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ABSTRACT

The fairness of clustering algorithms has gained widespread attention across var-
ious areas in machine learning. In this paper, we study fair k-means clustering
in Euclidean space. Given a dataset comprising several groups, the fairness con-
straint requires that each cluster should contain a proportion of points from each
group within specified lower and upper bounds. Due to these fairness constraints,
determining the locations of k centers and finding the induced partition are quite
challenging tasks. We propose a novel ‘“Relax and Merge” framework that returns a
(14 4p + O(€))-approximate solution, where p is the approximate ratio of an off-
the-shelf vanilla k-means algorithm and O(€) can be an arbitrarily small positive
number. If equipped with a PTAS of k-means, our solution can achieve an approxi-
mation ratio of (5 + O(¢)) with only a slight violation of the fairness constraints,
which improves the current state-of-the-art approximation guarantee. Furthermore,
using our framework, we can also obtain a (1+4p+O(¢))-approximate solution for
the k-sparse Wasserstein Barycenter problem, which is a fundamental optimization
problem in the field of optimal transport, and a (2 + 6p)-approximate solution for
the strictly fair k-means clustering with no violation, both of which are better than
the current state-of-the-art methods. In addition, the empirical results demonstrate
that our proposed algorithm can significantly outperform baseline approaches in
terms of clustering cost.

1 INTRODUCTION

Clustering is one of the most fundamental problems in the area of machine learning. A wide range of
practical applications rely on effective clustering algorithms, such as feature engineering (Glassman
et al.,2014;|Alelyani et al.||2018]), image processing (Coleman & Andrews),|1979;|Chang et al.| 2017)),
and bioinformatics (Ronan et al., 2016; Nugent & Meila,|[2010). In particular, the k-means clustering
problem has been extensively studied in the past decades (Jain, 2010). Given an input dataset P C R,
the goal of the k-means problem is to find a set .S of at most & points for minimizing the clustering
cost, which is the sum of the squared distances from every point of P to its nearest neighbor in S. In
recent years, motivated by various fields like education, social security, and cultural communication,
the study on fairness of clustering has in particular attracted a great amount of attention (Chierichetti
et al.,[2017; Bera et al.,2019; Huang et al., | 2019; Chen et al., [2019; |Ghadir1 et al., 2021).

In this paper, we consider the problem of («, 3)-fair k-means clustering that was initially proposed
by |Chierichetti et al.| (2017)) and then generalized by Bera et al.| (2019). Informally speaking, we
assume that the given dataset P consists of m groups of points, and the “fairness” constraint requires
that in each obtained cluster, the points from each group should take a fraction between pre-specified
lower and upper bounds. Bera et al.| (2019) showed that a p-approximate algorithm for vanilla
k-means can provide a (2 + /p)- approximate solution '|for (v, 8)-fair k-clustering with a slight
violation on the fairness constraints, where the “violation” 1s formally defined in Section[2] Regarding
the no violation scenario, Dai et al.{(2022) and|Wu et al.| (2024) both obtained a O(logk)-approximate
solution for fair k-median. [Wu et al.| (2024) achieved a quasi-polynomial-time approximate scheme.

'In their paper, the approximate ratio is written as (2 4 p) because they added a squared root to the k-means
cost function.
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Furthermore, [Bohm et al.| (2021) studied the “strictly” fair k-means clustering problem, where it
requires that the number of points from each group should be uniform in every cluster; they obtained
a(2+ \/5)2 approximate solution without violation. These fair k-means algorithms can also be
accelerated by using the coreset techniques, such as (Huang et al.| 2019} |Braverman et al.| 2022
Bandyapadhyay et al.,[2024). There also exist polynomial-time approximation scheme (PTAS) for fair
k-means, such as the algorithms proposed in (Bohm et al.} 2021} Schmidt et al., 2020; Bandyapadhyay
et al., [2024)), but their methods have an exponential time complexity in k. We are also aware of
several other different definitions of fairness for clustering problems, such as the proportionally fair
clustering (Chen et al.| 2019; Micha & Shah| |2020) and socially fair k-means clustering (Ghadiri
et al.| 20215 |Abbasi et al., 2021 Makarychev & Vakilian, [2021; (Chlamtac et al., [2022).

Another problem closely related to fair k-means is the so-called “k-sparse Wassertein Barycenter
(WB)” (Agueh & Carlier, [2011)) (the formal definition is shown in Section E]) The Wasserstein
Barycenter is a fundamental concept in optimal transport theory, and it represents the “average” or
central distribution of a set of probability distributions. It plays a crucial role in various applications
such as image processing (Bonneel et al., 2015} |Cuturi & Doucet, 2014)), data analysis (Rabin et al.,
2012), and machine learning (Backhoff-Veraguas et al.| 2022; Metelli et al., [2019). Given m > 1
discrete distributions, the goal of the k-sparse WB problem is to find a discrete distribution (i.e., the
barycenter) that minimizes the sum of the Wasserstein distances (Villani, 2021) between itself to all
the given distributions, and meanwhile the support size of the barycenter is restricted to be no larger
than a given integer £ > 1. If relaxing the “k-sparse” constraint (i.e., the barycenter is allowed to
take a support size larger than k), |Altschuler & Boix-Adseral (2021) presented an algorithm based on
linear programming, which can compute the WB within fixed dimensions in polynomial time. If
the locations of the WB supports are given, the problem is called “fixed support WB”, which can
be solved by using several existing algorithms (Claici et al., 2018 |Cuturi & Doucet, 2014; |Cuturi
& Peyrél [2016; [Lin et al.,[2020). If we keep the “k-sparse” constraint, it has been proved that the
problem is NP-hard (Borgwardt & Patterson, |2021). To the best of our knowledge, the current lowest
approximation ratio of k-sparse WB problem is also (2 + \/ﬁ)Q (same with the aforementioned
approximation factor for fair k-means), as recently studied by|Yang & Ding (2024). In fact, we can
regard this problem as a special case of fair k-means clustering, where each input distribution is an
individual group and the unique cost measured by “Wasserstein distance” is implicitly endowed with
a kind of fairness. This observation from |Yang & Ding|(2024) inspires us to consider solving the
k-sparse WB problem under our framework.

Why fair k-means is so challenging? Though the fair k-means clustering has been extensively
studied in recent years, their current state-of-the-art approximation qualities are still not that satisfying.
The major difficulty arises from the lack of “locality property” (Ding & Xu, 2020; Bhattacharya et al.|
2018)) caused by fair constraints. More precisely, in a clustering result of vanilla k-means, each client
point obviously belongs to its closest center. That is, a k-means clustering implicitly forms a Voronoi
diagram, where the cell centers are exactly the k cluster centers, and the client points in each Voronoi
cell form a cluster. However, when we add some fair constraints, such as requiring that the proportion
of points of each group should be equal in each cluster, the situation becomes more complicated.
Given a set of cluster center locations, because the groups of client points within a Voronoi cell may
not be equally distributed, some points are forced to be assigned to other Voronoi cells. This loss of
locality introduces significant uncertainty for the selection of cluster center positions. The previous
works (Bera et al., 2019; Bohm et al., 2021)) do not pay much attention on how to handle this locality
issue when searching for the cluster centers, instead, they directly apply vanilla k-means algorithms
to the entire input dataset or a group, and use the obtained center locations as the center locations for
fair k-means. It is easy to notice that their methods could result in a certain gap with the optimal fair
k-means solution. To narrow this gap, we attempt to design some more effective way to determine
the center locations, where the key part that we believe, should be how to encode the fair constraints
into the searching algorithm.

Our key ideas and main results. Our key idea relies on an important observation, where we find
that the fair k-means problem is inherently related to a classic geometric structure, “e-approximate
centroid set”, which was firstly proposed by Matousek]| (2000). Roughly speaking, given a dataset,
an e-approximate centroid set should contain at least one point that approximately represents the
centroid location of any subset of this given dataset. It means that the e-approximate centroid set
contains not only the approximate centroids based on the Voronoi diagram, but also the approximate
centroids of those potential fairness-preserving clusters.
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Inspired by the above observation, we illustrate the relationship between fair k-means and e-
approximate centroid set first, and then propose a novel Relax-and-Merge framework. In this
framework, we relax the constraints on the number of clusters k; we focus on utilizing fair constraints
to cluster the data into small and fair clusters, which are then merged together to determine the
positions of k cluster centers. As shown in Table [I| our result is better than the state of the art
works (Bera et al.l 2019; [Bohm et alJ,[2021). Equipped with a PTAS for k-means problem (e.g., the
algorithm from Cohen-Addad et al.[(2019)), our algorithm yields a 5 + O(¢) approximation factor.
We also present two important extensions from our work. The first extension is an (1 4+ 4p + O(e))
solution for k-sparse Wasserstein Barycenter. The second one is about strictly fair k-means. We
give a refined algorithm of Relax and Merge that yields a no-violation solution with a (2 + 6p)
approximation factor, which is better than the state of the art work (Bohm et al., 2021)).

