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Abstract

Fair clustering aims to hide sensitive attributes during
data partition by balancing the distribution of protected
subgroups in each cluster. Existing work attempts to ad-
dress this problem by reducing it to a classical balanced
clustering with a constraint on the proportion of protected
subgroups of the input space. However, the input space
may limit the clustering performance, and so far only low-
dimensional datasets have been considered. In light of these
limitations, in this paper, we propose Deep Fair Clustering
(DFC) to learn fair and clustering-favorable representa-
tions for clustering simultaneously. Our approach could ef-
fectively filter out sensitive attributes from representations,
and also lead to representations that are amenable for the
following cluster analysis. Theoretically, we show that our
fairness constraint in DFC will not incur much loss in terms
of several clustering metrics. Empirically, we provide ex-
tensive experimental demonstrations on four visual datasets
to corroborate the superior performance of the proposed
approach over existing fair clustering and deep clustering
methods on both cluster validity and fairness criterion.

1. Introduction

With the prevalence of machine learning based decision
support systems in high-stakes domains, including college
admission, loan approval, bail/parole judgments, and hir-
ing processes, it has already become an imperative object
of study to guarantee that individuals are treated equally in
such automated decision processes [9, &, 15]. The area of
algorithmic fairness is precisely devoted to the study of al-
gorithms and learning systems to ensure fairness in the exe-
cution of these processes while at the same time preserving
utility as much as possible. Consider race as a sensitive at-
tribute in visual applications such as facial recognition. In
this case, a learning system may have a high recognition
accuracy for one group of race, but a considerably lower
accuracy for another group, due to the potential imbalance
distributions between these two protected subgroups [4]. In
order to mitigate such biases in recognition performance,
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Figure 1. Comparison of existing fair clustering methods and ours.
Existing methods seek to ensure that the proportion of samples
with different sensitive attributes are approximately equal in each
cluster. As a comparison, deep fair clustering learns fair represen-
tations that are amenable for cluster analysis under the constraint
that they are statistically independent of sensitive attributes.

fair and accurate recognition systems are nowadays partic-
ularly desirable to serve for many real-world scenarios.
Cluster analysis is a classic and widely used technique
in unsupervised learning to discover the underlying struc-
ture of data. In the context of algorithmic fairness, fair
clustering aims to hide sensitive attributes during data par-
tition by balancing the distribution of protected subgroups
in each cluster. Chierichettiss et al. [7] propose a pio-
neering fairlet by employing a pre-processing technique to
partition original data into chunks, followed by a k-center
based algorithm, which encourages clusters with balanced
demographic groups. In light of the expensive computa-
tion involved in fairlet, Backurs et al. [2] provide a scalable
fair clustering algorithm with approximate fairlet decom-
position that runs in nearly linear time. Wang and Davi-
dason [31] extend the single sensitive attribute setting to
the one with multi-state protected variable. Additionally,
Suman et al. [3] propose to transform any given cluster-
ing solution to a fair one with multiple protected subgroups.
Many other work also exist that are based on the classical
clustering algorithm with fair constraints [39, 27, 18, 22].
Despite the abundant existing literature on fair cluster-
ing, most of them cast it as a classical balanced cluster-
ing problem [25] with equal proportions of protected sub-
groups in each cluster as a constraint. Furthermore, ex-
isting work mostly focuses on empirical validations with
low-dimensional input data, and their performance on large-
scale and high-dimensional visual data has not been fully
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understood, especially in the settings where sensitive at-
tributes are deeply embodied in images that act as a back-
ground or entity style. Often the case for visual data, the
original input space does not contain high-level and abstract
representations that can be used to discover the intrinsic and
underlying clustering structure for cluster analysis.

Motivated by the aforementioned limitations of existing
fair clustering methods, in this paper, we propose Deep Fair
Clustering (DFC) to learn both fair and effective represen-
tations that are also amenable for cluster analysis. We sum-
marize main contributions in this paper as follows.

e We consider fair clustering in the context of deep
representation learning for large-scale and high-
dimensional visual learning. To the best of our knowl-
edge, this important setting has not been studied so far.
Towards the cluster validity and fairness in clustering
results, our approach seeks to find feature mappings
that are amenable for structure discovery and can si-
multaneously filter out the sensitive attributes.

e We propose a minimax optimization formulation to en-
courage cluster analysis to be independent of sensitive
attributes. Furthermore, we provide a theoretical anal-
ysis showing that the fairness constraint in DFC does
not cause much utility loss according to cluster valid-
ity, which is a desirable property to have.

e We evaluate DFC on four real-world visual datasets.
Extensive experimental results demonstrate the supe-
rior performance of the proposed method over sev-
eral competitors in terms of both cluster validity and
fairness measurement. Additionally, we present in-
depth explorations, including representation visualiza-
tion, fairness evaluation, and parameter analysis, to
help better understand our fair clustering method.

