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Abstract

Machine learning systems are often deployed for making crit-
ical decisions like credit lending, hiring, etc. While making
decisions, such systems can encode the user’s demographic
information (like gender, age) in their intermediate represen-
tations. This can lead to decisions that are biased towards spe-
cific demographics. Prior work has focused on debiasing in-
termediate representations to ensure fair decisions. However,
these approaches fail to remain fair with changes in the task
or demographic distribution. To ensure fairness in the wild,
it is important for a system to adapt to such changes as it
accesses new tasks in an incremental fashion. In this work,
we propose to address this issue by introducing the prob-
lem of learning fair representations in an incremental learning
setting. To this end, we present Fairness-aware Incremental
Representation Learning (FalRL), a representation learning
system that can sustain fairness while incrementally learning
new tasks. FalRL is able to achieve fairness and learn new
tasks by controlling the rate-distortion function of the learned
representations. Our empirical evaluations show that FalRL
is able to make fair decisions while achieving high perfor-
mance on the target task, outperforming several baselines.

Introduction

An increasing number of organizations are leveraging ma-
chine learning solutions for making decisions in critical
applications like hiring (Dastin 2018), criminal recidivism
(Larson et al. 2016), etc. Machine learning systems can often
rely on a user’s demographic information, like gender, race,
and age (protected attributes), encoded in their representa-
tions (Elazar and Goldberg 2018) to make decisions, result-
ing in biased outcomes against certain demographic groups
(Mehrabi et al. 2021; Shah, Schwartz, and Hovy 2020). Nu-
merous works try to achieve fairness through unawareness
(Apfelbaum et al. 2010) by debiasing model representations
from protected attributes (Blodgett, Green, and O’Connor
2016; Elazar and Goldberg 2018; Elazar et al. 2021; Chowd-
hury and Chaturvedi 2022). However, these techniques are
only able to remove in-domain spurious correlations and fail
to generalize to new data distributions (Barrett et al. 2019).
For example, let us consider a fair resume screening system
that was trained only on resumes of software engineering

Copyright (©) 2023, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

6797

Incremental
Learning System
L)

—
Task 1
Task 2
sk 3

|
Q (

Fair decisions

3

Figure 1: Illustration of a fair representation learning system
in an incremental setting. The system is expected to make
fair decisions while incrementally learning new tasks.

roles. The system may not remain fair while screening for
roles like sales or marketing, where the gender demographic
distribution may be different. Similarly, a fair system also
needs to be robust to shifts in data distribution (e.g. new ap-
plicants may report scores on specific tests that didn’t appear
in the training data) and task changes (e.g. resumes being
screened for new roles like social media manager). In such
cases, it is not always practical to retrain the system from
scratch every time new data comes in because of the re-
sources and environmental impact associated with training
modern machine learning systems.

Previous works focused on improving the robustness of
fair learning models by considering shifts in data distribu-
tion. These involve learning fair models under covariate shift
(Rezaei et al. 2021; Singh et al. 2021) or for streaming data
(Zhang et al. 2021; Zhang and Ntoutsi 2019), but these sys-
tems do not incrementally learn new tasks. In this work, we
introduce the problem of learning fair representations in an
incremental learning setting. In this setting, data from new
tasks, with different underlying demographic distributions,
pour in at consecutive training stages and the system has
to perform well on all tasks seen so far while making fair
decisions (see Figure 1). This setup is quite similar to incre-
mental learning (Rebuffi et al. 2017). However, most works
in incremental learning literature focus on target task perfor-
mance without considering the fairness of their predictions.

