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ABSTRACT

Learning high-quality representation is important and essential for visual recogni-
tion. Unfortunately, traditional representation learning suffers from fairness issues
since the model may learn information of sensitive attributes. Recently, a series of
studies have been proposed to improve fairness by explicitly decorrelating target
labels and sensitive attributes. Most of these methods, however, rely on the as-
sumption that fully annotated labels on target variable and sensitive attributes are
available, which is unrealistic due to the expensive annotation cost. In this paper,
we investigate a novel and practical problem of Fair Unsupervised Representation
Learning with Partially annotated Sensitive labels (FURL-PS). FURL-PS has two
key challenges: 1) how to make full use of the samples that are not annotated with
sensitive attributes; 2) how to eliminate bias in the dataset without target labels.
To address these challenges, we propose a general Fairness-aware Contrastive
Learning (FairCL) framework consisting of two stages. Firstly, we generate con-
trastive sample pairs, which share the same visual information apart from sensitive
attributes, for each instance in the original dataset. In this way, we construct a bal-
anced and unbiased dataset. Then, we execute fair contrastive learning by closing
the distance between representations of contrastive sample pairs. Besides, we also
propose an unsupervised way to balance the utility and fairness of learned rep-
resentations by feature reweighting. Extensive experimental results illustrate the
effectiveness of our method in terms of fairness and utility, even with very limited
sensitive attributes and serious data bias.

1 INTRODUCTION

Learning powerful representation takes an important role in visual recogmtlon and there are a lot of
works proposed to learn visual representations ( ;

, ). Among them, contrastive learnmg achieves state of- the art performance on various
computer vision tasks ( , , ). Contrastive learnmg first generates
views (patches) from original images by random data augmentation, and the views from the same
image are defined as positive samples. Then the model can learn effective representations by closing
the distance between representations of positive samples, while being protected from mode collapse
via an additional module such as negative samples ( , ; s

), momentum update ( , ), and stopping gradlent ( , ).

Unfortunately, traditional representation learning methods ignore potential fairness issues, which
becomes an 1ncreasmg concern as recognition systems are widely used in the real world (
, ). For example, the model trained by con-

trastlve learnlng may learn the 1nf0rmat10n of sensitive attributes (e.g., gender, race) by using it as a
shortcut to minimize the distance between representations of positive samples in the training stage,
since the positive samples have the same sensitive attributes. As a result, decisions based on biased
representatlon models may discriminate against certain groups or individuals in practice, by using
spurious correlations between predictive target and sensitive attributes (

, ). Therefore, how to develop a fair representation model is of paramount 1mp0rtance for
both academic research and real applications.

Most of existing works achieve fairness via decorrelating target labels and sensitive attributes explic-
itly, which rely on the data annotations ( s ; s ). However, assuming
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that all data have fully annotated labels can be unrealistic ( ; :b).
In many real scenarios, the target labels and even downstream tasks are not prov1ded and all we have
are images and limited annotations of sensitive attributes. Data labels require additional expensive
cost of human annotations, which naturally leads us to ask the following question: Can we train a
fair unsupervised representation model with only partially annotated sensitive attributes?

In this paper, we investigate a practical and novel problem of Fair Unsupervised Representation
Learning with Partially annotated Sensitive attributes (FURL-PS). Our goal is to utilize the images
and limited sensitive labels to learn visual representations that can be used for various downstream
tasks of visual recognition, while achieving fairness by being minimally correlated with sensitive at-
tributes. It is challenging to solve the proposed problem. Firstly, most samples are not labeled with
sensitive attributes. A natural idea is to pseudo-label the unlabeled data by a sensitive attribute clas-
sifier. However, it is not advisable to train a representation model on the data with pseudo-sensitive
labels, since the noises in pseudo labels may severely affect the fairness performance. Secondly,
there may be data imbalance between demographic groups. Assuming that the female group has a
large proportion of samples of blond hair, while the male group has the opposite proportion. As a
result, the models trained on the above biased data may learn spurious correlation between gender
and blond hair. Unfortunately, it is difficult to balance the data distribution of different groups with-
out the prior of downstream tasks or annotated target labels. Generally, FURL-PS problem has two
main challenges: 1) How to make full use of the data that are not annotated with sensitive attributes?
2) How to balance the possible agnostic bias in data without target labels?

