant fair Empirical
Risk Minimization approaches and a novel method for detecting groups with higher
noise levels in labels. (2) An investigation into fairness and bias in multimodal appli-
cations of foundation models, including image search, multilingual text retrieval, and
text-to-image generation. The study develops new intervention methods for mitigating
gender bias in image search, reveals intrinsic trade-offs in multilingual fairness, and
introduces association test in text-to-image generations. (3) The development of fair-
ness influence functions to quantify the impact of individual data examples on model

XV



fairness. This approach offers insights into machine unlearning, with efficient approxi-
mation techniques for large-scale applications. Ultimately, the thesis strives to advance
the understanding of fairness in foundation models through the development of both

theoretical frameworks and practical evaluations for responsible Al.
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Chapter 1

Introduction

1.1 Motivation

Foundation models, also known as large Al models, are pre-trained on vast
amount of data and empower a wide range of applications. These large-scale artificial
intelligence models are poised to revolutionize digital decision-making process across
various domains, including recommender systems, credit scoring, and medical treat-
ments. The effectiveness of foundation models stems from their analysis of historical
data. However, this reliance on past information can be problematic when the training
data contains biases or errors. In such cases, the models may inadvertently perpetuate
and amplify these flaws, raising concerns about fairness and ethics. For example, when
interacting with large language models, users may receive responses that reflect societal

stereotypes related to gender, race, religion, and other sensitive topics. The dissemina-



tion of such biased information risks reinforcing these stereotypes in human’s minds. In
consequence, it is crucial to evaluate and mitigate such biases to ensure the responsible
usage of foundation models.

Despite recent advances in related areas, the field of machine learning still faces

numerous challenges on multiple fronts.

Ensuring Fairness in an Uncertain World. Many current machine learning meth-
ods assume that historical data is clean and accurate. However, in reality, model de-
velopers often only have access to biased datasets. It is therefore crucial to develop

techniques that can mitigate biases stemming from unreliable or uninformative labels.

Bridging the Gap to Multi-Modal Foundation Models. Algorithmic fairness
has been conceptualized and evaluated primarily in the context of classification tasks.
However, with rapid development of Al models, this narrow focus is becoming increas-
ingly inadequate. Modern foundation models, which serve as the basis for numerous Al
applications, are trained on and capable of processing a diverse array of data modalities,
including but not limited to text, images, audio, and video. This multi-modal nature of
contemporary Al systems presents new challenges in ensuring and evaluating fairness

across a broad spectrum of downstream applications.

Lacking the Interpretation from a Data-Centric Viewpoint. While recent ma-

chine learning literature has produced numerous in-processing methods for bias mitiga-



tion in Al systems, a critical gap remains in our understanding of these interventions
from a data-centric perspective. The application of these techniques without a compre-
hensive grasp of how biased data samples influence model behavior can yield unreliable
or even counterproductive results. This challenge is exacerbated by the emergence of
foundation models, which introduce unprecedented complexities to the fairness land-
scape. These large-scale models pose a significant risk of memorizing training examples
verbatim, including those tainted with biases. More alarmingly, due to their immense
scale and training methodologies, foundation models may not merely reflect existing
biases but potentially amplify them, creating a magnified echo chamber of unfairness.
This underscores the urgent need for a deeper, data-centric approach to understanding
and mitigating bias in Al systems, particularly navigating the specific corrupted data

instances.

1.2 Overview of Results

This thesis aims to address the aforementioned challenges as follows:

In Chapter 2, we explore the challenge of fair learning in scenarios with im-
perfect information, specifically focusing on cases where sensitive attributes may be
corrupted. In realistic applications, such as criminal justice and evaluating loan applica-
tions, labels are often contaminated by human biases against a certain protected group.

Our research reveals, through both theoretical analysis and empirical evidence, that



blindly enforcing parity constraints without considering noisy labels can be detrimen-
tal. These findings underscore the critical importance of accounting for noise and bias
when performing Empirical Risk Minimization (ERM) subject to fairness constraints.
To address these issues, we developed two noise-resistant fair ERM approaches. The
core concept involves constructing unbiased estimators for both loss functions and fair-
ness constraints. Additionally, we prototype a method that strategically increases noise
levels to balance disparities and further mitigate biases. We propose a novel detection
method that identifies groups of labels likely to suffer from higher noise levels without
relying on ground truth information. Our experimental results demonstrate that the
aforementioned harms can indeed manifest in practice when using real datasets. The
insights forewarn decision-makers that improperly mitigating unfairness might do harm
on the clean groups. Our two fairness-aware solutions are an important step toward
addressing this problem.

Chapter 3 explores fairness and bias in three key applications of foundation
models: image search, multilingual text retrieval, and text-to-image generation. Our
research aims to establish a unified framework for evaluating fairness and bias across
both image and text modalities, extending traditional fairness criteria beyond their orig-
inal classification context into these modern, multimodal domains. In addressing image
search, we introduce two novel intervention methods: an in-processing approach and
a post-processing technique, both designed to mitigate biases in search results. These
methods demonstrate practical strategies for enhancing fairness in visual information

4



retrieval systems. Our investigation into multilingual text retrieval reveals a fundamen-
tal tension in fairness objectives. We demonstrate the impossibility of simultaneously
achieving both individual fairness and group fairness in this context, highlighting the
complex trade-offs inherent in multilingual AI systems. For text-to-image generation,
our research focuses on state-of-the-art diffusion models. We provide evidence of bias
amplification in these models, illustrating how existing biases can be exacerbated in
the process of generating images from textual descriptions. This chapter represents
a significant step towards understanding and addressing fairness issues in multimodal
AT applications. Our findings not only shed light on the challenges of ensuring fair-
ness across different modalities but also offer insights into potential solutions and areas
requiring further research in the rapidly evolving field of multimodal Al

Chapter 4 delves into the application of influence functions as a means to quan-
tify the impact of individual data examples on model fairness. Our result introduces a
novel family of fairness influence functions, designed to measure the change in fairness
metrics when a specific training example is counterfactually removed from the training
data. Influence function allows for a granular understanding of each data point’s con-
tribution to the overall fairness of the model. As the direct application, we show that
such influence function can be used in coreset selection, noise detection, and machine
unlearning. To address the computational complexity of influence functions, we develop
efficient approximation techniques, making the approach feasible for large-scale datasets

and complex foundation models. Recognizing that direct access to model parameters



is not always possible, we propose methods to estimate fairness influence functions in

scenarios where only model predictions are available.



Chapter 2

Fair Classification with Imperfect

Information

2.1 Motivation

Machine learning classifiers can perpetuate and amplify existing systemic in-
justices in society. Notable examples include discrepancies in allocation of medical care
to patients on the basis of race [OPVM19] and significant disparities in predicting recidi-
vism rates for African-American defendants [ALMK16a, Chol7a], and more [VBCI1S,
PF16, BG18al]. A number of techniques have been developed in order to mitigate
bias in machine learning classifiers [ZVRG17, FFM*15a, HPS16a, ABD*18a, MW18,
CHKV19]. Typically, these methods consider populations with groups corresponding to

a set of protected sensitive attributes, such as race or gender. The classifier is then re-



quired to exhibit similar behavior across all groups [ZVRG17, HPS16a, Chol7a, KC09].
This can be done by imposing equality of true positive rate or true negative rate condi-
tioned on group membership. These are called “fairness,” or parity constraints.

Many of these methods assume the availability of clean and accurate labels.
However, this is often not the case. In fact, bias in data is particularly pertinent to label
corruption. To make things worse, the accuracy of available labels is often strongly in-
fluenced by whether a person falls within a protected group, and these discrepancies can
have significant and often life-altering outcomes. For example, it has been shown that la-
bels for criminal activity generated via crowdsourcing are systematically biased against
certain racial groups [DF18]. As another example, both women and lower-income indi-
viduals often receive significantly less accurate diagnoses for cancer and other ailments
than men, due to imbalance in the sample population of medical trials [GTYS18], and
due to bias from doctor treatment [Bral6]. Similar discrepancies arise in the accuracy of
mathematical aptitude evaluations for males and females in primary school [LHPL10],
and it has long been known that an employer’s evaluation of a resume will be influenced
by the perceived ethnic origin of an applicant’s name [BM04]. Moreover, studies show
that people of all races use and sell illegal drugs at remarkably similar rates, but in
some states, black male have been admitted to prison on drug charges at rates twenty
to fifty times greater than those of white men [Alel2]. The structure and magnitude
of group-specific label noise can dramatically affect the performance and fairness of a

classifier. To see this, we consider the following examples.



GRrouP A GrouP B PooLED

(xlny)a Y +1 -1 f:l +1 -1 fg +1 -1 f}kair

0,0, —1 0 25 -1 70 30 +1 70 55 +1
0,1, —1 0 25 -1 70 30 +1 70 55 —1
(1,0), +1 25 0 41 100 0 +1 125 0 +1

(1,1), #1 25 0 41 100 0 +1 125 0 -1

Example 2.1 Consider training classifiers using data from two groups Z € {A, B}
with homogeneous data distributions Pr(Y = +1 | X =2,Z = A) = Pr(Y = +1|X =
x,Z = B), where * = [x],x9] is a 2-dimensional feature vector. In this setting, the
Bayes-optimal classifiers for group A and B (denoted as f} and f} respectively) will
obey any parity constraint. However, suppose group a has a set of clean labels, while
group b has clean labels when the ground truth is ¥y = +1 but there is a 70% chance
that corrupting noise will cause the observed label to be flipped from the true value
when y = —1. In this case, f}‘a” trained on both groups achieves perceived equal True
Positive Rates (TPR) (50%) between the two groups and is the best one to do so - this
indeed hurts group a’s prediction performance (as opposed to 100% accuracy before),

but the labels in group a are not affected by noise.

Example 2.2 Consider training classifiers using data from two groups Z € {A, B}

with heterogeneous data distributions Pr(Y = +1 | X =, Z = A) = Pr(Y = +1 |



X =z, Z = B). Suppose group A has a set of clean labels, while one quarter of group
B’s labels are incorrect. We denote the Bayes-optimal classifiers for A and B as f}
and f5 respectively and they obey any parity constraint. The classifier f}kair trained on
the observed corrupted data is subject to equal TPR constraint for both groups. Note
that f7,;. on the pooled data output +1 for (0,1) and -1 for (1,0) because equal TPR
constraint is enforced. In this case, the TPRs for both groups are 50%. If the classifier
output -1 for (0,1) and +1 for (1,0) instead, the TPR for group A is 100% while the
TPR for group B is only 50%, which violates the equal TPR constraint. However, f}kair
has a higher TPR (2/3: 200 correct predictions out of 300 true +1 labels) on B than on
A (1/2: 100 correct predictions out of 200 true +1 labels) when evaluated on the clean

data.

GrouP A GROUP B POOLED

(1’1,%’2), (yAvyB> +1 —1 fz +1 -1 fg +1 -1 f}kair

(0,0), (=1,—1) 0 100 —1 75 225 -1 75 325 —1
(0,1), (=1,+1) 0 100 —1 75 25 +1 75 125  +1
(1,0), (+1,+41) 100 0 +1 75 25 +1 175 25 —1

(1,1), (+1,+41) 100 0 +1 75 25 +1 175 25  +1

To sum up, the above examples has delivered two important messages:

1. Enforcing fairness constraints without accounting for group-specific label noise can

10



harm the accuracy of the classifier for the group whose labels have been accurate
recorded. We remark that although [BS19] has considered the single-group noise
setting and demonstrated that fairness interventions could aid in reducing the
error caused by label bias, our observation demonstrates a special case where

potential harm occurs.

2. A classifier may appear to achieve parity when it does not. Furthermore, imposing

a parity constraint might actually make everyone worse off.

In this chapter, we look at the problem of fair classification from data whose
labels are corrupted, such that the error rates of corruption are group-dependent. Sev-
eral recent works deal with fair classification with noisy labels [JN19, LZMV19, BS19].
In particular, it has been shown that fairness constraints on the noisy training labels
can be beneficial when the label noise is homogeneous across the different groups that
are to be protected [BS19]. More recently, [FCG20] shows that how the true fairness
rates, such as TPR, are related to observed quantities with respect to noise parame-
ters. Our work complements these results: we show that enforcing fairness constraints
when training on data with noisy labels produces a classifier that violates the fairness
constraints as measured with respect to the clean data. We then provide a fair empir-
ical risk minimization (ERM) framework that handles heterogenous label noise. Our
framework uses an estimation procedure that infers the knowledge of group-dependent

noise in the training data and applies this knowledge using bias removal techniques, thus

11



eliminating the effects of noisy labels in both the objective function and the fairness

constraints in expectation.

2.2 Enforcing Fairness Constraints on Noisy Labels Can

be Harmful

We start with a dataset with n examples (x;,v;, 2;);_,, where each example
consists of a feature vector ®; = (1,xi1,...,%;4) € R a label y; € {+1,—1}, and a
group attribute z; € Z. We assume that there are m = |Z| > 2 groups.

Example 2.1 illustrated how blindly imposing parity constraints on the cor-
rupted labels could reduce the classifier’s accuracy for unaffected groups. We aim to
establish a theoretical basis for investigating the potential harms caused by label errors.
Without loss of generality, we present our results in settings where we wish to train a
classifier with equal true positive rates (TPR) across groups. Similar derivations hold
for other related constraints (e.g., the ones as linear combinations of the entries in the
confusion matrix), such as equal false positive rates (FPR), and equal balance error
(BER). We use the following shorthand to denote different measures of performance,

including TPR and FPR, computed for each group using the true labels y and the noisy
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labels g, where y, g € {+1,—1}:
TPR, = Pr(f(X) = +1|Y = +1,Z = 2)

FPR, =Pr(f(X)=+1|Y =-1,Z =2)
(2.1)

TPR, =Pr(f(X)=+1|Y =+1,Z = 2)
FPR, =Pr(f(X)=+41|Y = 1,2 = 2)

We consider a classification problem with two identical groups z and 2’ where
samples from group z have uncorrupted labels while samples from group z’ have noisy
labels. A noisy label § corresponds to a true label y that may have been flipped based
on noise rate 0 < €} + ¢, < 1 (as a function of true label y). More precisely, we assume

that the noise rates vary based on the true label y as well as the group attribute z:

e =Pr(Y =—-1|Y =+1,Z = 2), (2.2)

z

e, =Pr(Y=+1|Y =-1,Z=2) (2.3)

That is, the observed training labels are generated as:

Woowp 1- R0

Yi =

—yi W.p. eiilgn(yi)‘

We next show that the label noise presented in group 2z’ can harm the clean

group z when enforcing parity constraints.

Theorem 2.1. Consider a setting with two identical groups Z = z and Z = z'. Group

+

z has clean labels, i.e., e = ¢, = 0. Group 2’ suffers from symmetric noise €, =

z z
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€, = e > 0. In this setting, a classifier trained subject to the equal TPR constraint

ﬁfiz = 'ff\’?{z/ leads to an uninformative classifier that TPR, = FPR,,.

Table 2.1: Label noise harms accuracy.

Metrics Groups f Jair

female  97.12% = 96.44%

TPR
male 92.40% = 98.26%
female 53.35% = 78.11%
FPR
male 46.81% = 84.32%
female 91.62% = 88.32%
Accuracy

male 80.39% = T2.97™%

We empirically examine the above observation on the Adult dataset from
UCI Machine Learning repository [DG17al]. There are two sensitive groups, Z =
{male, female}, in this data set. We inject symmetric noise €™ = ¢~ = 0.3 into la-
bels for members of the female group. Then, we train two classifiers: f, which is
trained without any fairness constraints, and f,j,, which is trained with the imposition
of equal TPR using the reduction method [ABD"18a]. As is shown in Table 2.1, the
empirical results mirror Theorem 2.1. When the difference between fr;,’s TPR for the
two groups becomes small (less than 2%), fri’'s TPR and FPR become close together,

and the accuracy decreases significantly. The above trends hold even when we try to
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equalize TPR and FPR together across groups. We notice that the two groups are not
strictly identical in the Adult dataset, but our example implies that there exists dan-
gerous cases where enforcing fairness constraints can harm classifier accuracy for the
group with uncorrupted labels.

Our second message, as illustrated in Example 2.2, is that training fair classi-
fiers using noisy labels may lead to a false impression of fairness. This arises when the
fairness constraints are satisfied over the noisy labels while being violated over the clean
labels. Before proceeding, we require extending Proposition 16 of [MVROW15] into
the situation with group-dependent label noise. We note that a similar result appears

in [SBH13].

Lemma 2.2. For each group z we have that

TPR. =(1 — ¢})- TPR, + ¢/ - FPR, (2.4)
FPR, =, - TPR. + (1 —¢,) - FPR. (2.5)

We also note that, in the special case where all groups suffer from an identical

rate of label corruption, the learner can be oblivious to the specific error rates:

Theorem 2.3. Consider a classification problem with noisy labels where the noise rates
are independent of group membership, so that €} = ej, and €; =€, Vz,2' € Z. Then it
follows that TPR, = TPR,, Vz,2' € Z, if equal odds (equalizing both TPR, and FPR)

on the noisy labels is imposed.
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The proof follows by applying the assumption of equal error rates and equal
odds on the noisy labels with Lemma 2.2. However, things break down in the general
case. If we impose equal odds across groups on a learner that is unaware of the labels’

noisiness (i.e. whenever fﬁﬁz = Tfﬁf/{z/), then:

Theorem 2.4. Assume that a classifier is subject to equal odds in the presence of

group-dependent label noise. Then for any two groups z,z' € Z, we have

| TPR. — TPR./ | = |TPR, — FPR.| - |f — €}],

|FPR. — FPR,/ | = |TPR, — FPR,| - e, — ¢,

Z’|‘

Unless the classifier is random on the noisy training data, i.e., ﬁ’ﬁz = F/‘f’ﬁz, it is

impossible to satisfy equal odds over the clean data whenever €} # ej, and €, # €.

The proof follows by a direct application of Lemma 2.2. Theorem 2.4 implies
that the true fairness violation is proportional to the difference in error rates across the
different sub-groups. We offer two remarks. First, if the error rates are systematically
biased towards a particular group, then a perceived fair classifier will lead to unequal
odds. Second, the above bias will be reinforced when the trained model is more accurate

on noisy data; a more accurate model will lead to a larger difference in |rff\’§z — 1*:13?{2|
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Table 2.2: Surrogate constraints for surrogate loss.

Metric ﬁz(f)

TPR (1—¢t)-TPR. +¢f - FPR,
FPR e -TPR, + (1 —¢;) - FPR.
Equal Odds both TPR and FPR

2.3 Fair ERM with Noisy Labels

In this section, we describe two noise-tolerant and fair ERM solutions that
address the combined challenges of heterogeneous and group-dependent label noise.
Both the surrogate loss and group-weighted peer loss approaches for handling noisy

labels rely on estimations of the label noise.

2.3.1 A Surrogate Loss Approach

As we shall see, training an unmodified loss function using the noisy labels ¢;
corrupts the model in a manner that cannot be addressed via post-hoc correction. Thus,
a natural resolution is to modify the loss function itself. This modified loss function is

called a surrogate loss.

Bias removal surrogate loss functions. Bias removal via a surrogate loss is a
popular approach to handling label noise [NDRT13]|. The original loss function £(-) is
replaced with a surrogate loss function lZ() that “corrects” for noise in the labels in
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expectation. Formally, the surrogate loss is chosen so that the cost of mis-classifying an
element x; with true label y; is equivalent to the expected loss value that arises from

using noisy label g;. Thus, we want to find a surrogate loss ¢ such that:

Uf(x),y) =Ep[l(f(2),Y)|Y =y (2.6)

for all  and y. When the noise depends on the label value, the function given by

; . (1 —e)l(f (), +1) — 2 £(f (i), —1)

(f(xi), 5 = +1) = P : (2.7)
~ — et x;),—1)—€, x;),
), o = 1) o O I @) -1 — (@) 41) 28

1— el — e
satisfies the above property, as shown by Lemma 1 in [NDRT13]. A classifier f min-
imizing the surrogate loss on noisy data £(X,Y) will minimize the loss on clean data
¢(X,Y) in expectation. This property allows us to perform model selection on a noisy
validation set, and one could choose the model that performs better on the validation

set to deploy.

Surrogate fairness constraints. We will also need to modify the fairness constraints
to account for the effects of noise. Our method of doing so is inspired by the surrogate
loss that we need to work with an unbiased estimate of the fairness constraints. For
the case of binary classification, we can express the surrogate measures of group-based
fairness constraints using Lemma 2.2.