Approximation When

Algorithms ratio p=1+0() Note on the quality
Bera et al.| (2019) 2+ /p)? 9+ O(e) general case
Schmidt et al.[(2020) 5.5p+ 1 6.5 + O(e) two groups only
Bohm et al.{(2021)) (2+ /p)? 9+ O(e) strictly only, no violation
Yang & Ding|(2024) 2+ /p)? 9+ O(e) k-sparse WB
Algorithm |1} now 1+4p+ O(e) 54 O(e) general case
Algorithm 2| now 24 6p 8+ Of(e) strictly only, no violation

Table 1: Comparison of the approximation ratios for fair k-means and k-sparse WB. The “general
case” includes («, 3)-fair k-means, strictly (o, 8)-fair k-means and k-sparse WB.

Other Related Works on k-Means The vanilla k-means problem is a topic that has been widely
studied in both theory and practice. It has been proved that k-means clustering is NP-hard even
in 2D if k is large (Mahajan et al., [2012)). In high dimensions, even if k is fixed, say £ = 2, the
k-means problem is still NP-hard (Drineas et al., [2004)). Furthermore, Lee et al.| (2017) proved
the APX-hardness result for Euclidean k-means problem, which implies that it is impossible to
approximate the optimal solution of k-means below a factor 1.0013 in polynomial time under the
assumption of P # NP. Therefore, a number of approximation algorithms have been proposed in
theory. If the dimension d is fixed, Kanungo et al.|(2002) obtained a (9 + O(¢))-approximate solution
by using the local search technique. Roughly speaking, the idea of local search is swapping a small
number of points in every iteration, so as to incrementally improve the solution until converging at
some local optimum. Following this idea, (Cohen-Addad et al.| (2019) and [Friggstad et al.| (2019)
proposed the PTAS for k-means in low dimensional space. For high-dimensional case with constant
k, Kumar et al.| (2010) proposed an elegant peeling algorithm that iteratively finds the % cluster centers
and eventually obtain the PTAS.

2 PRELIMINARIES

Notations. In this paper, we always assume that the dimensionality d of the Euclidean space is
constant. Let P denote the set of n client points located in Euclidean space R?. The set P consists
of m different groups (not necessarily disjoint), i.e., P = U:’;lP(i), and each group has the size
|[P®| = n(» (we use the superscript “(i)” to denote the group’s index). The Euclidean distance
between two points a,b € R? is denoted by ||a — b||; the distance between a point a and any set
@ C R%is denoted by dist(a, Q) = mingeq ||a — ¢||, and the nearest neighbor of a in @ is denoted
as M (a, Q). The centroid of a set Q) is denoted by Cen(Q).

For the vanilla k-means problem, the client points are always assigned to their nearest center. However,
if the fairness constraint is considered, the assignment may not be that straightforward. To describe
the fair k-means clustering more clearly, we introduce the “assignment matrix” first. Given any
candidate set of k cluster centers S, we define the assignment matrix ¢g : P x S — R to indicate
the assignment relation between the client points and cluster centers. For every p € P and s € S,
®s(p, s) denotes the proportion that is assigned to center s (e.g., we may respectively assign 30%
and 70% to two different centers). Obviously, we have | __ o ¢5(p, s) = 1. For each center s € S,

we use w(s) = > p $s(p, s) to denote the amount of weight assigned to s; for each group P®,
we similarly define the function w(® (s) = > pep ¢s(p,s). Let Cost(P, S, ¢s) denote the cost of
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input instance P with given S and ¢s:

Cost(P, S, ¢s) = ZZ||p—S||2¢S(paS)- @

peP seS

Problem 1 ((«, 8)-fair k-means clustering (Bera et al.,|[2019)). Given an instance P as described
above and two parameter vectors «, 5 € [0, 1]™, the goal of the (a, 3)-fair k-means clustering is
to find the set S consisting of k points and an assignment matrix ¢g, such that the clustering cost
is minimized, and meanwhile each cluster center s € S should satisfy the fairness constraint:
Biw(s) < w®(s) < ayw(s) for everyi € {1,2,--- ,m}. Here, we use v, B; to denote the i-th
entry of « and 3, respectively.

Moreover, if the m groups are disjoint with equal size (i.e., n() = n/m for any i), and o; = B; =
1/m for each group P9, we say this is a strictly (o, 3)-fair k-means clustering problem.

For Problem [I] we can specify two types of solutions: fractional and integral. Their difference is
only from the restriction on the assignment matrix ¢g. For the first one, each entry ¢s(p, s) can be
any real number between 0 and 1; but for the latter one, we require that the value of ¢g(p, s) should
be either 0 or 1, that is, the whole weight of p should be assigned to only one cluster center.

How to round a fractional solution into integral while preserving fairness constraints is still an open
problem. Bera et al.|(2019) introduced the violation factor to measure the violations of fairness
constraints after rounding: an assignment matrix ¢g is a A-violation solution if 3; Zpe p®s(p,s) —
A< epo @s(p,8) < i) cpds(p,s) + A, Vs € S,Vi € [m]. In their paper, a fractional
solution can always be rounded to integral, but it introduces some violations , which will be discussed
in Section In this paper, we use OPT to denote the optimal integral cost of Problem[I] We
use Sopt = {51, 82, -+ , 8k} to denote the optimal solution of integral fair k-means problem and its
assignment matrix is denoted by ¢s, .. For each 5;, let C; = {p € P | ¢s,,(p,5;) > 0} be the
corresponding cluster, i.e., the set of point assigned to it. A simple observation is that, if given a
fixed candidate cluster centers set S, the assignment matrix ¢ g can be obtained via solving a linear
programming (we can view the n X k entries of ¢g as the variables):

min S e slPos(p, s)

pEP s€S
s.t. 61 Z ¢S(p73) S Z ¢S(p75) S (67 Z ¢S(pa 5)3 Vs € S,V’L S [m]a (2)
pEP peP® peP
Y os(p,s)=1, VpeP.
sesS

If we want to compute an integral solution, the above (2) should be an integer LP. Given a set S, ¢%
denotes the optimal solution of (2) and ¢s denotes the corresponding optimal integral solution.

The following proposition is a folklore result that has been used in many articles on clustering
algorithms (e.g., (Kanungo et al., 2002)). We will also repeatedly use it in our proofs.

Proposition 1. Given a finite weighted point set Q C RY, for any point a, quQ w(q)|la —q||* =
Ygeow(@lla— Cen(Q)||? + w(Q) - ||la — Cen(Q)||%, where w(Q) is the total weight of Q.

Next we introduce an important geometric structure “e-approximate centroid set”, which was firstly
proposed by Matousek| (2000). Roughly speaking, the e-approximate centroid set approximately
covers the centroids of any subset of given data, even though the subsets do not align with the
“Voronoi diagram” structure (as discussed in Section|[I)).

Definition 1. Given a finite set P C R¢ and a small parameter ¢ > 0, we use CS.(P) to denote an
e-approximate centroid set of P that satisfies: for any nonempty subset () C P, there always exists a

point v € CS.(P) such that ||v — Cen(Q)| < g\/ﬁ > 4co lg — Cen(Q)||%

Remark 1. Matousek|(2000) also presented a construction algorithm based on the space partitioning
technique “quadtree” (Finkel & Bentley,[1974). In Appendix[A] we briefly illustrate the role of the
e-approximate centroid set in preserving fairness constraints and how to construct it. The size of the
obtained e-approximate centroid set is O(|P|le~%log(1/¢)) and the construction time complexity is
O(|P|log |P| + | Ple~log(1/e)).
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Next, we give the formal definition of k-sparse Wasserstein Barycenter problem.

Definition 2 (Wasserstein Distance). Let P and () be weighted point sets supported in RY,
Wasserstein distance is the minimum transportation cost between P and Q: W(P,Q) =

ming \/ZpGP >geq F (0 O)llp — ql|?, where the transport matrix F : P x Q — [0, 1] should
satisfy: ZpEP F(p,q) =w(q) forany q € Q, and quQ F(p,q) =w(p) foranyp € P.