2. Related Work

We discuss related work on fair machine learning and
recent clustering methods, and specifically on fair clustering
and deep clustering, which are most relevant to our work.

As argued by a series of related work [9, 8, 15], many ex-
isting learning systems suffer from unfair issues in terms of
sensitive attributes (e.g., sex, race, gender), due to the bias
in data and models, and it is hence urgent to mitigate the
inadvertently encoded bias and unfairness in these systems.
Recently, fairness in machine learning has been widely dis-
cussed under different problem settings [10]. Seeking fair
representations and eliminating the effect caused by sensi-
tive attributes are requisite tasks to achieve fairness in learn-
ing systems. Of course, fairness is often at odds with utility
maximization [38], so the goal here is to find a good bal-
ance between these two. One line of work to achieve this
goal is through learning fair representations using adversar-
ial training techniques [24, 33, 37], where the representa-

tions are learned to filter out information related to sensi-
tive attributes. This line of work mostly focus on the super-
vised learning setting where the utility is often characterized
by the accuracy of target tasks. In unsupervised learning,
in particular in cluster analysis, Chierichetti ef al. [7] pio-
neer this novel concept by embedding fairness constraints
and encouraging clusters to have balanced sensitive demo-
graphic subgroups. They propose fairlet by employing a
pre-processing technique to first partition the original data
into chunks, followed by a k-center algorithm to achieve
fairness. Schmidt ef al. [29] extend fairlet for the object of
k-means clustering. However, the fairlet procedure used in
these algorithms requires at least quadratic running time and
cannot scale to large datasets. To this end, Backurs et al. [2]
propose a tree metric based near-linear time algorithm for
fairlet decomposition. Beyond fairlet, Bera et al. [3] solve
the vanilla clustering problem first and then make a fair
assignment, which transforms a wide range of clustering
objectives to their fair solutions. Ziko et al. [39] derive a
KL-based fairness penalty and impose it on any desired de-
mographic proportions within each cluster. Subsequently,
fair k-center algorithm for multiple groups is proposed [27],
and Kleindessner et al. [18] also introduce fair constraints
into spectral clustering. More recently, Wang and Davida-
son [31] extend to multiple protected subgroups and incor-
porate neural network to learn a discriminative but fair as-
signment function. Although existing work are pioneering,
they sacrifice clustering quality in pursuit of fairness. More-
over, clustering on large-scale high-dimensional visual data
under the fairness constraint remains unexplored, and our
work makes a step forward in this direction.

Deep clustering aims to learn clustering-favorable rep-
resentations for complex intrinsic structure discovery. To-
wards clustering objective functions, deep clustering brings
significant performance improvements via learnable fea-
ture transformation. Xie et al. [32] train an encoder with
the KL-divergence term to make assignments confidently
and prevent large clusters and feature collapse. Similarly,
Yang et al. [34] learn a subspace through deep learning
and clustering simultaneously. One step further, Caron et
al. [5] extend the pipeline to an end-to-end training on
large scale visual datasets and group features with a stan-
dard clustering algorithm. Other interesting work continu-
ally bring novel insights to this line of research, including
pair-wise similarity deep clustering [6], deep learning with
spectral clustering [20], minimizing relative entropy [11],
deep transfer clustering [13], and deep clustering with gen-
erative model [26], adversarial learning [30], and Gaussian
mixture model [35]. However, fairness in deep clustering
has not been well addressed so far. In order to get a desir-
able and fair partition, it is essential to design applicable fair
constraints for deep clustering training so as to hide sensi-
tive attributes for clustering assignments.
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3. Problem Definition and Motivations

In this paper, we focus on partitional cluster analysis that
aims to separate a set of data points X with categorical sen-
sitive attribute GG into K disjoint subgroups, where all the
data points are sampled i.i.d. from an underlying distribu-
tion D, and G = G(X) takes value in [M]'. Formally, let
C = C(X) be the clustering assignment given by a (ran-
domized) clustering algorithm C applied to data X. As a
motivating example, in social network analysis where each
data point corresponds to a vectorial description of a user,
the sensitive attribute G could be the race or gender of an
user. In this context, the goal of fair clustering is to par-
tition data points into K disjoint clusters while simultane-
ously ensures that sensitive attribute has no influence on the
partitioning result, i.e., C(X) is statistically independent of
G. In other words, the sensitive attribute GG has no influence
on the clustering result given by the algorithm C'

