1630

IEEE TRANSACTIONS ON INFORMATION FORENSICS AND SECURITY, VOL. 19, 2024

Classification Utility, Fairness, and Compactness via
Tunable Information Bottleneck and
Rényi Measures

Adam Gronowski ', William Paul™, Fady Alajaji*, Senior Member, IEEE,
Bahman Gharesifard™, Senior Member, IEEE, and Philippe Burlina, Senior Member, IEEE

Abstract— Designing machine learning algorithms that are
accurate yet fair, not discriminating based on any sensitive
attribute, is of paramount importance for society to accept Al for
critical applications. In this article, we propose a novel fair rep-
resentation learning method termed the Rényi Fair Information
Bottleneck Method (RFIB) which incorporates constraints for
utility, fairness, and compactness (compression) of representation,
and apply it to image and tabular data classification. A key
attribute of our approach is that we consider - in contrast to
most prior work - both demographic parity and equalized odds
as fairness constraints, allowing for a more nuanced satisfaction
of both criteria. Leveraging a variational approach, we show that
our objectives yield a loss function involving classical Information
Bottleneck (IB) measures and establish an upper bound in terms
of two Rényi measures of order « on the mutual information IB
term measuring compactness between the input and its encoded
embedding. We study the influence of the & parameter as well
as two other tunable IB parameters on achieving utility/fairness
trade-off goals, and show that the o parameter gives an additional
degree of freedom that can be used to control the compactness
of the representation. Experimenting on three different image
datasets (EyePACS, CelebA, and FairFace) and two tabular
datasets (Adult and COMPAS), using both binary and categorical
sensitive attributes, we show that on various utility, fairness,
and compound utility/fairness metrics RFIB outperforms current
state-of-the-art approaches.

Index Terms—Deep learning, fair representation learning,
equalized odds, demographic parity, classification, information
bottleneck (IB), Rényi divergence, Rényi cross-entropy.

I. INTRODUCTION

ACHINE learning algorithms are used for a variety
of high stake applications such as loan approvals,
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police allocation, admission of students, and disease diagnosis.
In spite of its vast benefits, the use of automated algorithms
that are not designed to also address potential bias and fairly
serve members of diverse groups can lead to harm and exacer-
bate social inequities. The problem of developing algorithms
that are both accurate and fair, i.e., algorithms that do not
discriminate against individuals because of their gender, race,
age, or other sensitive (protected) attributes, has now become
paramount to the effective deployment of production-grade Al
systems that could be accepted and adopted by society as a
whole.

Fair machine learning methods have been developed for
multiple domains such as automated healthcare diagnostics
and treatments delivery [2], natural language processing [3],
finance [4], and others [2], [5], [6], [7], [8]. One way to
create such fair machine learning methods is through learning
fair representations that can be used with existing architec-
tures. These representations would allow for making accurate
predictions while ensuring fairness. However, this leads to
the difficulty that developing fair representations may involve
trade-offs and is further complicated by the existence of
various metrics for measuring fairness outcomes, often tailored
towards different applications and settings.

Our work entails the development of a fair representa-
tion learning method that addresses a number of trade-offs.
We consider the case where the sensitive attributes are directly
accessible, and for the majority of experiments focus on the
case where bias is caused by a lack of data for a protected
subgroup. Unlike most prior studies that tend to focus on
satisfying a single type of fairness constraint, we consider
here how to jointly address and balance two of the arguably
most important and widely used definitions for fairness, demo-
graphic parity and equalized odds [5], [9], [10]. We also
examine different classical trade-offs between fairness and
utility (commonly measured via accuracy). Trade-offs between
utility and fairness arise as a result of interventions on models
or data to make models more fair, which may yield decreased
bias, but may also result in affecting utility. We study how
these trade-offs are impacted by “compactness.” More specif-
ically, we develop a variational approach taking into account
different information-theoretic metrics that balance the above
two constraints on fairness with utility and compactness.
We also show how to analytically simplify the resulting loss
function and relate it to the Information Bottleneck (IB) prin-
ciple [11], and then exploit bounds to compute these metrics.
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This work thus makes the following novel contributions:

1) We develop a novel variational method that balances a
triplet of objectives, consisting of utility (accuracy), fair-
ness (itself balancing two types of fairness constraints),
and compression/compactness. Specifically, in contrast to
prior work on fairness which narrowly uses either the
demographic parity or equalized odds constraints, our loss
includes both types of constraints. We relate analytically
the resulting loss function to the classical IB method.

2) Operationally, we derive a simple upper bound on the
mutual information between the data and its representa-
tion in terms of the Rényi divergence [12] and the Rényi
cross-entropy [13], [14], [15] of order . We study the
effect of this added flexibility on achieving a balance
between fairness and accuracy.

3) Using various datasets such as CelebA, EyePACS, Fair-
Face, Adult, and COMPAS, and working with both binary
and categorical sensitive variables, we compare with
methods of record that intervene on the model or methods
that intervene on training data. We show that our method
overall performs best. We establish these comparisons via
a number of metrics that measure utility and fairness
individually or in a combined metric, including two
different types of fairness constraints.

The rest of the article is organized as follows. We present
related work in Section II and derive a cost function for our
method in Section III. In Section IV, we describe the details
of our implementation, describe the metrics and datasets used,
and present extensive experimental results. Finally, we con-
clude the article with Section V.

II. RELATED WORK
A. Fairness Approaches

We summarize existing work on fair machine learning in
three categories. For a broad-strokes categorization of fairness
approaches, one can think along the lines of inferventions
made either on: 1) the model output, 2) the training data,
or 3) the model itself. Each of these are motivated by different
inductive biases.

1) Interventions on Model Outputs Including Recalibration
and Thresholding: The inductive bias here is that irrespective
of the cause of bias, fairness can be addressed at the output
of the model. Some methods adjust the decision threshold to
achieve equal odds across groups, as in [9], or re-calibrate the
model for different subpopulations, as in [16]. These methods
work well for categorical data, but they do not address the
underlying causes of bias in the data and the model, which
may be more important for image/video applications, as argued
in [9]. Therefore, we explore a different approach.

2) Data Interventions: Generative Models and Style Trans-
fer: The idea here is to modify the data to reduce bias since
data imbalance can lead to biased models. Methods that alter
the training data can censor sensitive information, blind the
model to protected factors, augment the data, or re-balance
the data by re-sampling or re-weighting. Data augmenta-
tion methods use generative models or style transfer/image
translation. Some examples of generative models are based
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on generative adversarial networks (GANs) [17], [18], [19],
variational autoencoders [20], [21], or latent space optimiza-
tion [19]. An example of image translation is [22]. However,
these methods may have limitations in preserving the diversity
of styles within subpopulations, which may be important for
image/video applications. These methods are also related to
domain adaptation and distributional shift scenarios.

Generating data with these methods has drawbacks as it
may be hard to isolate and manipulate the protected factors
without affecting other features (a problem called entangle-
ment). Generative methods may also introduce artifacts in
synthetic images, which could lower the performance and
utility of the debiased models without significantly improving
fairness. Based on these observations, [19] suggests that model
interventions may be better than data interventions using
generative models. These limitations motivate our approach,
which belongs to the category of model interventions, dis-
cussed next.

3) Interventions on Models via Adversarial and Variational
Approaches: Such methods are grounded on the inductive bias
that dependence of the prediction on protected factors is a
cause of lack of fair predictions; as a result, these methods
generally aim to remedy this dependence at the encoding of
the data, rendering them blind to protected factors.

Studies such as [23] and [24] use an adversarial network
to penalize the prediction network if it could predict a
protected factor. Other studies employ adversarial represen-
tation learning to remove protected factor information from
latent representations, including [10], [25], [26], [27], [28].
Applications using this principle include [29] which uses
adversarial learning to develop fair models of cardiovascular
disease risk, while [30] explores the statistical properties of
fair representation learning and [31] applies an adversar-
ial approach for continuous features. Similar to our work,
[32] and the more general recent work in [33] employ an
information-theoretic approach to learn fair representations.
More specifically in [33], the authors investigate an adversarial
censoring method to generate universal fair representations
that are least informative about sensitive attributes given a
utility constraint. In contrast to the above techniques, our
method does not use adversarial training.