For a weighted set S, we use supp(.9) to denote its support, i.e., the set that shares the same location
of S but not weighted. The number of points is supp(,S) is denoted by |supp(.5)]|.

Problem 2 (k-sparse Wassertein Barycenter (k-sparse WB)). Given m discrete probability distri-
butions P ... . P(™) supported on R%, WB is the probability distribution S minimizing the sum
of squared Wasserstein distances to them, i.e., arg ming Z:’;l WQ(P(i), S). The problem is called
k-sparse Wasserstein Barycenter if we restrict |supp(S)| < k

In Section[3.2] we explain why this problem can be regarded as a fair k-means clustering.

3 OUR “RELAX AND MERGE” FRAMEWORK

In general, there are two stages in clustering with fair constraints. The first stage is to find the proper
locations of clustering centers, and the second stage is to assign all the client points to the centers by
solving LP (2). The previous approaches often use the vanilla k-means in the first stage to obtain
the location of centers, and then take the fairness into account in the second stage (Bera et al., 2019;
Bohm et al.l|2021). In our proposed framework, we aim to shift the consideration of fair constraints
to the first stage, so as to achieve a lower approximation factor in the final result. The following
theorem is our main result.

Theorem 1. Given an instance of Problem (I| and a p-approximate vanilla k-means clustering
algorithm, there exists an algorithm that can return a fractional (1 + 4p + O(¢)) approximate
solution for Problem[I| Further, one can apply a rounding method to transform this fractional
solution to an integral one with a constant violation factor while ensuring the cost does not increase.

The details for computing the fractional solution are shown in Algorithm[I]} The set 7" in Algorithm|T]
contains the approximate centroids of all the potential clusters with preserving fair constraints. Then
we solve a linear program to obtain the relaxed solution (7', ¢%.) that also preserves the fair constraints.
Because of that, the following k-means procedure is able to determine the appropriate locations for
the cluster centers of Problem[I1

Algorithm 1: FRACTIONAL FAIR k-MEANS

Input: The dataset P, k, a, 8, and € > 0

Relax: Construct a relaxed solution 7, i.e., an e-approximate centroid set, such that
Cost(P,T,¢%) < (14 O(e)) - OPT (see Lemmal[2). Here, we relax the size constraint of
centers to be polynomial of n rather than exactly k, so as to achieve a sufficiently low cost.

Solve LP (2) on 7' to obtain the optimal assignment matrix ¢7.. 1" and ¢7 can be viewed as a
relaxed solution for («, 3)-fair k-means, i.e., the number of centers may be more than k, and
meanwhile, the cost is bounded and the fairness constraints are also preserved.

Adjust the location of T'. For each ¢ € T', we update the location of ¢ to be the corresponding

W. The adjusted T is denoted by 7 (7).

Merge: Run a p-approximate k-means algorithm on 7(7") to obtain centers set S. Then, solve
LP (2) on S to obtain the optimal assignment matrix ¢3.
return S and ¢

cluster centroid 7 (t) =

3.1 ALGORITHM FOR (a, ) FAIR k-MEANS PROBLEM

In this section, we mainly focus on the fractional version of (c, 3)-fair k-means problem. More
precisely, we allow the value of the assignment function ¢g to be a real number in [0, 1] rather than
{0,1}. To prove Theorem we need the following lemmas first. Specifically, Lemma provides the
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bound for the cost from the merged solution .S; Lemma[2] shows that the e-approximate centroid set
provides a satisfied relaxed solution with a cost no more than (1 4+ O(¢))OPT. Combining with the
rounding methods, Theorem [I|can be obtained.

Lemma 1. Let n) be any positive number. If we suppose Cost (P, T, ¢%.) < n-OPT, then the solution
(S, %) returned by Algorithm is an (17 + (2n+2) p) -approximate solution for Problem

Proof. According to the definition of fractional fair k-means problem, the cost can be written as

COSt(P S ¢S ZZ Hp_ 5” ¢S b;s (3)

peEP s€S

Now we consider another assignment strategy: we firstly assign P to T according to ¢7. ( recall that
@74 is the optimal fractional assignment matrix from P to T'), and then we assign every weighted
point in 7" to some s € S such that s is closest point to 7(¢). Since ¢% is the optimal assignment
matrix from P to S, the cost of this assignment strategy should have:

Z Z llp— ,9)|?¢7(p, ) > Cost(P, S, ¢5). )
peP teT

Since 7 (t) is the centroid of the weighted points assigned to ¢, according to Proposition |1} we know
the left-hand side of (@) should have the upper bound

S I = 1P, 1) + () = N(m(2), $)|*w(®)]

teT peP
=3 > lp=7@Pe3(p,0) + > lIw(t) = N(x (1), )| *w(t) . )
peP teT teT

(a) (b)
Then we bound (a) and (b) separately.

ZZHP*W )27 (p, ) ZZHP*tH ¢7(p,t) <n-OPT. 6)

peEPteT peEP teT

The first inequality holds because 7 (¢) is the centroid of the weighted points assigned to ¢, minimizing
the weighted sum of the squared distances between them. The second inequality holds because
Cost(P, T, ¢%) < n-OPT. Next, we focus on (b). Suppose S,cqns is the optimal k-means solution
of T'. Then we have:

b) = lln(t) = N(x(t),S)|Pw(t) < p ) |In(t) (1), Smeans)|[*w(t)
teT teT
=0 > I7(®) = N((2), Smeans) 267 (1, 1)
peEP teT (7)
=p Z Z Z [7(t) — N (7 (1), Smeam)” ‘bsop, (p, )]¢T(p, t)
pEPtET 3E€Sopt
<p> D1 > lInt) =35, (0, 3)] 6% (0, 1).
pEPtET 3ESopt
Further, according to squared triangle inequality, we have
D<pI 3D e —pll+ Ip = 5765, (0. 5)] 670, 1)
PEPLET  5E€Sopt
<pY > D 2wt —plPe,,, (0, )7 (p, 1)
PEP tET 5€Sop: )

o> 3 > 2lp-5l°¢5,, (0, 5)d7 (0, )

pEP tET §E€Sopt

=20 > Im(t) —plPor0. ) +20 ) > llp— 30765, (0, 3)-

peP teT PEP 5E€Sop:
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The last equality holds because forany p € P, > Sopt Qﬁgnm (p, §) = 1. The first term is exactly 2p

times of (a) and the second term equals 2p - O PT'. Through combining (a) and (b), we can obtain an
approximation factor of n + (27 + 2)p. O

Algorithm [I]reduces the fair k-means problem to computing the set 7". The following lemma shows
that an e-approximate centroid set is a good candidate for 7.

Lemma 2. If T is an e-approximate centroid set of P, then Cost(P, T, ¢%) < (14 O(¢€))OPT.

Proof. According to Definition |1} let ¢t; € T denote the point such that ||t; — Cen(C;)|| <
%\/ﬁ > pec, Ip—Cen(Cy)|[?. Let T" = {t1,--- ,tx}. A key observation is that each opti-

mal center §; is always the centroid of Cj, i.e., cen(C;) = 3;, so we have ||t; — Cen(C;)|* <
~ 2 ~
p—35|*= ﬁOPTi, where OPT; = Epeci lp — 52

2
€
9)Ci] 2pecs

If we assign all points of C; to t;, the cost of every C; can be written as Zp co, lIti — plI> =

2
- . €
Do Nt =&l + D lIp—5il* < G OPT; + OPT; = (14 0(e))OPT;. )
PeC; PeC;
The first equality holds due to Proposition |1} Since ¢%. is the optimal assignment matrix of 7",
Cost(P, T, ¢%) < S0 Y e, Iti—pl? < (14+0(e)) i OPT; < (1+0(€))OPT. Finally,
since T" is a subset of T', we have Cost (P, T, ¢%) < Cost(P,T", ¢%,) < (1+ O(¢))OPT. O

Through combining Lemma [I]and Lemma[2] we can immediately obtain Lemma 3]

Lemma 3. Equipped with the e-approximate centroid set by Matousek (2000), the cost of the solution
returned by Algorithm|l|is at most (1 + 4p + O(€))OPT. Furthermore, by utilizing the PTAS of
vanilla k-means algorithm, the cost of the solution is at most (5 + O(e))OPT.