Note that our definition of fairness in the context of clus-
ter analysis is stronger than that of the existing work on this
topic [3, 39, 31], where the goal is usually to ensure that the
proportion of the protected subgroup membership G is ap-
proximately equal in all the clusters. To see this, note that
when G is a categorical variable, under the condition that
C(X) is independent of G, we have:

Ex~olG [ C(X) = ¢ = Exo[G], Ve e [K], (D)

which shows our fairness criterion implies the one used in
several of the existing fair clustering work.

On the other hand, the quality of clustering is often sen-
sitive to the metric space in which the analysis is conducted.
Specifically, for high-dimensional visual data, it is often not
desirable to directly conduct cluster analysis based on the
pixel-level distance between input images. Recent advances
in representation learning [21, 19, 14, 16] have demon-
strated that deep neural networks are capable of extract-
ing hierarchical features that can often facilitate large-scale
classification, segmentation and detection tasks. Motivated
by these observations, in this work we propose a clustering
algorithm that can leverage the rich representations given
by deep neural nets for clustering and simultaneously being
fair w.r.t. a given sensitive attribute in a strong sense.

4. Deep Fair Clustering

In this section we propose deep fair clustering, where
the fair and clustering-favorable representations can be ob-
tained by a unified framework. The goal is to learn feature
representations that are not only free of sensitive attributes,
but also are favorable for the following cluster analysis.

'We use [M] to denote the set {1,..., M}.
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Figure 2. Overview of Deep Fair Clustering. The proposed method
incorporates adversarial fairness to achieve group invariant clus-

ter assignment and structural preservation to deliver partition with
guaranteed cluster validity.

4.1. Framework Overview

Figure 2 shows the overall framework of the pro-
posed Deep Fair Clustering (DFC) for fair and clustering-
favorable representation learning. To generate fair repre-
sentations, DFC uses the min-max game strategy with the
encoder producing the expected representation and the dis-
criminator predicting protected subgroup membership. Fair
representations are achieved when the discriminator can-
not distinguish between representations from different pro-
tected subgroups. However, this is not enough to guarantee
the representation is effective for data partition. Due to the
unsupervised nature of cluster analysis, we propose a self-
supervised structural preservation objective to guide repre-
sentation learning. We assume that if a pair of data points
in one protected subgroup is similar to each other, then they
should be assigned the same cluster label in fair clustering
as well. To achieve this, we separately conduct the clus-
tering algorithm on each protected subgroup and obtain the
pseudo soft assignments to guide deep fair clustering.

4.2. Objective Function

Let D, F, and A represent the functions of discrimina-
tor, encoder, and cluster assignment, respectively. We have
the hidden representation Z = F(X). The assignment
A : Z — RVN>XK is a kernel function, and the soft assign-
ment is obtained by P = A(Z). D : P — RY*M g the
protected subgroup membership discriminator. The objec-
tive function of the proposed Deep Fair Clustering consists
of three parts, fairness-adversarial loss, structural preserva-
tion loss, and clustering regularizer. In what follows, we
provide details on these three separate terms and the clus-
tering label assignment strategy for the proposed model.

Fairness-Adversarial Loss. When the sensitive at-
tribute GG is a categorical variable, we aim to achieve our
fairness definition by encouraging the partition to be statis-
tically independent of each sensitive attribute. To achieve
this goal, we expect the distribution of soft assignments
for samples belonging to different protected subgroups to
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be close, i.e., to minimize the distribution divergence on
cluster assignments between different subgroups. By re-
ducing the divergence, the partitioning across all subgroups
approach to the same, so that DFC enables each cluster
to hold equivalent fractions of samples from different pro-
tected subgroups and executes cluster analysis unrelated to
sensitive attributes. We implement a method based on the
adversarial training technique as it delivers favorable per-
formance in both learning and approaching a given distri-
bution [12]. The fairness-adversarial loss can be written as:

Li:=LDoAoF(X), G), (2)

where L is the cross-entropy loss function, and o denotes
the function composition. Here we maximize D with the
probability of assigning the correct membership label for
each sample, and expect assignments obtained by F and A
to confuse D simultaneously. F, A and D conduct the mini-
max game for fairness-adversarial loss that ensures partition
distributions over all the subgroups similar to each other.