To address this problem, we propose a represen-
tation learning system - Fairness-aware Incremental



Representation Learning (FalRL). At its core, FalRL uses
an adversarial debiasing setup for removing demographic in-
formation by controlling the number of bits (rate-distortion)
required to encode the learned representations (Yu et al.
2020; Ma et al. 2007). We leverage this debiasing setup for
incremental learning using an exemplar-based approach, by
retaining a small set of representative samples from previ-
ous tasks, to prevent forgetting. Empirical evaluations show
that FalRL outperforms baseline incremental learning sys-
tems in fairness metrics while successfully learning target
task information. Our key contributions are:

e We propose FalRL, a representation learning system that
learns fair representations, while incrementally learning
new tasks, by controlling their rate-distortion function.

e We show using empirical evaluations that FalRL outper-
forms baseline incremental learning systems in making
fair decisions while performing well on the target task.

e We also perform extensive analysis experiments to inves-
tigate the functioning of FalRL.

Related Work

In this section, we discuss some of the prior works on fair-
ness in varying setups and incremental learning.

Fair Representation Learning. Zemel et al. (2013) intro-
duced the problem of learning fair representations as an
optimization task. Following works (Zhang, Lemoine, and
Mitchell 2018; Li, Baldwin, and Cohn 2018; Elazar and
Goldberg 2018; Chowdhury et al. 2021) leveraged an adver-
sarial framework (Goodfellow et al. 2014) to achieve fair-
ness, where a discriminator tries to extract demographic in-
formation from intermediate representations while perform-
ing prediction. Different from these, (Bahng et al. 2020)
proposed to learn fair representations, without using pro-
tected attribute annotation, by making representations un-
correlated with ones retrieved from a biased classifier. How-
ever, these techniques require a target task at hand and are
often difficult to train (Elazar and Goldberg 2018). An-
other line of work introduced by (Bolukbasi et al. 2016),
focuses on debiasing representations independent of a tar-
get task. These approaches (Ravfogel et al. 2020; Boluk-
basi et al. 2016) iteratively identify subspaces that encode
protected attribute information, and project vectors onto
their corresponding nullspaces. Another line of work (Cheng
et al. 2020; Dixon et al. 2018), use counterfactual data aug-
mentation approaches to debias sentence embeddings. Re-
cently, Chowdhury and Chaturvedi (2022) proposed a debi-
asing framework that makes representations from same pro-
tected attribute class uncorrelated by maximizing their rate-
distortion function. Despite showcasing promise in a sin-
gle domain, these frameworks fail to remain fair for out-of-
distribution data (Barrett et al. 2019).

Fairness under distribution shift. Several works (Rezaei
et al. 2021; Singh et al. 2021) have investigated the robust-
ness of fair classifiers under covariate shift. These works
identify conditions where fairness can be sustained given
shifts in data and label distribution. Efficacy of fair classi-
fiers has also been studied in online settings (Zhang et al.
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2021; Zhang and Ntoutsi 2019), where the data distribu-
tion continually evolves depending on the input data stream.
However, both lines of work consider a fixed task descrip-
tion at initiation and do not learn new tasks while training.
Incremental Learning. Li and Hoiem (2017) introduced
the task of incremental learning and proposed a dynamic
architecture leveraging a knowledge distillation loss to pre-
vent catastrophic forgetting (McCloskey and Cohen 1989).
Since then, works on incremental learning can be classi-
fied into three broad categories: (a) Regularization-based
approaches (Li and Hoiem 2017; Kirkpatrick et al. 2017;
Zenke, Poole, and Ganguli 2017; Castro et al. 2018; Chan
et al. 2021) use a penalty measure to ensure model pa-
rameters crucial for previous tasks do not change abruptly;
(b) Dynamic architecture-based approaches (Long et al.
2015; Rusu et al. 2016; Li et al. 2019) introduce new task-
specific parameters to prevent interference with parameters
from previous tasks. These architectures grow linearly with
the number of tasks having a heavy memory footprint; (c)
Exemplar-based approaches (Rebuffi et al. 2017; Chaudhry
et al. 2019a,b; Tong et al. 2022) maintain a small memory of
representative samples from previous tasks and replay them
to prevent catastrophic forgetting. Our framework FalRL is
similar to that of Tong et al. (2022), as we also control the
rate-distortion of learned representations. However, we also
consider the fairness of the predictions by ensuring protected
information does not get encoded in the representations.