Rounding for integral solution. Note that Lemma[3|only guarantees a fractional solution. Recall the
“violation factor” introduced in Section[2] According to the rounding method proposed in (Bera et al.}
2019), a fractional solution of Problem [ﬁ]can be rounded to be integral with (3A +4) violation, where
A is the maximum number of groups a point can join in (e.g., if a point can belong to three groups,
A should be equal to 3). Their main idea is to reduce the fair assignment problem to the minimum
degree-bounded matroid basis (MBDMB) problem, and then solve the MBDMB by iteratively solving
a linear program (LP). In the current article, we further propose a new rounding method that can
improve this violation factor to “2” when assuming A = 1, i.e., the groups are mutually disjoint,
and the each point belongs to exactly one group (if using the method of (Bera et al., 2019), the
factor should be 7). Actually, it is natural to assume that the groups are disjoint, e.g., each person
may belong to one race. Fair clustering problem in disjoint groups has also been studied in Bercea
et al.| (2018); ' Wu et al.| (2022)); Chierichetti et al. (2017). Our key idea is building a ‘“hub-guided”
minimum cost circulation problem. Roughly speaking, we utilize a set of carefully designed “hubs”
in a transportation network, for guiding the integral fair matching between the input points and the
obtained cluster centers. We show the result in Lemmald] and place the proof to Appendix [C|due to
the space limit.

Lemma 4. [f the groups are mutually disjoint, one can round the fractional solution returned by
Algorithm[I|to be integral with at most 2-violation, while the cost does not increase.

Finally, Theorem|I]can be obtained by combining either the rounding method from (Bera et al.| 2019)
for general case, or Lemma ] for disjoint case.

Overall time complexity. As we mentioned in Remark [I| computing an e-approximate centroid
set of P needs O(nlogn + ne~%log(1/¢)) time. The adjustment of the location of T can be
completed in O(kn) time. Suppose the time complexities of linear programming, vanilla k-means
are denoted by Tz p and Tpcqns, respectively. The overall time complexity of Algorithm E] is
O(nlogn + ne~%log(1/€)) + Trp + O(kn) + Tmeans- It is worth noting the the complexity can
be further reduced by using the assignment preserving coreset ideas (Huang et al.| 2019} Braverman
et al.| [2022; |Bandyapadhyay et al.l|2024). By doing this, we need to introduce an extra running time
for coreset construction, which is linear to n, but we can compress the data size from n to poly(k, €).
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3.2 EXTENSION TO k-SPARSE WASSERSTEIN BARYCENTER

A cute property of Algorithm I]is that it can be easily extended to address the k-sparse WB problem.
Recall the definition of k-sparse WB in Problem The given m distributions can be viewed
as m groups of weighted points. And the sum of Wasserstein distances between barycenter and
given distributions can be rewritten as the sum of squared Euclidean distances from P to the
centers. Moreover, the flows induced by Wasserstein distances between barycenter and the given
distributions can implicitly ensure the fairness, i.e., for each point s in barycenter, w( (s) = Lw(s)
for any ¢ € [m]. Namely, we can directly perform our “Relax and Merge” framework by setting
a; = B; = 1/m. First, we calculate the e-approximate centroid (here we ignore the weight of
points) set to obtain 7', then we use 71" as the support of the Barycenter to run a “fixed support” WB
algorithm (Claici et al.l [2018}; |Cutur1 & Doucet, 2014} (Cuturi & Peyrél [2016; |Lin et al., 2020) to
obtain the weights of 7" (due to the space limit, we leave some details on fixed support WB algorithms
to Appendix D). Finally, we run a vanilla k-means algorithm on 7" to obtain the k-sparse solution.

Theorem 2. If T is an e-approximate centroid set of U™, P(), Algorithmreturns a(1+4p+0(e))-
approximate solution for k-sparse Wasserstein Barycenter problem.

3.3 STRICTLY FAIR k-MEANS WITHOUT VIOLATION

Since the strictly fair k-means is a special case of («, 3)-fair k-means, by using Algorithm and the
rounding technique introduced by Section [3.1] we can obtain an integral solution but with certain
violation. In this section, we consider how to obtain an integral solution with no violation. Specifically,
we compute the fairlet decomposition (Chierichetti et al 2017) for the input groups and use its
centroids as the relaxed solution 7" rather than e-approxiamte centroid set. First, we give the definition
of fairlet decomposition for multiple groups, which extends the original definition of (Chierichetti
et al.l 2017) from two groups to multiple groups.

Definition 3 (Fairlet Decomposition). Given a dataset P that has m equal-sized disjoint groups, We
say a set G of m points is a fairlet of P, if G contains exactly one point from each group of P. A set
G of n/m fairlets is a fairlet decomposition of P, if all fairlets in G are disjoint, where n/m is the
number of points in each group of P.

We define the cost of fairlet decomposition G as Costrairie:(G) = Y geg 2opea I — Cen(G)|2. It
is easy to know that fairlet decomposition is indeed a solution of strictly fair n/m-means. Hence, we
can still use the “Relax and Merge” technique: regard the centroids of fairlets in fairlet decomposition
as a relaxed solution, and then run p-approximate vanilla k-means algorithm on these centroids.
So, we reduce the strictly fair k-means problem to the fairlet decomposition problem. We propose
Algorithm 2] which first computes a 2-approximate fairlet decomposition and then generates a
(2 + 6p)-approximate integral solution for strictly fair k-means.

Algorithm 2: STRICYTLY FAIR k-MEANS

Input: The dataset P = U | PO) k

fori =1t mdo

for j =1tomandi # j do

Compute the perfect one-to-one matching 7;; between P and PU) by using the

Hungarian algorithm (Kuhn, |1955). For each point p € P the point matched with p
in PU) is denoted as 7;;(p).

end

Construct a fairlet decomposition G; (initially empty) according to the matchings: for each

point p € P, add the fairlet {7;1(p), Ti2(p), - - - , Tim (D)} to Gi.

end

Choose G, where v = arg min; Zpepu) ZTzl lp — 7i;(p)||* as G.

Construct the relaxed solution T' = {Cen(G) | G is any fairlet of G}.

Run a p-approximate k-means algorithm on 7', and obtain the solution S.

Integral assignment: Assign all the points according to the fairlet decomposition G, i.e., if a
point p belongs to some fairlet G, then assign p to N'(Cen(G), S).

return S and the obtained integral assignment
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Theorem 3. Algorithm [Z] returns a (2 + 6p)-approximate integral solution of strictly fair k-means.

To prove Theorem [3] we need to prove the following lemma, which shows that G is a 2-approximate
fairlet decomposition. Then, we can use the same idea of Lemma |[I]to obtain Theorem 3] Recall
that Lemmaﬂ] shows that if we have a relaxed solution 7" with a bounded cost i - O PT, then the
merged solution will have constant approximate ratio. Here, 7" obtained by Algorithm 2]also provides
a relaxed solution whose cost does not exceed 20 PT'. Hence, after we merge 1" and obtain S, the
approximate ratio should no more than (1 + (21 + 2)p) = 2 + 6p. Furthermore, if we use PTAS for
k-means, the overall approximate ratio of Algorithm[2]is 8 + O(e).

Lemma 5. If G is the fairlet decomposition obtained by Algorithm then Cost fqiriet(G) < 20PT.

Proof. Suppose G is a fairlet, and we use G(*) to denote the point in G' and belongs to group P*),
ie., GO =GN PY. Weuse Gopr to denote the optimal fairlet decomposition that has the lowest
cost (we cannot obtain Go pr in reality, and here we just use it for conducting our analysis). For each

p € P, let Gopr(p) denote the fairlet of Go pr that p belongs to, i.e., p € Gopr. Suppose that p)
is the “closest” group to Gopr, i.e. u = arg Min;gpm) >, (Gopr(p)) — p||*. We have

Costairtet(G) = Y > Ilp — Cen(@)|”

GegpeG

<> D lp—cen(@* +m Y |G —cen(G)|?