Structural Preservation Loss. The above fairness-
adversarial term encourages invariant soft assignments w.r.t.
different protected subgroups and leads to a model that is
invariant to sensitive attributes. However, there is a degen-
erate solution where the representation function F reduces
to a constant function if we solely optimize L£¢. Such con-
stant mapping will destroy the existing structure for cluster
analysis in the original data. To this end, in order to capture
clustering-favorable representation under the constraint of
fairness and unsupervised nature, we move a step further
towards the goal of preserving the clustering structure in-
side each subgroup. Specifically, we expect the subsets of
deep fair clustering for each protected subgroup hold simi-
lar cluster structures with the partition individually on each
protected subgroup. From this point of view, we propose a
structural preservation loss L as follows:

A oA T
S
g€[M]

where Pg and P, are the soft assignment on g-th protected
subgroup in the individual partition and deep fair clustering.
Clustering Regularizer. Inspired by other deep cluster-
ing [5, 6], we employ a clustering regularizer to strengthen
the predicted confidence and prevent large clusters. Dif-
ferent from [32], we carry out the clustering regularizer on
each protected subgroup to avoid that one cluster is dom-
inated by instances with the same sensitive attribute. The
auxiliary target distribution (@ is firstly calculated by:

() Saex, 2
S e () S ey, pi)

where py, is the probability of sample x assign to k-th clus-
ter, and X, is the subgroup that the instance belong to. The

2
rpy || 3

“)

clustering constrained loss is KL divergence between soft
assignment and auxiliary target distribution:

>y Zpklogf )

gE[M] z€X 4 kE[K]

L.:=KL(P| Q)=

Clustering Assignment. We follow [32] to use Student

t-distribution for assignment, which can be calculated as:
a+1
1+ |z —cill /)~ 2
p = (L4l I /a) . ®

e+ llz —ewl*/a)

where « is the degree of freedom of Student’s t-distribution.
P represents the assigned confidence between representa-
tion z and cluster ci. To sum up, the overall objective func-
tion for the proposed deep fair clustering can be written as
the following minimax saddle point problem:

max oafLy —als — L, (7N

i L 8
min - oLy, 3
where oy and o are trade-off hyper-parameters.

4.3. Theoretical Analysis

In the above, we use the adversarial fairness term as a
regularizer to find clusters that are invariant w.r.t. the sensi-
tive attribute. In this subsection, we provide formal analysis
on the impact of fairness constraint on the clustering qual-
ity. In the limit of perfectly fair clustering, the quality of
clustering results on the whole population is almost as good
as that on each protected subgroup. In a nutshell, this result
implies that in a sense our algorithm does not incur extra
quality loss under our fairness constraint.

Assume that each data point x has a corresponding exter-
nal label y € ). For example, in the case of digit clustering,
the external label y corresponds to the digit label of the input
image. To this end, we use variable Y to denote the exter-
nal label of X. Given a clustering assignment C(X), this
defines a joint distribution over Y and C'(X) from which
we use the mutual information I(Y; C(X)) as a measure of
the quality of clustering algorithm. It is easy to verify that
I(Y; C(X)) is invariant under label shuffling, which makes
it a particularly suited measure in cluster analysis. Intu-
itively, the higher the mutual information I(Y’; C(X)), the
more aligned the clustering result is with the structure given
by the external label. Based on these notations, we have the
main theorem of deep fair clustering written as follows *:

Theorem 4.1. Let X ~ D be the input random variable
of the clustering algorithm C'. If the clustering assignment
C(X) is independent of the sensitive attribute G, then

I(Y; < Y Pr(G=g) 1Yy C(X,), 9

g€[M]

2The detailed proof is provided in the supplementary material.
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Table 1. Characteristics of four datasets used in experiments. Due to the discrepancy in the ratio of the number of instances in different
protected subgroups and the number of classes, the maximum value of Balance and Entropy are different across four datasets.

Dataset | Type | #Instances | # Classes | # Dim. | Sensitive Attribute | Max of Bal. | Max of Ent.
MNIST-USPS digital 67,291 10 1,024 source of digital 0.120 2.303
Color Reserve MNIST | digital 120,000 10 1,024 | original or reversed 1.000 2.303
MTFL face 2,000 2 50,176 | with or w/o glasses 1.000 0.693
Office-31(A&W) object 3,612 31 50,176 domain source 0.273 3.434

% ‘
Figure 3. Visual examples in four datasets. From left to right column,

and Office-31. The upper and lower row present images with different protected attributes: from MNIST or from USPS; with glasses or
without glasses; reversed one or the original one; select from Amazon or select from Webcam.

where X is the input random variable in the g-th protected
subgroup and Yy, is the corresponding external label of X .