We use Equation (2.7) and Equation (2.8) to define our surrogate loss functions

C.(f(x), 5 = +1), and £.(f(x;), 7 = —1). Furthermore, define the empirical TPR. and
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Table 2.3: Surrogate constraints for group weighted peer loss

Metric ﬁz(f)

TPR Pr(f(X) = +1|Z = z) + 5 (TPR, — FPR,)
FPR Pr(f(X) = +1|Z = z) — 8=(TPR, — FPR,)
Equal Odds both TPR and FPR

FPR over the noisy labels as follows:

#(f(®i) = +1,9i = 41,2 = 2)

TPR.(f) = y ———— (2.9)

#(gl =-1,z= Z)
We then define our surrogate fairness measures E . (f) using only noisy data, as detailed

in Table 2.2. Our noise-resistant fair ERM states as follows:

st |E(f) = Fa(f)| <6, Vz, 2. (2.11)

2.3.2 Group Weighted Peer Loss Approach

The developed peer loss function partially circumvents the issue of noise rate
estimation [LG20]. The peer loss requires less prior knowledge of the noise rates for

each class. It is defined as:

fpeer(f($i), gl) =/ (f(ml)a gl) —a-t (f(mll)’ gm) ) (2'12)
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where

Pr(Y =+1) - Pr(Y = -1)
Pr(Y = +1) — Pr(Y = 1)

a=1—(1-¢ —€h)-

is a parameter to balance the instances for each label, and where i; and 45 are uniformly
and randomly selected samples from I, /{i} (i.e., “peer” samples which inspired the name
peer loss as noted in [LG20]). Although the noise parameters explicitly appear in the
definition of «, only the knowledge of A := 1 — ¢~ — ¢t is needed. In practice, we
could tune « as a hyper-parameter during training. This loss function has the following

important property, proven in Lemma 3 of [LG20]:

Ep, [peer (f(X),Y)] = Az - Ep_[bpeer (£(X), V)], (2.13)

where D, denotes the noisy distribution for group z and A, = 1 — ¢, — ¢}. Adapting
the peer loss function to labels with group dependent noise requires accounting for
the differing values of A,. We do so by re-weighting Equation (2.12) to obtain our

group-weighted peer loss £g):

Cop(f(x4),0i) = Al

(C(f (i), 9i) — a - £(f (@), i) - (2.14)

Zi

)

N[

When class is balanced for every group z, i.e., Prz—.(Y = 4+1) =Pryz_, (Y = —-1) =
the parameter « is exactly 1. In this case, the expected group-weighted peer loss on
the noisy distribution D is the same as the expected uncorrected loss ¢ on the true

distribution D. More precisely:
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Theorem 2.5. For all group dependent noise rates €; and €} satisfying €, + ¢ < 1,

taking €(-) as the 0-1 loss 1(-) and when Prz—.(Y = +1) = Prz—.(Y = —1) = 3,
Ej[lop(f(X),Y)] = Ep[f(f(X),Y] - % (2.15)

Peer-based surrogate fairness constraints. We acquire the following result in

order to create group-aware surrogate constraints:

Lemma 2.6. True TPR and FPR relate to T/‘IB?{Z,P/T\’?{Z defined on the noisy labels as

follows:

TPR. = Pr(f(X)=+1|Z = 2) + A, - (TPR, — FPR,) - Pr(Y = —1|Z =2)  (2.16)

FPR, = Pr(f(X) = +1|Z = 2) = A, - (TPR. — FPR.) - Pr(Y = +1|Z = 2)  (2.17)

Lemma 2.6 allows us to derive the appropriate surrogate fairness constraints
for the peer loss, displayed in Table 2.3. Note that we have assumed that the datasest
is balanced for each group; i.e., Vz € Z Pr(Y = +1 | Z = z) = 3. If the data is
imbalanced, we will require knowing the marginal prior Pr(Y = +1| Z = 2).

We merely require knowledge of A, for each z in order to define /4, and
ﬁz( f). This is a weaker requirement compared to knowing the error rates (which will
carry estimation of two parameters for each group). We indeed see our group peer loss
approach performs more stably as compared to the surrogate loss approach introduced
in last subsection when using noisy estimates of the noise rates. With group-weighted
peer loss function and surrogate fairness constraints, we are able to perform a fair ERM
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as detailed in Equaltion (2.11) by replacing { with {4y and the corresponding ﬁz( f)

term.

2.4 Error Rates Estimation and its Impact

We employ “confident learning” to perform noise rate estimation [NJC21]. The
first step is to pre-train a classifier fyr. over the noisy labels directly and learn a noisy
predicted probability

p(y; @, z) = Pr(fore(®) = y|Z = 2).
Then, for each pair of classes k,l € {+1,—1}, we define the subset of samples:

~

Xg=tyz = A{wi | i = ki € I},

~

Xo—ky—=tz =12 | Gi = k,ply = Lz, 2) >ty 2,0 € 1.},

A

where ¢, = p(y = l;x, z) is the expected self-confidence probability

1 -
| Xg—1,-] Zwex@:l,z

for class [ and group z. Using the above quantities, we estimate the group-aware joint

probability @g:hyzhz =Pr(Y = kY =1,Z = z) over the noisy labels § and clean

labels y with:

|)?g:k,y:z,z\ Xv
Rgshy=tal X
Yo 1 Xg=k,y=1,2] | Y=z

|)?§A:k,y:l,z‘ Y.
2okl (Zl [ Xg=ky=1.2| |Xy:k’z‘>

@gj:k,y:l,z = (2.18)
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We use the marginals of estimated joint to compute the noise parameter estimates for
each group z:

+_ Qy=—14=+1.

Qi=—1y=+1,> T Qj=11y=+1,2 (2.19)

o Qj=t1,y=—1,2
Qg:+17y:717z + ngilvyzil’z

To estimate A,, we simply substitute ¢, and ¢ for €, and €} in the equation for A,.

As a byproduct, we could estimate the marginal priors Pr(Y = +1|Z = z) by

Qi=t+1y=+1,2 T Qy=—1y=+1,2 (2.20)
Qi=+1y=+1z T Qj=—1y=112 T Qj=—1y=11,- + Qj=—1y=-1.2

Effects of noisy estimates. It is important to quantify the impact of the noise rate
estimation error on the accuracy and fairness of the resulting classifier. We first note
that, for any 1,7 > 0, the law of large numbers implies that taking sufficiently many

samples from D will ensure that the following holds for all z with probability at least

1—n
- +

A+ + € €

max{ & - <1, ‘14542— Tida | (2.21)

2.21
- - 1—é7 1—ez

€, —€ - — —|¢ < T.
‘ z z ‘ ’ ’1—6;—@ 1—ed —¢; } -

Denote by /(-) the surrogate loss function defined using the estimated noises

{eF,e-}, and let

z) Tz

We have the following result:
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Theorem 2.7. For every n,™ > 0 there exists N such that
T N
~ 2 U (), 5 Zﬁf i), i) < 40 (2.23)
i=1 i=1

with probability at least 1 — 1, where £ := max (.

Because the fairness constraints ﬁz( f) are linear in €, €. s, the additional
fairness violations incurred due to the noisy estimates of the error rates will also be

linear in 7 too. Similar observations hold when using the estimated A, in the peer loss.

2.5 Equalizing Error Rates Improves Fairness Guarantee

Group-dependent label noise rates can exacerbate unfairness when fairness
constraints are directly applied to noisy labels. Addressing these fairness issues re-
quires knowledge of the label noise rates. While existing literature offers data cleaning
solutions, learners typically need to estimate unknown noise rates through various pro-
cedures [ZSL21, NJC21, PRM*17]. It’s important to note that misspecifying these
noise rates can introduce additional learning errors, particularly when the label noise
is asymmetric. Conversely, equalizing error rates by increasing the noise rate for the
lower group, despite reducing the overall informativeness of training labels, is generally
considered more manageable — one can always do so by randomly flipping a portion of
labels. As shown in Theorem 2.3, loss correction procedures become unnecessary when

the noise rates are balanced.
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We assume that the error rates are balanced across classes:

|
@)

€ =¢ =e, (2.24)

Resampling the noisy data examples such that Pr(Y = +1|Z=2)=Pr(Y = -1| Z =

z) = 0.5,z € {a, b}, we derive the following relationship:

Lemma 2.8. TPR, and FPR,, relate to 'ﬁz, F/‘ISJRZ as follows:

ez-'fls/Rz—(l—ez)-l*:ls/Rz

TPR, = 2.2
R 2e, — 1 (2.25)
.FPR. — (1 —e.) - TPR
FpR, — = PR > ( 162) R (2.26)
€, —

Denote by éq4, € (both < 0.5) the estimated noise rates of eg, €, that we have

access to. Suppose we suffer from the following mis-specifications:
erry := min{err, := |é, — €4/, erry, := |& — ep|}. (2.27)

Denote the corrected TPR and FPR using TPR and FPR with estimated €q,€p as

é. TPR.(h) — (1—¢é.) - FPR.(h)

TPRS(h) = e (2.28)
~z ' ﬁ_15/?; —(1- ~z : T_f)_/z
FPRe(h) = 2 FPR=(1) Qé( - 16 ) TPR-(7) (2.29)

Theorem 2.9 establishes possible fairness violation due to noise rates mis-specification

erry:

Theorem 2.9. Fqualizing TPRS(h) € FPRS(h) for group a,b leads to following possible
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fairness violation:

TPRq(h) err,  TPR,(h)

(2¢, — 1)(26, — 1) errq (2e5 — 1)(28, — 1)

| TPR4(h) — TPRy(h)| > erry -

FPR,(h) err,  FPRy(h)

(24 —1)(264 — 1)  erry (2e, —1)(26, — 1)

| FPR,(h) — FPRy(h)| > erry -

But as a consequence of Lemma 2.8, we immediately know that

Theorem 2.10. Whenever e, = ey, equalizing TPR and FPR suffices to equalizing the

true TPR and FPR.

The technical problem is that we would not know which protected group are
suffering from higher noise, and again we would not have the ground truth labels to

verify any possible hypothesis. We first present the following definition:

Definition 1 (Clusterability). We say the dataset D satisfies 2-NN clusterability if each
instance x shares the same true label class with its two nearest neighbors measured by

[ — a'[].

For the rest of the section, we will assume that D satisfies 2-NN clusterability.
2-NN was similarly introduced in a recent work [ZSL21] and has been shown to be a
requirement that is mild to satisfy. Now we define the following two quantities that are
central to the development of our idea. For an arbitrary instance x; with noisy label
71, denote the noisy labels for two nearest neighbor instances of &1 as 92, y3. Define the

following agreement measures:
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Definition 2 (2-NN Agreements). Let y; denote the noisy label for a randomly selected

instance ;. ya,ys are the noisy labels of @1’s 2-NN instances (measured by ||z — 2'||2).
Positive Agreements PAp :=Pr(g1 =92 =ys=+1|2z=na) (2.30)

Negative Agreements NAp:=Pr(y3 =92 =y3=+1|2=0>) (2.31)

The agreement measures the likelihood of the neighbor data points “agreeing”

on the same label. Now we will first sub-sample the noisy distribution and compute

PAp,NAp:
e Step 1: Sample data examples such that the data examples are balanced across

protected groups. Denote this resampled distribution as D°.

e Step 2: Compute NApo and PApe by Definition 2.

Theorem 2.11. When eq, e, < 0.5 and D satisfies 2-NN clusterability, PApe, NApo

relate to ey, ey as follows:
PApe — NApe = 2(0.5 — €4)(0.5 — ep)(eq — €p). (2.32)

Then if PApe > NApe, we know that e, < eyp; otherwise eq > ep. If PApo = NApe,

then e, = ep.

We show that randomly flipping Y from groups with the smaller noise rates
by a small probability € monotonically decreases the gap between noise rates |e, — ep|.
Without the loss of generality suppose e, < e, and we will only flip the labels from
group a (but not flipping the ones from group b).
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Proposition 2.12. Denote by Y as the flipped version of Y: Pr(}} + }7) = ¢, and

b =Pr(Y #| Z=a),é, =Pr(Y #Y | Z=1b). We have:
o =(1—eq)- €+ eq, ey =(1—¢€) e (2.33)

Further, the new gap between the noise rates of the flipped label Y is a monotonic
function of e:

ép—€i=ep—eq— (1—eq+ep) e (2.34)

Since 1 — e, + €, > 0, when € is small, the above derivation shows the effective-
ness in reducing the noise rate gap e, — e, by randomly flipping the noisy labels that
correspond to the class with lower noise rate. The only remaining question is how to

find the optimal € such that é, — é, = 0. Calling Theorem 9, we know
PApo — NApo =2(0.5 —é4)(0.5 —é_)(é— —é4). (2.35)

Denote by

f(E) =0.5- (PADo — NADO). (236)

As shown in Figure 2.1, it is easy to derive the three solutions for f(e) = 0 (setting each

of the terms to 0)

a=1--2<0 (2.37)
€p
ep — €q
= 2.
€= 1= PR (2.38)
0.5—e¢,
= 2.
A (2.39)



_ —eq (ep—ea)t+(l—ea—ep) _ 1-2eq _ :
Note that ey = 1f"eaieb < (1_bea+eb)+(1_ea_eb) = 2(1_;) = €3, and e3 will lead to an

uninformative state where é, = 0.5. Therefore €5 is our target root.

0.015¢
0.010

0.005

PA - NA

0.000

—0.00%

Figure 2.1: Agreement gap PA — NA varies for different e. There are only two positive
roots for PA — NA = 0. The less one results in é, = ép.

The monotonicity of f(e) from 0 to ez suggests using a binary search to find
an appropriate e. We start with two flipping parameters ¢; < ¢, which induce synthetic
datasets D; and D,. The gaps of the counted agreements are C; = PAp, — NAp,
and C, = PAp — NAp_, where C; > 0 > C,. In each iteration, we test a new flip
parameter €niqg = (€ + €,)/2. If the resulting gap Chyq falls within a threshold ~, i.e.,
—v < Chia < 7, we return the labels flipped by eniq. Otherwise, we update the values
of ¢ and €, according to the sign of Ciuq: if Cinig < 0, we set €, < €mid, Dr < Dmia
(reducing €,); otherwise €; <— €mid, D; < Dia (increasing ¢;). We propose NOISE+ in
Algorithm 1. We initialize €, = 0.3, which empirically works in various noise settings. If

this fails, we can grid search different € values (e.g., 0.1, 0.2) that satisfy C, < 0 as the
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initial €,. Note that Algorithm 1 assumes e, < e_; the implementation is symmetric
for ey >e_.

Our algorithm is well-suited for loss functions that don’t require prior knowl-
edge of noise rates. While standard cross-entropy (CE) is certainly applicable, various
robust loss functions are also excellent candidates. A particularly promising option is
the recently introduced peer loss function [liu2019peer|. This function doesn’t necessi-
tate specifying noise rates and has been further adapted into a group-weighted peer loss
for fairness constraints in Section 2.3.2. We believe this loss function aligns especially

well with our algorithm’s objectives.

2.6 Experiments

Due to the difficulty of acquiring real world datasets with known label cor-
ruption characteristics, we artificially synthesize the datasets with a noise generation
step. These controlled experiments help us understand the robustness of our approaches

under different noise scenarios.

2.6.1 Experimental Setup

Dataset We evaluate our methods as well as other baseline methods on five datasets:

e Adult, the Adult dataset from the UCI ML Repository with males and females

as the protected groups [DG17a].
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Table 2.4: Dataset statistic and parameters.

Noise Rates

Dataset  Source Number of data examples n Fairness Tolerance § ~Sensitive Groups
i
€ €
female 045 0.15
adult  UCI [DG17a] 32561 2%
male 0.35  0.55
white 0.40  0.30
arrest COMPAS [ALMK16a] 6644 5%
black 0.15  0.25
white male 0.45  0.10
black male 0.10 0.35
arrest COMPAS [ALMK16a] 6644 5%
white female 0.35  0.45
black female 0.55  0.25
white male 0.45 0.10
black male 0.10  0.35
violent COMPAS [ALMK16a] 5278 5%
white female 0.35 045
black female 0.55  0.25
female 0.45 0.15
German UCI [DG17a] 1000 2%
male 0.35  0.55
white 0.45 0.15
law LSAC [Wig98] 18692 2%
black 0.35  0.55

e Arrest and Violent, the COMPAS recidivism dataset for arrest and violent crime
statistics, with race (restricted to white and black) and gender as the sensitive

attributes [ALMK16a].

e German, the German credit dataset from UCI ML Repository with gender as the

sensitive attribute [DG17a].

e Law, a subset of the original data set from LSAC with race (restricted to black

and white) as the sensitive attribute [Wig98].

Table 2.4 describes the dataset statistics and parameters used in the experi-
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ments. We chose to apply a diverse set of noise parameters to the different subgroups.
The fairness tolerance § and noise parameters € for Adult, German and Law data sets
are identical, but they are different from Arrest and Violent data sets because Arrest
and Violent data sets contain more protected groups. We make this choice mainly for

the baseline models to obtain meaningful results to compare with.

Noise generation We randomly split the clean dataset D = {(z;, i, 2;) }1~, into a
training set and a test set in a ratio of 80 to 20. We add asymmetric label noises to
the training dataset, and leave the test data untouched for verification purposes. For
each sensitive group z € Z, we randomly flip the clean label y with probability € if its
value is —1, and we flip the clean label with probability € if it’s +1. After injecting

this noise, we use the same training set and test set to benchmark all the methods.

Methods. For all of the methods above, we use logistic regression to perform classi-
fication and leverage the reduction approach as proposed in [ABD*18a] for solving our

constrained optimization problem. We evaluate the performance of several methods:

e Clean, in which the classifier is trained on the clean data subject to the equal

odds constraint

e Corrupt, which directly trains the classifier on the corrupted data subject to the

equal odds fairness constraint

e Surrogate Loss, which uses the surrogate loss approach described in Section 2.3.1
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e Group Peer Loss, which uses the group weighted peer loss approach to train a

fair classifier on the corrupted training set.

The Corrupt baseline gives us a sense about the harm caused by the unawareness of
the labels’ noise, and the clean baseline shows the biases contained in the datasets.
We set the same maximum fairness violation § for all the methods on the same
dataset during training. As there are more sensitive groups on arrest and violent
datasets, we set 6 = 5% on these datasets and 6 = 2% on the other datasets. We report

metrics for each of the above methods averaged over five runs.

Computing Infrastructure We conducted all the experiments on a 3 GHz 6-Core
Intel Core i5 CPU. The running time for Surrogate Loss is about 10 minutes, while

the running time for Group Peer Loss could be over 30 minutes.

Tuning « in Peer Loss The performance of our group weighted peer loss is highly

influenced by the hyperparameter c. Recall that

Eﬁz [egp(f(X)a Y)] =Ep, [egp(f(X)a Y)]

We split 10% of data examples in the train set for validation and found the optimal «
using grid search. The range of a we searched varied between 0.0 to 2.0. We observed
that both the accuracy and fairness violation on the validation set exhibit the same
trends on the test set. In practice, the group weighted peer loss with o = 0.3 achieves
the best performance on the Adult dataset.
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Table 2.5: Overview of group-based performance metrics for all methods on 5 data
sets. We highlight the best values achieved for fairness violation and accuracy in green
and the worst in red. m is the number of sensitive groups, € is the average of error
rates over all the groups and all label classes €, ¢;'s. true indicates training with true
noise parameters and estimated indicates training with estimated noise parameters. The

values after 4 are the standard deviation.

SURROGATE LoOss GROUP PEER Loss
Dataset Metrics Avg. é Clean Corrupt true estimated true estimated
Adult  wviolation 047% 836+1.36% 1.46+0.50% 1.39+0.80% 1.18+0.63%  1.69+0.86%
m=2 accuracy o 83.76% 76.08 +2.49% 81.16 +3.41% 75.99 +£7.45% 77.00 +£2.52% 75.13 £5.15%
Arrest  wiolation 227%  298+0.74% 054+£027% 0.36+£0.24% 1.78 £0.89%  1.05+0.55%
m=2 accuracy he 65.16% 60.72+0.66% 61.7+3.23%  62.3+530% 63.81 £3.35% 65.31 +£3.41%
Arrest violation 5.89% 12.93+0.95% 0.88+0.27%  2.48 +£1.42% 1.36 + 0.69% 1.40 + 0.36%
m=4  accuracy o 66.0%  53.7+1.82%  65.7+2.92% 58.8+4.96% 60.27 £2.90% 57.56 + 2.96%
Violent  wiolation 037% 7.16+0.80%  4.81 +£0.70% 7.76 £ 1.02% 2.06 £0.81%  0.68 £ 0.28%
m=4  accuracy o 60.18% 52.24+0.23% 53.14 £4.91% 554+£0.71% 55.64 £4.88% 52.7+0.57%
German  violation 0.68%  2.68+0.32% 11.79+3.87% 11.08+2.16%  0.00 £ 0.00% 1.64 +0.32%
m=2  accuracy e 74.5%  70.5+0.00% 68.5+427% 71.5+253% 70.0+0.71%  70.5 +2.53%
Law violation 0.6% 2.74+0.12%  0.36 £+ 0.08% 1.98+1.16%  0.03+0.02%  0.57 +0.12%
m=2  accuracy e 90.67% 90.16 £0.79% 90.26 £ 0.48% 89.92+2.86% 90.32+0.10% 90.29 £ 0.20%

2.6.2 Results

We present an overview of the performance for each method on the test set in
Table 2.5. We compare the two fair ERM approaches using both the true and estimated
noise rates. The metrics we report include violation, the maximum difference in TPR

and FPR between groups z, 2’ € Z, and accuracy, the accuracy achieved on test set.
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We make the following observations about our results. First, both of the
two fair ERM approaches in Section 2.3 produce classifiers that are more effective at
mitigating unfairness than a classifier that is naively trained on the corrupted data.

In particular, the group weighted peer loss approach achieves almost 0% viola-
tion on the German and law data sets, when given the true noise parameters. The only
noticeable worse case arises when applying the surrogate loss approach to the German
dataset. This may be due to the high variance of the German dataset, which has fewer
than 1000 samples.

Second, as expected, models trained using our proposed fair ERM methods do
not achieve the same level of accuracy as a model that is fit using clean labels. However,
our models are typically more accurate than the model fit directly to the corrupted
data. For example, on the arrest data set with four protected groups, the surrogate
loss approach achieves a similar accuracy to the classifier trained on clean data while
incurring an even smaller fairness violation. Third, Our methods perform similarly well
when trained using both the true and with the estimated noise parameters, indicating
that the noise estimation procedures are effective. On arrest and violent datasets,
our methods with estimated noise parameters even perform better than those with true
parameters. This is probably due to the biases and noise in these datasets. Finally, our
fair ERM frameworks adapt well to multiple sensitive groups, as demonstrated by the

good performance on the Arrest and Violent data sets.

35



Table 2.6: We show how different levels of symmetric noise e~ = ¢* = ¢ affect the
classifiers’ performance on adult dataset. SL: Surrogate Loss. GPL: Group Peer Loss.
We highlight substantial improvement of fairness in green and sever violation in red.

Noise ¢ = Metric Clean  Corrupt SL GPL

violation  0.47% 3.91% 5.15% 1.41%

0.1 accuracy 83.76%  83.22%  82.73% 82.71%
violation — 0.47%  3.83%  3.98%  1.49%
" accuracy 83.75%  82.08%  82.54% 82.16%
violation — 0.47%  7.23%  3.63%  1.22%
" accuracy 83.76% 81.36% 82.01% 81.24%
violation  0.47%  5.14%  1.13%  3.1%
0.4

accuracy 83.76%  79.58%  80.62% 80.21%

2.6.3 Impact of noise levels on classifier performance.

We present the results of varying noise rate on the adult data set (with two
groups) in Table 2.6. We only add symmetric noise to female group and keep the male
group clean. ERM is generally robust to symmetric noises when a significant subset of
the data is clean (one group in our example), so we do not expect significant accuracy
improvement from our methods. We focus on how fairness violation reduces. Observe
that, comparing to training with clean data, training on corrupted data substantially

increases fairness violations, even for relatively low noise rates. The SL and GPL
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columns show that our fair ERM approaches can effectively mitigate the biases. This

holds true even when increasing the noise rate.