Geg peG Geg

(10)

According to Proposition the right side of equals to Epep(v) Zm Ip — 7u; ()|, sO we
have COStfairlet (g) <

Yo D lp—m@IP< Y ZHP_TW WIF< > ZHP (Gorr ()7 (11)

peP) j=1 peP(w) j=1 peP) j=1

The first inequality holds because v = argmin; - pw) 25—, [P — 7ij(p)[|>. And the last in-
equality holds because 7 is the perfect one-to-one matching. Using Proposition [T] again, we have
Costopr(9) <

S Y lcenGorr®) — Gorr®)VIP +m Y cen(Gorr(p) ~pl*.  (12)

peP () j=1 peP®)

Note that G is the optimal fairlet decomposition, as well as the optimal strictly fair n/m-means
solution, so the first term of 1i should be at most OPT. As for the second term, since P is the
“closest” group to G, it should be no larger than m - iOPT < OPT (because the minimum distance
“> pep lICen(Gopr(p)) — pl||?”” should not exceed the average distance = OPT). Overall, we
complete the proof of Lemma 5] O

4 EXPERIMENTS

In this section, we perform the empirical evaluation on our algorithms. Our experiments are conducted
on a server equipped with Intel(R) Xeon(R) Gold 6154 CPU @ 3.00GHz CPU and 512GB memory.
We implement our algorithms in C++ and python (with linear programming solver gurobi (Gurobi
Optimization, LLC| 2023))). We use the following datasets which are commonly used in previous
works: Bank (Moro et al., [2014)(4522 points with 5 groups), Adult (Becker & Kohavi, |{1996)) (32561
points with 7 groups), Census (Zhou & Chen| 2002)(50000 points with 10 groups), creditcard (Yeh
& Lien, 2009) (30000 points with 8 groups), Biodeg (Mansouri et al.l 2013) (1055 points with
2 groups), Breastcancer (Wolberg, William, Mangasarian,Olvi, Street,Nick, and Street,W., [1995)
(570 points with 2 groups), Moons (scikit-learn developers,, 2007-2023) (200 points with 2 groups),
Hypercube(200 points with 2 groups), Cluto (Karypis et al.,|1999) (800 points with 8 groups), and
Complex (800 points with 8 groups). The last four datasets consist of disjoint and equal sized groups,
so we can perform strictly fair k-means algorithms on them. We place the detailed information of

_ P9

these datasets in Appendix Regarding the selection of o and 3, we set a; = 3; = TP and we
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also discuss more choices for « and 3, and provide more experimental results, including the part of
k-sparse Wasserstein Barycenter, in the Section[F]of the appendix. We use k-means++ (Ostrovsky
et al.| 2013 as the k-means solver in our Algorithmm

Results on (v, 3)-Fair k-means. We compared the cost of (v, 3)-fair k-means of our Algorithm[l]
and baselines. We choose the algorithm proposed by Bera et al.[(2019) (denoted by NIPS19) and
Bohm et al.|(2021) (denoted by ORL21) as the baselines. The construction of an e-approximate
centroid set is a theoretical algorithm that can be replaced by some efficient methods in practice. In our
experiments, we adopted the alternative implementation of [Kanungo et al.|(2002), which combines
the kd-tree (Friedman et al.l|1977) and a sampling technique. Figure|[l|shows that our algorithm gives
the lowest cost of («, 3)-fair k-means, indicating that Algorithm|I{can find better center locations.
This improvement is possible due to that our method considers the fairness information of groups
when choosing the locations of centers.

+— NIPS19 Cost on T of ours = Ours «— ORL21
x10°  Bank x10*  Adult x10** Creditcard x10° Census
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Figure 1: The cost obtained by the algorithms with different k.

Results on Strictly Fair k-means. We compare our strictly fair k-means algorithm with the state-
of-the-art algorithm ORL21 (Bohm et al., 2021). Both ORL21 and Algorithm |Z|can return integral
solution with no violation. Figure [2] shows that our method has significant advantage in terms of the
clustering cost.

Moons Hypercube x10¢  Cluto <107 Complex
200~ \ —+ omL21 | 12007 Lod S 42m e
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Figure 2: The cost of strictly fair k-means.

5 CONCLUSION

In this paper, we utilize the insight on the relationship between the fair k-means problem and a classic
geometric structure, e-approximate centroid set, for developing a novel “Relax and Merge” framework.
It can achieve a (1 4+ 4p + O(¢)) approximation ratio of fair k-means and k-sparse Wasserstein
Barycenter problems, which improves the current state-of-the-art approximation guarantees. There
still exists some open problems: how to obtain an integral approximate solution of general case
without violation? In addition, is it possible to extend our ‘Relax and Merge” framework to other
types of clustering problems, such as the proportionally fair clustering (Chen et al.,2019) and socially
fair k-means clustering (Ghadiri et al., 2021)).

10
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A €-APPROXIMATE CENTROID SET

The algorithm of constructing an e-approximate centroid set is proposed by Matousekl (2000). Here
we briefly introduce the idea. First, we use a quadtree to partition the space into hierarchical cubes.
At each level of the tree, we construct a grid. The length of the grid is set to ensure that the grid
points can always cover all approximate centroids of all cubes at this level. The approximate centroid
set is the union of all grid points across all levels.

In Figure[3] we visually illustrate the difference between the k-means clustering center and the fair
k-means clustering center. The vanilla k-means induces a Voronoi diagram, so that every k-means
center is located at the centroid of a k-means cluster. However, a fair k-means center can be located at
the centroid of any potential cluster that satisfies the fairness constraints. The e-approximate centroid
set structure can help us to find these potential centroids and preserves the fairness constraints for the
later procedures.
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Figure 3: The difference between the location of k-means clustering centers and the fair k-means
clustering centers. The input dataset contains 3 different groups represented by orange, blue, and
green points respectively. The red diamonds represent the cluster centers under different assumptions
for the clustering problem. (a) shows the clustering result of k-means, while (b) shows the clustering
result of fair k-means.

B OMITTED PROOFS

Theorem If T is an e-approximate centroid set of U7, P(%), Algorithmreturns a(1+4p+0(e))-
approximate solution for k-sparse Wasserstein Barycenter problem.

To prove this theorem, we need the following lemmas.

Lemma 6. If T is an e-approximate centroid set of U?;lP(i) and w(t) for each t € T is obtained by
solving LP, then T is a (1 + O(e))-approximate Wasserstein Barycenter.

Proof. A critical fact is that there exist an optimal Wasserstein Barycenter 7 such that all points of
T* located in the centroid of some fairlet of P. This claim has been proved in (Anderes et al.,[2016)
(Section 2, Equation 4). Therefore, if we calculate an e-approximate centroid set 7', then 7" can always
cover the locations of T, i.e., Cost (P, T, ¢%) < (1 + O(€))Cost (P, T*, ¢%.) < (1 + O(e))OPT.
So using the same proof idea with Lemma[2] we can obtain the conclusion of Lemmal6] O

Combine Lemmal6]and Lemmal[T] we arrive at Theorem [2}

C THE ROUNDING TECHNIQUE

Our rounding algorithm consists of three steps: constructing a network structure of Minimum Cost
Circulation Problem (MCCP), setting the parameters of each edge based on a fractional solution
obtained by Algorithm |1} and solving the MCCP above. This reduction to MCCP is inspired by
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Ding & Xu| (2015) (Section 4.3), while having some fundamental differences with their method.
Our algorithm has different objectives compared to theirs, as it is based on a different approach to
setting network parameters, and our method offers better time complexity guarantees. Our rounding
algorithm requires only a single call to the minimum-cost circulation algorithm, and it can be
completed in O(n3k?) time even when using the vanilla Edmonds-Karp algorithm (Dinitz, |1970;
Edmonds & Karpl [1972).

The process of our algorithm is described as follows. Recall that the dataset P consists of m different
groups, i.e., P = U, P() and we assume that the groups are disjoint. By executlng the Algorlthm'
we obtain a center set S and corresponding fractional assignment matrix ¢. Now, in order to build a
minimum cost circulation instance, we need to construct a network structure as Figure E| and for each
arc (u, v), we should set the lower/upper bound of the flow f(u,v) and its cost ¢(u,v). We create a
copy of S, denoted by S¥), for each group P(*). Each S*) is a ”hub” used for transit, specifically to
receive Weights from group P(*) and transmit them to S. To facilitate understanding, we can imagine

that each s € SO, where I € [k], and its corresponding s; € S are in the same position, but only

accepts the weights from group P(*). We set c(pg-i)7 sl(i)), i.e., the cost of the arc from any p;i) e PO,

where j € [n(?)], to an sl(i) € S to be ||p§i) — sl(i)||2. The cost of the remaining arcs are 0.

NSNS

Source Sink

[n,n]

Figure 4: The instance of the minimum cost circulation problem established through (.5, ¢%). The
upper and lower bounds of the flow for each arc are annotated in the graph.