Realize that without any assumption, the mutual infor-
mation is neither convex nor concave in terms of the joint
distribution over C(X) and Y. As a comparison, under our
fairness constraint, i.e., clustering assignment C(X) is in-
dependent of the sensitive attribute G, then Theorem 4.1
claims that the mutual information I(C(X);Y’) becomes
convex, which implies that the overall clustering quality can
be bounded by a convex combination of the individual clus-
tering quality when applying the same algorithm C(-) to
each protected subgroup. Similarly, if the entropy of cluster
assignment is chosen to measure the balance of clustering
(as one of the measurements we conduct in experiments),
we have a nicer proposition as follows:

Proposition 4.1. Let X ~ D be the input random variable
of the clustering algorithm C'. If the clustering assignment
C(X) is independent of the sensitive attribute G, then

H(C(X) = Y Pr(G=g)-H(C(X,)).
g€[M]

(10)

In words, Proposition 4.1 shows that under the fairness
constraint, if the clusters are well-balanced in size when we
apply the same algorithm C/(-) individually on each demo-
graphic subgroup, the clusters will also be balanced if in-
stead we use all the data for clustering.

5. Experimental Analysis

In this section, we provide extensive experimental results
on four datasets. Recent methods of deep clustering and
fair clustering are used for comparison to demonstrate the
superior of deep fair clustering in terms of cluster validity
and fairness measurement, respectively. Finally, we provide
in-depth explorations for our method in four aspects.

three columns represent one dataset: MNIST-USPS, MTFL, MNIST,

1 S 8

5.1. Setup for Experiments

Dataset. Four public datasets are simulated to evaluate deep
fair clustering. Some characteristics and visual examples
of these four datasets are shown in Table 1 and Figure 3.
(1) MNIST-USPS. We construct MNIST-USPS dataset using
all the training digital samples from MNIST® and USPS*
dataset, and set the sample source as the protected attribute
(MNIST or USPS). (2) Color Reverse MNIST. We reverse
images from MNIST via pixel=255—pixel and concatenate
original images to build this dataset. Here the sample source
from reversed or original one is set as the protected at-
tribute. (3) MTFL. Multi-task Facial Landmark (MTFL)
dataset [36] consists of 12,995 images used for facial recog-
nition and landmarks detection. It also labels every image
with gender, smiling, with or w/o glasses, and the degree
of the pose. We set the glasses-wearing as the protected
attribute and measure the clustering validity toward gender.
We randomly sample 1,000 images with and without glasses
to build the balanced dataset for fair clustering. (4) Office-
31. This dataset [28] is originally used for domain adap-
tation. It consists of images with 31 different categories
collected from three distinct domains: Amazon, Webcam,
and DSLR. Each domain contains all the categories but with
different shooting angles, lighting conditions, or the form
of presentation, etc. We select Amazon and Webcam for our
experiments because these two has the largest domain diver-
gence, and set the domain source as the protected attribute.
Implementation. We employ convolutional variational
autoencoder for MNIST-USPS and Color Reverse MNIST
datasets. We pretrain the autoencoder with sample self-
construction and use the encoder for fair feature learning.
The encoder consists of four convolutional layers followed
with batch normalization and non-linear activation. The

3http://yann.lecun.com/exdb/mnist/
“https://www.kaggle.com/bistaumanga/usps-dataset
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Table 2. Quantitative results on MNIST-USPS and Color Reverse
MNIST datasets in terms of cluster validity and fairness.

MNIST-USPS

Method Acc NMI  Balance Entropy

AE[17] 0.624  0.504 0.017 2.294/2.053
DEC [32] 0.586  0.686 0.000 2.082/1.735
DAC [6] 0.757  0.703 0.000 2.188/0.000
CIGAN [26]  0.343  0.212 0.000 2.096/1.912
ScFC [2] 0.176  0.053 0.120 2.219/2.219
SpFC [18] 0.162  0.048 0.000 2.196 /1.902
FCC [39] 0.560 0.461 0.032 2.288/2.193
FAlg [3] 0.621  0.496 0.093 2.295/2.227
Ours 0.825 0.789 0.067 2.301/2.265