2.6.4 Insights on running on data directly, without adding additional

noise

We evaluate our algorithm on the clean adult and arrest datasets as shown
in Table 2.7. On the arrest dataset, our methods achieve a similar performance of
accuracy compared with the Clean baseline, but we do observe a consistent drop of fair-
ness violations on the arrest dataset. The fairness violation of our methods on adult
dataset is not as good as that of Clean baseline. This fact may imply the possibility
that the arrest dataset contains more human biases in labels than the adult dataset.
The small drop in accuracy and (sometimes) in fairness is due to the additional noise
estimation step, which introduces another layer of complication - this is the price we

pay for dealing with potentially highly noisy labels.

2.7 Comparison to Related Works

A great deal of research has been devoted to fair classification in general,
including fair classification under statistical constraints [ZVRG17, FFM™15a, HPS16a,
ABD™18a], decoupled training with preference guarantees [ZVGRG17b, DIKL18, LMC18,

ULP19, CHKV19], and preventing gerrymandering [KNRW17], among many others
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Table 2.7: We examine the performance of our methods on the clean adult and arrest
datasets. Clean: train a fair classifier directly with equal odds constraint. SL: Surrogate
Loss with estimated noise parameters. GPL: Group Peer Loss with estimated noise
parameters. The values after + are the standard deviation.

adult arrest

Method accuracy violation accuracy violation

Clean 83.76 +£0.0 047+0.0 6546+00 4.46+0.0

SL 76.97+0.24 3.51+0.24 63.07£044 2.90£0.72

GPL  81.20+£0.19 3.76£0.19 64.98+0.40 1.85+0.36

[MW18, CJS18].

In this work, we specifically focus on fairness in the presence of biased and
group-dependent noisy training labels. Our work contributes to the fair classification
literature by introducing robust methods for dealing with heterogeneous label noise. We
also provide insight into the effects of noise being present in the labels. Our work paral-
lels others’ on fair classification with noisy labels [JN19, BS19]. Ours differs primarily in
two main respects. First, existing works often assume knowledge of the noise generation
process. Second, previous works have only considered noise rates that are homogeneous
across different groups. We consider a more realistic setting, where different groups
might suffer different levels of bias, and therefore reach very different conclusions. Mit-
igating bias is substantially more challenging in our setting. Nevertheless, our results

could generalized prior work when the noise is assumed constant across groups, or only
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one group is assumed to have noise.

Both of our fair ERM approaches extend the literature on learning with noisy
data [AL88a, MS13, NDRT13, FV14, Scol5, MVROW15, LT16, PRM*17, CLS19]. Our
first uses surrogate loss functions based on [NDRT13] to create unbiased estimators of
the fairness constraints. This first approach requires knowledge of the noise parameters.
Our second approach relaxes this assumption by extending the work of [LG20] to account
for both biases in the fairness constraints and for group specific label noise.

Recent work on fair classification with imperfect data shows how to emulate
noiseless fair classification by appropriately re-scaling the fairness tolerance with the
noise but is only restricted to class-conditional random noise without considering group
difference [LZMV19]. Most of the reported results are for the cases with noisy sensitive
attributes but not the labels (despite that the authors provided discussions to how the
two problems are related). The surrogate fairness constraints in our paper could be
viewed as an extension of their method. Nonetheless, our work is more general, as we
consider the more sophisticated settings with group-dependent label noise. [GCFW18b]
explores the use of proxy variables when the sensitive attributes are missing. Lastly,
[FCG20] also provides some insights on correcting for observed predictive bias might
further increase outcome disparities but is concerned with fairness evaluation rather
than learning. In contrast with their work, we simplify the assumption on instance-
dependent noise into group-dependent, and further develop two fair ERM approaches

in terms of the unbiased estimators.
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Algorithm 1 NOISE+: A binary search algorithm for balancing noise rates.

Require: v >0, ¢ =0, ¢, =0.3
Resample a balanced set D¢ from D;
Initialize D; = D°, D, = Flip(D°, ¢,.);
Estimate PAp,, PAp, , NAp,, NAp, .
while PAp, — NAp, > v and PAp, — NAp, < —v do
€mid < (€1 + €)/2, Dmia < Flip(D®, €mia);
Estimate PAp_., and NAp__ ;
if PAp_,, — NAp_., < —v then
/* €miq is at the right of the root */
€r < €mid, Dr < Dmid;

PADT — PAD NADT — NAD

mid ? mid ?
else if PAp ., — NAp .. > then

/* €miq is at the left of the root */

€ < €mid; Di <= Dmid;

PAp, < PAp_.,, NAp, < NAp_ . ;
else

return D = Flip(D, (e + €,)/2);
end if

end while

return unsuccessful;
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Chapter 3

Fairness in Multi-modality

3.1 Mitigating Gender Bias in Image Search

3.1.1 Motivating Example

Internet information is shaping people’s minds. The algorithmic processes
behind modern search engines, with extensive use of machine learning, have great power
to determine users’ access to information [ERV*T15]. These information systems are
biased when results are systematically slanted in unfair discrimination against protected
groups [FN96].

Gender bias is a severe fairness issue in image search. Figure 3.1 shows an
example: given a gender-neutral natural language query “a person is cooking”, only 2
out of 10 images retrieved by an image search model [RKH*21] depict females, while

equalized exposure for male and female is expected. Such gender-biased search results

41



Figure 3.1: Gender bias in image search. We show the top-10 retrieved images for
searching “a person is cooking” on the Flickr30K [YLHH14a] test set using a state-of-
the-art model [RKH*21]. Despite the gender-neutral query, only 2 out of 10 images are
depicting female cooking.

are harmful to society as they change people’s cognition and worsen gender stereo-
types [KMM15]. Mitigating gender bias in image search is imperative for social good.
In this section, we formally develop a framework for quantifying gender bias
in image search results, where text queries in English are made gender-neutral, and
gender-balanced search images are expected for models to retrieve. To evaluate model
fairness, we use the normalized difference between masculine and feminine images in
the retrieved results to represent gender bias. We diagnose the gender bias of two
primary families of multimodal models for image search: (1) the specialized models
that are often trained on in-domain datasets to perform text-image retrieval, and (2)
the general-purpose representation models that are pre-trained on massive image and

text data available online and can be applied to image search. Our analysis on MS-
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COCO [LMB™14] and Flickr30K [YLHH14a] datasets reveals that both types of models
lead to serious gender bias issues (e.g., nearly 70% of the retrieved images are masculine
images).

To mitigate gender bias in image search, we propose two novel debiasing so-
lutions for both model families. The specialized in-domain training methods such as
SCAN [LCHT"18] often adopt contrastive learning to enforce image-text matching by
maximizing the margin between positive and negative image-text pairs. However, the
gender distribution in the training data is typically imbalanced, which results in unfair
model training. Thus we introduce a fair sampling (FairSample) method to alleviate
the gender imbalance during training without modifying the training data.

Our second solution aims at debiasing the large, pre-trained multimodal rep-
resentation models, which effectively learn pre-trained image and text representations to
accomplish down-stream applications [BHB19, CRC*20a, CKNH20a, GCL*20, CLY 20,
RKH*21]. We examine whether the representative CLIP model [RKH*21] embeds hu-
man biases into multimodal representations when they are applied to the task of image
search. Furthermore, we propose a novel post-processing feature clipping approach, clip,
that effectively prunes out features highly correlated with gender based on their mutual
information to reduce the gender bias induced by multimodal representations. The clip
method does not require any training and is compatible with various pre-trained models.

We evaluate both debiasing approaches on MS-COCO and Flickr30K and find

that, on both benchmarks, the proposed approaches significantly reduce the gender bias

43



exhibited by SCAN and CLIP models when evaluated on the gender-neutral corpora,
yielding fairer and more gender-balanced search results. In addition, we evaluate the
similarity bias of the CLIP model in realistic image search results for occupations on
the internet, and observe that the post-processing methods mitigate the discrepancy
between gender groups by a large margin.

Our contributions are four-fold: (1) we diagnose a unique gender bias in im-
age search, especially for gender-neutral text queries; (2) we introduce a fair sampling
method to mitigate gender bias during model training; (3) we also propose a novel
post-processing clip method to debias pre-trained multimodal representation models;
(4) we conduct extensive experiments to analyze the prevalent bias in existing models

and demonstrate the effectiveness of our debiasing methods.

3.1.2 Formulation

In an image search system, text queries may be either gender-neutral or gender-
specific. Intuitively, when we search for a gender-neutral query like “a person is cook-
ing”, we expect a fair model returning approximately equal proportions of images de-
picting men and women. For gender-specific queries, an unbiased image search system is
supposed to exclude images with mis-specified gender information. This intention aligns
with seeking more accurate search results and would be much different from the scope
of measuring gender bias in gender-neutral cases. Therefore, we focus on identifying

and quantifying gender bias when only searching for gender-neutral text queries.
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Given a text query provided by the users, the goal of an image search system
is to retrieve the matching images from the curated images. In the domain of multi-
modality, given the dataset {(vn,c,)}Y_; with N image-text pairs, the task of image
search aims at matching every image v based on the providing text c. We use V =
{v, })_; to denote the image set and C = {c, }_; to denote the text set. Given a text
query ¢ € C and an image v € V, image retrieval models often predict the similarity
score S(v,c) between the image and text. One general solution is to embed the image
and text into a high-dimensional representation space and compute a proper distance
metric, such as Euclidean distance or cosine similarity, between vectors [WSL*14]. We

take cosine similarity for an example:

- =

vV-C

IRGIIE

s.t. ¥ = image_encoder(v)

S(v,c)

¢ = text_encoder(c)
The image search system outputs a set of top-K retrieved images R (c) with the highest
similarity scores. In this work, we assume that when evaluating on test data, Ve € C,
the text query c is written in gender-neutral language.
The situations of image search results are complex: there might be no people,
one person, or more than one person in the images. Let g(v) € {male, female, neutral}
represent the gender attribute of an image v. Note that in this study gender refers to

biological sex [Larl7]. We use the following rules to determine g(v): g(v) = male when
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there are only men in the image, g(v) = female when there are only women in the image,
otherwise g(v) = neutral.

Portraits in image search results with different gender attributes often receive
unequal exposure. Inspired by [KMM15] and [ZWY'17], we measure gender bias in
image search by comparing the proportions of masculine and feminine images in search
results. Given the set of retrieved images Ry (c), we count the images depicting males

and females

Npae = 1[g(v) = male], (3.2)
’UERK(C)

Neematle = Y 1[g(v) = female], (3.3)
vERK (c)

and define the gender bias metric as:

07 if Nmate + Nemate = 0

Ax(c) = (3.4)
Nmalc_Nfcmalc 3
NmaletNfemale ’ OtherWISe

We don’t take absolute values for measuring the direction of skewness, i.e., if Ax(c) > 0

Nmale

it skews towards males. Note that a similar definition of gender bias i

[ZWY*17] is equivalent to (1+ A(c))/2. But our definition of gender bias considers the
special case when none of the retrieved images are gender-specific, i.e., Nyale + Niemale =

0. For the whole test set, we measure the mean difference over all the text queries:

BiasQK = ’01| > Ag(e) (3.5)
ceC
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3.1.3 Methodology

There are two fashions of multimodal models for the image search task. One is
to build a specialized model that could embed image and text into representation vec-
tors with measurable similarity scores. The other is to use general-purpose image-text
representations pre-trained on sufficiently big data and compute a particular distance
metric. We focus on two representative models, SCAN [LCH* 18] and CLIP [RKH"21],
for both fashions. For the first fashion, we propose an in-processing learning approach
to ameliorate the unfairness caused by imbalanced gender distribution in training ex-
amples. This approach builds on contrastive learning but extends with a fair sampling
step. The in-processing solution requires full training on in-domain data examples. For
the second fashion, we propose a post-processing feature clipping technique to mitigate
bias from an information-theoretical perspective. This approach is compatible with

pre-trained models and is light to implement without repeating training steps.

3.1.3.1 In-processing Debiasing: Fair Sampling

Image search models in the first fashion are often trained under the contrastive
learning framework [LHS20]. For our in-processing debiasing approach, we now explain

the two primary components, contrastive learning and fair sampling, within our context.

Contrastive Learning We start by formally introducing the standard contrastive

learning framework commonly used in previous works [LCH'18, CDL20] for image-
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text retrieval. Given a batch of N image-text pairs B = {(vp,c,)}Y_;, the model

n=1»
aims to maximize the similarity scores of matched image-text pairs (positive pairs)
while minimizing that of mismatched pairs (negative pairs). The representative SCAN

model [LCH'18], denoted as S(v,c) outputting a similarity score between image and

text, is optimized with a standard hinge-based triplet loss:

Liv= > [r=Swc) +Swal (3.6)
(v,c)eB

Lii= Y =S+ 5.0l (3.7
(v,c)eB

where 7y is the margin, ¢ and ¢ are negative examples, and [-]+ denotes the ramp function.
L;_+ corresponds to image-to-text retrieval, while £;_; corresponds to text-to-image
retrieval (or image search). Common negative sampling strategy includes selecting all
the negatives [HWW17], selecting hard negatives of highest similarity scores in the mini-
batch [FFKF18], and selecting hard negatives from the whole training data [CDL20].
Minimizing the margin-based triplet loss will make positive image-text pairs closer to

each other than other negative samples in the joint embedding space.

Fair Sampling One major issue in the contrastive learning framework is that the
gender distribution in a batch of image-text pairs is typically imbalanced. Hence, the
negative samples will slant towards the majority group, leading to systematic discrim-
ination. To address this problem, we propose a fair sampling strategy. We split the

batch of image-text pairs into masculine and feminine pairs based on the image’s gen-
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der attribute:

Viale = {v | g(v) = male, (v,c) € B} (3.8)
Viemale = {v | g(v) = female, (v, c) € B} (3.9)
Vpeutral = {v | g(v) = neutral, (v, c) € B} (3.10)

For every positive image and text pair (v,c) € B, we identify the gender information
contained in the query c. If the natural language query is gender-neutral, we sample a
negative image from the set of male and female images with probability %, respectively.
Otherwise, we keep the primitive negative sampling selection strategy for keeping the
model’s generalization on gender-specific queries. Let B* be the batch of gender-neutral
image-text pairs, the image search loss with fair sampling is:

Lo = Y (GEoevmalt — 5(0,0) + 5@, + S Eacviamcly — S0, + 5(0,0)1)

(v,c)eB*

+ Y [ =S+ 8@l (3.11)
(v,c)eB/B*

Empirically, we find that if we thoroughly apply the Fair Sampling strategy, the recall
performance drops too much. To obtain a better tradeoff, we use a weight « to combine
the objectives

all™ 4+ (1—a)L (3.12)

as the final text-to-image loss function. We do not alter the sentence retrieval loss £;_¢

during training for preserving generalization.
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3.1.3.2 DPost-processing Debiasing: Feature Clipping based on Mutual In-

formation

Pre-training methods have shown promising zero-shot performance on exten-
sive NLP and computer vision benchmarks. The recently introduced CLIP model [RKH"21]
was pre-trained on an enormous amount of image-text pairs found across the internet
to connect text and images. CLIP can encode image and text into d-dimensional em-
bedding vectors, based on which we can use cosine similarity to quantify the similarity
of image and text pairs. In this work, we find that the pre-trained CLIP model reaches
the state-of-the-art performance but exhibits large gender bias due to training on un-
curated image-text pairs collected from the internet. Although [RKH'21] released the
pre-trained CLIP model, the training process is almost unreproducible due to limitations
on computational costs and massive training data.

In order to avoid re-training of the CLIP model, we introduce a novel post-
processing mechanism to mitigate the representation bias in the CLIP model. We
propose to “clip” the dimensions of feature embeddings that are highly correlated with
gender information. This idea is motivated by the fact that an unbiased retrieve im-
plies the independence between the covariates (active features) and sensitive attributes
(gender) [BHN19]. Clipping the highly correlating covariates will return us a relatively
independent and neutral set of training data that does not encode hidden gender bias.

The proposed clip algorithm is demonstrated in Algorithm 2, and we explain
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Algorithm 2 clip algorithm
Require: Index set Q = {1,...,d}, number of clipped features 0 < m < d

Z+ 0
fori=1toddo
Estimate mutual information I(V;; g(V));
end for
for j =1 tom do
z < argmax{I(V;;g(V)) :i € Q/Z};
Z <+ ZU{z};
end for

return Index set of clipped features Z

the key steps below. Let Q@ = {1,...,d} be the full index set. We use V = Vo =
Vi, Va, ..., V4] to represent the variable of d-dimensional encoding image vectors and
g(V) € {male, female, neutral} to represent the corresponding gender attribute. The
goal is to output the index set Z of clipped covariates that reduce the dependence
between representations Vg, z and gender attributes g(V)). We measure the correla-
tion between each dimension V; and gender attribute g(V') by estimating their mutual

information I(Vj;g(V)) [GKOV17]:

I(Vi;9(V)) =D Pr Pr® Pr 3.13
(Viig(V) = Dia( P [|Pro Pr) (313)

where D, is the KL divergence [KL51], Pry; 4(y)) indicates the joint distribution, Pry;
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and Pry(y) indicate their marginals. Next, we greedily clip m covariates with highest
mutual information, and construct (d — m)-dimensional embedding vectors Vo z. m is
a hyper-parameter that we will experimentally find to best trade-off accuracy and the
reduced gender bias, and we show how the selection of m affects the performance later.
To project text representations, denoted by variable C, into the same embedding space,
we also apply the index set Z to obtain clipped text embedding vectors Cg, z.

The clipped image and text representations, denoted by #* and ¢*, will have a
relatively low correlation with gender attributes due to the “loss” of mutual information.

Then we compute the cosine similarity between image and text by substituting ¢* and

¢* into Equation (3.1):
v e
S(v,¢) = = (3.14)
[z lllle|

Finally, we rank the images based on the cosine similarity between the clipped repre-

sentations.

3.1.4 Experiments

3.1.4.1 Datasets

We evaluate our approaches on the standard MS-COCO [CFL*15] and Flickr30K [YLHH14a]

datasets. Following [KFF17] and [FFKF18], we split MS-COCO captions dataset into

1

113,287 training images, 5,000 validation images and 5,000 test images.” Each image

corresponds to 5 human-annotated captions. We report the results on the test set

!The data is available at cocodataset.org.

52


cocodataset.org

Before Pre-processing

After Pre-processing

A with a red helmet on a small moped on
a dirt road.
A little

is getting ready to blow out a candle

on a small dessert.

A person with a red helmet on a small moped
on a dirt road.
A little child is getting ready to blow out a can-

dle on a small dessert.

A surfboarder dressed in black holding A surfboarder dressed in black holding a white

a white surfboard. surfboard.

A group of young sitting at A group of young people sitting at a table.

a table.

Table 3.1: Samples of the constructed gender-neutral captions. For evaluation, we
convert gender-specific captions to gender-neutral ones by replacing or removing the
gender-specific words.

by averaging over five folds of 1K test images or evaluating the full 5K test images.
Flickr30K consists of 31,000 images collected from Flickr.? Following the same split of
[KFF17, LCH"18], we select 1,000 images for validation, 1,000 images for testing, and

the rest of the images for training.

Identifying Gender Attributes of Images Sensitive attributes such as gender are
often not explicitly annotated in large-scale datasets such as MS-COCO and Flickr30K,
but we observe that implicit gender attributes of images can be extracted from their

associated human-annotated captions. Therefore, we pre-define a set of masculine words

and a set of feminine words. Following [ZWY17] and [BHDR18] we use the ground-

®The data is available at http://bryanplummer.com/F1lickr30kEntities/.

53


http://bryanplummer.com/Flickr30kEntities/

truth annotated captions to identify the gender attributes of images. An image will
be labeled as “male” if at least one of its captions contains masculine words and no
captions include feminine words. Similarly, an image will be labeled as “female” if at

least one of its captions contains feminine words and no captions include masculine

words. Otherwise, the image will be labeled as “gender-neutral”.

0.250
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% 0.200 3 Ky
‘a a Qo
2ours : 0175 5 0-25
0.150 T
£ 010 SCAN g « SCAN £0.20 —e— SCAN
©0.125 FairSample ©0.125 FairSample @0_15 FairSample
0.100 —— CLIP 0.100 —— CcupP —— CLP
0.075 —— CLIP-clip 0.075 —— CLIP-clip 0.10 —— CLIP-clip
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# of retrieved images

# of retrieved images

# of retrieved images

(a) MS-COCO 1K Test Set. (b) MS-COCO 5K Test Set. (c) Flick30K Test Set.

Figure 3.2: Gender bias analysis with different top-K results.

3.1.4.2 Models

We compare the fairness performance of the following approaches:

1. SCAN [LCH'18]: we use the official implementation for training and evaluation?.

2. FairSample: we apply the fair sampling method proposed in Section 3.1.3.1 to the
SCAN framework and adopt the same hyper-parameters suggested by [LCH' 18]

for training.

3The code is available at https://github.com/kuanghuei/SCAN.
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3. CLIP [RKH*21]: we use the pre-trained CLIP model released by OpenAIL* The
model uses a Vision Transformer [DBK™21a] as the image encoder and a masked
self-attention Transformer [VSP'17] as the text encoder. The original model

produces 500-dimensional image and text vectors.

4. CLIP-clip: we apply the feature pruning algorithm in Section 3.1.3.2 to the image
and text features generated by the CLIP model. We set m = 100 and clip the

image and text representations into 400-dimensional vectors.

Note that SCAN and FairSample are trained and tested on the in-domain MS-COCO
and Flickr30K datasets, while the pre-trained CLIP model is directly tested on MS-
COCO and Flickr30K test sets without fine-tuning on their training sets (same for

CLIP-clip as it simply drops CLIP features).

3.1.4.3 Evaluation

Gender-Neutral Text Queries In this study, we focus on equalizing the search re-
sults of gender-neutral text queries. In addition to the existing gender-neutral captions
in the test sets, we pre-process those gender-specific captions to construct a purely
gender-neutral test corpus to guarantee a fair and large-scale evaluation. For every
caption, we identify all these gender-specific words and remove or replace them with
corresponding gender-neutral words. We show some pre-processing examples in Ta-

ble 3.1.