Next, we set the lower bound and the upper bound of the flow on each arc, as shown in FigureEl First,
the flow from the “Source” node to each p € P is restricted to 1, which means that each point p € P(1)
has a weight of 1 to assign to S, Then, between each P() and its ”hub” S, the flow from each

(z) € P to each s ) € S0 is bounded by [0, 1]. Here, the flow f(pj .8 )) denotes the amount of
the weight that assigned from p( Y to s; € S'in an (v, B)-fair k-means solution. Subsequently, recall
that in the solution (S, ¢%) we obtamed before, the weight received by a center s; € S from group
P is w(®(s;). We bound the flow f(s\”, ;) by [lw®(s;)], [w®(s;)]]. Finally, the flow from
each s; € S to the "Sink” node is bounded by [|w(s;)], [w(s;)]], and we set f(Sink, Source) = n

to form a circulation. At this point, we have established an instance of the minimum cost circulation
problem, denoted by M CCP(S, ¢%). Obviously, we have the following observation:

Observation 1. ¢ induces a feasible solution of MCCP(S, ¢%).

The observation is straightforward because the flow induced by ¢ meet all the bounds applied to the
flow. Then, we give the proof of Lemma 4] mentioned in Section [3.1]
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Lemma@ There exists an algorithm that can round a fractional solution of («, 3)-fair k-means to
integral with at most 2-violation while the cost does not increase.

Proof. It is known that the minimum cost circulation problem has an integrality property (Cormen
et al.,|2009), which guarantees that if the arcs have integer capacities, there will always be an optimal
solution with integer flow values on each arc. Utilizing an algorithm for minimum cost circulation
problem or minimum cost flow problem (the two problems are equivalent), which converges to an
integer solution like Ford-Fulkerson (Ford & Fulkerson, |1956), we can obtain an integer optimal
solution of MCCP(S, ¢%), which has a cost no larger than the solution induced by ¢%.

Next, we prove that the assignment matrix, say ¢, induced by the integer optimal solution of
MCCP(S, ¢%) is a 2-violation assignment from P to S. Recall that we presented the definition of the
violation factor in Section[2} An assignment matrix ¢ is a A-violation solutionif 3; > . p ¢ (p, s)—

A<D epo @s(pys) S @iyl cpds(p,s)+A, Vs €5,Vi€ [m]. According to the construction
procedure of MCCP(S, ¢%). the lower bound of the flow f(s\", s,) is |w(®)(s;) |, which satisfies:

(13)

Note that the upper bound of the flow f(s;, Sink) is [w(s;)] so we have:

[0 (s)] = ailw(s)] —a; — 1

> oifw(s)] -2, (19

and similarly,
[w (s1)] < Bilw(si)| + B + 1
< Bilw(si)] +2,
which indicates that ¢ is a 2-violation assignment and complete the proof of Lemma@ O

15)

D FIXED SUPPORT WASSERSTEIN BARYCENTER

Given m discrete distributions (weighted point sets, each set has total weight sum to 1)
PM ... P(™) and a set T of WB, the objective of fixed support WB as follows:

m n@® p

min - SOSTS R 1))

I=1 i=1 j=1
1T
s.t. mej) =1, Vie[m],VienY)
j=1

n®

S elDw(P™) =y, Vi€ [m]Vje [T (16)
=1

7|
D u=1,

Jj=1

2 >0, W em]Vie[n"),vje (T
y; >0, Vje[T]

It is easy to see that fixed support WB problem can be solved using linear programming method.
Several existing works on solving LP @ including (Claici et al., 2018 |Cuturi & Doucet, 2014}
Cuturi & Peyré, 20165 Lin et al., [2020).
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For the sake of completeness, we need to clarify how the solution to the k-sparse Wasserstein
barycenter solution is guaranteed to be a distribution. After we run Algorithm 1, we obtain the
support .S (the locations of centers) of the returned solution and the assignment matrix ¢% (the
transportation weight from p = Pi(l) to f = S; is denoted by ¢%(p, f) = xg) in ). The key
question is how to ensure that the summation of the weight of points in S is equal to 1. Let us
consider an arbitrary given distribution (or ”group” in the context of fair k-means), e.g., P(). For
every facility f in S, we define its weight w(f) = > pwy ¢5(p, f). This ensures that the total

weight of S must be equal to the total weight of P("), which is 1 because P is a distribution. The
choice of P() can be arbitrary because, recall that k-sparse WB can be seen as a special fractional
version of strictly fair k-means, meaning no matter which given distribution you choose, you will
obtain the same weight distribution of S. The optimization will not change by setting the weight of .S
because the weight of S does not affect the cost.

E EXTEND ALGORITHM [ TO k-MEDIAN AND k-MEANS IN GENERAL
METRIC SPACE

Although we mainly consider the fair k-means problem in Euclidean space in this paper, for the sake
of completeness, in this section, we illustrate how to extend our framework to solve k-median and
k-means in general metric space. In summary, if the potential facility set is given, our framework
achieves a (1 + 2p)-approximate solution for k-median ((2 + 8p)-approximate solution for k-means)
in metric space, where p is the approximation ratio for vanilla k-median (k-means) with a constant
violation factor. If the metric space has a fixed doubling dimension (Gupta et al., 2003)), then equipped
with existing PTAS for metric k-median and k-means (Cohen-Addad et al.,[2021; 2019} [Friggstad|
2019), the best approximation ratios our framework can achieve are (3+O(e)) for fair k-median
and (10 + O(e)) for fair k-means.

Unfortunately, our theoretical guarantees in general metric space are weaker than those of [Bera et al [Bera et al|
1b in which they obtained a (p - 2)-approximation for k-median and a (\/p + 2)2-approximation

or k-means. The obstacle to achieving a better approximation ratio for our framework is the
’candidate set”. In Euclidean space, we have an approximate centroid set. However, in general metric
space, how can we obtain a candidate set that has similar properties to Proposition [T} which provides
a more powerful tool than the basic triangle inequality? This is not only a potential future work of
our framework but also an important open theoretical problem.

k-Median in metric space. Firstly, we consider fair k-median in general metic space. We use
dist(-,-) to denote the distance between two points. We assume that the potential facility set T
is given. Therefore, in Algorithm[I] we just use the given facility set T rather than computing the
approximate centroid set. The cost of fair k-median can be written as

Cost(P, S, ¢%) = Y _ Y dist(p,s)ds(p, s). (17)

pEP s€S

Similar to Lemma T[] we have the following lemma.

Lemma 7. Let 1) be any positive number. If we suppose Cost(P, T, ¢k) < n- OPT, then the
solution (S, ¢%) returned by Algorlthml I|(the construction of T should be slightly changed) is an
(77 +(n+1) p) -approximate solution for fair k-median problem in metric space, where p is the
approximation ratio of vanilla k-median.

Proof. Now we consider another assignment strategy: we firstly assign P to 1" according to ¢7. (
recall that ¢7. is the optimal fractional assignment matrix from P to 7T'), and then we assign every
weighted point in T to some s € S such that s is closest point to 7(t). Since ¢¥ is the optimal
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assignment matrix from P to S, the cost of this assignment strategy should have:

Cost(P, S, ¢%) < Z Zdist(p,/\/(t, S))or(p,t)

peP teT

<3 [aist(p,t) + dist(t, N (L, )| 63 (p, 1)

teT peP (18)

=Y aist(p,t)p(p,t)+ Y Y dist(t, N(t,5))d5(p.1t).

peEP teT peEP teT

(@) (b)

The second inequality is triangle inequality. Then we bound (a) and (b) separately. Firstly,

(a) =Y dist(p,t)¢}(p.t) = Cost(P,T,¢}) < n- OPT (19)
peEP teT

Next, we focus on (b). Suppose Sy,edian 1S the optimal k-median solution of 7". Then we have:

()= dist(t, N(t,5))¢7(p.1)

peEP teT
S P Z Z diSt(t,N(t; Smedian)(b;" (p7 t)
PteT
peP te * o 20)
=P Z Z [ Z dist(t, N(t, Smedian))(bsom (p, 5)]¢T(p7 t)
pEPLET  3ESop
<P Y aist(t8)6s,, (0, 5)] 67000,
pEPLET 5€Sopt
Further, according to the triangle inequality, we have
0 <pY D[ D [aist(t.p) + dist(p.5)] 0%, (0. 5)] 00 (. )
PEPLET  3E€Sopm
<pY Y. > dist(tp)ds,, (n5)0r(p,1)
PEP ET 3E€Sop @1

+pZZ Z dist(p, 5)¢3,,, (p, 8)7 (P, 1)

pEP tET 5E€Sop:

=p Y > dist(t,p)r(p,t) +p > Y dist(p,§)es,, (p,5).

peEPteT PEP 5E€Sopt

The last equality holds because for any p € P, ZéeSum ¢§om (p,8) = land ) ;. 97 (p,t) = 1.
The first term is exactly p times of (a) and the second term equals p - O PT'. Through combining (a)
and (b), we can obtain an approximation factor of  + (1 + 1)p. O

k-Means in metric space. Using the same idea of Lemma [/| with squared triangle inequality
dist?(a,b) < 2dist?(a,c) + 2dist?(c, b), we can immediately obtain the following corollary.