In addition to the methods mentioned above, there exist
non-adversarial methods that modify the model via incorpo-
ration of multiple constraints in a variational setting. Many
of these are closely related to the IB method that we discuss
next.

B. Information Bottleneck Methods

The IB method, originally proposed by Tishby et al. [11],
is a method that seeks to develop representations that are
both compact and expressive by minimizing and maximizing
two mutual information terms. Alemi et al. first developed a
variational approximation of the IB method by parameterizing
it using neural networks and this was followed by multiple
variations such as the nonlinear information bottleneck [34]
and conditional entropy bottleneck [35]. Many recent general-
izations of the IB method have been developed including [36],
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[37], [38], [39], and [40] while [41] and [42] investigated its
connections to deep learning theory and privacy applications.

Techniques related to the information bottleneck have been
used for fair representation learning. First proposed by [5],
fair representation learning consists of mapping input data to
an intermediate representation that remains informative but
discards unwanted information that could reveal the protected
sensitive factors. This is related to the IB problem and several
works have explored the connection between the two, such
as [43] and [44], where fair representations are acquired
through the minimization and maximization of various mutual
information terms.

Our work is closest to [44] but we depart from it in several
important ways, including through the use of a more general
loss formulation, satisfying broader constraints of fairness,
classifying images rather than focusing solely on tabular data,
and entailing the use of Rényi divergence and Rényi cross-
entropy [13], [14], [15]. To our knowledge we are the first to
use Rényi divergence and cross-entropy for fair representation
learning but there have been several recent works based on
Rényi information measures and their variants. These include
an IB problem under a Rényi entropy complexity constraint
[40], bounding the generalization error in learning algo-
rithms [45], Rényi divergence variational inference [46], Rényi
differential privacy [47] and the analysis and development of
GANSs [14], [48], [49], [50], [51], [52]. In addition, Baharlouei
et al. [53] developed a fair representation method but one based
on Rényi correlation rather than divergence.

C. Connections to Other Work

Fairness is related to the problem of domain adaptation
(DA) [54], [55], [56], [57] that consists of training a neural
network on a source dataset to obtain good accuracy on a target
dataset that is different from the source. This is especially true
for the case of a severe data imbalance that we consider in this
work where training data is completely missing for a protected
subgroup. In this case, achieving fairness is similar to the
DA problem of improving performance on a complete target
dataset that includes all groups after training on an incomplete
source dataset.

Our work is also related to group distributionally robust
optimization (GDRO) methods [58], [59] that address the
problem of performance disparity among different subgroups
by minimizing the worst-case loss among different subgroups.
Reducing these accuracy differences among subgroups is
something our method also addresses, but while this is the
sole objective for GDRO methods, we consider this problem
in relation to multiple other fairness criteria.

There are other studies about finding a balance between
accuracy and fairness such as Zhang et al. [60]. However,
they achieved this objective by finding early stopping criteria
rather than through a fair representation preprocessing method
like we use here; also, unlike our method, finding a balance
between multiple fairness constraints is not investigated.

Finally, there are hybrid methods, such as the one proposed
by Paul et al. in [19], that use a combination of the previ-
ously discussed techniques of interventions on data, model,
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or output. However, such techniques are quite limited in scope
compared to the more varied objectives considered here which
involve jointly achieving utility, fairness, and compactness.

III. METHODS

We take an information-theoretic approach to fairness (refer
to [61] and [62] for background knowledge on standard
information measures such as Shannon entropy and mutual
information). We represent input data as a random variable
X € X and sensitive information as a random variable S € S.
Our goal is to use the data X to predict a target Y € ) but
in a way that is uninfluenced by the sensitive information S.
To reach this objective, we adopt a variational approach, which
we call Rényi Fair Information Bottleneck (RFIB), to encode
the data into a new representation Z € Z. The representation
can then be used with existing deep learning model architec-
tures to draw inferences about Y. As we compute Z from X
without accessing data from Y or S, we can make a standard
assumption similar to [63] and assume that the Markov chain

Y,$) > X—>Z—>7Y

holds, where Y is the prediction of Y based on Z (Y is a
function of Z). For simplicity, we assume in this section that
all random variables are discrete, though a similar derivation
holds for a mix of continuous and discrete random variables.

A. Fairness Defined

Among the three principal definitions of fairness — demo-
graphic parity, equalized odds, and equality of opportunity —
we focus on addressing both demographic parity and equalized
odds since a) equalized odds is a stronger constraint than
equality of opportunity (equalized odds requires both an
equal true positive rate and equal false positive rate across
the sensitive variable, whereas equality of opportunity only
requires an equal false positive rate), and b) demographic
parity, also called statistical parity, is an altogether different
type of constraint compared to the former two constraints in
that the requirement of independence does not involve the
actual target label value.

For demographic parity, the goal is for the model’s predic-
tion ¥ to be independent of the sensitive variable S [5], i.e.,

PY =3)=PY=35S=5), (1)

for all s, y, while for equalized odds the goal is to achieve
this independence by conditioning on the actual target Y [9],
ie.,

PY =3y =y)=PF¥ =jS=s5,Y=y) 2

for all s, y, y.

B. Lagrangian Formulation

We formulate a Lagrangian by minimizing and maximizing
various mutual information terms, similar to [63] and [64].
To encourage equalized odds, we want as per (2) that Y and
S are conditionally independent given Y (written as x L
S) | Y); this is equivalent to requiring that I()A’; S1Y) = 0.
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To achieve this objective, we minimize the proxy measure
I(Z; S|Y) over Pz x. This is justified by the following: by
the chain rule for mutual information, we can write

1(Z,Y:S|Y) = I(Z; S|Y)+ I(Y: S|Z,Y)
—_——

=0
= 1(V; SIY) + 1(Z; S|V, V), 3)
————
>0
where [ (f/ ;S1Z,Y) = 0, since by the Markov chains

Y,S) > Z— YandY —» Z — )},1 we have forall y, z, s, y
that

PY =3|Z=2,S=s,Y=y)=P(¥ =3|Z=2)
=PV =3Z=2Y=y)

and hence (Y L S) | (Z,Y) & I(Y;S|Z,Y) = 0. We
therefore obtain from (3) that

0<I(Y;S|Y) < I(Z;S|Y).

So by minimizing /(Z; S|Y) over Pzx, we are squeezing
I1(Y; S|Y) closer to zero. In the ideal case where we can drive
1(Z; S|Y) to zero, we readily obtain that

[Y;S)Y)=0& (Y LS)|Y

as ultimately desired in equalized odds.

To both obtain good classification accuracy (utility) and
help promote demographic parity, we maximize (Z; Y|S).
For demographic parity, we want as per (1) that Y 1S e
I(?; S) = 0, while for utility we want high 7 (Y; I}) which we
address by maximizing I(Z; Y). To achieve I(I?; S) =0 we
require /(Z; S) =0 (i.e., Z 1L S) since

0<I(S;Y)<I(S:2)

by the Data Processing Inequality [61], [62] as § — Z — Y
holds. Now by the mutual information chain rule, we can write

I(Z;Y,8)=1(Z;Y)+ I(Z; S|Y)
=1(Z;$) + 1(Z; YIS). “4)

In the ideal condition where 1(Z; S | Y) = 0 (i.e., equalized
odds is achieved), a necessary condition for 7(Z; S) = 0 is
that 7(Z; Y|S) = I(Z;Y) which we want to maximize. Thus
maximizing /(Z; Y|S) promotes both demographic parity and
high utility.

Finally, we minimize /(Z; X|S,Y), a compression term
similar to one from the IB problem [63]. This minimization
further encourages Z to discard information irrelevant for
drawing predictions about Y, hence improving generalization
capability and reducing the risk of keeping nuisances (irrele-
vant data that can degrade performance).