“The pre-trained model is available at https://github.com/openai/CLIP.
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Metrics We employ the fairness metric in Equation (3.5), Bias@QK, to measure the
gender bias among the top-K images. In addition, following standard practice, we
measure the retrieval performance by Recall@K, defined as the fraction of queries for

which the correct image is retrieved among the top-K images.

3.1.4.4 Main Results on MS-COCO & Flickr30K

We report the results comparing our debiasing methods and the baseline meth-

ods in Table 3.2.

Model Bias Although the pre-trained CLIP model is evaluated without fine-tuning,
we observe that it achieves a comparable recall performance with the SCAN model on
MS-COCO and dominates the Flickr30K dataset. However, both models suffer from
severe gender bias. Especially, the Bias@10 of the SCAN model on Flickr30K is 0.3960,
meaning nearly 70% of the retrieved gender-specific images portray men and only 30%
portray women. Similarly, the CLIP model achieves 0.2648 gender bias on MS-COCO
1K test set, indicating about 6.4 out of 10 retrieved images portray men while about 3.6
out of 10 portray women. Given that all of the testing text queries are gender-neutral,

this result shows that severe implicit gender bias exists in image search models.

Debiasing Effectiveness As shown in Table 3.2, both the in-processing sampling
strategy FairSample and the post-processing feature pruning algorithm clip consistently

mitigate the gender bias on test data. For instance, among the top-10 search images,
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Gender Bias] Recallt

Dataset  Method Bias@l Bias@5 Bias@l0 Recall@l Recall@5 Recall@10

SCAN 1250 2044 .2506 47.7 82.0 91.0

FairSample .1140 .1951  .2347 49.7 82.5 90.9
COCO1K

CLIP .0900 .2024  .2648 48.2 7.9 88.0

CLIP-clip .0670 .1541 .2057 46.1 75.2 86.0

SCAN 1379 2133 2484 254 54.1 67.8

FairSample .1133 .1916  .2288 26.8 55.3 68.5

COCO5K
CLIP 0770  .1750 2131 28.7 53.9 64.7
CLIP-clip .0672 .1474 .1611 27.3 50.8 62.0
SCAN 1098 .3341 .3960 41.4 69.9 79.1
FairSample .0744 .2699 .3537 35.8 67.5 7.7
Flickr30K
CLIP 1150 .3150 .3586 67.2 89.1 93.6
CLIP-clip .0960 .2746 .2951 63.9 85.4 91.3

Table 3.2: Results on MS-COCO (1K and 5K) and Flickr30K test sets. We compare
the baseline models (SCAN [LCH" 18] and CLIP [RKH"21]) and our debiasing methods
(FairSample and CLIP-clip) on both the gender bias metric Bias@K and the retrieval
metric RecallQK.

SCAN with FairSample reduces gender bias from 0.3960 to 0.3537 (decreased by 10.7%)
on Flickr30K. Using the clipped CLIP features for image search (CLIP-clip), the gender
bias drops from 0.2648 to 0.2057 (22.3%) on MS-COCO 1K, from 0.2131 to 0.1611

(24.4%) on MS-COCO 5K, and from 0.3586 to 0.2951 (17.7%) on Flickr30K. For the
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tradeoff, CLIP-clip sacrifices the recall performance slightly (from 93.6% Recall@10
to 91.3% on Flickr30K). On the other hand, SCAN with FairSample even achieves a

comparable recall performance with SCAN.

3.1.4.5 Gender Bias at Different Top-K Results

We plot how gender bias varies across different values of K (1-10) for all the
compared methods in Figure 3.2. We observe that when K < 5, the gender bias has a
higher variance due to the inadequate retrieved images. When K > 5, the curves tend
to be flat. This result indicates that Bias@10 is more recommended than Bias@1 for
measuring gender bias as it is more stable. It is also noticeable that CLIP-clip achieves
the best fairness performance in terms of Bias@10 consistently on all three test sets

compared to the other models.

3.1.4.6 Tradeoff between Recall and Bias

There is an inherent tradeoff between fairness and accuracy in fair machine
learning [ZG19b]. To achieve the best recall-bias tradeoff in our methods, we further
examine the effect of the controlling hyper-parameters: the weight « in FairSampling
and the number of clipped dimensions m in CLIP-clip.

Figure 3.3 demonstrates the recall-bias curve with the fair sampling weight
a € [0,1]. Models of higher recall often suffer higher gender bias, but the fairness

improvement outweighs the recall performance drop in FairSample models. For example,
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Figure 3.3: The Pareto frontier of recall-bias tradeoff curve for FairSample on MS-
COCO 1K and Flickr30K

the model fully trained with fair sampling (o« = 1) has the lowest bias and drops the

recall performance the most—it relatively reduces 22.5% Bias@10 but only decreases

10.9% Recall@10 on Flickr30K. We choose @ = 0.4 for the final model, which has a

better tradeoff in retaining the recall performance.

As shown in Figure 3.4, we set the range of the clipping dimension m between

100 and 400 on MS-COCO 1K. We find that clipping too many covariates (1) harms the

expressiveness of image and text representations (Recall@1 drops from 46.1% to 11.3%,

Recall@5 drops from 75.2% to 25.4%, and Recall@10 drops from 86.0% to 34.2%), and

(2) causes high standard deviation in gender bias. In light of the harm on expressiveness,

we select m = 100 for conventional use.
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Figure 3.4: Effect of the number of clipped dimensions m on performance of recall and
bias on MS-COCO 1K.

3.1.5 Evaluation on Internet Image Search

The aforementioned evaluation results on MS-COCO and Flickr30K datasets
are limited that they rely on gender labels extracted from human captions. In this sense,
it is important to measure the gender biases on a benchmark where the gender labels
are identified by crowd annotators. To this end, we further evaluate on the occupation
dataset [KMM15], which collects top 100 Google Image Search results for each gender-
neutral occupation search term.® Each image is associated with the crowd-sourced
gender attribute of the participant portrayed in the image. Inspired by [BHDR18] and
[TDL*20], we measure the gender bias by computing the difference of expected cosine

similarity between male and female occupational images. Given an occupation o, the

5The data is available at https://github.com/mjskay/gender-in-image-search.
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Figure 3.5: Gender bias evaluation of internet image search results on occupations.
We visualize the similarity biases on 18 occupations. B indicates the occupation is
biased towards males and M indicates it is biased towards females. The clip algorithm
mitigates gender bias for a variety of occupations.
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similarity bias is formulated as

Bias = Eyeye | S(v,0) — Eyeye  S(v,0) (3.15)

female

where V°

o ale and VP are the sets of images for occupation o, labeled as “male” and

“female”.

Figure 3.5 demonstrates the absolute similarity bias of CLIP and CLIP-clip on
the occupation dataset for 18 occupations. We observe that the CLIP model exhibits
severe similarity discrepancy for some occupations, including telemarketer, chemist, and
housekeeper, while the clip algorithm alleviates this problem effectively. Note that for
doctor and police officer, the CLIP-clip model exaggerates the similarity discrepancy,
but the similarity bias is still less than 0.01. In general, CLIP-clip is effective for
mitigating similarity bias and obtains a 42.3% lower mean absolute bias of the 100

occupations than the CLIP model (0.0064 vs. 0.0111).

3.2 Multilingual Fairness

3.2.1 How Do We Assess Fairness for Pre-trained Multilingual and

Multimodal Representations?

Recently pre-trained vision-and-language representations [LBPL19, TB19, SZC™20,
LDF*20, CLY*20, LYL'20, GCL*20, YTY*21, DJ21, RKH"21, CLTB21] have re-
ceived a surge of attention. Such pre-trained multimodal representations have shown
great capabilities of bridging images and natural language on the downstream tasks,
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including image captioning [LRN19], image retrieval [VJST19], visual QA [ZPZ"20],
text-to-image generation [RPG'21], etc. While it is commonly recognized that the
multimodal representations trained on English corpora can be generalized to multilin-
gualism by cross-lingual alignment [LC19, CKGT20], recent studies criticize that the
multilingual textual representations do not learn equally high-quality representations
for all the languages [WD20], especially for low-resource languages. [HRS™20] empha-
size the need for general-purpose representations to seek equal performance across all
languages. However, there is still a lack of a nuanced understanding of how multilingual
representations fare on vision-and-language benchmarks.

This section provides a novel perspective for analyzing the principles of multi-
lingual fairness in multimodal representations from two aspects. First, existing frame-
works for measuring multilingual biases usually emulate text sources in different lan-
guages, which may have ambiguous meanings in varied contexts [GBH"20]. In contrast,
we leverage visual grounding as the anchor to bridge text in different languages—text
snippets in different languages but with similar semantics should be equitably relevant
to the same images. Second, we equate a language as an aggregated group of individ-
uals (e.g., French as a group of French sentences) in the terminology of fairness. As
[CD21] has pointed out, “each language has a distinct identity, defined by its vocabu-
lary, syntactic structure, its typological features, amount of available resources, and so

»

on.” The notions of fairness, such as individual fairness [DHP*12a] and group fair-

ness [ZWST13, Chol7b, HPS16b, ZL122|, can be naturally adapted by comparing the
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multimodal model’s treatment across languages.

Therefore, we introduce two fairness notions: multilingual individual fairness
presumes similar outcomes between similar language expressions grounding on the same
images; multilingual group fairness postulates that multimodal models should induce
similar predictive performance across different languages. These fairness notions are
formalized to compare the multimodal model’s treatment of one language versus another

for either the individual target or the aggregated group.

3.2.2 Multilingual Individual Fairness

For an ideal multilingual vision-and-language model, text descriptions in dif-
ferent languages referring to similar semantic meanings should be equally similar or
dissimilar to the same grounding images. We note that there are no language expres-
sions that are perfectly identical to each other in real-world scenarios due to linguistic
features. Nevertheless, at least in a normal vision-and-language task, multilingual mod-
els are desired to impose equal treatment to different languages. For instance, “this is
a cat” (in English) and “das ist eine Katze” (in German) should be similarly related to
an image of a cat in image-text retrieval. This intuition aligns with individual fairness
in a multilingual manner. In this section, we investigate to what degree multilingual
representations are individually fair.

Individual fairness requires that similar people should be treated similarly

[DHP*12a]. In our multilingual setting, we require that the text snippets expressing
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similar semantics in different languages should be similarly related to the same images.
Taking the Euclidean distance function to measure the distance between text features,

we can define a-multilingual individual fairness by:

Definition 3 (Multilingual Individual Fairness). Given a set of image-text pairs {({,T)},
a multimodal model M satisfies a-multilingual individual fairness if for all (I,7T), for

languages L and L'
1S, W)Y — S(I, TEN)| < al|bx tH) — b+t
where b * t(I) is the textual representation vector yielded by M in language L.

Here, « is a parameter to control the ratio of similarity gap to the text feature
vectors’ distance, and smaller « indicates the model is individually fairer. Note that
the similarity gap is at most 2, because the range of cosine similarity is [0, 1]. In general
settings, S(I,T') is measured by the cosine similarity between the encoded visual vector

b x v and textual vector b * t.

Lemma 3.1. Denote O,(bxt) = {bxz | [[bxx—bxt| < p} to be a closed ball of radius

p > 0 and center bxt. Then for any visual representation vector b * v,

sup 1S (bxv, bxtF)) = S(bxv, bxtH))| <, [2(1 — \/1 — (%)2) (3.16)
bt L) €0, (bxt (D)) 1B+ (5]
0<p<||bst )|

where S(-,-) denotes the cosine similarity, bxt"") and bxt"") are textual representation

vectors for languages L and L', respectively.
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Lemma 3.1 implies that when the distance between multilingual textual rep-
resentation vectors is bounded, the similarity with images can be bounded in terms
of their distance. It is worth noting that the bounds are independent of the visual
representation vectors. Nevertheless, the form of upper bound in Lemma !3.1 is a bit

sophisticated, and can be simplified when p < ||b * t()].
Theorem 3.2. When ||bxt() —bxt(P)|| < b+ tP)],

(L) _ px¢L)
(L)y _ (L) < Ibxt ulded
|S(bxv,bxt'")) = S(b*xv,bxt"™)| 5 b tD)]|

Theorem 3.2 is a direct application of Lemma 3.1 when the distance between
multilingual vectors is small enough, and extends in many natural cases to approximate
the multilingual individual fairness with o ~ m. Theorem 3.2 implicates to what

degree the multimodal model satisfies individual fairness when text snippets are well

aligned between different languages.

3.2.2.1 Evaluation

The theoretical analysis on multilingual individual fairness implies that the
ratio of similarity difference to their text feature distance can be bounded by the re-
ciprocal of the length of text feature vectors. To verify the implication, we conduct

experiments on the Multi30K dataset [EFSS16].

Dataset. The Multi30K dataset [EFSS16] contains 31,014 Flickr30K [YLHH14b] im-
ages and composes the translation and the independent portions of English-German cap-

66



0.20 . translation independent

015 N
g g 0% e en 50.4 59.2
z z S e s o
0. = 0.10 @ 8
2 2 I
E £ RS e de 15.6 36.3
@ 5 0.05 7 o SRR D o

y m?%gﬁ“‘z%% o
~ o o000 08 o
0.004 SBs o 20 Gap 4.8 22.9
6 8 10 2 4 6 8 10
Text feature distance between English and German Text feature distance between English and German
(a) Translation (b) Independent (c¢) Accuracy disparity

Figure 3.6: We empirically examine how does the multilingual CLIP fare on the trans-
lation and the independent portions. We also evaluate the accuracy disparity for image-
text matching, and find out that the independent portion incurs huge accuracy disparity
compared with the translation portion.

tion pairs. The German translations were collected from professional English-German
translators by translating the English captions without seeing the images, one per im-
age. The independent portion was independently annotated by German crowdworkers
after seeing the images instead of English captions, five per image. Hence, the translated
captions are strongly aligned in both languages, while the independent descriptions may
have distinct context. We use 1,000 test images for our evaluation. For the independent
portion, we select the first English caption and the first German caption of the five to

pair with the image for a fair comparison.

Results. We embed each English-German caption pair into textual representation
vectors and the corresponding image into visual representation vectors. We compute
the Euclidean distance between English-German text features, as well as the cosine
similarity with respect to the image features. We plot their cross-lingual gap on the

translation and the independent portions in Figure 3.6. For both portions, the blue
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dashed lines represent the empirical upper bounds of the ratio between similarity gap
and text feature distance.

Unsurprisingly, we find out that the English-German captions are more closely
aligned on the translation portion (the average textual feature distance is 1.86) than
the independent portion (average distance is 5.69). The similarity gaps regarding the
translation portion are below 0.06 in general, and those regarding the independent
portion are above 0.10 for many instances. The reason is apparent: translated captions
have more similar semantics owning to the professional text-to-text translations, while
independent captions have more diverse expressions of the same images, even if they
might refer to the same content.

On the other hand, we observe that the slopes of blue dashed lines for trans-
lation and independent portions are approximate to each other, i.e., the empirical « for
both portions are similar. This fact implies that the multilingual CLIP model evaluated
on two different text corpora share a similar level of individual fairness, even though the

cross-lingual similarity gaps are quite different. We also note that the empirical upper

1

e @] 1 Theorem 3.2.

bound of a are much smaller than the theoretical upper bound

Although we have verified that multilingual multimodal representations satisfy
similar individual fairness, we demonstrate that they violate group fairness by evaluat-
ing their image-text matching accuracy. We find out that English captions dominate

the Top-1 image-text matching accuracy over German captions, with 4.8% higher on

the translation portion and 22.9% higher on the independent portion. This observation
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Figure 3.7: Race, gender, and age classification accuracy across different languages.

delivers an important message for researchers who are interested in learning fair rep-
resentations [RBFV20]: individual fairness does not flatly prevent accuracy disparity

among different languages [Bin20].

3.2.3 Multilingual Group Fairness

Distinct from individual fairness, multilingual group fairness appeals to the
idea that multimodal models should achieve equivalent predictive performance across
different languages. From the perspective of representations, it is hard to carry out this
demand without well-defined tasks and metrics. Hence it is natural to ask how to define
group fairness in this scenario properly? In this section, we shall answer this question
by equating language as a unique dimension of group membership relating to the text
modality. We formulate the criteria by equalizing the accuracy rates over different
languages. We also observe that images are often connected to people in protected or
unprotected groups. Given the image-text pairs, we consider the accuracy disparity
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across different languages conditioning the subgroup of images.

3.2.3.1 Equality of Accuracy across Languages

Given a dataset D consisting of ground-truth image-text pairs {(I;,7;)} and
each text can be in different languages. The goal of a multimodal model M is to predict

the similarity S(I;,T;) for any image I; and text 7. Then the model matches T; for

A~

images I; by selecting the text with highest similarity scores, i.e., T; = arg max; S(I;, T}).
1 ~
Acc(M) = Dl > 1T =T (3.17)
D

We use the superscript (L) to indicate the accuracy Acc(®) is evaluated in language L.
Next, we take language as group membership and define multilingual accuracy parity

by equalizing accuracy across languages.

Definition 4 (multilingual accuracy parity). A multimodal model M satisfies multi-

lingual accuracy parity if Acc™) (M) = AccE) (M) for all languages L, L.

In practice, it is impossible to achieve accuracy parity for all languages. Fol-

lowing [HRS™20], we use
Gap,, (L, L) = |aAcc) (M) — Acc™) (M) (3.18)

to represent the cross-lingual gap for model M.
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3.2.3.2 When Language Meets Groups in Images

The above discussion on group fairness considers language as the sole group
membership. In the real-world image and text applications, the people portrayed in
the images are often associated with protected groups. For instance, the face attribute
dataset [LLWT15a] contains sensitive attributes, such as race, age and gender. Let G
denote the group membership of images and D, denote the subset of data examples D
given G = a. The accuracy of a multimodal model evaluated on the images of subgroup

a is defined as

Accy (M) = > 1T =Ty (3.19)

When language is connected to images of different groups, we can define accuracy dis-

parity between group a and group b with respect to model M within language L as

Disp\Y(a,b) = |acc() (M) — AccP (M) (3.20)

a

Disp represents the group rate gap in a single language. Mirroring multilingual accuracy

parity, we can define the multilingual group rate parity as below.

Definition 5 (multilingual group rate parity). A multi-modal model M satisfies mul-
(L)

tilingual group rate parity if Dispg\?(a, b) = Disp,, '(a,b) with respect to groups a,b

associated with images for all languages.

Definition 4 and Definition 5 evaluate the fairness of multilingual representa-
tions from diverse aspects. More broadly, we may be interested in the accuracy gap
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between different combinations of languages and groups. A common case is that there

|Dal
DI

are only two protected groups (e.g. female and male, young and old). Let p, =
and p, = % represent the population proportions of group a and group b respectively,

satisfying p, + pp = 1. Then we can decompose the cross-lingual cross-group accuracy

disparity as below:

Proposition 3.3. When there are only two protected groups a and b, the following

inequality holds for any two languages L and L'
Acctl) — AccéL/)| < Gap(L,L') + py - Disp'™ (a, b) + p, - DispL)(a, b) (3.21)

Proposition 3.3 guarantees that the accuracy disparity between any combina-
tions of languages and protected groups can be upper bounded by a variety of factors,
and implicates that we only need to focus on cross-lingual gap and group rate gap
measures to assess multilingual group fairness. In what follows, we will take a closer
look at how the multilingual CLIP model performs with compositions of languages and

protected groups under these fairness criteria.

3.2.3.3 Evaluation on Multilingual Accuracy Disparity

Dataset. FairFace [KJ21] is a face attribute dataset for the balanced race, gender, and
age groups. It categorizes gender into two groups, including female and male, and race
into seven groups, including White, Black, Indian, East Asian, Southeast Asian, Middle

Eastern, and Latino. For ages, we categorize the raw labels into five groups: infants
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(0-2), children and adolescents (2-19), adults (20-49), middle age adults (50-69), and
seniors (more than 70). We follow their original data split and select the validation set

consisting of 10,940 face images for evaluation.

Languages. We analyze the multilingual group fairness for 8 languages: Chinese
(zh), English (en), French (fr), German (de), Japanese (ja), Russian (ru), Spanish (es),
and Turkish (tr). We select English as the pivot language and write natural language
prompts in English. Then we translate them into other languages: we first use Google
Translate and then recruit native speakers to rate the prompts and fix any potential
errors on Amazon Mechanical Turk. The rationale for only using English as the pivot
language is that the multilingual CLIP [CE21] selects English as the pivot language for

aligning multilingual text embeddings.

Text Prompts. Following [RKHT21], we construct the text prompt by the template
“A photo of a {1abel} person”. Concretely, for gender classification, we construct the
text prompt “A photo of a woman” when the gender attribute is female, and construct
“A photo of a man” otherwise. For race classification, we construct the text prompt
by “A photo of a(n) {race} person”. Note that Indian actually refers to South Asian
ethnic groups in the Fairface race taxonomy [KJ21] but it can refer to Native Americans
as well. To avoid ambiguity, we replace “Indian” by “South Eastern” to construct the

prompts. For age classification, we notice that the age attributes in Fairface dataset
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are numeric values and use the template “A photo of a person aged {age} years” to

construct text prompts.

Results. We probe the multilingual accuracy disparity for race classification, gender
classification, and age classification, as shown in Figure 3.7. We use two different pre-
trained image encoders for extracting visual representation vectors, including Vision
Transformer [DBK™21b] and ResNet-50 [HZRS16]. We observe that:

Cross-lingual gap varies across different protected groups. The pre-
dictive accuracy for gender classification is consistently higher than 90% across all the
languages. In contrast, the multimodal model has relatively poor performance and
more considerable variance for race and age classification. Furthermore, race classifi-
cation yields 24.66% accuracy disparity and age classification yields 34.47% accuracy
disparity for Vision Transformer. This implies that the huge disparity may result from
the poor predictive performance of the model.

Visual representations affect accuracy disparity. For race classification,
Vision Transformer features generally achieve higher accuracy across all languages than
ResNet-50 (34.82% vs. 26.83% on average) except for Russian. The standard deviation
of Vision Transformer is higher than ResNet-50 (8.18% ws. 7.34%). The maximal
accuracy gap for Vision Transformer is 30.40% between German and Spanish, while the
maximal accuracy gap for ResNet-50 is 23.12% between German and French. For gender

classification, Vision Transformer dominantly achieves higher accuracy and incurs less
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accuracy gap. For age classification, the accuracy is moderately low for all languages.
However, Vision Transformer has 63.1% accuracy in Chinese while only 25.8% accuracy
in German, exaggerating the accuracy gap between languages.