Color Reverse MNIST

Method Acc NMI  Balance Entropy

AE[17] 0.357 0.352 0.005 1.850/1.645
DEC [32] 0.401 0.480 0.000 1.774/1.384
DAC [6] 0.309 0.193 0.623 2.291/2.289
CIGAN [26]  0.166  0.034 0.000 0.669 /7 1.995
ScFC [2] 0.268  0.105 1.000 2.27712.277
SpFC [18] 0.137  0.020 0.000 1.767 /2.035
FCC [39] 0.349  0.295 0.021 1.904 /1.638
FAlg [3] 0.295  0.206 0.667 2.253/2.287
Ours 0.577 0.679 0.763 2.294/2.301

decoder is the same but reversed architecture. For MTFL
and Office-31, considering their complex and high resolu-
tion images, we use ImageNet-pretrained ResNet50 [14] as
the feature extractor. We resize images to 32 x 32 and set
batch size as b = 512 for two digital datasets, and 224 x 224
with batch size b = 128 for the latter two. We set trade-off
hyper-parameters in overall objective function default to 1.
For Office-31, to ensure the model convergence, we calcu-
late avs=(512/128)2-(31/10) with respect to the number of
clusters and batch size in MNIST-USPS. We set initial learn-
ing rate Ir;,;;=1e — 4 for Adam optimizer, then gradually
adjust learning rate by I = I74,;;(1 + 10t)~%75, where t is
the training process changed from 0 to 1 linearly, and train
till its convergence. The learning rate for the discrimina-
tive classifier is 10 times the learning rate for encoder and
centroids. « in Student’s t-distribution is set to 1.

Competitive Methods. Except feature extraction conjunct
with K-means [1], we include three deep clustering meth-
ods, Deep Embedding Clustering [32], Deep Adaptive Clus-
tering [6], and ClusterGAN [26], and four fair clustering
algorithms, Scalable Fair Clustering [2], Spectral Fair Clus-
tering [ 18], Fairness Constraints Clustering [39], and Fair
Algorithm for Clustering [3] for comparison, thanks to their
open-source codes. Notably, we use the same encoder ar-
chitecture for all comparable methods for feature extraction
to achieve fair comparison. For Spectral Fair Clustering,
we construct adjacency weight graph by Gaussian kernel,
and randomly select 5, 000 samples from MNIST-USPS and
Color Reverse MNIST datasets for the experiment, respec-
tively, because the original size of adjacency matrix is ex-
ceeded 32GB the maximum of experimental memory.

Table 3. Quantitative results on MTFL and Office-31 dataset in
terms of cluster validity and fairness.

MTFL

Method Acc NMI  Balance Entropy

ResNet50 [14]  0.648  0.176 0.406 0.693/0.509
DEC [32] 0.520  0.030 0.711 0.660/0.576
DAC [6] 0.563  0.002 0.950 0.665/0.673
CIGAN [26] 0.727  0.161 0.490 0.600/0.675
ScFC [2] 0.627  0.030 1.000 0.666/0.576
SpFC [18] 0.565 0.040 0.836 0.683/0.652
FCC [39] 0.658 0.174 0.531 0.693/0.578
FAlg [3] 0.660  0.181 0.666 0.689/0.613
Ours 0.719  0.190 0.986 0.693/0.693

Office-31

Method Acc NMI  Balance Entropy

ResNet50 [14]  0.641  0.691 0.000 3.299/2.775
DEC [32] 0.546  0.604 0.000 3.063/2.937
DAC [6] 0.063  0.041 0.054 1.199/0.918
CIGAN [26] 0.516  0.536 0.000 3.341/3.079
ScFC [2] 0.090  0.056 0.273 3.248/3.248
SpFC [18] 0.096 0.109 0.000 3.260/3.055
FCC [39] 0.652  0.693 0.173 3.401/ 3.400
FAlg [3] 0.689 0.713 0.196 3.343/3.337
Ours 0.692 0.718 0.117 3.422/3.403

Metrics. We conduct four measurements in experiments,
where Accuracy and Normalized Mutual Information (NMI)
evaluate the cluster validity by comparing the obtained par-
tition and external ground true labels. Balance and En-
tropy measure the balancing degree of discovered clusters
towards the protected attribute in each dataset. These four
measurements are calculated as follows:

Z?:l ]lyi:map(y})

Accuracy = —————= |
n
NMI = Zi’j niy log "%+'"ij
V(2 mis log ) (X2 my log 22
ing |C; N X
Balance = min M ,
i Ni+
C;NX C;NnX
Entropyz—z:‘z g‘log‘z g‘,
Ni+ Nni+

%

where 1 is the indicator function, and map(y;) is permuta-
tion mapping function that maps each cluster label y; to the
ground truth label y;, C; and X, denote the i-th cluster and
the g-th protected subgroup, n;;, n;4+ and n, ; represent the
co-occurrence number and cluster size of ¢-th and j-th clus-
ters in the obtained partition and ground truth, respectively,
and n is the total data instance number.