To address these challenges, our idea is to construct a balanced dataset annotated with sensitive
labels based on the original dataset, and then train a representation model with fair contrastive learn-
ing on the unbiased dataset. We propose a two-stage Fairness-aware Contrastive Learning (FairCL)
framework to implement the above idea. In the first stage, we design a semi-supervised learning
algorithm to train the image attribute editor with limited sensitive labels, which is used to edit the
pre-defined sensitive attributes of a given image. In the second stage, we train a representation model
by fair contrastive learning with balanced augmentation. Specifically, based on the image attribute
editor, we can generate contrastive sample pairs, which share the same visual information apart from
sensitive attributes (e.g., male and female), for each sample in the original dataset. By closing the
distance between representations of contrastive sample pairs, the model can learn powerful and fair
representations. Our approach has two advantages: 1) we can get the utmost out of unlabeled im-
ages by generating samples with given sensitive attributes from them; 2) the augmented dataset is
unbiased, since it consists of contrastive sample pairs and thus the data proportions are naturally
balanced for different demographic groups. Furthermore, we also develop an unsupervised way to
balance the utility and fairness of learned representations by feature reweighting.

We validate the effectiveness of our method on two facial attribute recognition datasets: CelebA (

R ) and UTK-Face ( s ). Extensive experimental results show that the pro-
posed method outperforms the existing unsupervised learning methods in terms of both classifica-
tion accuracy and fairness, and even achieves comparable performance with the semi-supervised
methods that require annotations on the target labels. Besides, our method is robust to the ratio of
sensitive labels and severity of data bias. Furthermore, we also show the extensibility of our general
framework to different contrastive learning algorithms through experiments.

Main Contributions: 1) To the best our knowledge, we are the first one to propose the practical and
challenging problem of Fair Unsupervised Representation Learning with only Partially annotated
Sensitive attributes (FURL-PS). 2) We develop the Fairness-aware Contrastive Learning (FairCL)
framework to solve the proposed problem, which can be compatible with all of contrastive learning
algorithms to learn a fair and powerful representation model. 3) Extensive experiments illustrate the
effectiveness of our proposed method in terms of fairness and utility.

2 RELATED WORK

Fairness in Unsupervised and Semi-supervised Learning. There are three branches to guarantee
fairness in unsupervised learning. Firstly, fair feature selection, a pre-processing paradigm, finds
a subset of features that preserve the original information as much as possible while belng mini-
mally correlated with sensitive attributes (

, ). However, this kind of methods is designed for structured data, and cannot be apphed
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to images data and deep models. Secondly, fair clustering balances the distribution of different
subgroups formed by sensitive attributes in each cluster, but it cannot yield a model for various
downstream tasks ( s ). At last, some
studies based on fair representatron learmng have been brrngrng a paradrgm for fair unsupervised
learning ( , ). As for fair semi-supervised learning, most
existing methods first pseudo label the unlabeled data via a classifier, and then train a model on these
data with fairness constraints ( ; , ;b). However, the pseudo-label
noise may exacerbate model unfairness in turn Instead our proposed method does not directly use
pseudo-labels when training the fair representation model.

Contrastive Learning. Self-supervised contrastive learning provides a representation learning
paradigm without target labels, and achieves better accuracy than the state-of-the-art methods on
various tasks ( R ). Some methods such as SimCLR ( R ) and MoCo (

, ) first define the positive/negative samples as patches generated from the same/different
images via random data augmentation, and then train a representation model by closing/pushing
away the distance between representations of positive/negative samples. Recent studies argue that
negative samples are not necessary for contrastive learning, and they use some techniques, e.g., mo-
mentum update ( , ) and stopping gradient ( , ) to protect the model
from mode collapse instead of negative samples. Afterwards, supervised contrastive learning out-
performs other state-of-the-art methods based on traditional cross-entropy loss ( , ).
However, existing self-supervised contrastive learning methods ignore potential fairness issues. To
this end, FSCL proposes a fair supervised contrastive loss to train a fair representation model (

s ). However, FSCL relies on target labels and sensitive attributes. Besides, FSCL is based
on supervised contrastive learning which needs negative samples, while our proposed framework is
general to be applied to any contrastive learning algorithm to improve fairness.