In Table 3.3, we present the complete results of Figure 3.8 by compositions of

gender and race groups across different languages.

3.2.3.4 Evaluation on Multilingual Group Rate Disparity

We evaluate multilingual group rate disparity for gender classification on Fair-
face dataset. We follow the same setup as described in Section 3.2.3.3 and measure the
gender gap given by Equation (3.20), where a is the composition of male and various
race groups, b is the composition of female and various race groups. We try to answer
the following research questions:

How do gender gaps differ across protected groups? We plot the gender
accuracy gap across different languages and racial groups in Figure 3.8. It is clearly
shown that Black and Southeast Asian groups dominantly exhibit larger gender gaps
than other groups. We also observe that French has a similar performance with English.
We conjecture this is because English and French share the same alphabet and similar
syntactic structures. Besides, as shown in Table 3.3, English and French have the largest
race inequality regarding gender gap—mnearly zero gender gaps for White but near the
maximal gaps for Black.

Are gender gaps amplified for different languages when compared
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Figure 3.8: Gender accuracy gap across different languages and racial groups. Black
and Southeast Asian people face significant larger gender gaps than other racial groups
in most languages.

with English? We report the accuracy gap on gender classification of FairFace images
by race groups across different languages in Table 3.3. We take English as the pivot
language and examine whether the accuracy gaps by race groups are amplified for other
languages. Compared with English, accuracy gaps for White and Middle Eastern groups

are generally amplified for other languages. On the other hand, accuracy gaps are
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Table 3.3: Gender classification accuracy of FairFace images by race groups across
different languages.

East  Southeast Middle

Language Gender White Black Indian Asian Asian Eastern Latino  Average
English Female  95.1 90.9 94.5 95.2 96.0 96.0 94.2 94.6
Male 95.2 83.5 90.4 92.7 89.0 96.7 93.2 91.5
Disp 0.1 7.4 4.1 2.5 7.0 0.7 1.0 3.0
German Female 93.8 90.1 94.0 94.2 95.0 95.5 93.9 93.8
Male 95.6 85.4 92.0 93.6 89.8 97.2 93.9 92.5
Disp 1.9 4.7 1.9 0.6 5.2 1.7 0.1 1.3
French Female  95.0 90.4 94.6 95.0 96.3 95.7 94.2 94.5
Male 95.0 84.0 90.0 92.1 87.8 96.3 93.3 91.2
Disp 0.0 6.4 4.6 2.8 8.6 0.6 0.9 3.2
Japanese  Female 94.5 90.6 94.4 94.7 95.7 95.7 94.1 94.2
Male 95.3 84.0 91.5 93.4 89.1 96.6 93.4 91.9
Disp 0.8 6.6 2.9 13 6.6 0.8 0.7 2.3
Turkish Female  93.9 90.0 93.8 94.6 95.3 95.5 94.1 93.9
Male 95.6 85.2 92.0 93.8 89.5 96.9 93.9 92.4
Disp 1.8 4.7 1.8 0.7 5.8 1.5 0.1 1.4
Russian Female 93.0 88.4 93.1 93.4 94.6 95.2 93.4 93.0
Male 96.4 87.6 93.2 94.5 92.0 97.5 95.0 93.7
Disp 3.4 0.8 0.2 1.1 2.6 2.3 1.6 0.7
Spainish ~ Female — 94.1 90.5 94.4 95.1 95.6 95.5 94.2 94.2
Male 95.5 84.4 91.2 93.2 89.4 96.8 93.7 92.0
Disp 1.5 6.1 3.1 1.9 6.2 13 0.5 2.2
Chinese Female 93.9 90.1 94.1 94.8 95.4 95.5 94.2 94.0
Male 95.5 84.9 91.8 93.7 89.5 96.9 93.9 92.3
Disp 1.7 5.2 2.3 1.1 59 15 0.3 1.7

generally mitigated for groups including Black, Indian, East Asian, Southeast Asian,
and Latino groups. The averaged cross-lingual gaps are mitigated for all the languages
except for French.

We also evaluate multilingual group rate disparity for age classification. We

composite gender and age as the group membership. We plot the age classification
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accuracy by female and male groups across different languages in Figure 3.9. The blue
bars indicate that the male group has higher accuracy than the female group, while the
orange bars indicate that the female group has higher accuracy than the male group.
The heights of bars represent the accuracy gaps between male and female groups. In
general, the male group has higher accuracy than the female group. Especially, adults
(20-49 years old) consistently suffer huge gender gaps across all the languages, with the

largest gap 52.2% for Japanese. It is worth noting that the numerals to express ages are
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Figure 3.9: Age classification accuracy across female and male groups for different
languages. The blue bars indicate that the male group has higher accuracy than the
female group, while orange bars indicate that the female group has higher accuracy.
The heights of bars represent the accuracy gaps between male and female groups.

identical in text prompts for different languages, e.g., “a person aged 20 to 49 years” in
English versus “eine Person im Alter von 20 bis 49 Jahren” in German. This controlled

experiment helps us better understand whether the identical numeric digits have distinct

78



meanings in multilingual contexts. As shown in Figure 3.9, although text prompts in
different languages share the same numerals of ages, the yielding accuracy exhibits
significant disparity across languages. One prominent example is that the predictive
accuracy for infants (0-2 years old) is 5.8% for English and 2.6% for French, but 89.4%
for German and 91.6% for Japanese, implying the presence of significant cross-lingual

accuracy gaps.

3.3 Text-to-Image Association Test

3.3.1 Motivating Example

Recent progress on generative image models has centered around utilizing text
prompts to produce high quality images that closely align with the provided natural
language descriptions [RDNT22, NDR*22, SCST22, YXK122, CZB"23|. Easy access
to these models, notably the open-sourced Stable Diffusion model [RBL"22], has made
it possible to develop them for a wide range of downstream applications at scale, such
as generating stock photos [Rae22], and creating creative prototypes and digital assets
[Ope22].

The success of text-to-image generation was enabled by the availability and
accessibility of massive image-text paired datasets scraped from the web [SBVT22].
However, it has been shown that data obtained by these curations may contain human

biases in various ways [BPK21]. Selection bias occurs when the data is not properly
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association

A photo of a child studying astronomy. = distance /

neutral
)

male

A photo of a boy studying astronomy.

Figure 3.10: Text-to-Image Association Test (T2IAT) procedure. We instantiate
the proposed bias test on Gender-Science. We use the text prompt “A photo of a child
studying astronomy” to generate neutral images. Then we substitute “child” with
feminine and masculine words and generate attribute-specific images. We calculate the
average difference in the distance between the neutral and attribute-specific images as
a measure of association.

collected from a diverse set of data sources, or the sources themselves do not properly
represent groups of populations of interest. For example, it is reported that near half
of the data samples of ImageNet came from the United States, while China and India,
the two most populous countries in the world, were the contributors of only a small
portion of the images [SHBT17]. It is important to be aware that the generative models
trained on such datasets may replicate and perpetuate the biases in the generated images
[WBC22].

Our work seeks to quantify the implicit human biases in text-to-image gener-

ative models. A large body of literature has identified the social biases pertaining to
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gender and skin tone by analyzing the distribution of generated images across different
social groups [BYMC22, CZB22]. These bias metrics build on the assumption that each
generated image only associates with a single protected group of interest. However,
in reality, the images might not belong to any of the protected groups when there is
no discernible human subject or the appearances of the detectable human subjects are
blurred and unclear. Moreover, the images may belong to multiple demographic groups
when more than one human subjects are present in the image. Therefore, these bias
measures can easily fail to detect the subtle differences between the visual concepts
reified in the images and the attributes they are associated with.

Unlike previous studies, our work aims to provide a nuanced understanding
on more complex stereotypical biases in image generations than the straightforward
demographic biases. Examples of the complex stereotypes includes: there is a belief
that boys are inherently more talented at math, while girls are more adept at language
[NSST09]; people with lighter skin tones are more likely to be appeared in home or hotel
scenes, while people with dark skin tones are more likely to co-occur with object groups
like vehicle [WNR20]. We investigate how these biases will be reified and quantified in
machine generated images, with a special focus on valence (association with negative or
unpleasant vs. positive or pleasant concepts) and stereotypical biases.

In this section, we propose the Text-to-Image Association Test (T2IAT), a
systematic approach to measure the implicit biases of image generations between target

concepts and attributes (see Figure 3.10). One benefit of our bias test procedure is
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that it is not limited to specific demographic attributes. Rather, the bias test can be
applied to a wide range of concepts and attributes, as long as the observed discrepancy
between them can be justified as stereotyping biases by the model owners and users. For
use cases, we conduct 8 image generation bias tests and the results of the tests exhibit
various human-like biases at different significance levels as previously documented in
social psychology.

We summarize our contribution as two-fold: first, we provide a generic test
procedure to detect valence and stereotypical biases in image generation models. Second,
we extensively conduct a variety of bias tests to provide evidence for the existence of

such complex biases along with significance levels.

3.3.2 Approach

In this work, we adapt the Implicit Association Test (IAT) in social psychology
to the task of text-to-image generation. We will first introduce the long history of
association tests. But existing bias tests are primarily focusing on word embeddings.
Therefore, we present the Text-to-Image Association Test (T2IAT), which quantifies

the human biases in images generated by text-to-image generation models.

3.3.2.1 Implicit Association Test

In social psychology, the Implicit Association Test (IAT) introduced by [GMS98]

is an assessment of implicit attitudes and stereotypes where the test subjects are held un-
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consciously, such as associations between concepts (e.g. people in light /dark skin color)
and evaluations (e.g. pleasant/unpleasant) or stereotypes. In general, IAT can be cate-
gorized into valence IATSs, in which concepts are tested for association with positive or
negative valence, and stereotype IAT's, in which concepts are tested for association with
stereotypical attributes (e.g. “male” vs. “female”). During a typical IAT test procedure,
the participants will be presented with a series of stimuli (e.g., pictures of black and
white faces, words related to gay and straight people) and are asked to categorize them
as quickly and accurately as possible using a set of response keys (e.g., "pleasant” or
"unpleasant” for valence evaluations, ”family” or ”career” for stereotypes). The IAT
score is interpreted based on the difference in response times for a series of categorization
tasks with different stimuli and attributes, and higher scores indicate stronger implicit
biases. For example, the Gender-Career IAT indicates that people are more likely to
associate women with family and men with careers.

IAT was adapted to the field of natural language processing by measuring the
associations between different words or concepts for language models [CBN17b]. Specif-
ically, a systematic method, Word Embedding Association Test (WEAT), is proposed
to measure a wide range of human-like biases by comparing the cosine similarity of word
embeddings between verbal stimuli and attributes. More recently, WEAT was extended
to compare the similarity between embedding vectors for text prompts instead of words

[MWB*19, BDC20, GC21b).
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3.3.2.2 Text-to-Image Association Test

We borrow the terminology of association test from [CBN17b] to describe our
proposed bias test procedure. Consider two sets of target concepts X and Y like science
and art, and two sets of attribute concepts A and B like men and women. The null
hypothesis is that, regardless of the attributes, there is no difference in the association
between the sets of images generated with the target concepts. In the context of Gender-
Science bias test, the null hypothesis is saying that no matter whether the text prompts
describe science or arts, the generative models should output images that are equally
associated with women and men. We note that in such a gender stereotype setting,
a naive way to measure association is to count the numbers of men and women who
appeared in the generated images. This simplified measure reduces the fairness criteria
to ensure that the image generation should contain the equal size of pictures depicting
women and men, which has been adopted in many prior works [TSZ20, BYMC22].

To validate the significance of the null hypothesis, we design a standard sta-
tistical hypothesis test procedure, as shown in Figure 3.10. The key challenge is how
to measure the association for one target concept X with the attributes A and B, re-
spectively. Our strategy is first to compose neutral text prompts about X that do
not mention either A or B. The idea is that the images generated with these neutral
prompts should not be affected by the attributes but will be skewed towards them due

to the possible implicit stereotyping biases in the generative model. We then include the
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attributes in the prompts and generate attribute-guided images. The distance between
the neutral and attribute-guided images can be used to measure the association between
the concepts and the attributes.

More specifically, we construct text prompts that are based on the target
concepts, with or without the attributes. Let X and Y denote the neutral prompts
related to the target concepts X and ), respectively. Similarly, we use X4 to represent
the set of text prompts that are created by editing X with a set of attribute modifiers
A corresponding to the attribute A. We feed these text prompts into the text-to-image
generative model and use G(-) to denote the set of generated images with input prompts.
For ease of notation, we use lowercase letters to represent the image samples and those
accented with right arrows to represent the vector representations of the images. We

consider the following test statistics:

e Differential association measures the difference of the association between the

target concepts with the attributes.

S(X,Y, A, B) = E,cq(x)Asc(z, X, XP) —EyegpnAse(y, YA, YP)  (3.22)
Here Asc(z, X, XP) is the association for one sample image with the attributes,
i.e.,

Asc(z, X4, XB) = Eqcg(x) cos(az, aa) — Eycg x5y cos(az, ab) (3.23)

In Eq (3.23), cos(-,) is the distance measure between images. While there are

several different methods for measuring the distance between images, we choose to
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compute the cosine similarity between image embedding vectors that are generated
with pre-trained vision encoders. During our experimental evaluation, we follow

the fashion and use the vision encoder of CLIP model [RKH"21] for convenience.

e p-value is a measure of the likelihood that a random permutation of the target
concepts would produce a greater difference than the sample means. To perform
the permutation test, we randomly split the set X UY into two partitions X and
Y of equal size. Note that the prompts in X might be related to concept ) and
those in Y might be related to concept X. The p-value of such a permutation test
is given by

p= Pr(\sp?, Y, A, B)| > |S(X,Y, A, B)]) (3.24)
The p-value represents the degree to which the differential association is statisti-
cally significant. In practice, we simulate 1000 runs of the random permutation

to compute the p-value for the sake of efficiency.

e Effect size d is a normalized measure of how separated the distributions of the
associations between two target concepts are. We adopt the Cohen’s d to compute

the effect size by

g E.[Asc(z, X4, XB)] S—Ey[ASC(y’ YA Y (3.25)

where s is the pooled standard deviation for the samples of Asc(z, X4, X?) and
Asc(y, Y4, YB). According to Cohen, effect size is classified as small (d = 0.2),
medium (d = 0.5), and large (d > 0.8).
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We present the whole bias test procedure in Algorithm 3. The defined bias
measures the degree to which the generations of the target concepts exhibit a preference
towards one attribute over another. One qualitative example is provided in the first
column of Figure 3.11. Although the prompt of those figures does not specify gender,

almost all of the generated images for science and career are depicting boys.

Algorithm 3 Bias test procedure
Input: concepts X and Y, attributes A and B.

Output: S(X,Y, A, B), p, d.
1: Construct a set of neutral prompts related to the concepts X and Y. Then construct
attribute guided prompts for attributes A and B, respectively.
2. For Z € {X,Y}, generate the sets of images G(Z), G(Z4) and G(ZP) from the text
prompts.
3: Compute S(X,Y, A, B) using Eq (3.22).
4: Run the permutation test to compute the p-value by Eq (3.24).

5. Compute the effect size d by Eq (3.25).

3.3.3 Association Test Results

3.3.3.1 Experimental Setup

Concepts and Text Prompts We replicate 8 bias tests for text-to-image generative
models, including 6 valence tests: Flowers vs. Insects, Musical Instruments vs. Weapons,
Judaism wvs. Christianity, European American vs. African American, light skin vs. dark
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skin, and straight vs. gay; and 2 stereotype tests: science vs. arts and career vs. family.
Each bias test includes two target concepts and two valence or stereotypical attributes.
Following [GMS98], we adopt the same set of verbal stimuli for each of the concepts
and attributes. For valence tests, the evaluation attributes are pleasant and unpleasant.
For stereotype tests, the stereotyping attributes are male and female.

We systematically compose a set of representative text prompts with the col-
lection of verbal stimuli for each pair of compared target concepts and attributes. The

constructed text prompts will be fed into the diffusion model to generate images.

Generative Models For our initial evaluation, we use the Stable Diffusion model
stable-diffusion-2-1 [RBL"22]. We adopt the standard parameters as provided in
the Huggingface’s API to generate 10 images of size 512 x 512 for each text prompt,
yielding hundreds of images for each concept. Through practical testing, we determined
that this number of generations produces accurate estimates of the evaluated metrics
with a high level of confidence. The number of denoising steps is set to 50 and the
guidance scale is set to 7.5. The model uses OpenCLIP-ViT/H [RKH*21] to encode text

descriptions.

3.3.3.2 Valence Tests

Flowers and Insects We begin by exploring the non-offensive stereotypes about

flowers and insects, as these do not involve any demographic groups. The original TIAT
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Figure 3.11: Examples of generated images. Images in the first row are generated
with the text prompts describing science or career, while images in the second row
are generated with the text prompts describing arts or family. The first column of
images are generated with neutral prompts, without adding any gender-specific words.
The second and third columns of images are generated with gender-specific prompts by
appending gendered words to the corresponding neutral prompts.

finding found that most people take less responding time to associate flowers with words
that have pleasant meanings and insects with words that have unpleasant meanings
[GMS98]. To replicate this test, we use the same set of verbal stimuli for flowers and
insects categories that were used in the TAT test. We construct the text prompt “a
photo of {flower/insect}” to generate images without any valence interventions. In
parallel, we append the words expressing pleasant or unpleasant attitudes after the
constructed prompt to generate the images with positive or negative valence. Examples
of generated images can be seen in Figure 3.11. We report the evaluated differential
association S(X,Y, A, B), p-value, and effect size d in Table 3.4. To estimate the p-
value, we perform the permutation test for 1,000 runs and find out that there is no

other permutation of images that can yield a higher association score, indicating that
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Concept X Concept Y Attribute A Attribute B Association Score p-value effect size d
Flower Insect Pleasant Unpleasant 0.033 < le 3 1.492
Musical Instrument  Weapon Pleasant Unpleasant 0.015 0.118 0.528
European American African American Pleasant Unpleasant 0.011 0.270 0.323
Light skin Dark skin Pleasant Unpleasant -0.025 0.019 -1.237
Straight Gay Pleasant Unpleasant 0.033 0.003 1.113
Judaism Christianity Pleasant Unpleasant -0.003 0.442 -0.099
Science Arts Male Female 0.019 0.200 0.193
Careers Family Male Female 0.026 <le® 0.639

Table 3.4: Evaluated association scores, p-values, and effect size for 8 bias
tests. The larger absolute values of association score and effect size indicate a large
bias. Smaller p-value indicates the test result is more significant.

the p-value is less than le™®. We note that an effect size of 0.8 generally indicates
a strong association between concepts, and the effect size of 1.492 found in this test
suggests that flowers are significantly more strongly associated with a positive valence,
while insects are more strongly associated with a negative valence. Our observation

demonstrates that human-like biases are universal in image generation models even

when the concepts used are not associated with any social concerns.

Musical Instruments and Weapons To further understand the presence of implicit
biases associated with text-prompt-generated images between non-offensive stereotypes,
we perform the test on another set of non-offensive stereotypes of musical instruments

and weapons by using the verbal stimuli for the original IAT test. Similar to our
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test on flowers and insects, we first generated images only on the object itself, with
the text prompt “a picture of {musical instrument/weapon}”, then we modified the
text prompts to include pleasant and unpleasant attitudes, and, finally, generated im-
ages with positive or negative valence. We report the evaluated differential association
S(X,Y, A, B), p-value, and effect size d in Table 3.4. The differential association score
of 0.015 indicates that there is little difference in the association between our target
concepts of musical instruments and weapons and the attributes of pleasant and un-
pleasant. We retrieved an effect size of 0.528, which implies that musical instruments
have a much stronger association with a positive valence, and instead, weapons show a

stronger association with a negative valence.

Judaism and Christianity We also perform the valence test on the concepts con-
cerning religion, particularly Judaism and Christianity. Consistent with the tests on
the previously mentioned concepts, we have two sets of text prompts constructed with
the verbal stimuli that are used in the IAT test for Judaism and Christianity and for
Pleasant and Unpleasant. The first set comes without valence intervention, only us-
ing the provided verbal stimuli for Judaism and Christianity. The second set of text
prompts incorporates terms linked to pleasant and unpleasant attitudes. We derived
images based on the different sets of prompts constructed. The valence test for this
set of concepts yields a very small effect size, —0.099, suggesting that humans hold a

rather neutral attitude towards Judaism and Christianity, only with a slight pleasant-
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ness towards Christianity and a little unpleasantness towards Judaism. The differential
association score of —0.003 demonstrates a tiny difference in the association between
the two religions of Judaism and Christianity and the two social attitudes of pleas-
antness and unpleasantness. Our finding overturns the religion stereotype previously

documented in IAT tests.

European American and African American In this valence test, we seek to
explore the implicit racial stereotypes, besides non-harmful stereotypes, of European
Americans and African Americans. From the original IAT paper, two sets of com-
mon European American and African American names are provided, and the result
from our test shows that it is much easier to associate European American names with
words that suggest a pleasant attitude and African American names with words that
imply an unpleasant attitude. In our test, we continue to use the verbal stimuli for
European American and African American names retrieved from [Tzi18] to construct
our text prompts. For the text-prompt-generated images that are not valence-related,
we use the text prompt “a portrait of {European American name/African American
name}”. Meanwhile, we create valence-related text prompt by including terms that em-
body pleasant and unpleasant attitudes. We recognize that there is an inconspicuous
association between European American and pleasant terms and that between African
American and unpleasant terms from the value of effect size of 0.323. The differential

score of 0.011 shows a subtle association between the concepts of European American
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and African American and the attributes of pleasant and unpleasant.

Light Skin and Dark Skin This valence test reveals the hostile biases towards
humans with light skin and dark skin in the same racial group. We use the verbal
stimuli collected by Project Implicit, a project initiated by [NSHT07], that aims to
educate people on biases. Following the pattern of our purposed test, we create a
set of text prompts without valence for both light skin and dark skin and another
set of text prompts that consider the valence attributes of pleasant and unpleasant.
We calculate the differential association S(X,Y, A, B), p-value, and effect size d of the
images generated based on the text prompts we constructed. We obtain a considerably
large effect size of —1.237, indicating that light skin is much more closely associated with
an unpleasant attribute, and dark skin, on the other hand, has a strong association with
a pleasant attribute. In addition, we have a moderate p-value, 0.019, which way exceeds

the statistically significant value of 0.05.