Combining all above mutual information terms leads to a
Lagrangian, £, that we seek to minimize over the encoding
conditional distribution Pz x. The Lagrangian is given by

L=1Z;S|Y)+1(Z; X|S,Y)—-MI(Z;Y)

Note that these two Markov chains are implied by the original Markov
chain formulation (¥, S) > X - Z —> Y.
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—MI(Z;Y]S),
S

where A\; and )\, are hyper-parameters. Developing this
Lagrangian, we have that

L =H(Z|Y)— H(Z|S,Y)+ H(Z|S, Y)
—H(ZIX,S,Y) = MI(Z,Y) — MI(Z; Y|S)
= H(Z|Y) — H(Z|X) = MI(Z:Y) — M 1(Z; Y|S)
= H(X)— H(Z,X)—[H(Y) - H(Z, Y)]
~MI(ZY) = NI(Z: Y|S)
=1(Z;X) = 1(Z;Y) = MI(Z;Y) — MI(Z; Y|S)
=1(Z;X)— M+ DI(Z;Y) = \I(Z; Y]S), (6)

where H(-) denotes entropy, and the second equality follows
from the Markov chain assumption (Y, §) — X — Z. Hence,
we have shown that the Langrangian £ admits a simpler
equivalent expression given by

L=1(Z;X)-pI(Z;Y)— Bl(Z;Y]S), )

where 81 = A+ 1 > 1 and 8, = X\, > 0. This simpler
Lagrangian is easier to compute while exactly maintaining the
properties of the original one. It also reveals a direct relation
of the original Lagrangian with the first two terms being
exactly equivalent to the ‘“classical IB” formulation. Note
that both the 7(Z; X) term and /(Z; Y|S) term contribute to
fairness. Minimizing [ (Z; X) results in increased compression
which can lead to increased fairness at the possible expense
of accuracy. The 1(Z; Y|S) term contributes to both fairness
through the conditioning on S and to accuracy through the
maximization of the information between Z and Y. The hyper-
parameters B; and B> control trade-offs between accuracy
(or “utility”) and fairness, as a higher weight on B; and
B> reduces the influence of the /(Z; X) compression term. As
I1(Z;Y) is partially derived from the /(Z; S|Y) term designed
to improve equalized odds, using a higher §; over 8, should
give more priority to improving equalized odds, whereas a
higher B, should result in improved demographic parity. This
allows for more nuanced outcomes compared to other methods
that focus rigidly on a single fairness metric. It is also possibly
an interesting tool for policy makers to translate those more
balanced and nuanced versions of fairness into an “engineered
system.”

C. Variational Bounds

We use a variational approach to develop bounds on the
three terms in the Lagrangian £ in (7), finding lower bounds
for the terms to be maximized and an upper bound for the
term to be minimized. The Markov chain property (Y, S) —
X — Z results in the joint distribution Pgyyz factoring as as
Psyx P7|x.

The distribution Pz x is a parametric stochastic encoder to
be designed while all other distributions are fully determined
by the joint data distribution Pgs y y, the encoder, and the
Markov chain constraint. To simplify notation, we simply
write Pz|x rather than including the parameter Pz x ¢, with 6
denoting network weights. Computing the mutual information
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terms requires the usually intractable or difficult to compute
distributions Py|s.z, Py|z, and Pz [63], [65]; we thus replace
them with variational approximations Qy\s,z, Qy|z and Qz,
respectively. We next derive a simple upper bound for the
compression term [(Z; X) with the novel use of Rényi’s
divergence and cross-entropy of order «, which provide a
tunable extra degree of freedom for the variational version
of L:

1(Z; X) = rgin Dk (PxzIIPxQz)
VA

< Epy Dk (Pz1x11Q2)

_ ] ErxDa (Pzix1102)
~ | EpyHa (Pzx; Q2)

The first identity follows from the non-negativity of the
Kullback-Leibler (KL) divergence (see for example [62, Prob-
lem 2.18], [32], [44], [63]).

For the case of @ > 1 in the final inequality given in (8),
we take the Rényi divergence Dy (-] -) of order « (e.g., see [12],
[66]), rather than the KL divergence as typically done in the
literature, where

1
Du(PIQ) = — log(z P(x)C‘Q(x)l—“) ©)

xeX
for « > 0, o # 1 and distributions P and Q with common
support X2 By the continuity property of D, in a, see [66],
we define its extended orders at @ = 1 and @ = 0 as

Dy (P[|Q) = lim Da(P||Q) = Dk 1(P||Q)

ifa>1
~ ®)

ifo < 1.

(10)
and
Do(P||Q) := ii_I)I})Da(P”Q) =—logQ(x: P(x) >0), (1)

which is equal to O when P and Q share a common support.
This upper bound in (8) readily holds for « > 1 since D, is
non-decreasing in « and D1 (P||Q) = Dk (P| Q).

For the case of ¢ < 1 in (8), we take the Rényi cross-
entropy Hy(-; -) of order «, used recently in [14] to generalize
the original loss function of GANs [671:3

tog (3 Pax (v 02(").

€2

1
Ho(Pzix=x; Qz) = T —o

(12)
We hence justify the inequality in (8) when o < 1 as follows:
Epy Dk (Pzix110z)

= Epy Z Pz)x(z|x) log
€2

Pz x(z|x)

0z(2)

1
07(2)

= Ep, Z Pz1x(z|x) log
€2

=H(Pzix=x;07)

2When P and Q are both probability density functions, then Dy (P||Q) =
L log (fX P(X)* Q)% dx )

3When Pzix=x and Qz are both probability density functions, then
the (differential) Rényi cross-entropy is given by hy(Pzjx=x: Qz) =
o log [z Pzix (210 Qz(2)* ! dz).
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+ Epy | D Pzix(z]x) log Pzix)(z]x)
€2

——H(Z|X=x)<0
< Epy H(Pz1x=x; Q7)
< Epy Hy(Pzx=x; Q7),

where H(-;-) is the Shannon cross-entropy and the
final inequality follows since Rényi’s cross-entropy is
non-increasing in o and limg_.1 Hy (Pz‘x:x; Qz) =
H (Pzix=x; Qz) [14].

Remark 1: The above derivation is carried for discrete
distributions. It still holds for continuous distributions except
that for the first inequality in (13), we need to ensure that the
conditional differential entropy #(Z|X = x) is non-negative.
More specifically, if Pz|x—, is an uncorrelated Gaussian vector
(which we use below in the derivation of the Rényi divergence
and ensuing experiments), we ensure the non-negativity of
the vector’s conditional differential entropy by selecting large
enough variance components oiz (see Footnote 4). This also
guarantees the non-negativity of the differential Shannon and
Rényi cross-entropies: h(Pzx—y; Oz) and hq(Pzix=x; Qz)
with o < 1.

Remark 2: 1f we take o < 1 for the Rényi divergence or
o > 1 for the Rényi cross-entropy in (8), we no longer have
an upper bound on I(Z; X). But in these cases, the terms
in (8) can be considered as approximations to the compression
term I(Z; X) that are «-tunable. In other words, as the
Rényi divergence is non-decreasing in « and the Rényi cross-
entropy is non-increasing in «, choosing values of « < 1 or
o > 1, respectively, will result in a smaller approximation for
1(Z; X). This allows us to fully control the weight we put on
that term compared to the others in the cost function in (7) by
adjusting «, being able to adjust it all the way down to zero
if desired.

We can similarly leverage the non-negativity of KL diver-
gence to get lower bounds on 7(Z; Y) and 1(Z; Y|S):

I(Z;Y) = Ep,, [log Qyz(Y|Z)] + H(Y), (14)
1(Z;Y|S) = Epg, Jlog Qys5.2 (YIS, Z2)] + H(Y|S). (15)

13)

As the entropy H (Y) and conditional entropy H(Y|S) of the
labels do not depend on the parameterization they can be
ignored for the optimization.