Image Generation. Our proposed method involves the task of image attribute editing, which takes
an image as input and aims to generate a new image with desrred attributes while preserving other
details ( , ). We emphasize
that advances in the ﬁeld of i 1mage attrlbute editing can help 1mprove the performance of our work,
since the subsequent methods can also be used here. Some studies aim to construct a balanced and
unbiased dataset by data augmentation ( , ). However, they need the prior of
downstream task to generate new samples. Recent works have proposed to evaluate counterfactual
fairness by generating counterfactual samples ( ;

, ). Different from them, we consider a more challengrng problem to train a farr represen-
tation model. Moreover, we consider a more practical setting where there are no target labels and
fully annotated sensitive attributes.

3 METHOD

In this section, we start with a brief introduction of the problem formulation of FURL-PS and overall
flow of our proposed method in Sec. 3.1. Then we display how to generate augmented samples of
different sensitive attributes with limited annotated sensitive labels in Sec. 3.2. We elaborate on how
to execute fair contrastive learning with balanced augmentation in Sec. 3.3. Lastly, to balance the
trade-off between utility and fairness of learned representations, we propose a feature reweighting
module for those sensitive attribute-dependent sub-features in Sec. 3.4.

3.1 PROBLEM FORMULATION AND OVERALL FLOW

Assume that we have n original images {xj }r=12, ., Where z, € X C R4, Labeled dataset is
denoted as D; = {xy, sk}Zl: 1> Where 7y is the number of images with annotated sensitive labels, and
sk € {0,1,..., Mg — 1} represents the sensitive attribute label (e.g., male and female). Unlabeled
dataset is denoted as D, = {wx}j_, .. The target labels {yj }r=12, » are not available in the
training state, where y;, € {0,1,..., My — 1}. In this paper, we assume that both target labels
and sensitive attributes are binary variables for convenience, i.e., Ms = My = 2. We emphasize,
however, that our proposed problem and framework can be easily generalized to multivariate setting.
The goal is to train an effective and fair encoder network F'(-) that maps the image z; € X into
representation hy € H, where the representations can be used for various downstream tasks while
not discriminating against demographic groups with given sensitive attributes.



151
152
153
154
155
156
157
158
159

160

161
162

164
165
166
167
168
169
170

171
172
173
174
175
176
177
178
179
180
181
182

183
184
185
186
187

Under review as a conference paper at ICLR 2023

.
.
1
L
T 1 :
----- N £, | Unlabeled _ . s
T T € Data D,

:oT_Z_Isll---'

L $ : @
e — inference

—— training rwi

A
| drop

(a) Architecture of Image Attribute Editor G (b) Training Classifier € and Generator G by Mutual Promotion

Figure 1: Semi-supervised Learning of Image Sensitive Attribute Editor.

Our proposed method consists of two stages: 1) Contrastive Sample Generation and 2) Fairness-
aware Contrastive Learning. We first define the contrastive samples as a pair of images that share
the same visual information except for sensitive attributes. In the first stage, our goal is to prepare
contrastive samples {(;vg, :c,lc)}kzl,gwn based on the original dataset. To achieve it, we design a
semi-supervised algorithm to train an image sensitive attribute editor G(-, ), which takes an image
xy, and sensitive attribute s € {0, 1} as input and can map the original image to a new image x;
with given sensitive attribute s while keeping other information as unchanged as possible. In the
second stage, we execute fairness-aware contrastive learning on the augmented dataset to train a
representation model F'(-) without any target label or sensitive label.