Straight and Gay We examine the implicit bias towards sexuality in this valence
test that targets the concepts of straight and gay. Text prompts that do not contain the
factor of valence are created, along with those composed with pleasant and unpleasant
attitudes using the method as other valence tests. By running through text-to-image
generative models, corresponding images are produced. We receive the effect size of

1.113, which is much bigger than the defined large effect size value of 0.8. It suggests
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that the association between the concept of straight and the attribute of pleasant is
significantly strong and that of gay and the attribute of unpleasant is tremendously
strong as well. We also note that the p-value is 0.003, which is lower than 0.005.

The valence tests show that not only non-harmful human biases, but also
hostile stereotypical biases such as inter-racial, intra-racial, and sexual biases exist in

the text-to-image generative models.

3.3.3.3 Stereotype Tests

We conduct two gender-related stereotypical tests: gender-science and gender-

career tests.

Science and Art We use the text prompt “a person studying {science/art}” for
image generations. To generate images associated with male and female attributes, we

7

modify the “person” with gender-specific words, such as “woman”, “girl”, “man”, “boy”,
etc. The evaluated effect size of 0.193 is small, and demonstrates that the distribution
of the association scores does not differ too much. In addition, the p-value of 0.200 is

relatively large. This bias test demonstrates that the evaluated generative model does

not contain bias towards science and art as is documented in human biases.

Career and Family The original IAT test has found that females are more associated
with family and males with career [NBG02]. To replicate this test with image genera-

tions, we use the template of text prompts “a person focusing on {career / family}” to
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generate images. We find that the effect size of 0.639 is relatively large and the p-value
is less than < le™3, indicating career is significantly more strongly associated with male

than female.

3.3.3.4 Gender Stereotype in Occupations

Prior work has demonstrated that text prompts pertaining to occupations may
lead the model to reconstruct social disparities regarding gender and racial groups, even
though they make no mention of such demographic attributes [BKD122]. We are also
interested in how the generated images are skewed towards women and men, assessed
by their association scores with gender.

We collect the list of common occupation titles from the U.S. Bureau of La-
bor Statistics®. For each occupation title, we construct the gender-neutral text prompt
“A photo of a {occupation}”, and gender-specific versions by amending gendered de-
scriptions. For each occupation, we use Stable Diffusion to generate 100 gender-neutral
images, 100 masculine images, and 100 feminine images, respectively. We use Eq. (3.23)
to calculate the association score between occupation and gender attributes.

We plot the distribution of association scores, and the quartiles, for eight
different occupations in Figure 3.12. The figure shows that the 0.75 quantiles of asso-
ciation scores for computer programmers and pharmacists are higher than the others

by a large margin, indicating that these occupations are more strongly associated with

Shttps://www.bls.gov/oes/current/oes_stru.htm
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men. Conversely, the mean association scores for elementary school teachers, librari-
ans, announcers, and chemists are negative, indicating that these occupations are more
strongly associated with women. The association score for chef and police is neutral,

suggesting that there is insufficient evidence to establish a stereotype.

Concept Attribute Score
Flowers Pleasant vs. Unpleasant  1.00
Insects Pleasant vs. Unpleasant  0.15

Musical Instrument Pleasant vs. Unpleasant  0.90

Weapon Pleasant vs. Unpleasant  0.05
Science Male vs. Female 0.75

Arts Male vs. Female 0.30
Careers Male vs. Female 0.75
Family Male vs. Female 0.40

Table 3.5: Human evaluation results. For each pair of concept and attributes, we
report the fraction of images that are chosen as being more closely associated with
pleasant or male attributes. We find out that the machine-rated association scores can
properly represent human’s perceptions.

Stereotype Amplification Do images generated by the diffusion model amplify the
implicit stereotypes in the textual representations used to guide image generation?

Specifically, we examine occupational images and calculate the association scores be-
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tween the text prompts by substituting the text embeddings of CLIP into Eq. (3.23)
and Eq. (3.22). We then compare these associations for text prompts to the associations
for the generated images to investigate whether the biases are amplified.

Figure 3.13 demonstrates the stereotype amplification between text prompts
and generated images. For each occupation, we use an arrow to represent the change
of associations on the axis of gender. We observe that the associations are amplified
on a large scale for most occupations. In particular, the textual association between
a computer programmer and gender is only —0.0039 but enlarged to 0.0186 for im-
ages. Similar amplifications are observed for elementary school teachers, librarians, and
chemists. For the occupation of chef, the association of text prompts is skewed towards

females, while the association of images is skewed towards males.

Comparison to Human Evaluation We recruit university students to evaluate the
generated images and compare how the perceptions of human differ with the machine-
evaluated association scores. Specifically, for each set of concepts, we ask three student
participants to view 20 images generated with neutral prompts and choose which valence
or stereotypical attribute is more closely associated. We report the fraction of images
that are chosen as being more closely associated with pleasant or male attributes. As
shown in Table 3.5, the human’s preference of association aligns with the strength of
our association scores. For flowers ws. insects and musical instruments vs. weapon,

humans mostly prefer to associate flowers and musical instruments with pleasant while
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insects and weapons with unpleasant. For science vs. arts and career vs. family, we
find that the significance of the bias is reduced. The Kendall’s 7 coefficient between
the machine-evaluated and human-rated scores is 0.55, indicating that the association

scores can properly represent human’s perceptions.
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computer programmer —

elementary school teacher.
librarian -

announcer ‘
pharmacist -

chef -
chemists -
police -

-0.4 -0.2 0.0 0.2 0.4
<--- female male --->

Figure 3.12: Gender stereotype in occupation. For each occupation, we compare
the association score with gender and plot their distribution. The x-axis represents the
extent to which the generated images are associated with male or female. Our analysis
suggests that computer programmers and pharmacists are more strongly associated with
man, while elementary school teachers, librarians and announcers are more strongly
associated with woman.
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computer programmer [ -
<~ elementary school teacher

<@ librarian
<@ announcer

pharmacist D

chef il
< chemists
<« police

-0.03 -0.02 -0.01 0.00 0.01 0.02 0.03
<--- female association male --->

Figure 3.13: Stereotype amplification. For each occupation, we compare the asso-
ciation scores for generated images to the association scores for the text prompts. The
association scores for the text prompts are represented by the tails of the arrows, and
the association scores for the images are represented by the heads of the arrows.
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Chapter 4

Fairness Influence Function

4.1 Motivation

Despite the successes of algorithmic treatments proposed in the fairness com-
munity, the question of why a particular “fair” training process leads to a more fair
model remains less addressed. The explanation for the above why question is essential in
improving user trustworthiness in the models and often regulated by legal requirements
[Ninl17]. There has been a recent surge of interest in explaining algorithmic fairness.
Much of the work chose to quantify the importance of the input feature variables used
to make fair decisions [LL17, SN20, MOS21]. This line of research makes explanations
on the population level, as the importance measures are quantified statistically over the
entire subset of instances.

Nevertheless, the impact of fairness constraints on individual instances is rarely
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discussed. Our central inquiry is how each individual training instance influences the
model decisions when a fairness constraint is imposed. Demystifying and characterizing
the influence of individual instances subject to fairness constraints is important and
opens up the possibility of auditing a machine learning model at the instance level.
Among other potentials, we believe that such understanding might help with developing
preprocessing solutions to mitigate bias by emphasizing more on instances that have a
high influence on fairness.

To this end, we borrow the idea from recent literature on influence function
[STY17], which has largely focused on approximating the effect of training examples in
prediction accuracy rather than fairness constraints. Concretely, an influence function
characterizes the change of model predictions compared to the counterfactual that one
training example is removed. We instantiate the change, due to the penalty of disparity,
on prominent fairness criteria that have been widely applied in the community. We
illustrate that the influence scores can be potentially applied to mitigate the unfairness
by pruning less influential examples on a synthetic setting. We implement this idea on

different domains including tabular data, images and natural language.

4.2 Influence Function

We will consider the problem of predicting a target binary label y based on

its corresponding feature vector & under fairness constraints with respect to sensitive
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Table 4.1: Examples of fairness measures.

Fairness Criteria Measure ¥(f)

Demographic Parity dez |Pr(f(z) =+4+1|2z=yg) — Pr(f(z) = +1)

Equal TPR Sues |Pr(f(2) = +1] 2 = a,y = +1) = Pr(f() = +1 | y = +1)|
Fqual FPR S ez |Pr(f(2) = +1] 2 = a,y = —1) — Pr(f() = +1 | y = —1)|
Fqual Odds ez ey | Pr(f(z) = +11 2 = a,y = b) = Pr(f(a) = +1 | y = b)|

attributes z. We assume that the data points (z,y,z) are drawn from an unknown
underlying distribution D over X x ) x Z. X € R? is d-dimensional instance space,
Y € {—1,+1} is the label space, and Z € {0,1,...,m — 1} is the (sensitive) attribute
space. Here we assume that sensitive attribute is a categorical variable regarding m
sensitive groups. The goal of fair classification is to find a classifier f : X — R with
the property that it minimizes expected true loss err(f) while mitigating a certain
measure of fairness violation ¥ (f). We assume that the model f is parameterized by
a vector @ = [0y, 09, ...,0,] of size p. Thereby err(f) = E(,)~pl[l(f(z;0),y)], where
the expectation is respect to the true underlying distribution D and #(-,-) is the loss
function. We show exemplary fairness metrics () in Table 4.1, including demographic
parity [Chol7a, JHF122], equality of opportunity [HPS16¢c|, among many others. With-
out loss of generality, f(z) induces the prediction rule 2-1[f(x) > 0]—1, where 1[-] is the

indicator function. Denote by F the family of classifiers, we can express the objective
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of the learning problem as

min err(f), s.t. ¥(f) < pu, (4.1)

feFr

where p is a tolerance parameter for fairness violations. Let D = {(x;, ys, z;) };_; denote
n data examples sampled from true data distribution D. In this case, the empirical
loss is err(f) = %Z(%yhzi)e[) 0(f(zi),yi). Due to the fact that ¥(f) is non-convex and
non-differentiable in general, practically we will use a surrogate ¢(f) to approximate
it. Let ¢(-) denote the empirical version of ¢(-), then the Empirical Risk Minimization

(ERM) problem is defined as

A~

min err(f), st. o(f) < p. (4.2)

This work aims to discuss the influence of a certain training example (z;,y;, 2;) on a
target example (x;,y;, z;), when fairness constraints are imposed to the classifier f. Let
fP represent the model f trained over the whole dataset D and fP/{#} represent the
counterfactual model f trained over the dataset D by excluding the training example

(24, Yi, zi). The influence function with respect to the output of classifier f is defined as
infly(D,i,7) = f2/ () = fP () (4.3)

Note that j may be either a training point j € D or a test point outside D.

4.2.1 Influence Function in Unconstrained Learning

We start by considering the unconstrained classification setting when parity
constraints are not imposed in the learning objective. Recall that the standard Empirical
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RlSk Minimizalion (ERM) problem iS
0 1 Tis >y Yi .

where 0 is the parameters of model f. We assume that 8 evolves through the following

gradient flow along time ¢:

= LU (x50 ) (4.

Let 6y denote the final parameter of classifier f trained on the whole set D. To track
the influence of an observed instance i, we hypothesis the update of parameter 8 with
respect to instance ¢ is recovered by one counterfactual step of gradient descent with a
weight of —% and a learning rate of 1. This process can also be regarded as inverting
the gradient flow of Equation 4.5 with a small time step At = . Next, to compute the

output of model f on the target example j, we may Taylor expand f around 6

f(z:0) — f(z);60) z@f(gg@g)(e —6o) (by Taylor series expansion)
:af(gjéeo) (-n % > (by inverting gradient flow)
0=609
1 W(gg‘%)w( f(@i:60),5:)  (by substituting Equation 4.5)
_ % of (ﬂ(;g 6o) OL(f (wgf 6o), i) Of (gz 6o) (by chain rule)
_19f(5:00) Of (xi:60) d(w,y;) (4.6)
n 00 00 Ow |y f5:00)
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In the language of kernel methods, the product of 0f(z;;0)/00 and 0f(x;;0)/00 is

named Neural Tangent Kernel (NTK) [JGH18]

_ 0f(;0) 0f(xi;0) > 0f(xj;0) 0f(xi; 0)

O(x;,2;;0) = = o, o0, (4.7)

00 00

p

NTK describes the evolution of deep neural networks during the learning dynamics.
Substituting the NTK in Equation 4.7 into Equation 4.6 and combining Equation 4.3,

we obtain the following close-form statement:

Lemma 4.1. In unconstrained learning, the influence function of training example i

subject to the prediction of f on the target example j is

ol(w, y;)

(4.8)
w=f(z:;00)

Equation 4.8 mimics the first-order approximation in [PLKS20] with a focus

on tracking the change on model output instead of the change on loss.

4.2.2 Influence Function in Constrained Learning

In classification problems, the outcome of an algorithm may be skewed towards
certain protected groups, such as gender and ethnicity. While the definitions of fairness
are controversial, researchers commonly impose the parity constraints like demographic
parity [Chol7a] and equal opportunity [HPS16¢| for fairness-aware learning. A large
number of approaches have been well studied to mitigate the disparity, which in general

can be categorized into pre-processing, in-processing, and post-processing algorithms.
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Pre-processing algorithms [KC12, FFM*15b, CWV'17] usually reweigh the training
instances, resulting in the influence scores will also be scaled by a instance-dependent
weight factor. Post-Processing algorithms [HPS16¢] will not alter the learning objective,
thus the influence function of training examples stays unchanged.

In this work, we primarily focus on the influence function in the in-processing
treatment frameworks [CJW119, ZVGRG17a, WGOS17, ABD*18b, Narl8a, SKG'19,
KAS11]. In such fashion, the fair classification problem are generally formulated as a
constrained optimization problem as Equation 4.1. The common solution is to impose
the penalty of fairness violations ¥(f) as a regularization term. The constrained risk

minimization problem thus becomes

min err(f) 4+ A(f) (4.9)

feF
where in above A is a regularizer that controls the trade-off between fairness and
accuracy. Note A is not necessary static, e.g., in some game-theoretic approaches
[ABD*18b, Nar18a, CJWT19, CJS19], the value of A will be dynamically chosen. We
notice that while the empirical ¢(f) is often involving the rates related to indicator
function, it might be infeasible to solve the constrained ERM problem. For instance,
demographic parity, as mentioned in Table 4.1, requires that different protected groups

have an equal acceptance rate. The acceptance rate for group a € Z is given by

Pr(f(z) > 0|z = a) = 2= (@) 2 0.2 = a (4.10)

Siaki=d

Since non-differentiable indicator function cannot be directly optimized by gradient-
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based algorithms, researchers often substitute the direct fairness measure ¥ (f) by a

differentiable surrogate ¢(f). In consequence, the constrained ERM problem is

E R
min % 0(f(x::6),4:) + A0(/) (4.11)
i=1
We make the following decomposability assumption:

Assumption 1 (Decomposability). The empirical surrogate of fairness measure g%( )

can be decomposed into

n

=S50, (4.12)

i=1

where in above each qﬁ( f,1) is only related to the instance i and independent of other

instances j # i.

Assumption 1 guarantees that the influence of one training example ¢ will not
be entangled with the influence of another training example j. Following an analogous

derivation to Equation 4.6, we obtain the kernelized influence function

Lemma 4.2. When the empirical fairness measure gg() satisfies the decomposability
assumption, the influence function of training example i with respect to the prediction

of f on the target j can be expressed as

Znﬂf (D7 Za j) =~ aw w:f(xigeo) o 78[}0

@((Ei, IL’]‘; 00)

SRS

f(zi;00)

influence of fairness constraint

~
influence of loss

Lemma 4.2 presents that the general expression of influence function can be
decoupled by the influence subject to accuracy (the first term) and that subject to parity
constraint (the second term).
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However, the situation will be more complicated when we are concerned about

the influence function subject to loss. In this constrained setting,

infly(D,4,7) = £(f(x;;0,y;) — £(f(x};60), y;)

ol(w, y;)
R (f(z4;0) — f(z4;60))
Ow w=f(z;;00) ! ’
0 Olw,y,) oo 200 [ 21001 LIR)
L P M0 L= (aii60) of £(
(4.13)

Equation 4.13 implies the intrinsic tension between accuracy and fairness — when the
signs of 9¢(f(x;),y:)/0f and 9(f, z)/@f are opposite, the influence of parity con-

straint will contradict with that of loss.

4.3 Influence Function through Smooth Approximation

In this section, we will take a closer look at the specific influence functions
for several commonly used surrogate constraints. Since the influence induced by loss
is independent of the expressions for fairness constraint, we will ignore the first term
in Equation 4.2 and focus on the second term throughout this section. We define the

pairwise influence score subject to fairness constraint as

9¢(f, 1)

5 (4.14)

f(zi;00)

In what follows, we will instantiate S(i,j) on three regularized fairness constraints.
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4.3.1 Relaxed Constraint

Throughout this part, we assume that the sensitive attribute is binary, i.e.,
Z € {0,1}. The technique of relaxing fairness constraints was introduced in [MCPZ18].
We will analyse the influence of relaxed constraints, including demographic parity and

equality of opportunity as below.

Demographic Parity. [MCPZ18] propose to replace the demographic parity metric
O(f) = [Pr(f(z;0) 20| z=1) = Pr(f(x;0) = 0] z = 0)| (4.15)

by a relaxed measure
o(f) = [E[f(z;0) - 1]z = 1]] - E[f(x;0) - 1[z = 0]]] (4.16)

Without loss of generality, we assume that the group z = 1 is more favorable than the
group z = 0 such that E[f(x;0)1[z = 1]] > E[f(x;0)1[z = 0]] during the last step of
optimization. We construct a group-dependent factor o, = 1]z = 1] — 1[z = 0] by
assigning ag = —1 and o3 = +1. Then we can eliminate the absolute value notation in

the ¢(f) as follows:
B = 3 S 0) (Ui = 1] ~ 1z =)
=1

= %Zazif(fci;é’) (4.17)
=1
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Equation 4.17 is saying the relaxed demographic parity constraint satisfies the decom-

posability assumption with

Applying Lemma 4.2, we obtain the influence of demographic parity constraint for a

training example ¢ on the target example j
Sop (i, j) = ALa, O (i, 6o) (4.19)

The above derivation presumes that the quantity inside the absolute value notation in
Equation 4.16 is non-negative. In the opposite scenario where group z = 0 is more
favorable, we only need to reverse the sign of a, to apply Equation 4.19. We note that
in some cases, the sign of the quantity will flip after one-step optimization, violating

this assumption.

Equality of Opportunity. For ease of notation, we define the utilities of True Posi-

tive Rate (TPR) and False Positive Rate (FPR) for each group z € Z as

TPR, =Pr(f(z) > 0] z=zy=1) (4.20)

FPR, =Pr(f(z) > 0| z=2,y=0) (4.21)
For the equal TPR measure ¢(f) = | TPR; — TPRq |, we may relax it by
¢(f) = [E[f(2;0) - 1]z = 1,y = 1]] - E[f(2;0) - 1[z = 0,y = 1]]| (4.22)
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Without loss of generality, we assume that the group z = 1 has a higher utility such
that the quantity within the absolute value notation is positive. We may construct the

group-dependent factor
azy=1z=1y=1-1[z=0,y =1]

by assigning ag; = —1, auy = +1, and a, ;1 = 0 for z € {0,1}. Then we may

decompose ¢(f) into

n

B =~ fles )Ly = 1)(1fz = 1] ~ 1[z = 0] (4.23)
=1

The above equation satisfies the decomposability assumption with

~

O(f,0) = oz, f (23 0).
Applying Lemma 4.2 again, we obtain the influence of equal TPR, constraint
Ster(i,7) = Agazi,yi@(xi, 21 00) (4.24)
For the equal FPR measure ¢(f) = |FPR; — FPRg |, we may relax it by
o(f) = [BLf(@:0) - 1[z = 1,y = —1]] — E[f(;60) - 1z =0,y = —1]]]  (4.25)
Likewise, we still assume the group z = 1 has a higher utility. We construct the factor
G,y =1z=1y=-1]-1z=0,y = —1]

by assigning & 1 = —1, &1, -1 = +1, and &, 41 = 0 for z € {0, 1}. Following the similar
deduction, we may verify the relaxed equal FPR measure satisfies the decomposability
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assumption. Then we can obtain the influence of equal FPR constraint as
Sepr(i,7) = )\%dzuyi@(%, z;60) (4.26)

In the opposite scenario when group z = 0 has a higher utility of either TPR or FPR,
we may reverse the sign of a,, or a.,, respectively. Finally, imposing equal odds
constraint is identical to imposing equal TPR and equal FPR simultaneously, implying

the following equality holds:
Seo = STPr + SFPR (4.27)

Corollary 4.3. When one group has higher utilities (TPR and FPR) than the other
group, the influence of imposing equal odds Sgo(i,j) is equivalent to that of imposing

demographic parity Spp(i, 7).

4.3.2 Covariance as Constraint

Another common approach is to reduce the covariance between the group mem-
bership z and the encoded feature f(x;6) [ZVGRG17a, WGOS17]. Formally, the co-

variance is defined by
Cov(z, f(x)) = E[z - f(x;6)] — E[2] - E[f(; 6)] (4.28)

Then the empirical fairness measure is the absolute value of covariance
) R 1 1
o(f) = Ezzif(fﬁe) - (gzzi) . (ﬁZf(%‘;o)) (4.29)
i=1

i=1 =1
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Since we can observe the whole training set, the mean value of group membership can be

calculated by z = % >, zi. As a result, we can decompose the covariance as follows:

M) =103 (i~ 2)fwis0)

=1

= %Z Bi(zi — 2) f(wi; 0) (4.30)
i=1

where 3; € {—1,+1} is an instance-dependent parameter. Then the covariance con-

straint satisfies the decomposability assumption by taking

Finally, the influence score induced by the covariance constraint in Equation 4.29 is
Seoulis§) = A2 Bi(zi — 2)0(ai, ;3 60) (4.32)

In this kernelized expression, the pairwise influence score is neatly represented as NTK

scaled by an instance weight 3;(z; — z).