D. Computing the Bounds

To compute the bounds in practice we use the reparameter-
ization trick [65]. Modeling Pz|x as a density, we let Pz xdZ
= PgpdE, where E is a Gaussian (normal) random variable
with zero mean and unit variance and Z = f(X,E) is a
deterministic function, allowing us to backpropagate gradients
and optimize the parameter via gradient descent. We use the
data’s empirical densities to estimate Py ¢ and Px y,s.

Considering a batch D = {x;, s;, yi}lN= , this finally leads to
the following RFIB cost function to minimize:

N
1
JRFIB = N '21 I:Fa(PZlex,-v 07)
i=
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— B1EE [log (Qy|z (il f (xi, E)))]
~ B2Ei [log (Qris.z Gilsis £ ED)] |- (16)

where we estimate the expectation over E using a single Monte
Carlo sample (as in [63]) and

Doz(PZ\X=x,~ ” QZ)
Hy(Pzix=x;; O2)

We will compare the performance of our RFIB system with
both the IB [63] and the conditional fairness bottleneck (CFB)
[44] schemes. Note that if we set« = 1 and = 0in (7), or in
the variational loss function (16), we recover the IB system.
Furthermore, setting « = 1 and forcing 8; = 0 (by relaxing
its range) yields the CFB loss function. We will therefore use
the parameters pairs of (@ = 1,8y =0) and (¢ = 1, B = 0)
as corresponding to the CFB and IB systems, respectively.

ifoa>1

if o < 1.

Foy(Pzix=x;» Qz) = [

E. Derivation of Dy(Pz|x||Qz) for Gaussians

Here we calculate the Rényi divergence term of our cost
function when Pz x and Q7 are multivariate Gaussian dis-
tributions with Pz x having a diagonal covariance structure
while Q7 being a spherical Gaussian. More specifically, we let

Pax = N (Zlptene (X), diag(02,.(X)))
0z =N(Z|0.v*La).

where pene and o2,. are d-dimensional mean and variance
vectors (that depend on X), diag(oezm,(X )) is a d x d diagonal
matrix with the entries of aezn . on the diagonal, 0 is the all-zero
vector of size d, y is a positive scalar, and I; is the d-
dimensional identity matrix. For simplicity of notation, in the
rest of the article we write e (X) as fene and diag(aeznc(X )
as 02,.14.

Starting with the closed-form expression of the Rényi diver-
gence of order @ (¢ > 0, o # 1) derived in [68] and [69],
we have
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where ., . is the transpose of penc,

(Za)" = ay?ly+ (1 — 00, a.
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is positive definite. Then
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Since we require the matrix a[oezncld]_l +(1-— ot)[y2101]_1 to
be positive definite, the above Rényi divergence expression is

valid for

ay2+(l—a)ai2>0, i=1,...,d,

or equivalently (recalling that « > 0, « # 1) for
O<a<l, oi2>0, i=1,...,d,
oe>1,oi2<aaz21, i=1,....d Q1)

We finish this section with a remark.

Remark 3 (Limit as « — 1:): Taking the limit of the Rényi
divergence as o« — 1 (or setting o« = 1 as an extended
order) we recover, as expected, the KL divergence expression
between Gaussians:
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= Dgr(Pz1x1Q2). (22)
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F. Derivation of ho(Pzx||Qz) for Gaussians

Here we calculate the (differential) Rényi cross-entropy
term of our cost function when Pz x and Q7 are multivariate
Gaussian distributions with Pz|x having a diagonal covariance
structure while Q7 being a spherical Gaussian. Again we let

Pyx =N (zmenc(X) diag(02,: (X))
0z = N(ZI0. ¥ 1),

are d-dimensional mean and variance
enC(X)) is a d x d diagonal
matrix with the entries of 6.2, on the diagonal, 0 is the all-zero
vector of size d, y is a positive scalar, and I; is the d-
dimensional identity matrix. For simplicility, we write fepe (X)
as Uene and diag( e,,L(X)) as emld
Starting with the closed-form expression of the Rényi cross-
entropy derived in [15], we have
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ho (Pzix; Qz) =

N~
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Since we require the matrix A to be positive definite,* the

above Rényi cross-entropy expression is valid for
Y2+ ok a—1)>0, i=1,....d,
or equivalently (recalling that @ > 0, « # 1) for
2
Uiz < ,
-«

O<a<l,

a>1,062>0, i=1,...,d. (27)

IV. EXPERIMENTS

We conduct experiments on three different image datasets:
CelebA, FairFace, and EyePACS, and on the tabular Adult
and COMPAS datasets.” In this section, we detail the imple-
mentation steps of our method, describe the metrics and the
datasets we used, and explain how the experiments were
performed and present results. We also present a uniform
manifold approximation and projection (UMAP) clustering
analysis that visualizes the effects of the hyper-parameter «.

A. Data

We next describe the image and tabular datasets (with the
target Y taken to be binary). Samples from the image datasets
are shown in Fig. 1.

1) CelebA: The CelebA dataset [70] contains 202,599
celebrity faces that each have 40 binary attributes. We use
age as our prediction target Y, with ¥ = 1 indicating the
person is old (according to the perception of the dataset’s
annotators), and are interested in skin tone as the sensitive
attribute S. As this is not included in the dataset we instead use
the Individual Topology Angle (ITA) [71] as a proxy, which
was found to correlate with the Melanin Index, frequently used
in dermatology to classify human skin on the Fitzpatrick scale.
As in [19] and [72], we compute ITA via

180 (L — 50)
ITA = — arctan s
T b

where L is luminescence and b is yellowness in CIE-Lab
space. We then binarize ITA where an ITA of < 28 is taken
to mean dark skin, matching category thresholds used in [73]
and [19].

2) FairFace: The FairFace dataset [74] consists of 108,501
face images labeled with race, gender, and age. We consider
gender as the target Y and race as sensitive information
S. The dataset contains several different categories for race.
We include experimental results where we binarize the race
labels to Black and non-Black. We also include experiments
where S is a categorical variable with three race categories:
Black, Latino, and Other, with the Other group consisting of
a mix of Indian, East Asian, Southeast Asian, Middle Eastern,
and White races.

(28)

4As stated in Remark 1, we also require Hf']=1 01.2
that h(Z | X = x) = 4 log (Qre)? TTL,
simulations as d is large (we use d = 64 )

5The code of our RFIB algorithm and all dataset partitions are available in
full detail at the site: https://github.com/AGronowski/RFIB-Code

> % to ensure
(2me)

) > 0. This is satisfied in our
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Fig. 1. Examples of images taken respectively from CelebA (top row),
FairFace (middle row), and EyePACS (bottom row) datasets. For the EyePACS
images, for the left image (Y, S) = (1, 0), for the middle (¥, S) = (0, 0), and
for the right (Y, S) = (0, 1).

3) EyePACS: The EyePACS dataset [75] is sourced from the
Kaggle Diabetic Retinopathy challenge. It consists of 88,692
retinal fundus images of individuals potentially suffering from
diabetic retinopathy (DR), an eye disease associated with
diabetes that is one of the leading causes of visual impairment
worldwide. The dataset contains 5 categories of images based
on the severity of the disease, with 0 being completely healthy
and 4 being the most severe form of the disease. Similar to
[19], we binarize this label into our prediction target Y, with
Y =1 corresponding to categories 2-4, considered a positive,
referable case for DR and Y = 0 corresponding to categories
0-1, considered healthy.

In our experiments we consider skin tone as the sensitive
attribute. As with the CelebA dataset, we use ITA as a proxy
for skin tone, with S a binary variable that denotes whether or
not the ITA of the fundus is < 19, denoting that the individual
has dark skin, as done by [19]. This has the advantage of being
significantly easier to determine compared to the expensive
and time consuming process of having a clinician manually
annotate images. We compare these results with additional
experiments we run using a smaller partition of the dataset
with the race labels manually added by a ophthalmologist as
done in [76], determined based on factors that might correlate
with race such as the darkness of pigmentation in the fundus,
thickness of blood vessels, and ratio of the optic cup size to
optic disk size.