Background

In this section, we discuss the fundamental concepts of rate-
distortion theory that form the building blocks of our frame-
work, FalRL.
Rate Distortion. In information theory (Cover 1999), the
compactness of a distribution is measured by their coding
length — number of bits required to encode it. In lossy data
compression, a set of vectors Z = {z1,...,2,} € R7x4d,
sampled from a distribution P(Z), is encoded using a cod-
ing scheme, such that the transmitted vectors {Z; }?_; can be
recovered up to a distortion €. The minimal number of bits
required per vector to encode the sequence Z is defined by
the rate-distortion function R(Z, €). The optimal R(Z, ¢) for
vectors Z sampled from a multivariate Gaussian AV (0, X) is:
1 d
R(Z,e) = 3 log, det (1 + @ZZT) (1)
where n is the number of vectors and d is the dimension of
individual vectors. Equation 1 provides a tight bound even in
cases where the underlying distribution P(Z) is degenerate
(Ma et al. 2007).

In general scenarios, e.g. image representations for multi-
label classification, the vector set Z can arise from a mix-
ture of class distributions. In such cases, the overall rate-
distortion function can be computed by splitting the vec-
tors into multiple subsets: Z = ZYUu Z2%2...U Z*, where
Z7 is the subset from the j-th distribution. We can then
compute R(Z7,¢) (Equation 1) for each subset. To facili-
tate this computation, we leverage a global membership ma-
trix IT = {II;}¥_,, which is a set of k matrices encod-
ing membership information in each subset. The member-



ship matrix for a subset Z7 is a diagonal matrix defined as:
Hj = diag(?‘l'1j,71'2j, o ,T(n]‘) € R™*" where T € [0, 1]
is the probability that z; belongs to Z7. The matrices sat-
isfy the following constraints: Zj II; = Inxn, Zj T =1,
IT; > 0. The optimal number of bits to encode Z is given as:

(Z,€|ll) = Z tr(Il;) log, det (I + z1,z7)

= 2n tr(I;)e?
The expected number of vectors in a subset Z7 is
tr(Hj) and the corresponding covariance is cov(Z;) =

tr(H )ZH i ZT' . For multi-class data, a vector z; can only be

a member of a single class, we restrict 7;; = {0, 1} and the
covariance matrix for j-th subset is Z7(Z7)7
Maximal Coding Rate (MCR?). Yu et al. (2020) introduced
a classification framework by learning discriminative repre-
sentations using the rate-distortion function. Given n input
samples X = {z;}7 ; belonging to k distinct classes, their
representations Z = {z;}!"_, are obtained using a deep net-
work fo(z). The network parameters (6) are learned by max-
imizing a representation-level objective using rate-distortion
called maximal coding rate (MCR?):
R(Z,€) — Rc(Z, €|IT) 2)
where II captures the class label information. To have
discriminative representations, same class representations
should resemble each other while being different from repre-
sentations from other classes. This can be achieved by max-
imizing the overall volume R(Z, ¢) and compressing repre-
sentations within each class by minimizing R.(Z, €|II). We
provide further details in Appendix B.

max AR(Z,1I) =

Fairness-aware Incremental Representation
Learning (FalRL)

Debiasing Framework

We present a novel adversarial debiasing framework that
controls the rate-distortion function of the learned represen-
tations. We use rate-distortion in this debiasing framework
as it is amenable to incremental learning.

Figure 2 illustrates our proposed adversarial framework.
It consists of a feature encoder ¢ and a discriminator D. The
feature encoder takes as input a data point x and generates
representations z = ¢(x). Its goal is to learn representations
that are discriminative for the target attribute y and not in-
formative about protected attribute g. The discriminator net-
work takes as input the representations produced by feature
encoder z and generates 2/ = D(z). Its goal is to extract
protected attribute g information from z’. The discriminator
is trained by maximizing the MCR? objective function:

mngR(Z’,Hg) =R(Z',€) — R.(Z',e]l18)  (3)
where 118 is the membership matrix encoding the protected
attribute information. The encoder is trained by optimizing
the given objective function:
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Figure 2: Workflow of our debiasing framework. The dis-
criminator tries to extract protected attribute information by
optimizing AR(Z',T18). The feature encoder tries to learn
discriminative representations for the target task (y) using
MCR? objective while minimizing the discriminator loss.

mgx AR(Z, 1Y) — BAR(Z', 118) 4)
where IIY is the membership matrix encoding the target
attribute information and S is a hyperparameter. Empiri-
cally we observed that the proposed debiasing framework is
competitive with other debiasing setups in non-incremental
learning settings.