3.2 CONTRASTIVE SAMPLE GENERATION WITH LIMITED SENSITIVE ATTRIBUTE LABELS

We start with training a generative model used to generate contrastive samples. We implement it
based on AttGAN ( , ), but we emphasize that any approach designed for image attribute
editing can be adapted to be a backbone method. The training architecture of generative model G
is shown in Figure 1(a). The encoder G.,,. maps an input image x to latent representation z. Then
the decoder G 4. takes z and sensitive attributes as input, and generates images with corresponding
sensitive attributes. There are three loss optimized jointly: 1) discriminative loss [4;s given by the
discriminator D guaranteeing that the generated images look realistic enough, 2) classification loss
l.1s guaranteeing that the generated images have given sensitive attributes, and 3) reconstruction loss
lrec given by the classifier C' encourages the generator to preserve the sensitive attribute-excluding
information as much as possible.

Note that the sensitive labels are needed in the training stage of the image attribute editor GG, while
we only have limited annotated sensitive sensitive labels. To this end, we develop a semi-supervised
learning algorithm to train the sensitive attribute classifier and image editor by making them mutu-
ally promote each other. As shown in Figure 1(b), we first train a classifier C' and image editor G
on the labeled data. Then we assign the predictive sensitive labels to the unlabeled data by C. We
only select pseudo-labeled samples with confidence cf above a certain threshold ¢thr, and train the
generative model G on them. Afterwards, we use G to generate additional images with sensitive
labels, of which high-confidence images are used to train the classifier C. We repeat the above steps
until there is no new high-confidence data. Note that the classifier C' is used to pseudo-label the
unlabeled data, thereby providing the generator G with more annotated training data. Meanwhile,
the generator GG also generates additional high-quality training data for the classifier C. In this way,
the two can promote each other.

Here we get an image attribute editor G, based on which we can generate an augmented dataset
{(29,2%) } k=12, from original dataset, even without the knowledge of the sensitive attributes of
the original images. It is worth mentioning that we only use pseudo-sensitive labels in the contrastive
sample generation stage, which avoids the direct impact of pseudo-label noise on learning fair rep-
resentation. Furthermore, the augmented dataset is unbiased and balanced for sensitive attributes.
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Figure 2: Training Flow of Fairness-aware Contrastive Learning (taking SimCLR as an example).
Our proposed FairCL closes the distance between representations of positive samples (i.e., the views
from the same original image but have different sensitive attributes), and pushes away the distance
between representations of negative samples (i.e., the views from different original images but have
the same sensitive attributes).

3.3 FAIRNESS-AWARE CONTRASTIVE LEARNING WITH BALANCED AUGMENTATION

Based on the balanced augmented dataset generated by the image attribute editor G, our goal is to
train a fair and powerful representation model. To this end, we develop a fairness-aware contrastive
learning framework, and elaborate how it works based on SimCLR. However, we emphasize that
our proposed general framework is not confined to SimCLR but can be easily applied to any con-
trastive learning algorithm. The key idea is to define the positive samples as the contrastive samples
with different sensitive attributes generated by the image attribute editor GG, and define the nega-
tive samples as the views generated from the different images with the same sensitive attributes.
Based on it, for a minibatch of contrastive image pairs {(xg, x,lc)} k=1,2,..,N, we first generate views
{(29),_1, 894, 2411, 3, ) bk=1,2,. v by data augmentation. An encoder F(-) maps the views into
representations {(ﬁgk_l, ﬁgk, ﬁ%k_l, ﬁ%k)}kzl,gmN, then a projection head P(-) maps hy, into an-
other representations {(égkil, égk, 221,671, 23 ) Ye=1,2,...~ for contrastive learning. Then we define
fairness-aware contrastive loss as:

N 50 51
[ Fair — _ Zlog exp(Za_1 * Z3-1/7) )
1 Dk exp(2y, - 25,/7) + D1k exp(2y;, - 25,/7)’

where T is a temperature parameter. As shown in Figure 2, a fair and effective representation model
can be trained on the balanced augmented dataset with the proposed fairness-aware contrastive loss.