4) Adult: The Adult dataset [77], also known as the Census
Income dataset, contains 48,842 records of census data from
1994. Each sample contains 15 binary features such as gender,
age, or income. We take our prediction target Y to be income,
with ¥ = 1 corresponding to an income higher than $50,000.
We take the sensitive attribute S to be gender.

5) COMPAS: The ProPublica COMPAS dataset [78] con-
tains 6,172 records of data on criminal defendants, including
attributes such as the defendant’s gender, age, and race,
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and their recidivism outcome within 2 years of their initial
screening. We take our sensitive attribute S to be race and our
prediction target Y to be the recidivism outcome.

B. Implementation Details

For all experiments, we use an isotropic Gaussian distri-
bution for the encoder with mean and variance learned by a
neural network, Pzx = N (Z|thenc, aezncld), using the same
notation as described in Sections III-E and III-F. Leveraging
the reparameterization trick, we compute our representation
Z| X as Z | X = lenc + Oenc © E, where © is the element-
wise (Hadamard) product and E ~ N(0, 1,).

We model the approximation of the representation’s
marginal as a d-dimensional spherical Gaussian, Q7 =
N(Z)0, y21;). We calculate the Rényi divergence in (16)
between the multivariate Gaussians Pzx and Qz using (20)
and calculate the Rényi cross-entropy using (26). For all
experiments, we use a value of y = 1. We add an additional
sigmoid function to the encoder, limiting outputs such that all
values of 02, are < 1, ensuring the conditions in (21), (27)
and Footnote 4 are satisfied.

For binary target Y, we model Qyz and Qy|z s with
Bernoulli distributions, Qy|z = Bemoulli(Y; f(Z)) and
Qy)z,s = Bernoulli(Y; g(Z, S)), where® f and g are auxiliary
fully connected networks with a sigmoid function at the output,
ensuring that 0 < f(Z) < 1 and 0 < g(Z,5) < 1.
As specified in our description of the datasets above, we only
use binary values for Y in our experiments. However, our
method can also accommodate categorical (non-binary) values
for Y, ie., Y = {0,...,k — 1} for integer k > 2. In this
case, Qy|z and Qy|z s can be modeled with Multinoulli distri-
butions, Qy|z = Multinoulli (Y; f(Z) = (po, ..., px—1)) and
Qy|z.s = Multinoulli (Y; g(Z, S) = (po, - - -, pk—1)), where’
f and g are auxiliary fully connected networks with a softmax
function at the output, ensuring that Zi':ol pi = 1and 0 <
pi <1 foreachi €{0,...,k— 1}.

While most prior work on fairness (e.g., [5], [9], [10], [19],
[44] among others) consider only binary sensitive attributes,
we also use our method with categorical sensitive attributes.
When § is binary, we use S directly with (16), while when §
is categorical, i.e., S = {0, ...,n — 1} for integer n > 2, we
encode it as a one-hot encoding following standard practice in
the literature [79]. We then replace S with its one-hot encoding
in our final cost function; i.e., S = (Sp, ..., Sy—1) =: Sg_l,
where each S;, j € {0,...,n—1}, is a binary random variable
and component of the one-hot encoding vector of length n,
leading to an RFIB final cost function of

JRFIB

1 N
= v Z [FQ(PZ\X:X,«, 0z)

i=1

— BIEE [log (Qy)z il f (xis E)))]

9The notation Py = Bernoulli(U; p) means that U is a Bernoulli random
variable with parameter p (i.e., P(U = 1) = p).

TThe notation Py = Multinoulli(U; (pg, ..., px—1)) means that U is a
Multinoulli random variable with parameters po, ..., pr—1 (e, P(U =1i) =
pi fori e{0,...,k—1}).
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— BEg [log (Qy|5(’)’*lyz (Vilso,is - Sn—tis f (i, E)))] ]
(29)

The encoder network Pzx is a ResNet50 [80] classifier
pretrained on ImageNet with the final linear layer replaced
by two randomly initialized layers with output dimension d
equal to the dimension of the representation. The two decoder
networks f and g are each two fully connected layers with
100 units and a sigmoid layer.

After creating the representation Z, we use a logistic
regression classifier with default settings to predict ¥ from
Z. We evaluate accuracy and fairness on these predictions.
Fig. 2 shows the architecture of our model for the case of
image input data.

We preprocess images by taking a 128 by 128 pixel center
crop of the CelebA images, a 256 pixel by 256 pixel center
crop of the EyePACS images, and use the full 224 pixel by
224 pixel images for FairFace. For the tabular Adult and
COMPAS datasets, we normalize the input data X to have zero
mean and unit variance. We split the data into a training set and
test set based on partitions described in detail in Section I'V-
D. We then further split the training set, randomly choosing
10 % of its data for validation, and use this validation set
for early stopping. We train for up to 20 epochs, with early
stopping triggering when there is no decrease in validation
loss for 5 epochs, using a min_delta value of 0.

For all experiments, we train using PyTorch on a NVIDIA
GP100 GPU. We use d = 64 as the dimension of our repre-
sentation Z, a batch size of 64, and the Adam optimizer with
a learning rate of 0.001. For the experiments on image data
with binary sensitive attribute S, we use the Rényi divergence
of order « in (16), by varying o linearly from O to 1, with
o = 0 signifying that

Do(Pzix1Qz) = —log Qz(z: Pzx(z) > 0) =0

and with o = 1 corresponding to D, (Pz x||Qz) being given
by the KL divergence Dk (Pzx||Qz); see (11). We also
perform some additional experiments with o values > 1,
typically obtaining similar performance behavior as for «
values < 1.

For the experiments on tabular data with binary S and on
the image data with categorical S (FairFace), we use the Rényi
cross-entropy in (16) and (29), respectively, with its order
denoted by & (to differentiate it from the Rényi divergence
order «), which we vary from O to 1.

C. Metrics
We use the following metrics to evaluate how well the model
performs:

1) Measure of Utility: We use the overall classification
accuracy (later denoted acc):

acc=P{Y =Y). (30)

2) Measures of Fairness: We measure this in multiple ways:

a) using the gap in accuracy (denoted accg,p) between
favored and protected subpopulations;
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Fig. 2. Architecture of the model is depicted. The input image X is given
to the encoder Pzy that generates the mean p and standard deviation o for

the distribution of the fair representation Z, N (Z|tenc, Ueznc 1;). Then, Z is
given to two fully connected networks, one of which with additional access
to the sensitive information S. After training, Z can be used as input to other
existing architectures for fair prediction. For our experiments, we use logistic
regression to predict Y from Z.

b) reporting the minimum accuracy across subpopu-
lations (denoted as accmin), Which is based on
the Rawlsian principle of achieving fairness by
maximizing accmin [81];

¢) measuring the adherence to demographic parity via its
gap dpgyp, following [44];

d) measuring the adherence using equalized odds via its
gap eqoddsgyp.

These metrics are defined for only binary sensitive variables
in prior work [5], [9], [10], but here we generalize them to
also handle non-binary (categorical) sensitive variables where

S=1{0,1,....,.n—1}, n=>2.
We define them as follows:
aCCgap
1 n—1n—1
= =) 2 2 PE =YIS =D = PF =YIS = .
i=0 j#i
j=0
31
acCmin = min P(Y =Y|S=y), (32)
S
dPgap
1 n—1n—1
=T X 2PE =S =) — P =15 = ),
i=0 j#i
j=0
(33)
egoddsgyp
1 n—1n-—1
= max —o— D D [P =1s=iY=y)
’ i=0 j#i
Jj=0
—P¥ =1|S=j.Y =) (34)

where the last two metrics assume a binary target Y. Note that
for the binary sensitive attributes (n = 2), these definitions
recover the standard definitions from the literature.