FalRL’s debiasing framework leverages the MCR? objec-
tive (Equation 2) for classification. MCR? objective, by it-
self, is not amenable to incremental learning for reasons dis-
cussed below. Yu et al. (2020) showed that using MCR? it
is possible to learn representations with low-dimensional or-
thogonal subspaces corresponding to each class. However,
naively maximimizing the MCR? objective results in rep-
resentations spanning the complete feature space (an R-
dimensional feature space can accommodate a maximum
of d orthogonal subspaces). This is not ideal for incre-
mental learning as representations from new classes can-
not be accommodated in the same feature space. For in-
cremental learning, representations learned at a given train-
ing stage should be compact and not span the entire fea-
ture space. In FalRL, we empirically observe that the fea-
ture spaces learned at each training stage are compact. This
happens because while learning discriminative representa-
tions using the MCR? objective (AR(Z,I1¥)), the encoder
also tries to remove protected information by minimizing
AR(Z',118) (Equation 4). Minimizing AR(Z’,118) makes
representations from different protected classes similar, re-
sulting in a compact feature space. The AR(Z’,1I8) term
acts as a natural regularizer to the MCR? objective, and pre-
vents the learned representations from expanding in an un-
constrained manner, making them suitable for incremental
learning. Next, we discuss how we extend this debiasing
framework to incremental learning in the following section.

Incremental Learning
For incremental learning, we use an exemplar-based ap-

proach (Rebuffi et al. 2017; Chaudhry et al. 2019a,b). We
store a small set of exemplars from old tasks X4



{XL4 -, X}, where m is the number of target classes
m = ¢(t—1) < k) the system has encountered so far (each
training step introduces c target classes, k is the total num-
ber of classes). At training stage ¢, we have a set of new data
samples X,,¢,, and exemplar set Xyq (Xpg = 0 at £ = 0).
The goal of our system is to learn discriminative representa-
tions w.r.t y for &), while retaining the old representation
subspaces of X,;4. To ensure fairness, the system also needs
to learn representations that are oblivious to the protected
attribute g for both X, and X,;4. We will refer to the rep-
resentations for the old and new data as Z,;q = ¢(X,4) and
Znew = O(Xpew ) respectively.
Discriminator. In the incremental learning setup, the dis-
criminator tries to extract protected attribute information for
Xnew. This is achieved by maximizing AR(Z]..,,11E..,),
where Z!,.., = D(é¢(Xnew)), and 11, encodes protected
attribute g information for A,,,.
Feature encoder. The objective of the feature encoder is to
learn fair representations that are discriminative for both old
and new tasks. To achieve this, the system should have the
following properties:

(a) The system should learn representations for X, that
are informative about y. This can be achieved by learning
discriminative representations for X,,¢,, by maximizing
the MCR? objective: AR(Z e, I,

new)'

(b) The system should not reveal protected information and
learn fair representations for AX,,. This is achieved
by minimizing the discriminator loss AR(Z)..,,118,,,)
(Equation 4).

new?

(c) The system should retain knowledge about old tasks en-
countered in previous training stages. FalRL maintains
an exemplar set X,;4 and tries to retain the subspace
structure learned for these samples. To ensure that en-
coder ¢, at training stage ¢ retains the subspace structure
of old representations, we minimize the function:

AR(Zotdr Zola) ZAR Zotds Zota)

i=1

m (5)
, . 1 . .
= E R(Zya Y Zya) — 3 [R(Zi14) + R(Z}4)]
i=1

where Z,q = ¢¢_1(Xyq) are exemplar representations
obtained using the encoder at the previous training stage
(t —1), and Z7,, are exemplar representations from the
j-th target class. AR( Zol & Zol ) measures the similarity
between the representatlon sets Z2,, and z’ 24 DYy com-

puting the difference in the number of bits required to
encode them jointly and separately.