3.4 BALANCE UTILITY AND FAIRNESS VIA FEATURE REWEIGHTING

There is often a trade-off between utility and fairness of representation (Zhao & Gordon, 2019).
To balance them without target labels, we propose the feature reweighting module. Our idea is
to identify the sensitive attribute-dependent sub-features and reweight them when computing the
similarity/distance between representations in contrastive learning. Intuitively, larger weights for

those sensitive attribute-dependent sub-features will result in a fairer model.

The challenge is to judge whether a sub-feature is related to a sensitive attribute. Suppose that
we train a linear classifier Cpope to classify sensitive attributes, which takes the representations
generated by the fixed encoder F'(-) and projection head P(-) as input. An intuition is that those
sensitive attribute-dependent sub-features are easier to activate when predicting sensitive attributes,
and the corresponding parameters of trained classifier Cp,op. Will have a larger absolute value. Based
on it, we propose a simple but effective solution. We alternately optimize the representation model
F(-), P(-) and an additional linear classifier C},op.. We can strengthen the fairness constraint by
assigning more weights to those sub-features where the absolute values of corresponding classifier
parameters are large. We use the soft selection which is more flexible and general. Assuming that the
parameters of Cp,ope is (01, 02, ..., 04), where d is the number of dimensions of latent representation.
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Then we can compute the weights w = (w1, ws, ..., wy) of sub-features as:
exp(a - |6;])
d I

> j—1exp(a-[6;])

where o € R is a scaling parameter, and a larger o means a stronger fairness constraint. Now we
can balance the utility and fairness of learned representation in fairness-aware contrastive learning
via the weights w as the following:

2

w; =

N . .
[ FairWw _ _ Zlog exp(£9y_y 3y - W/T) . 3)
= exp(Z9y - 29 w/T) + 324 exp(2y, - 23 - w/T)

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. We validate our method on the following datasets: 1) CelebA ( , ) is a dataset
with over 200k facial images, each with 40 binary attributes labels. In this paper, we follow the
setting of the previous works ( , ). We select Male (m) and Young (y) as the sensitive
attributes, and set Attractive (a), Big Nose (b), and Bags Under Eyes (e) as target attributes, which
have the highest Pearson correlation with the sensitive attributes. Besides, to verify the performance
of our method in the setting of multi-target labels and multi-sensitive attributes, we also set {Male,
Young} as sensitive attribute and {Big Nose, Bags Under Eyes} as target label. The downstream
task is unknown and only 5% sensitive attribute labels are available in the training stage. 2) UTK-
Face ( s ) contains over 20k facial images, each with attributes labels. We first define
a binary sensitive attribute Young based on whether age is under 35 or not and construct a task to
predict whether the facial image is Male or not. We further validate the robustness of our method to
the ratio of sensitive labels and data bias on UTK-Face dataset.

Evaluation Metrics. The goal of FURL-PS is to learn a fair and powerful representation model.
To validate the fairness and utility of the learned representations, we train a linear classifier on top
of the frozen representation model and then use the test performance of the classifier as a proxy for
representation quality. In this paper, we use Equal Odds (EO) ( , ), one of the most
commonly used notion of group fairness ( , ), as the fairness metric:

S P =g 1Y =y - Pa(¥ =3 1Y =), @
Y.y

where i is the averaged sum, Y is target label, Y is predictive label given by the classifier, and
s%,s1 € S is the value of sensitive attributes. Following ( , ), we extend EO to

multi-sensitive attribute setting:

max

Pi(Y=4|Y=9)—Ps(Y=9]Y =
Vaisies vyl ® ( ) | y) 87( ) ‘ y)

; (&)

where s?, s/ € § is the value of sensitive attributes. A smaller EO means a fairer model. Besides,
we use top-1 accuracy (%) to measure the effectiveness of learned representations.