3) Joint Utility-Fairness Measure: Echoing and compar-
ing with the work in [19], we use a single metric that
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jointly captures utility and fairness, the Conjunctive Accuracy
Improvement (CAI)) measure:

CAIy = )\(accgap — accgap) + (1 — /\)(accd — accb)
(35)

where 0 < A < 1, and acc® and acc? are the accuracy for

baseline and debiased algorithms, respectively, while accgap
and acc;lp are gap in accuracy for the baseline and debiased
algorithms. In practice, one can use A = 0.5 for an equal
balance between utility and fairness or a higher value such as
A = 0.75 to emphasize fairness.

D. Experiment Details and Results

We perform experiments on the EyePACS, CelebA, and
FairFace datasets, considering the challenging case of severe
data imbalance where training data is completely missing for
one protected subgroup (e.g., diseased dark skin individuals
for EyePACS). We also perform additional experiments on the
Adult and COMPAS datasets.

1) Hyper-Parameter Tuning: For all datasets and experi-
ments, we conduct a hyper-parameter sweep. We use various
combinations of « (for Rényi divergence) and « (for Rényi
cross-entropy) varied linearly from O to 1 (in addition to «
values > 1) and B; and B, varied linearly from 1 to 50 (image
datasets) or 1 to 100 (tabular datasets). Results are presented in
Tables II-VIII, and are described in detail later in this section.

As mentioned in Section III-D, the RFIB parameter pairs
(¢ =1, =0) and (¢ = 1, B = 0) correspond to the CFB
and IB systems, respectively. We therefore compare RFIB with
those two methods which are based on the KL divergence
and only have a single B hyper-parameter. We do separate
comparisons of CFB, IB with RFIB, picking a commonly
used value that performs well for CFB, IB and setting RFIB’s
corresponding hyper-parameter to the same value. We then use
grid search to tune the two additional hyper-parameters that
our method introduces; to compare with IB we fix a value of
B1 and tune « and B, while to compare with CFB we fix a
value of B, and then tune o and Bi.

We implement the IB and CFB methods ourselves and also
compare RFIB with two methods used by [19]: adversarial
independence, referred to as adversarial debiasing (AD), that
minimizes conditional dependence of predictions on sensitive
attributes with an adversarial two player game and intelligent
augmentation (IA) that generates synthetic data for under-
represented populations and performs data augmentation to
train a less biased model. To compare with AD and IA,
we take results from [19] and report their original CAI scores
calculated with respect to their baseline, while for IB and CFB
we implement the methods ourselves and calculate CAI scores
with respect to results from our own baseline, a ResNet50
network [80].

We recapitulate most acronyms used in Table I.

2) EyePACS Results: We predict Y = DR status while using
S = ITA as the sensitive attribute. We consider a scenario
where training data is completely missing for the subgroup
of (Y,8) = (1,1), individuals referable for DR who have
dark skin. The goal of our method is for predictions on the
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TABLE I
LI1ST OF ACRONYMS USED
Acronym  Stands for
AD Adversarial Debiasing
CAI Conjunctive Accuracy Improvement

CFB Conditional Fairness Bottleneck

DI Disparate Impact

DR Diabetic Retinopathy

EO Equalized Odds

1A Intelligent Augmentation

IB Information Bottleneck

ITA Individual Topology Angle

KL Kullback-Leibler

RFIB Rényi Fair Information Bottleneck

UMAP Uniform Manifold Approximation and Projection

missing subgroup to be just as accurate as on the group with
adequate training data, which is a problem of both fairness
and also domain adaptation, achieving high performance on a
group not present in the original dataset. This scenario matches
an important real world problem where data for a minority
subgroup such as dark skinned individuals is lacking.

We create a training partition containing both images refer-
able and non-referable for DR of light skin individuals but
only non-referable images of dark skin individuals. We use
the same partition as in [19] to compare with their method,
using a training set that consists of 10,346 light skin images
referable for diabetic retinopathy (DR = 1, ITA = 0), 5,173
non-referable light skin images (DR = 0, ITA = 0), and 5,173
non-referable dark skin images (DR = 0, ITA = 1). Then for
a fair assessment of our method’s performance we evaluate
on a balanced test set with an equal number of positive and
negative examples for both dark and light skin individuals,
with the set containing 2,400 images equally balanced across
DR and ITA.

As shown in Table II, our method outperforms all other
methods, showing improvements in accuracy and fairness
across all metrics. We show a result with a value of ¢ > 1 in
the bottom row, showing that it is still possible to achieve
promising performance with higher o values, although slightly
better results for most metrics were achieved with values of
o < 1. Usual caution should be exercised in interpretations
since — despite our aligning with data partitioning in [19] —
other variations may exist with [19], [63], and [44] due to non-
determinism, parameter setting or other factors. Of interest is
that we outperform the baseline in both fairness and accuracy.
While somewhat unexpected, as we typically expect a trade-off
between fairness and compression, this is potentially due to
the compression term /(Z; X) acting as a regularizer and
improving generalization performance, as argued by [63].

We perform a second experiment where we use the same
networks from before trained using S = ITA but test on a
balanced test set where S = Ethnicity (defined as in [19]), with
labels coming from a human clinician. The test set consists
of 400 images equally balanced across DR and ethnicity.
We show these experimental results in Table III, where we
outperform the other methods across most metrics, including
the most important CAI scores. As we achieve similar results
using ITA and race labels from a human clinician, we show
that ITA can successfully be used as an easily obtained alterna-
tive to manual label annotation, further supporting conclusions
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TABLE I

RESULTS FOR DEBIASING METHODS ON EYEPACS PREDICTING ¥ = DR STATUS, TRAINED ON PARTITIONING WITH RESPECT TO § = ITA, AND
EVALUATED ON A TEST SET BALANCED ACROSS DR STATUS AND ITA. FOR METRICS WITH AN 1 HIGHER IS BETTER WHEREAS FOR | LOWER
Is BETTER. SUBPOPULATION IS THE ONE THAT CORRESPONDS TO THE MINIMUM ACCURACY, WITH (D) INDICATING DARK SKIN AND (L)
LIGHT SKIN. METRICS ARE GIVEN AS PERCENTAGES. NA INDICATES THAT RESULTS ARE NOT AVAILABLE DUE TO NOT BEING
REPORTED IN THE CITED WORK

accpin T

Methods accT | accgp 4 (subgl(;lp.) CAlp5 T | CAlg.75 1 dpgqp 1 eqodds,,, 1
Baseline (results from [19]) 70.0 3.5 68.3 - - NA NA
AD (8 = 0.5) (results from [19]) 76.12 241 74.92 (L) 3.61 2.35 NA NA
TA (results from [19]) 71.5 1.5 70.16 (D) 1.75 1.875 NA NA
Baseline (ours) 73.37 8.08 69.33 (D) - - 28.25 36.33
1B (51=30) [63] 74.12 2.08 73.08 (D) 3.37 4.69 18.58 20.67
CFB (£2=30) [44] 77.83 1.66 77.0 (L) 5.44 5.93 10.83 12.5
RFIB (ours)

(o= 0.8, 81 = 36, B = 30) 79.42 0.5 79.17 (L) 6.81 7.19 16.17 16.67
RFIB (ours)

(@ = 0.3, 81 = 30, B = 50) 79.71 1.75 78.83 (L) 6.33 6.33 9.75 11.50
RFIB (ours)

(=18, 81 = 30,82 = 17) 78.35 0.25 78.25 (L) 6.41 7.12 15.58 15.83

TABLE III

PERFORMANCE RESULTS FOR DEBIASING METHODS ON EYEPACS PREDICTING Y = DR STATUS, TRAINED ON PARTITIONING WITH RESPECT TO § =
ITA, AND EVALUATED ON A TEST SET BALANCED ACROSS DR STATUS AND ETHNICITY (DEFINED AS IN [35]). FOR METRICS WITH AN 1 HIGHER
IS BETTER WHEREAS FOR |, LOWER IS BETTER. SUBPOPULATION IS THE ONE THAT CORRESPONDS TO THE MINIMUM ACCURACY, WITH
(W) INDICATING WHITE INDIVIDUALS AND (B) BLACK INDIVIDUALS. METRICS ARE GIVEN AS PERCENTAGES

accp;