(d) The system should learn fair representations for X,;q.
This is achieved by minimizing the discriminator loss for
the exemplars AR(Z!,,, 112, ) (Equation 4).

The overall objective function that the encoder optimizes
in the incremental learning setup:

Algorithm 1: Prototype Sampling

1: Input: Z; = {¢(X}),...,¢(XF))} representations of ¢
classes at training stage ¢, reservoir of old samples X,;4.

22 XL, =10 > exemplars for training stage ¢

3: fori=1,...,cdo

4: Vi =pca(Z}) > where Z} = X}

5. Vi=lv,...,vx) ~ top-k(V?) > top-k eigen
vectors selected based on singular values

6: forj=1,...,rdo

7: 5= Z i > similarity scores

8: X!y ~top-q(X}) v select top ¢ = § samples
based on similarity scores s

% Xoia = Xo1a Y Xoa

10: end for

11: end for

12: Xpg = Xpia U thld
13: return X,;4

> add to exemplar set

m;LXAR(Znew, ,.,) —BAR(Z,

(a) (b)
—YAR(Zoig, Zora) —n AR(Z}4,115,,)

() (d)

where Z!,, = D(Zy4), I, is the membership matrix en-
coding target class labels for X, I18,,, and I, encode
protected class labels for X),.,, and X,;4 respectively. In the
following section, we discuss the selection of representative

samples X4 from old classes.

Ie...)

new?’ new

(6)

Exemplar Sample Selection

As discussed in previous section, we maintain exemplars
Xopa = {XL40..., X7} belonging to m classes, which
is useful for retaining information from previous tasks. For
each class, we select 7 (where 7 < |X|) samples X', ~
X' by using one of the following sampling techniques:

Random Sampling. We randomly select  samples from

each class set X7, ~ X"
Prototype Sampling. We use prototype sampling (Tong
et al. 2022) for selecting representative samples for each
class. The detailed pseudo-code is presented in Algorithm 1.
In this technique, we compute the top k eigenvectors for the
set of representations for each class Z} = ¢(X}) at train-
ing stage t. For each eigenvector, we select r/k data sam-
ples (X (fl 4) With the highest similarity scores (line 7). The
selected samples are added to X,;4.
Submodular Optimization. We use submodular optimiza-
tion (Krause and Golovin 2014) to select representative sam-
ples that summarize features of a set. Submodular optimiza-
tion focuses on set functions which have the diminishing re-
turn property. Formally, a submodular function f satifies the
property: f(ZU{s}) = f(Z) > f(Y U{s}) = f(Y) , where
ZCYCS,seS,ands¢Y.

We construct a submodular function computed using rep-
resentations 7 that capture their diversity. We select r sam-
ples that maximizes f. Specifically, we use the facility lo-



Figure 3: Representative samples from Biased MNIST
dataset. We show an example from each class.

cation algorithm (Frieze 1974), which selects r represen-
tative samples from a set Z with n elements (n > 7).
For any subset S C Z, the submodular function f is:
f(8) = >, c, maxges sim(s, z), where sim(-, -) is the sim-
ilarity measure between s and z. In our experiments, Z is the
set of data representations and we use euclidean distance as
our similarity measure sim(s, z) = —||s — z||3.

Evaluation

In this section, we discuss the datasets, experimental setup,
and metrics used for evaluating FalRL. Additional de-
tails of our experimental setup can be found in Appendix
B. Our implementation of FalRL is publicly available at
https://github.com/brcsomnath/FaIRL.

Datasets

We tackle the problem of fairness in an incremental learning
setup, where there are no existing benchmarks.! We perform
evaluations by re-purposing existing datasets.