Baselines. To our best knowledge, there is no existing work focusing on dealing with the problem
of FURL-PS. Therefore, we construct some powerful baselines by combining the SOTA methods
to solve partially annotated sensitive labels and the advanced methods designed for fair unsuper-
vised representation learning. Specifically, CGL ( , ) is the SOTA method to solve
the problem of partially annotated sensitive attribute labels by assigning pseudo sensitive labels
based on confidence. VFAE ( , ) is a fair representation learning method based
on a variational autoencoding architecture with priors that encourage latent factors of variation
to be independent of sensitive attribute. We implement its unsupervised version and combine it
with CGL as a baseline (CGL+VFAE). We also compare our method with the combination of CGL
and GRL ( , ), which is an adversarial method used for fair representations
(CGLAGRL). Since there are few existing methods for fair unsupervised representation learning, we
also implement some fair supervised representation learning methods which rely on target labels.
Group DRO (G-DRO) ( s ) is a classical and powerful method for robust and fair
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Female

Figure 3: Illustration of contrastive samples generated by sensitive attribute editor.

learning by learning a set of weights for different data subgroups. FSCL (Park et al., 2022) learns
fair representations based on supervised contrastive learning. For those 5% samples annotated with
sensitive attributes, their target labels are available for G-DRO and FSCL. The CGL strategy is also
used for them (CGL+G-DRO, CGL+FSCL).

Implementation Details. We resize the images of CelebA and UTK-Face to 128x 128, and use a
5-layer CNN (Krizhevsky et al., 2017) as the encoder of generative model. Besides, the decoder also
has 5 layers. Since the quality of some generated samples may not be good enough, we select images
based on confidence. Specifically, we use the trained classifier to predict the sensitive attributes of
the generated images, and then remove some low-confidence samples. Besides, to further improve
the quality of training data, we use high-confidence of original images instead of corresponding
generated samples. We use the same random data augmentation strategy as (Chen et al., 2020a).
The projection head P(-) is only used in contrastive learning, and then we remove it. We use the
ResNet-18 (He et al., 2016) as encoder model and a MLP as projection head, and train them via
weighted fairness-aware contrastive loss for 100 epochs. Afterwards, we train a linear classifier on
top of the frozen representation given by encoder F'(-) for 10 epochs on the training dataset.

4.2 CONTRASTIVE SAMPLE GENERATION EXPERIMENTS

We set Male as the sensitive attribute, and select some contrastive samples generated by the sensitive
attribute editor, which is trained on CelebA dataset with partially annotated sensitive attributes, as
shown in Figure 3. As can be seen, the generated contrastive samples remain most of the visual
details of the original images, but have different sensitive attributes.

We next discuss the issues of proxy variables. First, for those proxy variables which have the
causal/stable correlation with the sensitive attributes, e.g. Beard and Moustache, we note that the
sensitive attribute editor can learn the correlation between them as we expected. For example, the
output female does not have a beard, even if the input image is a male face with a beard. Unfortu-
nately, for those proxy variables having the extreme spurious correlation with the sensitive attributes,
e.g., Heavy Makeup and Lipstick, the sensitive attribute editor also learns it, since almost all male
images have no lipstick or heavy makeup. This will result in the representation model not being
able to learn information about these proxy variables and thus unable to make accurate predictions
about these attributes. We would like to emphasize that this issues is an open problem and, to our
best knowledge, there is no existing method that can solve it without any prior. However, we find
that our method exhibits robustness to data bias caused by spurious correlations. Specifically, the
sensitive attribute editor would not change the attributes which have the high Pearson correlation
with the sensitive attributes, e.g., Big Nose, due to the reconstruction loss.