Connection to Relaxed Constraint. We may connect the influence function of the
covariance approach to that of the relaxation approach in a popular situation where

there are only two sensitive groups.

Corollary 4.4. When sensitive attribute z is binary, the influence score of covariance

is half of the influence of relaxed demographic parity.

. 1 .
12| =2 = Sco(i,j) = §SDP(%J>
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4.3.3 Information Theoretic Algorithms

The demographic parity constraint can be interpreted as the independence of
prediction f(x) and group membership z. Denoted by I(f(x); z) the mutual information
between f(z) and z, the independence condition f(x) 1L z implies I(f(z);z) = 0. In
consequence, a number of algorithms [SKGT19, GFDS21, BNBR20] propose to adopt the
bounds of mutual information I(f(x); z) as the empirical fairness measure. We consider

approximating mutual information by MINE [BBR*18a, vdOLV18] as an example.

exp g(f (), 2i)
Zl BT expg(f(z0), o) (4.33)

where the function g(-,-) is parameterized by a neural network. In this case, ¢(f)

satisfies the decomposability assumption by straightly taking

. o exp g(f(z:), z)
A =18 T () 2n) (434

Although the denominator inside the logarithm in Equation 4.34 contains the sum over
all the z; in the training set, we can always calculated the sum when we know the prior
distribution of the categorical variable z. Taking the derivative of QAS( f,1), the influence

of MINE constraint is given by

. 0G
SmINe(?,]) = /\Qe(%’z‘,%‘; 0o) - —
n OW | f (z:6)

’ (4.35)

where G = g(w, z;) — Zngk
Connection to Covariance. In a special case when g(f(z;0),z) = zf(x;0), we have
0rg(f(x;80),2) = z. Substitute the partial derivative back into Equation 4.35, the influ-
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ence of MINE reduces to the influence of covariance measure Ala;(z; — 2)O (x4, z;5; 0p).
However, it is very likely that the influence scores of MINE and covariance are much dif-
ferent, due to the fact that the unknown function g(f(x), z) is parameterized by neural

networks in more generic applications.

4.4 Influence Function through Zeroth-Order Approxima-
tion

Our previous discussion explores how smooth approximation can address the
non-differentiability of fairness constraints. As an alternative approach to circum-
vent direct gradient computation, we propose using a zeroth-order gradient estimator
[FKMO5, Shal7, GJZ18]. For ease of notations, we use z = (x,y, z) to represent the

data examples. Following [NS17], the gradient estimate of £(8, z) can be obtained by

L0+ pu,z) — L(0 — pu, z)

] —d
g(0,z, 1) o

u, u~p (4.36)

In above equation, d denotes the dimension of the model parameters € used for high-
dimensional unbiased estimation, p > 0 is a smoothing radius (hyper-parameter), and ¢
is spherically symmetric with Ey,[||ul]] = 1, where w is a random unit vector u € RP.
Thus, u ~ ¢ means some random direction sampled from the unit space ¢. For example,
if @ is scalar (d = 1), then u € {—1,+1} with equal probability. Typically, we employ

an unbiased estimate of the gradient over a random pertubation u ~ ¢ with smoothing
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radius p

VoL(8,2) = Eyuylg(8, 2, 1)) (4.37)

For succinctness, let ¢(0, z) denote the fairness constraint of a single training
example z,. Denote the total loss for any example z as £(0,z) = £(0,z) + \p(0, z).
When considering the second-order terms in the gradient flow, the kernel function incor-
porates an inverse Hessian matrix term. Combined with a two-point random gradient
estimator, the influence function of training example z subject to the prediction of f

on the target example ziest can be formulated as
nfl(D, 2, Ztest) ~ —VoL(0, zeest) H 'VL(0, 2) (4.38)

4.4.1 Approximating Inverse Hessian Matrix

Computing the inverse Hessian matrix requires O(d?) operations for a model
with d parameters, suggesting a significant computational burden. To address this
challenge, we employ the WoodFisher approximation [SA20], which provides an effi-
cient alternative by approximating the Hessian structure using the Sherman-Morrison

formula.

Fisher Information Matrix. In a probalistic view, the Fisher Information Matrix
(FIM), denoted as F, serves as a way of measuring the amount of information about a

negative log-likelihood for an underlying joint distribution p(«,y|@) parameterized by
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model parameters 6. The Fisher Information Matrix is defined as:

F(6) = Epayio) |Vologp(x,/0) Vo log p(x, y(0) " (4.39)

Typically, under the assumption of maximum likelihood estimation (MLE) or when
the loss function is a negative log-likelihood function, it can be easily proved that the
observed Fisher information matrix is equivalent to the negative Hessian matrix for the

model prediction, i.e.,

E[H(0)] = —F(6) (4.40)

In practice, it’s a common approach to estimate the Fisher matrix by employing its
empirical counterpart. The formulation of this empirical Fisher matrix can be presented

as

25D
Il

L£(6,z,)VeL(O, zn)

2 \

0,)VoL(0,0,)" (4.41)

2 \

where the first equality holds due to the assumption that the loss function is a negative
log-likelihood function. When there is no confusion, we use the Fisher matrix F and

the Hessian matrix H interchangeably.

WoodFisher Approximation. We define

9 = VoL(6,2,) (4.42)
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Leveraging the structure of the empirical Fisher matrix, we can derive the following

recursive equation to estimate the inverse of the Hessian matrix following [SA20]:

~ ~ 1 . ~
Hy+1 =H, + Ngn-i-lqu-p
~ . ~ (4.43)
H —fg-!_ H, lgn—klgr—l;rlHnl
n+1 = n AT Tr—1ax ’
N+gn+1Hn gn+1

where }AIE !'— k=1, and k denotes the dampening term. Eq (4.43) mainly follows the
Sherman-Morrison formula, which provides an efficient way to update the inverse of a
matrix when a rank-one modification is applied, avoiding the need to recompute the

entire inverse matrix.

4.4.2 Proposed Algorithm

Now we are ready to present Algorithm 4 for approximating the influence func-
tion using zeroth-order gradient estimation, where explicit gradient computations are
infeasible. The core of Algorithm 4 revolves around iteratively updating the inverse
Hessian through the Sherman-Morisson formula. A crucial aspect of this method is
its reliance solely on first-order gradients of the loss function Vg£(6,-). To estimate
the gradients without direct access to model parameters, we employ a two-point ran-
dom gradient estimator in the ZOGRADESTIMATOR procedure to estimate gradients.
This subroutine executes multiple iterations, each involving random perturbations to
the model parameters. By utilizing finite differences, it approximates the gradient di-

rection, thereby enabling the estimation of influence without requiring direct gradient
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calculations.

4.5 Estimating the Aggregated Influence Score

In this section, we intend to discuss the expected influence of a training example
on the whole data distribution. We will focus on the changes of empirical fairness
constraints ¢Z( f) when a data point (x;,y;, 2;) is excluded in the training set or not.
Suppose that é( f) satisfies the decomposability assumption. We define the realized

influence score of a training example ¢ aggregated over the whole data distribution D as

N 00(f.3) o o
S@= [ S AP ) (149

S(i) takes into account the change on ¢(f) by applying the first-order approximation
again for each test point j. In practice, the model f can only observe finite data
examples in D that are drawn from the underlying distribution D. We estimate the

influence score of a training example ¢ over the training set D.

an:i}ngﬁ%@ﬁ (4.45)
=1

We wonder how the measure of S(i) deviates from S(i).

Theorem 4.5 (Generalization Bound). With probability at least 1 — e,

log %

2n

S(i) - S() <O (4.46)
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Figure 4.1: A toy example to interpret the influence scores of fairness. Left: The optimal
classifier is 1[x > 0]. Four curves in different colors represent the distributions for each
(z,y) combination. The blue area and green area represent the violation of demographic
parity. The data examples with low influence scores of fairness constraints are around
x = 0. Right: When we down-weight the examples around = = 0, the optimal classifier
will be perturbed towards right. Since the sum of blue area and green area decreases,
the violation of demographic parity is mitigated.

Interpreting Influence Scores on Synthetic Data. We consider a synthetic ex-
ample as visualized in Figure 4.1 to illustrate why our influence scores help with iden-
tifying instances that affect the fairness. We assume that the individual examples are
independently drawn from an underlying normal distribution corresponding to the label
y € {—1,+1} and group membership z € {0,1}, i.e., z,y ~ N(ft2,4,0). We assume that
po,—1 < pr1,—1 < 0 < g 41 < p1,41. Suppose that we train a linear model f(z) = w-z+0,
and the obtained classifier is 1[f(x) >= 0] which reduces to 1[z >= 0] for our toy ex-

ample. Then we have the following proposition:

Proposition 4.6. In our considered setting, if we down-weight the training examples
with smaller absolute fairness influence scores, the model will tend to mitigate the vio-

lation of demographic parity.
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Proposition 4.6 informs us that we can mitigate the unfairness by up-weighting

the data instances with higher influence scores, or equivalently by removing some low-

influence training points.

4.6 Empirical Evaluations

In this section, we examine the influence score subject to parity constraints on

three different application domains: tabular data, images and natural language.
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Figure 4.4: Data pruning results on Jigsaw dataset.

4.6.1 Setup

We adopt the evaluation protocol that has been widely used by the previous
papers on interpreting the impact of data examples. The basic idea is to train a model
on a subset of training data by removing the less influential examples [PGD21]. In
particular, we assess the performance of three data prune strategies: (1) random, which
randomly selects a subset of training examples; (2) prune by fairness, which removes
the data examples in the ascending order of the absolute values of aggregated influence
scores subject to fairness as described in Equation 4.45; (3) prune by accuracy, which
removes the data examples in the descending order of absolute influence scores in terms
of the loss. The influence score is equivalent to the first order approximate proposed
in [PLKS20]. For the three strategies above, a model pre-trained on the whole training
set will be used to estimate the influence scores of training examples with the direct
application of Equation 4.45. We then execute the data prune procedure and impose

the relaxed demographic parity in Equation 4.16 to train a fair model.
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We compare the performance of pruning by influence scores with following

optimization algorithms that regularize the constraint:

e ERM, which trains the model directly without imposing fairness constraints.

e Ifatr [MCPZ18], which regularizes the model with relaxed constraint as given in

Equation 4.17.

e reduction [ABD"18b], which reduces the constrained optimization to a cost-sensitive

learning problem.

We used the Adam optimizer with a learning rate of 0.001 to train all the models.
We used v = 1 for models requiring the regularizer parameter of fairness constraints.
Any other hyperparameters keep the same among the compared methods. We report
two metrics: the accuracy evaluated on test set and the difference of acceptance rates

between groups as fairness violation.

4.6.2 Result on Tabular Data

Firstly, we work with multi-layer perceptron (MLP) trained on the Adult
dataset [DG17b]. We select sex, including female and male, as the sensitive attribute.
We resample the dataset to balance the class and group membership. The MLP model
is a two-layer ReLLU network with hidden size 64. We train the model 5 times with dif-
ferent random seeds to report the mean and standard deviation of accuracy and fairness
metrics. In each trial, the dataset is randomly split into a training and a test set in a
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ratio of 80 to 20. We compare the performance of prune by fairness in Figure 4.2 and
find it has a similar fairness-accuracy trade-off with the reduction approach. To gain
further insights, we further plot how the size of pruned training examples affects the
accuracy and fairness metrics for three prune strategies. Not surprisingly, the random
baseline remains a high fairness violation with a large accuracy drop when the data
size decreases. In contrast, prune by fairness has a similar accuracy with pruning by
accuracy when the data size is greater than 20% and mitigates the fairness violation
by a large margin when the data size is less than 40%. We also notice that prune by
fairness anomalously has a high fairness violation when the data size is less than 10%.
We conjecture such a small size of training data does not contain sufficient information,
leading to the significant performance degradation. These observations suggest that we

may obtain the best trade-off with a subset of only 20%—40% of training data.

4.6.3 Result on Images

Next, we train a ResNet-18 network [HZRS15] on the CelebA face attribute
dataset [LLWT15a]. We select smiling as binary classification target and gender as the
sensitive attribute. The left figure in Figure 4.3 shows the trade-off between accuracy
and fairness violation for each baseline method. We explore how the size of pruned
training examples affects the accuracy and fairness metrics in right two figures in Figure
4.3. Again, the accuracy of prune by fairness has a similar trend with that of prune by

accuracy when data size is larger than 20%, but drops strikingly with much smaller data
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size. On the other hand, prune by fairness mitigates the fairness violation straightly

when data size decreases.

4.6.4 Result on Natural Language

Lastly, we consider Jigsaw Comment Toxicity Classification [Jigl8] with text
data. We select race as the sensitive attribute in our evaluation. We use pre-trained
BERT [DCLT19b] to encode each raw comment text into a 768-dimensional textual
representation vector and train a two-layer neural network to perform classification.
We report the experimental result in Figure 4.4. The left figure shows that prune by
fairness has a mimic performance with Ifatr while preserving smaller standard deviation.
The middle figure shows that prune by accuracy keeps a relatively high accuracy when
a large subset of training examples are removed. In comparison, both prune by fairness
and random prune failed to make informative prediction when the data size is below
20%. The right figure implies that prune by fairness is capable of mitigating bias.
This result cautions that we need to carefully account for the price of a fair classifier,

particularly in this application domain.
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Algorithm 4 Approximating Influence Function with Zeroth-Order Gradient Estima-

tion

Input: data samples D = {z,}

10:
11:
12:
13:
14:
15:
16:

17:

N

n—1, target training example z, test example 2iegt, loss

function £, model parameter @ at size d, perturbation scale y, dampening term k.

. Initialize H! « oy

for all z,, € D do
g < ZOGRADESTIMATOR(O, z,,)
H'«H'-H'lgg H'/(N+g Hlg)
end for
%ﬁ(a, Ztest) ¢ ZOGRADESTIMATOR(6, Zest)
VoL(0,z) + ZOGRADESTIMATOR(6, z)
infl(D, 2, Ziest) < —VoL(0, ztest) Hy ' VoL(0, 2)
return infl(D, z, Zqest)
procedure ZOGRADESTIMATOR(6, z)
fort={1,...,7T} do
Randomly sample u; ~ N(0, 1) at size d.
gt < ur - [L(2,0 + pwy) — L(2,0 — pay)] /24
end for
VoLl(8,2) « LT g
return VoL(6, z)

end procedure
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Chapter 5

Conclusion and Future Works

5.1 Conclusion

In this dissertation, we explore three crucial aspects of promoting fairness
in foundation models. First, we examine scenarios where certain subgroups have less
accurate feature and label information compared to others. Our research reveals that
applying standard bias mitigation techniques without considering these data quality
disparities can inadvertently increase outcome inequality. We propose novel methods
to address unfairness while accounting for data uncertainty. Second, we extend current
state-of-the-art fairness techniques, typically focused on classification problems, to a
broader range of multi-modal Al applications. We propose new fairness metrics to
measure and quantify the biases when images are connected to text. Third, we highlight

the critical importance of detecting and addressing potentially harmful instances within
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training datasets to improve overall model fairness.

From a high-level perspective, the second part of our work establishes method-
ologies for measuring fairness in foundation models across both image and text modali-
ties. The first part presents approaches to mitigate unfairness and bias, with particular
emphasis on handling uncertainty. The last part of our work on fairness influence func-
tion provides a robust framework for auditing the quality of dataset. Notably, the
proposed zeroth-order approximation technique offers a computationally efficient ap-
proach for large-scale foundation models by eliminating the need for direct gradient
computation.

This dissertation provides valuable insights for machine learning practitioners,
researchers, and policymakers considering the implementation of foundation models.
The proposed technical solutions and approaches are particularly relevant when dealing
with training data that exhibits significant disparity. By addressing these challenges,
the research provides practical tools and methodologies to enhance the equitable per-
formance of Al systems, even when confronted with biased or problematic observations.
Ultimately, it serves as a valuable resource to harness the power of Al while upholding
principles of fairness and equality; it contributes to the ongoing effort to create more
just and inclusive systems for responsible Al; it aligns technological advancements with

ethical considerations and societal values of humans.
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5.2 Future Works

We separate the potential future works on the relevant chapters in this thesis:

From Chapter 2 Our current work primarily focuses on static environments, with-
out considering the dynamic interplay between human subjects and policy makers. In
real-world applications, machine learning policies and populations continuously adapt
to each other, resulting in shifts in the underlying data distribution and evolving deci-
sion landscapes. This mutual adaptation presents significant challenges for maintaining
fairness in the long run. Future research includes exploring how to achieve long-term
fairness without compromising model utility, particularly in these dynamic environments
where both decision policies and populations evolve. This research direction is highly
related with the literature of performative prediction, dynamic fairness or long-term

fairness.

From Chapter 3 Our current multimodal fairness measures are task-specific. In con-
trast, future research should aim to develop a unified framework capable of evaluating
fairness across diverse tasks. Moreover, the current fairness measures heavily relied on
human-crafted tasks or text prompts. We envision developing automatic benchmarks
that can comprehensively evaluate the fairness for flexible group definitions. One possi-
ble approach is to apply generative AI models to enhance the magnitude and dimension

of fairness benchmarks.
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From Chapter 4 While our current influence function framework mainly focuses on
classification models, the rise of generative Al necessitates extending these analytical
techniques to generative models. Two particularly promising directions are understand-
ing the impacts of training data on diffusion models and large language models. The
key theoretical extension involves shifting the counterfactual analysis from the condi-
tional probability Pr(Y | X) to the joint probability distribution Pr(X,Y’). Through
analogous mathematical analysis, we can derive explicit expressions for influence func-
tions in generative models. Another interesting topic is, the current influence function
focuses on the impact of individual training instances. For large language models, the
inputs are sequence of text tokens. Then a natural research question arises: how do
we measure the influence of these sequence-level tokens on the large language models’
outputs? Addressing this research question will benefit understanding how changing the
text prompts may affect the model’s outputs. We emphasize that influence functions
serve as powerful tools for multiple critical applications: protecting from data poison-
ing attacks, enhancing data privacy and security, analyzing the memorization effects of

specific training examples, and etc.
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Appendix A

Proofs

A.1 Proofs for Chapter 2

A.1.1 Proof of Theorem 2.1

Proof. Equality of TPR on the noisy data implies
Pr(f(X)=+41|Y =+41,Z=2)=Pr(f(X)=+1|Y =+1,Z =2/). (A1)
Since the two groups are drawn from the identical distribution, we have for y € {—1, +1},

Pr(f(X)=4+1|Y =y, Z=2)=Pr(f(X)=+1|Y =y, Z=2). (A.2)

189



Expanding Pr(f(X) =41 |Y = +1,Z = 2’) using law of total probability we have

Pr(f(X)=+1]Y =+41,Z =2/
= Pr(f(X)=41]||Y =+1,Y =+1,Z=2)-Pr(Y =+1|Y =+1,Z = %)
+Pr(f(X)=+1|Y=-1,Y =+1,Z=2)-Pr(Y =—1|Y =+1,Z =2

= Pr(f(X)=41|Y=41,Z=2)-(1—e)+Pr(f(X)=+1|Y =-1,Z=2") ¢

(A.3)
Combining Equation (A.1) with the above,
Pr(f(X)=+1|Y =+1,Z =2
=Pr(f(X)=4+1|Y =+1,Z =2) (by Equation (A.1))

=Pr(f(X)=+1|Y =+1,Z=2) (1—e) +Pr(f(X)=+1|Y =-1,Z="2)) ¢
(by Equation (A.3))

& Pr(f(X)=+1|Y=+41,Z=2)-¢

= Pr(f(X)=41|Y=-1,Z2=2)-¢ (A.4)

& Pr(f(X)=41|Y =+1,Z2=2)=Pr(f(X)=+41|Y =-1,Z =7 (A.5)
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Similarly, we have

Pr(f(X)=+1|Y =-1,Z=2)

= Pr(f(X)=+1|Y=+41,Z=2)-¢
+Pr(f(X)=+1|Y=-1,Z=2) (1—e)

= Pr(f(X)=+41|Y =—-1,Z=2) (by Equation (A.5)) (A.6)

Equation (A.5) and (A.6) jointly imply

Pr(f(X)=41|Y =-1,Z =2)

=Pr(f(X)=+1|Y =-1,Z=2) (by Equation (A.2))
=Pr(f(X)=+41|Y =-1,Z2=2) (by Equation A.6)
—Pr(f(X)=+1|Y =+41,Z =2 (by Equation A.5)
=Pr(f(X)=4+1|Y =+41,7Z = 2), (by Equation (A.1))
thus completing the proof. ]
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A.1.2 Proof of Lemma 2.2

Proof. Expanding Pr(f(X) = 41 | Y = 4+1,Z = z) using law of total probability, we

have

TPR, =Pr(f(X)=+1|Y = +1,7Z = 2)
=Pr(f(X)=4+1,Y =+1|Y =+1,Z = 2)
+Pr(f(X)=+1,Y =—1|Y =+1,Z =2)
=Pr(Y =+1|Y =+1,Z=2)-Pr(f(X) = +1 | Y = +1,Y = +1,Z = 2)
+Pr(Y =1y =41,Z=2) - Pr(f(X)=+1|Y = -1,Y = +1,Z = 2)
=Pr(Y =41y =+1,Z=2) - Pr(f(X) =41 |Y = +1,Z = 2)
+Pr(Y = 1Y =41,Z=2) - Pr(f(X)=+1|Y = -1,Z = 2)

= (1—¢)-TPR, + ¢! - FPR. (A.7)

Note in the above we drop the dependence on Y when conditioning on Y. This is
because f is trained purely on the noisy labels, and Y encodes all the information f has

about Y. A similar derivation holds for FPR.,. O
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A.1.3 Proof of Theorem 2.4

Proof. Noticing that ’I/‘T:’T%Z = ’I/‘TDT%Z/ and P/’TD/RZ = P/‘ISJRZ/ (equalizing fairness metrics

on the noisy data) and applying Lemma 2.2, we obtain

| TPR. — TPR. | = [(1 - €f) - TPR. + ¢f - FPR.) — (1 - ¢},) - TPR. + ¢}, - FPR.)))|
= |¢ - (FPR. — TPR,) — ¢/, - (FPR. — TPR..)|
= (e} —¢})- (FPR. — TPR.)|
— |TPR, — FPR.| - |} — €}