Biased MNIST. We follow the setup of (Bahng et al. 2020)
to generate a synthetic dataset using MNIST (LeCun et al.
1998), by making the background colors highly correlated
with the digits. In the training set, the digit category (tar-
get attribute) is associated with a distinct background color
(protected attribute) with probability p or a randomly chosen
color with probability 1—p. In the test set, each digit with as-
signed one of the 10 colors randomly. We evaluate the gen-
eralization ability of FalRL for p = {0.8,0.85,0.9,0.95}.
We simulate incremental learning by providing the system
access to 2 classes at each training stage (a total of 5 stages).
Biography classification. We re-purpose the BIOS
dataset (De-Arteaga et al. 2019) for incremental learning.
BIOS contains biographies of people that are associated
with a profession (target attribute) and gender label
(protected attribute). There are 28 different profession cate-
gories and 2 gender classes. The demographic distribution
can vary vastly depending on the profession (e.g. ‘software
engineer’ role is skewed towards men while the ‘yoga
teacher’ role is most associated with females). The detailed
demographic distribution is reported in Appendix B.In our
setup, the system is presented with samples from 5 classes
at each training stage (a total of 6 training stages).

Baselines
We compare FalRL with the following systems:
"Most fairness datasets have target attributes with only 2 classes

(along with a binary protected attribute), making them unsuitable
for evaluating incremental learning.
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e Incremental Learning systems. We report the perfor-
mance of the following incremental systems: (a) LwF (Li
and Hoiem 2017) is a dynamic architecture with shared
and task specific parameters, with additional parameters be-
ing incorporated incrementally for new tasks. LWF uses a
knowledge distillation loss along with the current task loss
to prevent catastrophic forgetting; (b) Adversarial LWF — we
introduced an adversarial head in LwF for fair incremen-
tal learning that tries to remove protected attribute informa-
tion via gradient reversal; (c) iCaRL (Rebuffi et al. 2017) is
an exemplar-based approach that uses a knowledge distilla-
tion loss to learn representations. iCaRL uses a nearest class
mean classifier for performing prediction.

¢ Joint learning systems. We report the performance of the
following joint learning systems, where the system has ac-
cess to the entire dataset in a single training stage: (a) AdS
(Chowdhury et al. 2021) is an adversarial debiasing frame-
work that maximizes the entropy of discriminator output. (b)
FaRM (Chowdhury and Chaturvedi 2022) is a state-of-the-
art system for both constrained and unconstrained debiasing,
which performs debiasing by controlling the rate-distortion
function of representations; (c) FalRL (joint). We report the
performance of our framework when trained on full data.

Metrics

In this section, we discuss the metrics reported. For each
metric, we report the average and the value achieved at the
final training stage.

e Target Accuracy. We follow (Elazar and Goldberg 2018;
Ravfogel et al. 2020; Chowdhury et al. 2021) in evaluating
the quality of the learned representations for target task (y)
by using a separate probing network.

For Biased MNIST, a fair system would be able to gen-
eralize to the test set, therefore target accuracy helps mea-
sure the fairness of the system. A high accuracy is desired
in all settings. For both datasets, we also report group fair-
ness metrics discussed below.

e Group Fairness Metrics. We evaluate the fairness of rep-
resentations using the following metrics. A low score on
these metrics indicates a fairer system.

(a) TPR-GAP. TPR-GAP (De-Arteaga et al. 2019) com-
putes the difference between true positive rates between
two protected groups Gap, , = TPR, , — TPRg ,, where
g,g are possible values of the protected attribute. (Ro-
manov et al. 2019) proposed a single fairness score by
computing the root mean square of Gapg ,: GangS =
\/1/|y| >_yey(Gapg )2, where ) is the target label set.
(b) Demographic Parity (DP). DP measures the difference
in target prediction rate w.r.t to protected attribute g. Math-
ematically, it is expressed as:

DP =Y [p(y =ylg =9) — p(y = vlg = 9)|
yey

Zhao and Gordon (2019) illustrated that there is an inher-
ent tradeoff between the utility and fairness in fair represen-
tation learning, when y and g are correlated. Accordingly,
in our experiments, we observe good fairness scores often
result in poor target task performance and vice-versa.

