New Challenges for Clustering:
Massivenss and Uncertainty

Thesis Submitted to
Tsinghua University
in partial ful llment of the requirement
for the degree of

Master of Science

in
Computer Science and Technology
by

Xuan Wu

Thesis Supervisor: Associate Professor Jian Li

June 2018






New Challenges for Clustering: Massivenss and
Uncertainty
by
Xuan Wu

Submitted to the Institute for interdisciplinary Information Sciences
in partial ful llment of the requirements for the degree of

Master of Science
at
TSINGHUA UNIVERSITY
June 2018
© TSINGHUA UNIVERSITY 2018. All rights reserved.

AUTNOT .. e
Institute for interdisciplinary Information Sciences

April 18, 2018

Certi ed DY ..o
Jian Li

Associate Professor
Thesis Supervisor






Acknowledgments

First of all, I want to give special thanks to my advisor Dr.Jian Li. Three years ago,
I was puzzled about my future and Dr.Li gave me the chance to stay in Tsinghua for
graduate study. In the past three years, | have received extremely valuable experience
in doing research with Dr.Li. Without Dr.Li, | can not even nd my interest in
theoretical computer science. | also want to thank his generous support in everything
good to my research career. In particular, | appreciate his support in organizing the
theoretical tea time and allowing me to visit Dr.Feldman in University of Haifa.

| want to thank my collaborators, Doctor Dan Feldman, Doctor Lingxiao Huang,
Doctor Shaofeng H.-C Jiang, Shichuan Deng, Wenzheng Li and Changzhi Xie. With-
out them, most results in this paper can not appear.

Finally, 1 want to thank my parents. Their unconditional love and support give
me the courage to pursue my dreams. Without the help of my father, I can not win
the Olympiad of Mathematics and Informatics and get the chance to study in Yao

Class, Tsinghua.



\4



New Challenges for Clustering: Massivenss and
Uncertainty
by
Xuan Wu

Submitted to the Tsinghua University
on April 18, 2018, in partial ful llment of the
requirements for the degree of
Master of Science

Abstract

Clustering is a central problem in unsupervised learning and data analytics. Solving
clustering problems over uncertain and massive data has become increasingly impor-
tant in many applications and has attracted a lot of attention in recent years. In this
paper, we focus on two new challenges of clustering: uncertainty and massiveness.

In many application scenarios, the precise locations of the points are not known be-
fore, but can be estimated through noisy measurements. To capture this, we propose
a new model for clustering such uncertain data. In our model, there is a collection X
of uncertain points in R?. Instead of knowing the precise location of every uncertain
point x € X, we can only estimate their locations through observations with noise.
Upon each observation on an uncertain point X, we obtain an independent sample,
which is assumed to follow a Gaussian distribution N(x;1;), where 1, is the d x d
identity matrix. The objective is to compute clustering problem such as the opti-
mal k-median clustering on X based on observations. We refer to the total number
of observations as sample complexity which measures the statistical e ciency of an
algorithm. we propose statistically and computationally e cient algorithms for com-
puting approximate k-median clustering in this new model. In particular, we provide
constant factor approximation algorithms with low sample complexity. To comple-
ment our algorithmic results, we also provide nearly matching sample complexity
lower bounds.

We also consider the scenario where there is a large number of data points for the
clustering task. In particular, the data may be too large to be read once. We study
robust coresets for (K;z)-clustering with outliers. We show an improved connection
between -approximation and robust coreset. This also leads to improvement upon
the previous best known bound of the size of robust coreset for Euclidean space
[Feldman and Langberg, STOC 11, [39]]. The new bound entails a few new results in
clustering and property testing.
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Chapter 1

Introduction

Clustering is a central problem in unsupervised learning, data analytics, and statistics
[70, 180, 6, [32]. Among various objectives of clustering, the center based clustering
is arguably the most popular one. Particularly, in this paper, we care about the
(k; z)-clustering problems. In the (k;z)-clustering problem, the objective is to nd
a k-subset C < [X]*¥ (which are called centers), such that the objective function
dist.(X;C) := Pwex d*(x; C) is minimized, where d(x;C) := min, o d(X;y) is the
distance from the point x to its closest center in C. In particular, (k; 1)-clustering is
the well known k-median problem, (k; 2)-clustering the k-means problem, and (k; oo)-

clustering the k-center problem.