Accuracy and NMI are two positive metrics to evaluate
the cluster quality in terms of classification and information
theory, where a larger value indicates better performance.
Balance measures the minimum ratio of numbers of sam-
ples from different protected subgroups across all the clus-
ters, and the upper bound for Balance is determined by the
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Figure 4. Feature space visualization on Color Reverse MNIST. Samples from different protected subgroups are colored in either red or
blue. Green inverted triangles represent centroids. With the training goes on, features perform clustering structures, and each cluster
contains features with different colors. The final feature space is fair to protected attributes and becomes clustering-favorable as well.

given data distribution. During clustering, one protected
subgroup might get empty in one cluster and Balance goes
to zero, which makes this metric too harsh for fair cluster-
ing evaluation. Here we add Entropy as a compliment that
reflects the distribution of predictions as well as how unfair-
ness the clusters are suffering from. Low entropy reveals
that one subgroup of samples only assigns to a few clusters,
while other clusters are with great unfairness.

5.2. Quantitative Evaluation

We provide quantitative evaluation in Table 2 and Ta-
ble 3, where red indicates the highest result, and blue indi-
cates the second highest one. As shown in tables, deep clus-
tering methods achieve better clustering results compare to
fair clustering on Accuracy and NMI. However, these meth-
ods are not primarily designed for fair clustering, they per-
form poorly in terms of Balance and Entropy. When there
exist feature distribution divergences across different pro-
tected subgroups, deep clustering methods that only rely on
unsupervised trained unfair representations easily partition
given data on the basis of protected attributes and lead to
unfairness. For fair clustering methods, these methods add
fair constraints on original features before or after some
clustering algorithm. Although these methods work well
on low-dimensional datasets, they fail on high-dimensional
large-scale visual data where protected attributes are in-
serted deeply in images which act as a background or en-
tity style instead of a clear attribute indicator. As pointed
out, current fair clustering methods sacrifice the clustering
quality to achieve fairness. Note that although the fairlet
based method Scalable Fair Clustering always achieves the
best and maximum balance value, it performs weakly on
clustering validity, and this is meaningless if we only con-
sider fairness and no matter how the quality of partition is.
The ultimate aim for fair clustering should be the object
that finds an informative as well as a fair partition. It is
much difficult to valid on clustering quality if only focus
on clustering constraints on representation space without
any learnable and clustering information preserved feature
transformation. Moreover, these methods only re-assign
data points with fair constraint and assume initial centroids
are well applicable for fair partition. However, in our ex-

Table 4. Classification accuracy on protected subgroup prediction
with unfair and fair representations. The lower, the better.

| Unfair Representations | Fair Representations

MNIST-USPS 0.995 0.712
Color Reverse MNIST 1.000 0.521
MTFL 0.982 0.919
Office-31 0.997 0.841

periments, the maintain of centroids requires extensive re-
assignment to achieve clustering validity. Differently, in
deep fair clustering, the moving of centroids along the train-
ing process can better preserve clustering structures under
fair constraints. In general, deep fair clustering consis-
tently achieves promising results across all four real-world
datasets in terms of both clustering quality and fairness.

5.3. In-depth Exploration

In this subsection, we present exploration inside the deep
fair clustering model with regard to four different aspects.
We firstly visualize feature transformations during the train-
ing process, and show that learned features are clustering fa-
vorable and balanced in both. Next, by using an additional
classifier, we demonstrate that the trained encoder success-
fully filter information owned to sensitive attributes within
outputted features. Subsequently, guiding by the cluster-
ing structure in each protected subgroups, we reveal the
worst and best class alignment across protected subgroup
and compare them to deep fair clustering. Finally, we con-
duct experiments with various settings for hyper parameters
and hereby verify the effect of each proposed component.
Feature Visualization. We use Color Reverse MNIST
dataset for visualization due to the balanced sensitive at-
tribute in each cluster via t-SNE [23] along the training pro-
cess. As shown in Figure 4, the encoder at the very be-
ginning, separates features according to their protected at-
tribute as denotes by the color red and blue. That is because
the protected attributes play a dominate role in feature rep-
resentations initially. Also, the site for centroids leads the
partition at that time only reflect protected attribute distri-
bution. As the training goes on with the aim of the pro-
posed objective function, the clustering structure starts to
emerge and features with different protected attributes be-
gin to merge. In the end, every cluster contains features that
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Figure 5. Clustering accuracy comparison on fair clustering with
the best & the worst class matching. Deep fair clustering continu-
ally outperforms worst matching by a large margin and approach
closely to best matching on some datasets.