Methods acc? | accgp 4 (sub[;lcl;pT) CAlp.s T | CAlo.75 T | dpgyp + | eqoddsy,, |
Baseline 76.00 13.00 69.50 (B) - - 3.00 16.00

1B (B2=30) [44] 78.75 3.50 77.00 (B) 6.12 7.81 0.50 4.00
CFB (2=30) [44] 75.00 6.00 72.00 (B) 3.00 5.00 5.00 11.00
RFIB (ours)

(a = 08,81 =36, By = 30) 81.5 6.00 78.50 (B) 6.25 6.63 3.00 9.00
RFIB (ours)

(@ = 0.3, 81 = 30, B = 50) 81.75 4.50 79.50 (B) 7.13 7.81 11.50 16.00

TABLE IV

RESULTS FOR DEBIASING METHODS ON CELEBA PREDICTING Y = AGE, TRAINED ON PARTITIONING WITH RESPECT TO § = ITA, AND EVALUATED
ON A TEST SET BALANCED ACROSS AGE AND ITA. FOR METRICS WITH AN 1 HIGHER IS BETTER WHEREAS FOR | LOWER IS BETTER.
SUBPOPULATION IS THE ONE THAT CORRESPONDS TO THE MINIMUM ACCURACY, WITH (D) INDICATING DARK SKIN AND (L) LIGHT
SKIN. METRICS ARE GIVEN AS PERCENTAGES. NA INDICATES THAT RESULTS ARE NOT AVAILABLE DUE TO NOT BEING
REPORTED IN THE CITED WORK

Methods accT | accgp | Ztl:lf)l;gpg CAlps T | CAlp.75 T dpgap 1 eqoddsgap 1
Baseline (results from [19]) 74.4 13.9 67.5 - - NA NA
AD (B8 = 0.5) (results from [19]) 76.45 9.6 71.65 (D) 3.17 3.75 NA NA
TA (results from [19]) 75.29 9.18 70.7 (D) 2.8 1.56 NA NA
Baseline (ours) 70.61 16.57 62.32 (D) - - 43.82 60.4
IB (81=30) [63] 71.76 14.87 64.32 (D) 1.42 4.69 36.62 51.5
CFB (2=30) [44] 71.77 13.25 65.15 (D) 2.24 2.78 38.3 51.55
RFIB (ours)

(=10.3,81 = 30,82 =43) 75.04 | 1092 | 69.57 (D) 5.04 534 29.02 39.95
RFIB (ours)

(=048 =1,8 = 30) 76.92 5.05 74.4 (D) 8.91 10.22 2.7 7.75

reached by [19]. These results also demonstrate the ability of
our method to perform well in this type of protected factor
domain adaptation problem where a different protected factor
is used after initial training, which is important in settings
where the actual protected factor is not revealed for privacy
reasons.

3) CelebA Results: We predict age using ITA as the
sensitive attribute. Again, we consider the domain adapta-
tion/fairness problem where part of the data is completely
missing for a protected subgroup. In this case, older light skin
images are missing and we use a training set of 48,000 images,

consisting of 24,000 older dark skin images, 12,000 younger
light skin images, and 12,000 older dark skin images. We use a
test set of 8,000 images equally balanced across age and ITA,
using the same partition as [19] and varying hyper-parameters
and comparing methods the same way as for EyePACS. Our
results are shown in Table IV, showing our method performs
the best across all metrics.

4) Adult and COMPAS Results: We predict income on the
Adult dataset using gender as the sensitive attribute and predict
recidivism outcome on the COMPAS dataset using race as the
sensitive attribute. For Adult, we use the train/test partitions
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TABLE V

RESULTS FOR DEBIASING METHODS ON ADULT PREDICTING Y = INCOME
WHERE S IS RACE. THE 1 INDICATES THAT HIGHER IS BETTER, AND &
INDICATES THAT RESULTS WERE OBTAINED USING RENYI CROSS-
ENTROPY. NA INDICATES THAT RESULTS ARE NOT AVAILABLE
DUE TO NOT BEING REPORTED IN THE CITED WORK

Methods || acct | DIt | EO 1t
Fair Classifier (results from [82]) 83.7 0.942 NA
Fair Classifier (results from [82]) 84.4 NA 0.753
FR-Train (results from [83]) 82.4 0.828 NA
FR-Train (results from [83]) 84.2 NA 0.917
RFIB (ours)

(G =38 =1,0 =84) 84.2 0.420 0.970
RFIB (ours)

(@=.16,81 =1,B2 =47) 79.5 | 0492 | 0.999
RFIB (ours)

(G =428 =1,82=0) 76.2 0.943 0.424

provided with the dataset, while for COMPAS we randomly
split the data using a 70%/30% train/test split. We compare
with two methods, Fair Classifier [82] and FR-Train [83],
using two fairness metrics defined in those works, Disparate
Impact (DP) and Equalized Odds (EO):

PY =1S=35§
DI = min min (~—|s)’ (36)
seS §#£s P(Y =1|S =)
. . P@¥=15S=5Y=y)
EO = min min min 37

yeVseSi#s P =1|S=s,Y = y)

We show results in Tables V and VI with various combinations
of hyper-parameters including where we achieve the highest
accuracy, highest DI, and highest EO. As expected, there is
typically a trade-off between achieving high accuracy and high
performance on the fairness metrics (this is also confirmed in
the recent work in [84] based on the AD method). In most
cases, higher 8 values coupled with higher & values result in
increased accuracy but worsened fairness (note that the RFIB
compression term [ (Z; X) is characterized here by the Rényi
cross-entropy of order &, which is a non-increasing function
of ).

Compared to Fair Classifier and FR-Train, we suffer a drop
in accuracy to achieve a higher DI, but outperform these
baselines with respect to EO (the most important fairness
metric according to [9]). On the Adult dataset, we achieve
higher EO scores than both Fair Classifier and FR-Train while
maintaining the same or very comparable accuracy. In cases
where we do need to sacrifice accuracy to achieve fairness,
we are still able to beat both baselines on at least one metric
according to how we tune & and the two 8 hyper-parameters.
In those cases, which method is preferable will depend on
the application and the metric that is most suitable for that
application.

5) FairFace Results: We predict ¥ = Gender with § =
Race as the sensitive attribute, testing on a test set balanced
across gender and race. As before, we exclude one population
subgroup and remove Black females from the training data,
matching the common real-world scenario where data is
lacking for this group. Unlike the previous experiments, here
we can obtain race directly from the dataset rather than using
ITA as a proxy for skin tone. We binarize the race labels into
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TABLE VI

RESULTS FOR DEBIASING METHODS ON COMPAS PREDICTING Y =
RECIDIVISM OUTCOME WHERE S IS RACE. THE 1 INDICATES THAT
HIGHER IS BETTER, AND & INDICATES THAT RESULTS WERE
OBTAINED USING RENYI CROSS-ENTROPY. NA INDICATES
THAT RESULTS ARE NOT AVAILABLE DUE TO NOT BEING
REPORTED IN THE CITED WORK

Methods || acct | DIt | EO 1t
Fair Classifier (results from [82]) 67.5 0.959 NA

Fair Classifier (results from [82]) 63.8 NA 0.908
FR-Train (results from [83]) 67.6 0.838 NA

FR-Train (results from [83]) 62.8 NA 0.959
RFIB (ours)

(@=.68=1p2=53) 682 | 0571 | 0.717
RFIB (ours)

(G=508 =108=6) 57.6 0.783 | 0.979
RFIB (ours)

(G=.3,p=1,p62=2) 55.0 | 0.999 | 0.875

two groups, a smaller Black group and a larger non-Black
group. We use a training set of 16,500 images, consisting of
5,500 male Black images, 5,500 male white images, and 5,500
female white images. We test on a test set of 3,000 images
equally balanced across gender and race. Our results, given
in Table VII, show that we outperform both the IB and CFB
methods both on accuracy and on all fairness metrics.