4.3 RESULTS OF FAIRNESS AND ACCURACY ON CELEBA DATASET

We report the classification results of unsupervised methods on CelebA dataset in Table 1. We use
equalized odds (EO) and top-1 accuracy (Acc.) of trained linear classifier to evaluate the fairness and
utility of learned representations, respectively. A smaller EO means a fairer model. We find that the
models trained via SimCLR achieves the best accuracy, but suffer from fairness issues. Our proposed
FairCL based on SimCLR improves the fairness of learned representations. FairCL outperforms
other unsupervised baselines (CGL+VFAE and CGL+GRL) in terms of EO and accuracy.
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Table 1: Unsupervised Attribute Classification Results on CelebA. To evaluate the quality of rep-
resentation, we measure equalized odds (EO) and top-1 accuracy (Acc.) of trained linear classifier
on CelebA dataset with 5% annotated sensitive attributes. A smaller EO means a fairer model. T
and S represent target and sensitive attributes, respectively.
T=a/S=m T=a/S=y T=b/S=m T=b/S=y T=e/S=m T=e/S=y  T=b&e/S=y T=alS=y&m
EO Acc. EO Acc. EO Acc. EO Acc. EO Acc. EO Acc. EO Acc. EO Acc.
CGL+VFAE  19.1 727 162 740 155 783 106 788 7.6 796 69 795 102 687 287 727
CGL+GRL 213 734 156 744 131 796 109 795 74 799 61 802 98 696 269 738
SimCLR 362 77.1 225 771 269 815 192 815 197 812 106 812 128 715 396 777
FairCL (Ours) 168 753 131 769 84 800 9.2 803 42 808 45 805 78 713 245 741

Method

Table 2: Comparison with the methods relying on target labels on CelebA. 5% samples are
annotated with sensitive attributes, and corresponding target labels are available for those target
label-dependent methods. Notably, our proposed FairCL does not rely on target labels.
T=a/S=m T=a/ S=y T=b/S=m T=b/S=y T=e/S=m T=e/S=y T=b&e/S=y T=a/S=y&m
EO Acc. EO Acc. EO Acc. EO Acc. EO Acc. EO Acc. EO  Acc. EO Acc.
CE 278 779 192 779 203 821 142 8.1 164 820 117 80 96 719 362 779
CGL+G-DRO 142 738 113 753 79 771 62 763 45 769 51 767 53 672 219 714
CGL+FSCL 174 753 135 762 95 797 96 791 59 81 59 804 82 698 256 740
FairCL (Ours) 168 753 131 769 84 800 92 803 42 808 45 805 7.8 713 245 741

Method

We also compare our FairCL with the methods relying on target labels, as shown in Table 2. Notably,
FairCL even outperforms semi-supervised methods in some cases. The reason may be that semi-
supervised methods suffers from the issues of pseudo-label noise. Besides, CGL+G-DRO achieves

excellent EO but has low accuracy due to the over pessimism problem ( , ).
4.4 T-SNE VISUALIZATION
To further evaluate the quality of
our learned representations and ex- - - - :
. Target: a = 0 Target: a = 0 PY Target: a =1 PY Targ(_et_. a=1
plaln how our method WOFkS, we Sensitive: m = 0 Sensitive: m = 1 Sensitive: m = 0 Sensitive: m = 1

sample 1000 images from test
dataset and visualize the represen-
tations of them via t-SNE ( °
s ), as shown s
in Figure 4. We find that both
FairCL and SimCLR can assign
similar features to the images with
same target labels. However, Sim- o
CLR also learn information of sen-
sitive attributes, so that the rep-
resentations given by SimCLR can
also be divided by the sensitive at-
tributes. In contrast, our proposed
FairCL focuses on both utility and fairness by closing the distance between representations of con-
trastive samples, which have similar visual information but have different sensitive attributes.

(a) FairCL (Ours) (b) SimCLR

Figure 4: t-SNE visualization for the learned representations.

4.5 EFFECTIVENESS OF FEATURE REWEIGHTING

We provide an unsupervised way to balance the fairness and utility of learned representation by
feature reweighting. To analyze the effectiveness of feature reweighting, we set the scaling param-
eter « as different values, and train the representation models. The performance of linear classifier
in terms of EO and accuracy is reported in Table 3. As can be seen, we find that a larger scaling
parameter « can yield a fairer model but with lower accuracy. This is in line with our expectations,
since the feature weights will be hard if the scaling parameter « is large, and then the sensitive
attribute-dependent features will have a greater impact on the similarity/distance calculation.