Corollary 1. Let ) be any positive number. If we suppose Cost(P, T, ¢%) < n- OPT, then the
solution (S, ¢%) returned by Algorithm 1| (slightly changed as above) is an (2n + (4n + 4)p)-

approximate solution for fair k-means problem in metric space, where p is the approximation ratio of
vanilla k-means.

When considering k-clustering problem in metric space, we usually assume that the potential facility

set is given. We just use it as our candidate set 7". Hence, the = 1 in the above analysis, which
leads a (2 + p)-approximation for fair k-median and a (2 + 8p)-approximation for fair k-means.
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F SUPPLEMENTARY EXPERIMENT

F.1 DATASETS

The detailed information of our datasets is shown in Table[2] The group partition of every dataset
is based on the “Group Column”. Every group column has some group values. The set of groups
is the Cartesian product of group values of all group column. For example, the groups of Bank
dataset are (married, yes), (married, no), (single, yes), (single, no), (divorced, yes), (divorced, no).
For large dataset Census and Creditcard, we sample 1000 points to make sure the LP solver works
in acceptable time.

Dataset Size  Dimension Group Column Groups Values
Bank 9999 3 marital married, single, divorced
default yes, no
Ad 4522 5 sex female, male
ult - - -
race Amer-ind, asian-pac-isl,
black, other, white
Creditcard 30000 5 marriage married, single, other, null
education 7 groups
Census1990 50000 12 dAge 8 groups
iSex female, male
Moons 200 2 color 2 groups
Hypercube 200 3 color 2 groups
Complex 3032 2 color 9 groups
Cluto 10000 2 color 8 groups
Breastcancer 570 31 label 2 groups
Biodeg 1055 40 label 2 groups

Table 2: Detailed Datasets Information

F.2 COMPARISON ON COST WITH DIFFERENT k AND (c, /3)

. () . .
In the main paper, we set ai; = 5; = %. Here, we try different « and 3 to compare our algorithm

to baselines. In order to make sure that the values of « and 3 are feasible, we introduce the parameter
d € (0, 1), which represents the degree of relaxation of fairness constraints, with a larger ¢ indicating

. ©) ()
looser constraints. We set «; = % - and §; = % -(1—=49). Wesetd =0.1and 0.2 to

compare the cost with baselines. The results are shown in Figure [5|and Figure [6] respectively.

In fact, as ¢ increases, the fairness constraints of the («, §)-fair k-means problem become more
relaxed, and the corresponding fair k-means problem approaches the vanilla k-means problem. In
cases where 0 is large, in each cluster, the legal range of points from each group is larger, making
the protection of fairness constraints less important, thus resulting in the optimal fair k-means center
positions being very close to the centers of vanilla k-means. In the Table 2 of (Bohm et al., 2021)), it
is mentioned that when § = 0.2, the clustering results of vanilla k-means only violate the fairness
constraints by 0.4%-2%, which makes our algorithm less advantageous under a relatively relaxed §
value.

F.3 COMPARISON ON COST OF k-SPARSE WASSERSTEIN BARYCENTER
We compare our algorithm with the very recent work (Yang & Ding, |2024) (denoted by IJCAI24)

who obtain (2 + \/E)Q—approximate solution of k-sparse WB. The results are shown in Figure In
most cases, our algorithm can achieve a 10%-30% cost advantage over the previous work.

F.4 CoOST ON DIFFERENT SAMPLING RATIO

In our algorithm, the most time consuming step is to solve LP(2)) on 7'. A key observation during
our experiment is that, after solving LP(2) on 7', a large amount of points of 7" have weight of 0.
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Figure 6: Comparison on Clustering Cost with 6 = 0.2

Therefore, it is possible to reduce the size of 7" while maintain the quality of 7. Meanwhile, smaller
T helps to reduce the running time. In order to verify our thoughts, we use sampling method after
we obtain 7. We use sampling ratio of 100%, 50%, 20% and 10% and calculate the final cost of
Algorithm [I] with different k. The results are shown in Figure §PJIOJLT] In these figures, we can see
that in most cases, the cost of sampled 7" do not increase too much (50% sample yields no more than
10% cost increasing and even 10% sample yields no more than 20% cost increasing in most cases).
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Figure 7: Comparison on the Cost of k-sparse Wasserstein Barycenter

21



1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
171
1172
1173
1174
1175
1176
177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187

Under review as a conference paper at ICLR 2025

Bank

100% 50% 20% 10%

Cost

lell Adult

= " 1 "

100% 50% 20% 10%

le8 Breastcancer

100% 0% 0% 0%

lel3 Creditcard Census

2.0=

15=

1.0=

i1

0.0=""y ) 0 ' 0=

100% 50% 20% 10% 100% 50% 20%

Cluto

1.00 =
0.75 =
0.50 =
0.25 =
0.00 =

100% 0% 0% 0%

Complex

100% 0% 0%

Figure 8: The cost on centriod set T with different sampling ratio when k = 5

Moons
100 =
-
. I I I I
[¥]
100% 0% 0% 0%
1e9 Bank
1.00=
0.75 =
-
3050
S 0.50
0.25=
0.00= "4 ' ' 1

100% 50% 20% 10%

Moons

100 =
75 =
50 =
25=
0="" " " '

100% 50% 20% 10%

Cost

Adult
g.lell u
4=
2=
0= '

100% 50% 20% 10%

le8  Breastcancer

100% 50% 20% 10%

Census

100% 50% 20% 10% 100% 50% 20%

Cluto

100% 50% 20% 10%

Complex

100% 50% 20%

Figure 9: The cost on centriod set 7" with different sampling ratio when & = 10

Bank

100% 50% 20% 10%

Cost

Moons

100 =
75 =
50 =
25=
0=""% ' 1 "

100% 50% 20% 10%

Cost

lell Adult

100% 50% 20% 10%

1e8  Breastcancer

100% 50% 20% 10%

Census

100% 50% ZO%

lel3 Creditcard
2.0=

100% 50% 20% 10%

Cluto

1.00 =
0.75 =
0.50 =
0.25 =

0.00 ="y
100% 50% 20% 10%

Complex

100% 50% 20%

Figure 10: The cost on centriod set 7" with different sampling ratio when k& = 15

22

J
10%

'
10%

"
10%

3
10%

J
10%

1
10%



Under review as a conference paper at ICLR 2025

1le9 Bank lel2 Adult lel3 Creditcard 1e6 Census
1.00
1.00 - 157 4=
0.75 =
§ 050 0.75 = 1.0 = 3=
o 0.50 = 2=
0.5=
0.254 0.25 = 1-
0.00= "4 ' 1 ' 0.00 =" ' 1 ' 0.0=""1 [ 1 1 0="" ' ' '
100% 50% 20% 10% 100% 50% 20% 10% 100% 50% 20% 10% 100% 50% 20% 10%
Moons le8  Breastcancer 1e8 Cluto le7 Complex
100
15= 1.0= 3=
75 =
H 1.0 - 2
O 50= 0.5
254 0.5+ 1=
0="" ' 1 ' 0.0=""% ' 1 1 0.0="1 1 1 1 0="" 1 ' 1
100% 50% 20% 10% 100% 50% 20% 10% 100% 50% 20% 10% 100% 50% 20% 10%

Figure 11: The cost on centriod set 7" with different sampling ratio when £ = 20

F.5 RUNNING TIME WITH DIFFERENT SAMPLING RATIO ON T’

As we discussed in |[F.4] sampling on relaxed solution 7" can reduce the running time while the overall
cost not increasing too much. We also test the running time with different sampling ratio. In summary,
the running time of solving LP(2) on 7" and overall Algorithm [T} shown in Table[3]and Tabled] can
be significantly reduced by sampling.