come from different protected attributes and achieve fair-
ness within each cluster. At the same time, the clustering
structures for features are well performed, and centroids are
learned to be at the center of each cluster of features, both
of which lead features to be clustering-favorable.

Fair Representations. Here we showcase our fair represen-
tations is effective not only evaluated by external sensitive
attributes, but also validated by the well-trained classifier.
Taking original images as input, we firstly train a classifier
conjunct an encoder (same architecture with previous ex-
periments for each dataset) jointly from scratch using the
membership of different protected subgroups as labels. We
report training accuracy in Table 4 on two different repre-
sentations with the same type of classifier. Results show
that membership for each protected subgroup can be well
recognized by the classifier with unfair representations as
the input. The classifier achieves accuracy close to 100%
on four datasets, which means protected attributes can be
easily detected by label-oriented representations, and these
representations can be seen as an unfair one. Next, to show
the fairness in our proposed method, we use representations
outputted by the fair encoder obtained by deep fair cluster-
ing to serve as input for the classifier, then train the classifier
using memberships as labels the same to the previous exper-
iment. With the same procedure the classifier performance
on our learned representation drops. The gap demonstrates
that representations in deep fair clustering correlate slighter
with protected attributes, where even the well-trained clas-
sifier is hard to detect different memberships.

Label Matching. Fair clustering problem can also be
viewed as a cluster label matching problem, where the com-
plete dataset is split into several protected subgroups by the
sensitive attributes. Followed by the partition on each sub-
datasets, we obtain the final clustering achieved by match-
ing the cluster labels among several partitions. However, we
cannot guarantee the cluster across different partition match
correctly since there is no guidance in the matching process.
When K is large, the matching suffers from a considerable
high risk of cluster misalignment. Here we approximate the
clustering accuracy of the best and worst matching by the
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Figure 6. Parameter analysis on oy and as. (a) o is set as 0 with
varied oy to show how adversarial fairness contributes to balance.
(b) oy is set as 1 with varied o to show the enhancement on
clustering quality brought by structural preservation.

above procedure, where the calculation is illustrated in the
supplementary material. Figure 5 shows the clustering ac-
curacy comparison on fair clustering the best and the worst
matching performance. For ScPC and SpFC, they, unfor-
tunately, perform even worse than the worst matching with
unfair deep representation. This verifies one of our motiva-
tions for fair and clustering-favorable representation learn-
ing. On the contrary, deep fair clustering consistently sur-
passes the worst matching and is approximate to the accu-
racy of best matching on MNIST-USPS, MTFL and Office-
31. It demonstrates that deep fair clustering is capable of
capturing the similarity between samples across different
protected subgroups, and the delivered partition is effective
according to both clustering quality and fairness.
Parameter Analysis. It is straightforward to see that ad-
versarial fairness and structural preservation contribute to
clustering balance and quality, which are controlled by the
hyper-parameter oy and o, respectively. We conduct ex-
periments on several choices of parameters in our objective
function and report the corresponding performance in Fig-
ure 6. When oy, = 0, our model removes the structural
preservation term and oy controls the fair representation
learning. A large value of oy leads to a more balanced par-
tition. On the contrary, o plays a crucial role in making the
learned representations favorable to partition, where a large
value of a; indicates a high-quality data partition.

6. Conclusion

In this paper, we considered fairness in deep cluster-
ing for large-scale high-dimensional visual learning, and
proposed a deep fair clustering method to learn a fair and
clustering-favorable representation for clustering and si-
multaneously to hide sensitive attributes. Moreover, we the-
oretically analyzed the performance guarantee of clustering
quality with fairness constraint. Extensive experimental re-
sults on four visual datasets demonstrated the superior per-
formance of our proposed methods over the recent fair clus-
tering and deep clustering methods in terms of both the per-
formance of cluster validity and fairness measurement.
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