4.6 COMPATIBILITY WITH CONTRASTIVE LEARNING ALGORITHMS

Our proposed fairness-aware contrastive learning framework is general and flexible that can be used
for any contrastive learning algorithm. We have shown the effectiveness of SimCLR-based FairCL in
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Table 3: Effectiveness of feature reweighting on CelebA dataset. We train the representation
models with different scaling parameter « to analyze the effectiveness of feature reweighting.
T=a/S=m T=a/S=y T=b/S=m T=b/S=y T=e/S=m T=e/S=y T=b&e/S=y T=a/S=y&m
EO Acc. EO Acc. EO Acc. EO Acc. EO Acc. EO Acc. EO  Acc. EO Acc.
a=05 168 753 13.1 769 84 80.0 92 803 42 808 45 805 78 713 245 741
a=20 146 742 115 763 62 79.1 69 793 3.6 805 28 8.1 59 704 223 729

«

Table 4: Compatibility with contrastive learning on CelebA dataset. We apply our general
framework to BYOL and denote it as FairCL*. The experimental setup is the same as before.
T=a/S=m T=a/ S=y T=b/S=m T=b/S=y T=e / S=m T=e/S=y T=b&e/S=y T=a/S=y&m
EO Acc. EO Acc. EO Acc. EO Acc. EO Acc. EO Acc. EO  Acc. EO Acc.
BYOL 388 779 241 779 282 818 206 81.8 223 817 129 817 146 722 415 779
FairCL* 192 762 154 77.1 137 808 11.0 809 72 810 68 809 99 716 286 749

Method

the previous subsection. To further illustrate the compatibility of FairCL, we apply it to BYOL (

, ), a widely used contrastive learning method without negative samples. Due to the ab-
sence of target labels, negative sample-based methods (e.g., SimCLR) may incorrectly push the rep-
resentations of semantically similar samples farther away, which may lead to compromised accuracy
on downstream tasks. BYOL overcomes this problem by not using negative samples. Therefore, as
shown in Table 4, BYOL achieves excellent accuracy. However, it also suffers from fairness issues.
Notably, FairCL* improves EO over it while keeping comparable accuracy.

4.7 ROBUSTNESS TO RATIO OF ANNOTATED SENSITIVE LABELS AND DATA BIAS

To further validate the robustness of our proposed
method to ratio of annotated sensitive labels and un-

known data bias, we run different methods on UTK- &

Face dataset. We set Young as the sensitive attribute, 80 ol S N A I ¢
and the target label is Male. Only 5% samples are an- & A A

notated with sensitive attributes. Besides, the dataset g "Ta ° ®

is unbalanced, where the Young group has 65% fe- £ »

male data and 35% male, while another sensitive group g N

has the opposite gender ratio. As can be seen in Fig- A COLGORO eoaLitnt paoL (Ours)

ure 5, our proposed FairCL/FairCL* improves fairness 729 ACGL+FSCL ©SImCLR s FairCL* (Ours)
compared with SimCLR/BYOL, while keeping high ac- ol ‘ ‘ | ‘ ‘ ‘ ‘

curacy. Our method outperforms other unsupervised oW w20 2 #3
methods and even achieves comparable performance EO

with the target label-dependent methods (CGL+G-DRO

and CGL+FSCL), in terms of the trade-off between ac- Figure 5: Robustness to ratio of sensitive
curacy and EO, which illustrates that our method is ro- labels and data bias on UTK-Face. A rep-
bust to annotation ratio and data bias. resents methods relying on target labels.

5 CONCLUSIONS

In this paper, we investigate a novel and practical problem of which the goal is to learn a fair
and powerful representation model with no target label and limited sensitive attributes. To solve
this problem, we develop a general contrastive learning-based framework FairCL consisting of two
stages: contrastive sample generation and fairness-aware contrastive learning with feature reweight-
ing. Extensive experiments show that our proposed method can yield a fair representation model
even with limited sensitive attributes and imbalanced data.

We admit that there are some limitations of our method and can be improved in the future work.
Firstly, our work relies on the quality of the generated images. More effective image attribute editing
methods can help improve the representation model trained by our method in terms of both fairness
and utility. Secondly, our method still requires a small number of sensitive attribute labels. How to
learn a fair representation model without any demographic information is still an open problem. We
hope our study can bring some inspiration for future work.
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