Dataset 100% 50% 20% 10%

Bank 3997 19.14 7.12 3.39

Adult 6648 2858 9.67 4.64
Creditcard 80.235 32.51 11.08 5.43
Census 7646 37.78 1396 6.64
Moons 3.75 1.89 0.68 0.33
Breastcancer 11.03 5.28 2.01 1.07
Cluto 192.57 91.72 36.03 18.18
Complex 49.70 2474 9.11 4.54

Table 3: Time (seconds) of solving LP(2) on 7" with different sampling ratio

Dataset 100% 50% 20% 10%

Bank 42.03 21.20 9.16 5.44

Adult  69.19 31.24 1231 7.34
Creditcard  83.42 35.62 1420 8.57
Census  80.23 41.62 17.86 10.48
Moons 4.07 2.15 0.97 0.60
Breastcancer 11.78 6.05 2.68 1.67
Cluto 201.54 100.64 4582 27.74
Complex  52.23 2725 11.66 7.05

Table 4: Overall time (seconds) with different sampling ratio of 7" when k = 20

F.6 COMPARISON OF RUNNING TIME WITH BASELINES

We compared the running time of our algorithm (Algorithm |If with our rounding technique) with
the baseline NIPS19 (Bera et al.l[2019). For strictly fair datasets, we also tested the running time of
Algorithm 2Jand ORL21 (Bohm et all 202T). The results are shown in Table[5|and Table[] Below,
we provide a detailed analysis on the comparisons.
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Comparison between Algorithm |I| and NIPS19 (Bera et al.,[2019). Algorithm and NIPS19
both have two important subprocedures: linear programming and the k-means algorithm. These two
steps are the bottlenecks for Algorithm[TJand NIPS19. Specifically, NIPS19 first runs the k-means
algorithm (i.e., k-means++), and then calls the LP solver once to compute the fractional assignment.
A different part of our Algorithm|l|is that it calls the LP solver twice, once to compute the weights
of candidate set 7" and once to compute the fractional assignment, and calls the k-means algorithm
once. In Algorithm[I} we only need to run k-means on 7', which should be much smaller than the
whole dataset, leading to less running time for the k-means subprocedure compared to NIPS19.
However, the first call to the LP solver to compute the weight of 7' consumes more time than the
second call because | 1| > k usually. We illustrate the running time of every critical subprocedure of
both algorithms in Table[5] Our k-means step is faster, but we have to run an extra LP step. Therefore,
the running time comparison between these two algorithms is complex. Generally speaking, LP takes
more time than k-means, which means our Algorithm usually runs slower than NIPS19. However,
with the development of LP solvers, we can expect that the runtime of Algorithm[T|could be further
reduced with more advanced LP solvers.

Construct T LPonT k-means LPonS Rounding Total

Algorithndl] — 0.01 24 <001 123 <001 3.8

Bank NIPS19 / / 0.14 0.81 <001 111

) Algorithm[[]  0.01 106 <001 227 <00l 651
Creditcard " G1pgig / / 0.18 2.05 <001 239
Algorithm[[]  0.01 751 0.02 510 <00l  12.99

Census1990  *"Qypg1g / / 0.30 3.94 <001 442
g Algorthm[ 001 114 <00l 180 <00l 612
NIPS19 / / 0.18 123 <001 159

Broseancer Algorithm[[] 0,01 009 <00l 082 <00 133
NIPS19 / / 0.10 022 <00l 045

Table 5: Running time (s) on non-strictly fair datasets

Construct T LPonT k-means LPonS Rounding Total

Algorithml] 0.01 0.18 <0.01 0.64 <001 083

Moons NIPS19 / / 0.07 0.70 0.01 0.78
Algorithm / / <0.01 / / 0.59

ORL21 / / 0.02 / / 0.48

Algorithm[T] 0.01 .01 <0.01 1.30 <001 236

Cluto NIPS19 / / 0.07 1.54 <0.01 1.66
Algorithm 2] / / <0.01 / / 0.56

ORL 21 / / 0.56 / / 0.72

Algorithm[T] 0.01 1.08 <0.01 0.61 <0.01 1.71

Complex NIPS19 / / 0.05 0.72 <001  0.79
Algorithm 2] / / <0.01 / / 0.58

ORL21 / / 0.56 / / 0.72
Algorithm[T] 0.01 571 0.01 4.40 <0.01 1027

Hypercube NIPS19 / / 0.15 2.58 <0.01 2.87
Algorithm / / < 0.01 / / 0.39

ORL21 / / 0.67 / / 0.83

Table 6: Running time (s) on strictly fair datasets

Discussion on the construction of 7. According to Algorithm [I] 7" should be an approximate
centroid set (Matousek, |2000). Thanks to the open-source project by (Kanungo et al.,[2002), which
provides an efficient implementation of the approximate centroid set, we used their algorithm as
part of our procedure in our code. [Kanungo et al.| (2002) used a sampling technique, leading to a
trade-off between performance and efficiency. In our experiment, we sampled 10% of points in the
approximate centroid set as 7T'. A higher sample rate yields better performance (lower cost) but longer
running time.

24



Under review as a conference paper at ICLR 2025

Besides, an implicit benefit of the construction of 7 is that it is irrelevant to the parameters k, o,
and (. So if we consider a real scenario that we need to repeatedly try different choices for these
parameters (e.g., we may want to tune the value k and select the most satisfying result), the step of
constructing 7" and performing linear programming on 7" can be seen as preprocessing of datasets
before the tuning. Namely, we just need to run this preprocessing one time, and consequently the
amortized cost over the whole tuning procedure can be reduced significantly.

Running time comparison on strictly fair datasets. For strictly fair datasets, we consider Algo-
rithm [T} NIPS19, Algorithm 2] and ORL21 . Algorithm 2] has an advantage in efficiency in most
datasets. The primary reason is that Algorithm[2]only calls the k-means algorithm once and does not
need to solve the LP. As for ORL21, it needs to run k-means for each group and then choose the best
one. As aresult, ORL21 takes longer time than Algorithm 2] especially on the datasets with large
number of groups.

F.7 EXPERIMENTS OF OUR ROUNDING ALGORITHM

In this section, we implement our rounding algorithm in Appendix [Cland compute the violation factor
across different datasets and parameters. For convenience, we parameterize «; and BZ for the i-th

group using a single parameter §. Specifically, we set 8; = Ll )ll(l 9 and o = i i Generally
8|9 the

speaking, the smaller the J, the stricter the fairness constrains are. In Table [/ violation
introduced by our rounding algorithm is less than 1 in most of the cases and never exceeds 2, which
aligns with our theoretical analysis.

dataset k=2 4 6 8 10 12 14 16 18 20 25 30

Moons 0 0 0 0 0 0 0 0 0 0 0

0

Hypercube 0 0 0 0 0 0 0 0 0 0 0

0

Complex 082 089 05 083 09 095 087 095 091 0.85 0.80 0.89

Cluto 0.80 086 072 101 104 094 1.0 102 090 09 1.1 09

Biodeg 0.05 0.66 065 063 0.64 0.62 063 068 0.77 0.79 0 0.01

Breastcancer 0.33 034 0.13 0.69 087 090 035 094 078 076 0.76 0.18

Table 7: Violation factor of our rounding algorithm with different & (§ = 0)

dataset k=2 4 6 8 10 12 14 16 18 20 25 30

Moons 0 03 035 040 030 040 070 05 0.35 0 0.20 0.40

Hypercube 0 094 098 094 083 095 08 091 080 0.88 1.02 0.83

Complex 0.67 098 066 087 088 097 076 0.77 0.89 097 0.67 1.03

Cluto 038 1.05 099 083 096 094 095 093 094 091 057 099

Biodeg 0 001 033 079 038 037 059 038 078 051 0.78 0.80

Breastcancer 0.18 0.23 040 0.23 039 0.89 053 033 047 051 034 0.68

Table 8: Violation factor of our rounding algorithm with different k& (6 = 0.1)

dataset k=2 4 6 8 10 12 14 16 18 20 25 30
Moons 0 020 040 040 040 040 060 060 040 040 0.60 0.80
Hypercube 0 056 069 088 090 1.125 080 091 090 097 090 0.90
Complex 092 1.02 092 0768 096 1.01 095 079 0.88 090 1.04 1.0l
Cluto 0.85 090 090 088 0.83 1.024 0.85 086 090 0.88 0.96 1.00
Biodeg 0 050 056 039 051 069 0.19 057 056 064 075 0.65
Breastcancer 0 026 042 026 069 039 029 0.67 080 081 0.85 0.68

Table 9: Violation factor of our rounding algorithm with different k& (§ = 0.2)
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