6) FairFace Results (Categorical Variables): We extend our
method to work with non-binary categorical attributes (as
described in Section IV-B). We predict ¥ = Gender with
S = Race containing three race groups: Black, Hispanic, and
Other, with the Other group containing a mix of White, East
Asian, Southeast Asian, Middle Eastern, and Indian races.
We use a training set of 17,500 images and test set of 7,500
images. Since most prior work on fairness is defined only
for binary attributes, we compare RFIB with two non-fairness
methods, a ResNet50 baseline and the IB method. We present
results in Table VIII, showing that we are able to achieve high
accuracy while also achieving improvement across all but one
of the fairness metrics, most significantly for the dpg,, and
egoddsg,, metrics.

E. UMAP Clustering Analysis and Influence of o

We use UMAP [85] to provide a visual illustration of the
effect of the Rényi divergence on the RFIB system perfor-
mance as it calibrates the compression term by varying its
order «. In Fig. 3, we show 2-dimensional UMAP vectors of
our representation Z, coloring the points both based on the
label Y and sensitive attribute S. Here experiments were done
on the EyePACS dataset with ¥ = DR and S = ITA. The
goal is for the representation to preserve information about Y,
allowing the two classes of Y to be easily separated, while
removing the sensitive information S and preventing its two
classes from being distinguished.

A the value of o« = 0 corresponds to no compression with
I(Z; X) = 0, which preserves maximum accuracy but does
not help fairness, with the classes of both ¥ and S being easily
separated as shown in Fig. 3. Increasing « gradually results
in the different points getting more mixed together (recall that
the Rényi divergence is non-decreasing in its order o). While
this is seen for both Y and S, the I(Z;Y) and I(Z;Y|S)
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TABLE VII

RESULTS FOR DEBIASING METHODS ON FAIRFACE PREDICTING Y = GENDER, TRAINED ON PARTITIONING WITH RESPECT TO § = RACE, AND
EVALUATED ON A TEST SET BALANCED ACROSS GENDER AND ITA. FOR METRICS WITH AN 1 HIGHER IS BETTER WHEREAS FOR | LOWER
Is BETTER. SUBPOPULATION IS THE ONE THAT CORRESPONDS TO THE MINIMUM ACCURACY, WITH (B) INDICATING BLACK. METRICS
ARE GIVEN AS PERCENTAGES

accpin T

Methods acc T | accgp | (subpop.) CAlps T | CAlp.75 T dpgyp 1 eqodds,,, 1
Baseline 73.97 16.47 65.73 (B) - - 27.53 44.0

1B (52=30) [63] 73.93 14.93 68.6 (B) 0.75 1.14 30.0 44.93
CFB (B2=30) [44] 75.6 14.0 65.2 (B) 2.05 2.26 26.27 40.27
RFIB (ours)

(= 0.2, 81 = 30, B = 29) 83.6 8.53 79.33 (B) 8.78 8.36 19.47 28.0
RFIB (ours)

(@=02,81 =1, = 30) 82.07 7.33 78.4 (B) 8.62 8.88 19.07 26.4

TABLE VIII

RESULTS FOR DEBIASING METHODS ON FAIRFACE PREDICTING Y = GENDER WHERE § IS RACE, AND S IS A CATEGORICAL ATTRIBUTE WITH THREE
RACE CATEGORIES. FOR METRICS WITH AN 1 HIGHER IS BETTER WHEREAS FOR | LOWER IS BETTER, AND & INDICATES THAT RESULTS WERE
OBTAINED USING RENYI CROSS-ENTROPY. SUBPOPULATION IS THE ONE THAT CORRESPONDS TO THE MINIMUM ACCURACY, WITH (B)
INDICATING BLACK. METRICS ARE GIVEN AS PERCENTAGES

accyin T

Methods acc T | accgp | (subpop.) CAlps T | CAlp.75 T dpgyp 1 eqodds,,, 1
Baseline 83.9 6.77 76.72 (B) - - 8.17 13.18
IB (52=30) [63] 79.12 5.87 73.38 (B) -1.94 -0.52 7.07 11.07
RFIB (ours)
(@=0.2,81 =30, B = 29) 85.24 6.74 78.01 (B) 0.68 0.35 3.88 7.84
EyePACS RFIBa=0Y . EyePACS RFIBa=0.5Y EyePACSRFIBa=1Y
15 . .
: N\ “
o { 3
. ' 1
EyePACS RFIBa=0S .
15 P
' 5
5 o .‘ %
s P 2
10 ¢ 1

-20 -10 0 10 20 0 1 2

Fig. 3.

UMAP dimensionality reduction of Z for the EyePACS dataset using Rényi divergence of order « in (16). The top row shows the two classes of

Y (light blue representing the positive examples and light green the negative) while the bottom row shows the two classes of S (orange representing the
positive examples and blue the negative). Going from left to right « is increased, resulting in more compression and causing a decrease in separation of the
two classes. While separation occurs for both Y and S, it occurs to a greater extent for ¥ as desired.

terms help ensure that information about Y is still preserved,
allowing the classes of Y to still separate fairly well even
with higher compression, whereas the classes of S get mixed
together as desired.

We note that an intermediate value of o can potentially
provide the best compromise between fairness and accu-
racy, as a more moderate amount of compression can be
enough to sufficiently remove sensitive information and further

compression might only harm accuracy. This is illustrated in
Fig. 3 where a value of « = 0.5 was sufficient to mix together
the classes of S while still preserving an obvious separation
of the two classes of Y. Further increasing o worsened the
separation of ¥ more than it added additional benefit for S.
This is also supported by our experimental results where best
overall accuracy-fairness trade-offs were typically obtained for
intermediate values of «.
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V. CONCLUSION

We propose RFIB, a novel variational IB method based on
Rényi measures that offers trade-offs in utility, two fairness
objectives, and compactness. Using Rényi divergence and
Rényi cross-entropy instead of KL divergence gives a way
to control the amount of compression with an additional
hyper-parameter. Compared to prior work which incorporates
a single definition of fairness, RFIB has the potential benefit of
allowing ethicists and policy makers to specify softer and more
balanced requirements for fairness that lie between multiple
hard requirements, and our work opens the way to future
studies expanding on this idea. Experimental results on three
different image datasets and two tabular datasets showed RFIB
provides benefits vis-a-vis other methods of record including
IB, CFB, and other techniques performing augmentation or
adversarial debiasing.

Possible directions of future research include using opti-
mization methods other than the weighted sum method
we used, such as the e-constraints method [86]. They
also include studying different techniques to minimize and
maximize the mutual information terms, such as [87], the
Mutual Information Neural Estimation algorithm [88] based on
the Donsker-Varadhan representation of the Kullback-Leibler
divergence [89], or the equivalent algorithm based on a varia-
tional representation of the Rényi divergence [90]. In addition,
we can further experiment with non-binary (categorical) tar-
gets, as outlined in Section IV-B, and study the performance
of our method in cases where the sensitive attributes are not
explicitly known.

Finally, we note that our method is closely related to the
problem of privacy where a privacy mechanism must be
designed to release data that has high utility but does not
reveal private information (e.g., see [91], [92], [93], [94],
[95], [96], [97] and the references therein for various studies
on information-theoretic privacy). While similar attributes can
be used as sensitive or private variables, for fairness we
are concerned with preventing the attribute from affecting
classification accuracy, while for privacy we are concerned
with preventing an attacker from accessing a user’s private
data. A very promising future extension of our work is to adapt
our method to also remove private information in addition to
sensitive information, achieving representations that are both
private and fair. Similar to [98], we can then quantify the
amount of private information leakage and study theoretical
guarantees on privacy for our method.
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