(7



p=0.8 p=0.85 p=09 p=0.95
Method Last Avg. | Last Avg. | Last Avg. | Last Avg.
Incremental Systems
LwF (Li and Hoiem 2017) 103 324 | 103 315 10.6 313 103 28.6
Adversarial LwF 103 324 | 103 319 | 103 271 10.3 25.8
iCaRL (Rebuffi et al. 2017) 628 792 | 584 724 | 51.1 708 | 475 69.9
FalRL (w/ random) 81.7 904 | 778 88.2 | 71.1 839 | 593 757
FalRL (w/ proto.) 80.7 898 | 772 877 | 71.0 835 | 578 75.3
FalRL (w/ submod.) 805 898 | 776 880 | 722 844 | 579 735
Joint Systems
FalRL (joint) 88.08 - 85.64 - 81.94 - 68.85 -
AdS (Chowdhury et al. 2021) 79.98 - 75.39 - 66.46 - 52.49 -
FaRM (Chowdhury and Chaturvedi 2022) | 92.44 - 90.54 - 82.55 - 57.09

Table 1: Evaluation accuracy of incremental and joint learning systems on Biased MNIST dataset. Performance of joint learning
systems are reported in gray. FalRL achieves the best performance among incremental learning baselines (shown in bold). In
strongly correlated settings (p = 0.95), FalRL is competitive with joint learning setups.

p=038

p=10.95

] [-© FalRL
= Adv. LwF
- LwF

1| < icarRL

1 2 4 5 1 2 4

3 3
Stage Stage

2 1 5 1 2 1

13

3 3
Stage Stage

Figure 4: Test accuracy at different training stages of FalRL and baseline incremental learning systems on Biased MNIST
dataset. We observe that FalRL significantly outperforms baseline approaches in all setups.

Results: Biased MNIST

In Table 1, we report the performance of FalRL and baseline
approaches on Biased MNIST dataset. For this dataset, high
target accuracy also implies fair decisions as the training sets
are biased. We observe that FalRL outperforms the incre-
mental learning baselines in all settings (different values of
p). FalRL with prototype and submodular exemplar selec-
tion approaches slightly fall behind random sampling. We
believe that as the class samples are skewed towards a color,
these sampling approaches may have ended up selecting in-
stances based on their color instead of the digit information.
It is also interesting to note that FalRL (joint) is competitive
with other state-of-the-art approaches AdS and FaRM, out-
performing them when the color and digit information are
strongely correlated (p = 0.95). In this settings (p = 0.95),
FalRL even in the incremental learning setting outperforms
joint learning baselines. This shows that FalRL is able to
learn robust representations in challenging scenarios where
the bias is highly correlated with the target task. We report
the fairness metrics in Appendix D for completeness.

In Figure 4, we report the performance of incremental
learning systems at various training stages. We observe that
LwF suffers from catastrophic forgetting, achieving near
random performance in the final stages. Adversarial LwF
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achieves a similar performance to LwF. We believe that the
adversarial head doesn’t provide an added advantage over
LwF because it may encounter unseen classes of protected
attribute (colors) at later training stages. iCaRL and FalRL
do not suffer from catastrophic forgetting, and in all settings
FalRL consistently outperforms other baselines.

Results: Biography Classification

We present the results of FalRL on Biography classification
in Table 2. We observe that LwF-based systems achieve poor
target performance due to catastrophic forgetting. However,
as most of their predictions are incorrect these systems end
up with good scores on fairness metrics. Adversarial LwWF
performs slightly better than LwF in terms of target accu-
racy. iCaRL achieves the best target accuracy but performs
the worst on fairness metrics. FalRL provides a good bal-
ance between the two traits — achieving target accuracy close
to iCaRL while significantly improving the fairness metrics.