The argument for FPR is symmetrical:

|FPR. —FPR./ | =|(¢; - TPR. + (1 —¢;) - FPR.) — (¢, - TPR. + (1 — ¢},) - FPR.)))|

= |¢; - (TPR. — FPR,) — ¢, - (TPR, — FPR.)|
=|(e — ;) (TPR. — FPR,)|

— |TPR, — FPR,| - |6, — 5|

Therefore
| TPR, — TPR,/ | > 0,| FPR, —FPR./ | > 0,
when 'ff’?{z#P/’f\’/RZ, ej#ej,ez_ £ e, O

A.1.4 Proof of Theorem 2.5

Proof. Observe that

Egp(f(illi), gj) = %Epeer(f(wi% g)

Zi
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Taking expectations over noisy data, we have

E5llgp(f(X),Y)]

:ﬁygywmﬁwuw4zﬂ
z€Z

NI ~

— |}| . Z ’iz| “ALEp, [lpeer (f(X2),Y2)] (by Equation (2.13))
zezZ 7

= Ep[lpeer (f(X),Y)] (A8)

Notice that o = 1 when Pr(Y = +1) = Pr(Y = —1) = 1, the definition of peer loss

function gives

Exy lpeer (f(X), V)] = Ex v [((f(X),Y)] = ExEy [((f(X),Y)] (A.9)

Using the assumption that Pr(Y = +1) = Pr(Y = —1) = 5 and the fact that ¢ is 0-1

loss function,

ExEy [((f(X),Y)] = Pr(Y = +1) - Ex[((f(X), +1)] + Pr(Y = —1) - Ex[¢(f(X), —1)]

(X0, 1) + 5 - 6 (X), +1)

LX) # +1) + 5 LX) # 1)

Pr(f(X) = —1)+%-Pr(f(X) =+1)

(A.10)

N~ N~ NI~ N~
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Combining Equation (A.8), (A.9) and (A.10), we complete the proof

(A.11)

Epllop(f(X),Y)] = Ep[t(f(X),Y] - %

A.1.5 Proof of Lemma 2.6

Proof. Following Lemma 2.2 we have,
TPR. —FPR. = (1 — ¢} — ¢, )(TPR — FPR) = A, - (TPR — FPR)
Notice that

Pr(f(X)=41|Z=2)=Pr(Y =41 |Z=2)-Pr(f(X)=+1|Y =+41,Z = 2)
LPHY = —1|Z=2)-Pr(f(X)=+1|Y = —1,Z = 2)

=Pr(Y =+1|Z = 2) - TPR. + Pr(Y = —1|Z = 2) - FPR,

Solving the two equations above we complete the proof. O

A.1.6 Proof of Theorem 2.7

Proof. Define the following risk measures



First, because of Equation (2.21), we have

N
N 1 - ~
R(f) =~ D U(f (i), %)
=1
N sgn(—73; ~ sgn(F; ~
iy CINe(f (@), 50) — 0 S (@), —50)
N~ 1—ef, — e,
N ~sgn(—1y; ~ ~sgn(Yi; ~
_ly-d I (@), 5i) — EP e (), ~5)
N~ 1—éf —é,
N = _
1 T I T _
+ N ; ( 1—6j_€; - 1_€Z+_é; )e(f<wz)7yz)
1 & @) @)
eS9nly; esgnlyy . o~
+ N 2_; (1_6j_€; - 1_€j_€;)£(f(ml)7 yz)
= R(f) (by definition of R(f))
N - _
1 1-e9m 0 i) _
+ N ; ( 1_6j_€; - 1_€Z+_é; )e(f<wz)7y’b>

N
1 sgn(i;) eson (i) -
+ z( e el e 7)€(f(ivz'),—yz‘)-

1_6j_€; z _éz

Using the error bound in Equation (2.21), we have

1 N l_ezfn(fﬂi) l_gifn(*ﬂz‘) ~ cson(@i) P .
N Z l—ef—es  1-&f-& e('f(wz)’yz) + (1_€j_€; B 1_€j_€;>£(f(xi)7 _yz)
=1
N _ _
1 1-es9m (o) g _gson(=0) 5
< N ; ( 1—ef —€5 - 1—ef—e7 E(f(ml)7yl)
1 & @) @)
sgnly; esgn(y; ~
+ N Z ‘ (1676;',62— - 1i€j7€2—) ‘ g(f(ml)) _yl)
=1
1 & N
< N Z T+ — Z 4
i=1 =1
=27/
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Then we conclude that Vf
|R(f) = R(f)| < 270 (A.12)

This enables us to obtain the following bound

R(f*) — R(f*) < R(f*) + 27 — R(f*) (by Equation (A.12))
< R(f*) = R(f*) + 270
<27l +27( (by Equation (A.12))
=474,
where in above the 2nd inequality is due to the optimality f* wrt R( f)- O

A.1.7 Proof for Lemma 2.8

Proof.

P(h(X)=+1,Y = +1|Z = a)
P(Y = +1|Z = a)

P(h(X)=+1]Y =+1,Z =a) = (A.13)

Again we do the trick of sampling P(Y = +1|Z = a) to be 0.5, which allows us to focus
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on the numerator.

P(h(X) = +1,Y = +1|Z = a)
= P(h(X)=+1,Y = +1,Y = +1|Z = a)
+P(h(X)=+1,Y =+1,Y = —1|Z = a)
= P(h(X)=+1,Y = +1]Y = +1,Z = a) - P(Y = +1|Z = a)
+PW(X)=41,Y =41|Y = -1,Z=a) -P(Y = —-1|Z = a)
= PW(X)=+1Y =+1,Z=aqa) - (1 —ey)-P(Y = +1|Z = a)
+Ph(X)=4+1Y =-1,Z=aqa) e, -P(Y =—-1|Z =a)
(Independence of X and Y given Y)

That is

0.5 TPRq(h) =

TPR,(h) - (1 — eq) - P(Y = +1|Z = a) + FPR4(h) - € - P(Y = —1|Z = a) (A.14)

Similarly for FPR we have

P(h(X)=+1,Y = —1|Z =a)

P(Y = —1|Z = a) (A.15)

P(h(X)=+41]Y = -1,Z =a) =

Following similar steps as above, the numerator further derives as

P(h(X) = +1,Y = +1|Z = a)
= P(X)=+1Y =-1,Z=aqa) (1 —e,) - P(Y = +1|Z = a)

FPA(X)=+1|Y =41, Z =a) - eq - P(Y = —1|Z = a)
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That is
0.5- FPR,(h) =
FPRy(h) - (1 —eq) - P(Y = +1|Z = a) + TPR4(h) - ea - P(Y = —1|Z = a) (A.16)
When P(Y = +1|Z = a) = P(Y = +1|Z = b) = 0.5, we will also have
05=PY =+1|Z=a)=P(Y =+1|Z =a)(1 —e) + P(Y = —1|Z = a)e, (A.17)

which returns us that P(Y = +1|Z =a) = 01.57;:5 :=p = 0.5. Using this knowledge and

solving the linear equations defined by Eqn. (A.14) and (A.16) we have

Can - TPRo(h) — Caz - FPR4(R)

TPRy(h) = Al
Ra(h) e, — 0.5 (A-18)
a,l’ i_15_/0, - Ya 'rf_l\)—/a
FPR,(h) = Ca1 - FPRa(h) = Cap - TPRa (1) (A.19)
eq — 0.5
O
A.1.8 Proof of Theorem 2.9
Proof. Combining Equation (2.25) and (2.28) we have
| TPR.(h) — TPRE(h)
|05, - TPR.(h) — 0.5(1 —e) - FPRy(h) (A.20)
B e.— 0.5 '
0.5, - TPR,(h) — 0.5(1 — €,) - FPR,(h)
e, — 0.5
_|&. —e.| - TPR,(h)
 (2e,—1)(26, — 1)
_err,- T/‘f\’ﬁz(h) (A.21)

(2e. —1)(26, — 1)

199



Recall err, = |é, — e,|. The second equality is algebraic - we simply unify the denom-
inator of both quantities and rearrange terms. Then equalizing TPR that TPR{(h) =

TPRj(h) returns us

| TPRa(h) — TPRy(h)|
=| TPR4(h) — TPRE(h) + TPRE(h) — TPRy(h)|

> || TPRa(h) — TPR(h)| — | TPRg(h) — TPRy(h)]]

err, - 'ff’/Ra(h) erry - Tf‘lsﬁb(h)

(20 — 1)(260 — 1) (2e5 — 1)(26, — 1)

)

where the last equality is an application of Eqn. (A.21). Then

err, - rlfl\D/Ra(h) erry, - rff’T%b(h)

(2ea — 1)(26, — 1) (2ep— 1)(28 — 1)

- 'fl\aﬁa(h) _erry fl\Dﬁb(h)
T e — )26 — 1) erra (26, 1)(26 — 1)
N 'fl\D/Ra(h) _erry ﬁb(h)
= 2 — )28 — 1) erry (26— (28, — 1)

Similarly,

|FPR. () — FPRS(h)|

0.5- e, - FPR.(h) — 0.5(1 — e,) - TPR.(h)
e, — 0.5

 0.5-&, - FPR.(h) — 0.5(1 — &) - TPR,(h)
e, — 0.5

|é: — ez - FPR,(h)
(2e, —1)(2¢, — 1)~
err, - P/T\’/Rz(h)

(2e, — 1)(2¢, — 1)
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Then equalizing FPR that FPR{(h) = FPR{(h) we have

| FPR,(h) — FPRy(h)]
—|FPR,(h) — FPRS(h) 4+ FPR{(h) — FPRy(h)|

> || FPRa(h) — FPR(R)| — [FPRy(h) — FPRy(h)]|

err, - F/‘f’ﬁa(h) erry - F/‘f’ib(h)

(2¢0 — 1)(260 — 1) (2e, — 1)(26, — 1)

FPR.(h) err,  FPRy(h)

(2eq —1)(26, — 1)  erry (2ep —1)(26, — 1)

>erry -

A.1.9 Proof of Theorem 2.10

Proof. Easy to show that when e, = ey, Cq1 = Cp1 and C, 2 = Cpo. Therefore, from

Eqn. (2.25) we know equalizing

TPRq(h) = TPRy(h), FPRa(h) = FPRy(h) (A.22)

will also return us
TPR,(h) = TPRy(h), FPR,(h) = FPRy(h) (A.23)
O
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A.1.10 Proof of Theorem 2.11

Proof. We start with deriving PApo:

P(Y1 =Y, =Y; = +1)
P(Y; = +1)

PApe =P(Ya =Yz =+1|V; = 41) =

Due to the sampling step, we have P(ﬁ = +1) = 0.5 - this allows us to focus on the

denominator:

P(Y; =Yy = V3 = +1)
3 3

Y py = ) [P = +1]Y = +1) + P(Y = =) [[P(Y; = +1]Y = —1)
=1 i=1

D Py =41) (1 —ep)P+P(Y = 1) &

where in above, (1) uses the 2-NN clusterability of D, and (2) uses the conditional

independence between the noisy labels. Similarly for NApe we have:

P(Y, =Y, =Y3=—1)

P(Yy=Ys = —1Y; = —1) =
(Y2 =73 Y ) P, = 1)

Again we have that P(Y; = —1) = 0.5, and the numerator derives as

P(Y1 =Y, =Y; = 1)
3 3

= P(Y =+)[[P(i= -1y =+1)+ P(Y = —1) [ [ P(¥i = —1]Y = 1)
i=1 =1

= PY=+41)-el +PY =-1)-(1—e_)?
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Taking the difference (and normalize by 0.5) we have

0.5 (PApo — NApe)
= PYa=Y;=+1Vi =+1) - P(Yo = Y3 = —1[}; = —1)

= PY =+1) (1 —es)’ —e3) +P(Y = —1) (2 — (1 —e_)?) (A.24)
Notice two facts: first we can derive that
(I—ey)?—ed =(1—2eq)(ed —er+1), e —(1—e_)®=—(1—2e_)(e2 —e_+1)

Second, we will use the following fact:

05=P(Y =+1) =P(Y = +1)(1 —ey) + P(Y = —1)e_ (A.25)
from which we solve that P(Y = +1) = 18’5;:7. Symmetrically, P(Y = —1) =
0.5—e4
l-ey—e_-

Return the above two facts back into Eq (A.24), we have

PY =4+1)((1 —eq)® —e2) + P(Y = —1)(e* — (1 —e_)?)

(0.5—e4)(0.5—e_)
l—ef —e_

= 2. ((eX —eqy+1)— (2 —e_+1))

= 2-(05—ey) - (0.5—e_) (e —e4)

completing the proof when e;,e_ < 0.5. O
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A.1.11 Proof of Proposition 2.12

Proof. Expanding IP)(Y = —1|Y = +1) using the law of total probability we have

ey =P(Y = —1|Y = +1)

=P(Y =-1,Y =+1[Y = +1) + P(Y = —1,Y = —1]Y = +1)

=P(Y = —1]Y =4+1,Y = +1) - P(Y = +1|Y = +1)
+P(Y = -1V = —1,Y = +1) - P(Y = —1|Y = +1)

=e-(1—ey)+1-ep (Independence between Y and Y given Y)

—(l—es)-etey

Similarly,

e =P(Y =+1|Y = —1)
—P(Y =+1,Y = +1]Y = —1) + P(Y = +1,Y = —1]Y = —1)
=P(Y = +1]Y =4+1,Y = —1) - P(Y = +1]Y = —1)
+P(Y =+1]Y = =1,V = —1) - P(Y = —1]Y = —1)
=(l—¢)-e_.

The last equality is again due to the independence between Y and Y given 37, as well

as the fact that we do not flip the ¥ = —1 labels so P(Y = +1|Y = —1,Y = —1) = 0.

Taking the difference we finish the proof. O
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A.2 Proofs for Chapter 3

A.2.1 Proof of Lemma 3.1

Proof. Given by the definition of cosine similarity, we have

1S(bxv,bxtE)) — S(bxv,bxtd))

bxv-bxtd bxv-bxtlL)

= | o . (A.26)
1o vf[[[b+ tE b v]]]|b+ el
b v - (|| tE)[bx tE) — ||bxtD)||b« t())]

165 v][[|b tLE)[[[bx ¢ ED]]
From the definition of dot product,

b v- (|| tE)b st — |bx tD]bx )| <
1B o]l ([ (1o * e[+ 5 — [[bx P Jp+ D)) (A27)

We plug Equation (A.27) into Equation (A.26) and eliminate the variable b * v

/ b t(L ||b>|<tL)—Hb>|<t )b tE))]|
b, bt ) — S(bwv, bty < 1 A2
Let 0 denote the angle between b x t(£) and b * t(L,), i.e.,
(L) . (L
cosf = brt ™ bt 0 (A.29)
16+ tB[[|b ¢ (£
the square of numerator in Equation (A.28) expands as
(165 t 5B % tF) — || s tD)||b % )2 = 2||b s« £ ||2]|b + ) |(1 — cos§)  (A.30)

Substituting the square root of Equation (A.30) into Equation (A.28), we eliminate the

denominator and obtain

1S(bsv,bxtE)) — S(bxv,bxtE)| < /2(1 — cos ) (A.31)
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Recall that b t(*) € O, (b x (")), we can bound 6 by the law of sines

bxtL) —pxt@)
sup|sinf| = sup b i P (A.32)
0

bt(L) (LR b t®)]

Taking supremums on both sides of Equation (A.31) and combining Equation (A.32),

we complete the proof

sup 1S(b*v,bxtE)) = S(bxv,bxtd)
bxt(E e, (b2t 1))
0<p<|bxt )|

< sup \/2(1 — V1 — sin26)

0

O
A.2.2 Proof of Theorem 3.2
Proof. Due to Half-Angle Identities, Equation (A.31) derives as
/ 0
1S(bxv,bxtE)) — S(bxv,bxt)| < 2|sin 5\ (A.33)

For sufficiently small 6, i.e., ||b* t) — b« t(F)]| <« ||b* t(D)|, we take the first-order

Taylor approximation

.0 , |6« tE) — bt
2| sin 5\ ~ |0 = |sinf| = b xtD] (A.34)
Combining Equation (A.33) and Equation (A.34) we complete the proof. O
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A.2.3 Proof of Proposition 3.3

)

Proof. Expanding |Acch — Accl()L/)\ by triangle inequality we have

’Accl(lL) — ACCZ(,L,)‘ = \Acc((lL) —Acc® + acc® — acc®) 4 accE) — ACCI(;L/)’
< |ace®) — acc™®)| + acc®) — acc™)| 4 |acc) — Accl()L/)|
(A.35)

Noticing that Acc) = p, - Acc((lL) + pp - ACCISL) and p, + pp = 1, we have

lacell) — acc)| = py - [AcclF) — Accl()L)|

(A.36)
= py-Disp!"(a,b)
Similarly,
|Acc) — ACCI(,L/)’ = po-|AccF) — AccéL/)|
(A.37)

= pa -DispP(a,b)
Substituting Equation (3.18), (A.36), and (A.37) into Equation (A.35) we complete the

proof. O
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A.3 Proofs for Chapter 4

A.3.1 Proof of Corollary 4.3

Proof. Without loss of generality, we assume group z = 1 has higher utilities than group

z=0,1ie.,

E[f(z;0)1[ = 1,y = 1]] > E[f(2; 0)1[ = 0,y = 1]

E[f(z;0)1[z =1,y = 0]] > E[f(x;0)1[z = 0,y = 0]]

Equal odds indicates equal TPR and equal FPR constraints will be imposed simultane-

ously. Thereby

Seo = STPr + SFPR

= AgQZi,in(wia zj:60) + A%dzz-7y1-9(afu ;3 0o)
= Ala, O(a,2;: 00) (by 0z = 0z + disy)
= Spp

The third equality is due to a, = 1z = 1] -1z =0] = (1[z =1L,y =+1]+ 1z =1,y =

—1]) - (1[z =0,y =+1] + 1[z =0,y = —1]) = .y + G y. d
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A.3.2 Proof of Corollary 4.4:

Proof. When there are only two groups, the covariance measure in Equation 4.29 reduces

to

B =12 (e — ) f (i 0)

Again, we assume group z = 1 is more favorable than group z = 0 such that
E[f(2:0)1[ = 1]] > E[f(2:0)1[ = 0]

Then we can rewrite the above equation as

n-

B = 3 s O = 1] = > 2 f i 0)1[z = 0]) 2 0
i=1

The above ¢(f) is saying the covariance between z and f(x) is non-negative per se, so
we do not need to take the absolute value of it. In other words, Vi, 5; = 1. The final

influence score of covariance thus becomes
Scov(i,J) = A%@(%w]’;eo)(l[zi =1] = 1[z = 0])

Recall that a; = 1[z; = 1] — 1[z; = 0], we conclude Scoy(,5) = 5Spp(i,j). We note
that the connection builds upon the common assumption that group z = 1 has a
higher utility. We can reach the same conclusion in the symmetric situation where
E[f(z;0)1[z = 1]] < E[f(2;0)1[z = 0]].

We remark, the coefficient % arises from encoding the categorical sensitive
variable z into {0, 1} and does not have physical meanings. If z is encoded by {—1,+1}
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instead, the coefficient will be 1 such that Spp = Scoy. This property suggests that the

covariance is not a perfect measure of independence, and using mutual information is a
more plausible approach.

O
A.3.3 Proof of Theorem 4.5

Proof. For any t and any § > 0,

Pr(S(f,3) = S(f,5) > &) = Pr(exp{nt (S(f,7) — 5(f,4))} > exp{ntd})

_ Elexp{nt(S(/.7)

— S(f,9))}]
exp{ntd}

1
< exp{gntQC’2 — ntd}

In above C' is some constant. Since %nC’Qt2 — ndt is a quadratic function regarding ¢,
we may minimize it by taking

(by Markov’s inequality)

(by Hoeffding’s inequality)

0

1 9,0
8t<8n0t —n5t>

1
=0 = ZnC’Qt—nét:O

Solving the above equation, we know the quadratic function takes the minimum value
at t = %. Therefore,

02

2
Pr(S(f,§) = S(f,§) > 0) < exp{_2n5 }
Let e = exp{_Qgg2

}, we complete the proof by substituting § with €

log 1
Pr [ S(f,5) = S(f,5) > O] ==

— Pr

log 1
S(f,5) = S(f.4) < O] ==
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A.3.4 Proof of Proposition 4.6

Proof. We visualize the considered example in Figure 4.1. The area in blue represents
the false positive examples from group z = 1, while the area in green represents the false
negative examples from group z = 0. The sum of blue area and green area is exactly
representing the acceptance rate difference between group z =1 and z = 0.

Recall that the model is f(x) = w -z + b, the influence function subject to
relaxed fairness constraint can be computed by Equation 4.19, i.e., S(i,j) = k(z; — 2) -
(x;-xj+1) where k is a constant coefficient corresponding to learning rate 7, data size
n and regularizer \. For each individual example x;, the overall influence score S(i)

consists of two components. The first component

/ k(Zj—,?)‘(Zi—Z)-xi‘Jjj dPr(xj) = k(zi—z)xi'/ (Zj—g)'l’j dPr(xj)
z;€(—00,+00)

x;€(—00,+00)
is proportional to (z; — Z)x; since the integral can be treated as a constant. The second

component

/ k(zj — Z) - (2 — Z) dPr(x;)
zj€(—00,+00)
= k(z—2)- /xje(ooﬂroo) (25 — 2)dPr(z;) = k(z; — 2)E[z; — Z]

becomes 0 due to E[z;] = Z . |S(7)] is then proportional to |z;|, thus the data examples

around z = 0 will have smaller absolute values of influence scores.
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Then we consider the classifier trained by down-weighting the data examples
around z = 0. We show the case when |p1,—1] < |po,+1| in the right figure in Figure
4.1. In this case, the down-weighted negative examples from group z = 1 dominates
the down-weighted positive examples from group z = 0. In consequence, the decision
threshold will be perturbed towards right. Coloring the mis-classified examples again,
we find out the sum of blue and green area has decreased. The case for |11, 1] < |10, +1]
will be symmetric. In conclusion, we demonstrate that removing training examples with

smaller absolute influence scores is capable of mitigating the fairness violation. O
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