We observe that FalRL (joint) is competitive with state-
of-the-art debiasing frameworks AdS and FaRM. It is inter-
esting to note that incrementally trained FalRL achieves bet-
ter DP scores than jointly trained debiasing frameworks. We
report the target accuracy and GapRMS metric across train-

g
ing stages. In Figure 5(a), FalRL outperforms most base-



Accuracy (1) Fairness
Method Y DP()  Gapf™S ()
Last Avg. Last Avg. Last Avg.
Incremental
LwF 179 521 025 030 0.05 0.02
Adv. LwF 21.1 542 031 036 0.19 0.05
iCaRL 977 991 045 037 0.10 0.05
FalRL (rand.) | 95.1 975 042 035 0.06 0.03
(w/ proto.) 939 968 040 034 0.05 0.03
(w/submod.) | 944 974 041 035 0.04 0.02
Joint
FalRL (joint) 98.5 - 0.43 - 0.06 -
AdS 99.9 - 0.45 - 0.0 -
FaRM 99.9 - 0.42 - 0.0 -

Table 2: Target accuracy and fairness metrics achieved
by FalRL and other baseline approaches on Biographies
dataset. FalRL achieves a good balance between target ac-
curacy and fairness metrics.

Accuracy (1) Gangs 0)

0.15 /H

3 4

Stage
Figure 5: Evolution of target accuracy and GapgRMS of
models at different training stages. We observe that FalRL
achieves a fine balance between accuracy and TPR-GAP.

lines, marginally falling short of iCaRL in the final training
stages. However, the GangS metric (in Figure 5(b)) for
FalRL is much better than iCaRL. LwF-based systems also
achieve low scores but this is because of underfitting as evi-

dent from their low target accuracies.

Analysis

In this section, we perform several analysis experiments to
investigate the functioning of FalRL.

Task ablations. We vary the number of classes that FalRL
is presented with at a given training stage and report the av-
erage accuracy and fairness scores on Biographies dataset.
In Table 3, we observe a significant drop in target perfor-
mance when the number of classes (in a training stage) are
reduced accompanied by an improvement in DP, reflecting
the tradeoff between fairness and utility as noted by (Zhao
and Gordon 2019). The complete results for all sampling
strategies are reported in Appendix C.

Visualization. We visualize the UMAP (Mclnnes et al.
2018) feature projections before and after the debiasing pro-
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Figure 6: UMAP projections of representations from FalRL
before and after all the training stages.

# classes ‘ Acc. (1) DP() Gangs o)
2 89.47 0.26 0.046
5 97.49 0.35 0.032
10 98.57 0.39 0.031

Table 3: Performance of FalRL with varying number of
classes per training stage. We observe an improved perfor-
mance when the class count per training stage is increased.

cess in Biographies dataset. The feature vectors are color-
coded according to the protected attribute (gender). In Fig-
ure 6, we observe that before debiasing (left) it is easier to
distinguish features, and after debiasing (right) features from
both gender encompass similar subspaces.

We report additional analysis experiments to investigate
the memory usage, sample efficiency, robustness, and effect
of exemplar size on FalRL’s performance in Appendix C.

Conclusion

In this work, we tackle the problem of learning fair represen-
tations in an incremental learning setting. To achieve this,
we proposed Fairness-aware Incremental Representation
Learning (FalRL), a representation learning system that can
make fair decisions while learning new tasks by control-
ling the rate-distortion function of representations. Empir-
ical evaluations show that FalRL is able to make fair deci-
sions outperforming prior baselines, even in scenarios where
the target and protected attributes are strongly correlated.
Through extensive analysis, we observe that the debiasing
framework at the core of FalRL is able to keep the feature
compact, which helps FalRL to learn new tasks in an incre-
mental fashion. Our framework, FalRL can make fair deci-
sions with incremental access to unseen tasks. Such systems
will be crucial for achieving fairness in the wild, as learning
systems are increasingly being deployed to critical applica-
tions. Future work can focus on developing incrementally
trained fair decision-making systems with minimal reliance
on protected attribute annotations.
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