As the dramatically increasing of the data set volume, dealing with uncertain and
massive data is becoming a novel challenging task. Focusing on these challenges, this
paper consists of two main parts. To capture the task of clustering uncertain data,
in Chapter [2, we propose a new model for clustering uncertain Euclidean points. To
handle massive data, in Chapter [3, we study the notion of robust coreset for (k;z)-
clustering with outliers. The robust coreset has applications in property testing,
which is a representative task for handling massive data. We will discuss the two

parts more precisely in following two sections.
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1.1 New Model to Capture Clustering of Uncer-

tain Data

Clustering uncertain data has attracted lots of attention from computer science com-
munity (see, e.g., [82], [59], [34], [52]). In this chapter, we propose a new model for
clustering noisy data points in Euclidean space. In this model, the task is to cluster
a set X of n uncertain data points in R?. Instead of having the precise coordinate
of every point in X, we can only take observations on these points. We refer to the
access to every point x € X as sample access O(x). In an observation of O(x), we
take one sample from N(x; I,).

One important motivation of our model is the scenario where we have some ob-
servations on data points instead of having accurate representations of data points.
In this case, we wonder how to cluster these data points e ciently while minimizing
the cost of observations.

We discuss two practical scenarios.

Scenario One A scienti ¢ team needs to distribute a collection of battery-powered
wireless sensors in Antarctica. Certain sensor networking protocol requires to dividing
the sensors into k clusters. To obtain a good clustering, each sensor needs to report its
coordinate to the central server. Each sensor has a positioning device (which has low
battery power and inaccurate measures). Each position measurement returns a noisy
sample, which is assumed to follow a Gaussian distribution centered at the sensor.
Question: how to cluster the sensors e ciently meanwhile minimizing the total cost

(i.e., the number of measurements)?

Scenario Two A recommendation system models every customer as a high dimen-
sional point in Euclidean space and wants to divide the customers into some clusters.
However, the system does not have the exact information of each customer. Instead,
the system has many "realizations' of every customer. Here, a realization is a record

of a customer’s behavior, which re ects some partial information about the customer.
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For example, her evaluation of a book or his recommendation of a book to a friend.
Assume that there is a predictive machine learning algorithm that is used to estimate
the customer’s coordinate through his/her \realizations™”. Question: how to cluster
the customers e ciently by using as few \realizations" as possible?

Among various clustering objectives, the center-based clustering is fundamentally
important. The k-median clustering problem requires to partition the input data set

X into k sets X;;:::; X, and assign a center v; to every X; such that

[ =il (11
i=1 z€Xj
is minimized over all possible partitions and centers, where |- || is the Euclidean norm.

We consider the following noisy version of k-median in this chapter.

De nition 1.1.1 (Noisy k-median Problem). Let O(x) denote the sample access to
N (x; 1,), i.e., the standard Gaussian distribution centered at x. Given sample access
{O(x;) 1 J = 1;2;::;n} to n uncertain points. In every step, we are allowed to
choose one O(x;) and take a sample from it. The goal is to obtain a constant factor
approximation of the optimal k-median value
X
OPT = min min ||x; — v/
VilVl=k . veV
and the corresponding approximate clustering centers, with probability at least 1 — ,

while taking as few samples as possible.

Beyond (approximately) nding the optimal k-median value, we additionally re-
quire to nd the corresponding centers. We want to remark that one can deduce from
our algorithms and proofs that the additional task is a by-product. However, in many
practical scenarios, nding the centers can be bene cial. In particular, the centers
are the compression of the data so that one can quickly answer the question "which
cluster does a point belong to?" with the help of centers.

Our work is closely related to the stochastic multi-armed bandit setting, which

is a classical model for characterizing the exploration-exploitation trade-o when the
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environment is stochastic. In the usual setting of multi-armed bandit, we are given
n stochastic arms, each associated with an unknown distribution of reward. In each
step, we can pick an arm and get a reward sampled from its corresponding distribu-
tion. The typical objective for a multi-armed bandit instance includes maximizing
the cumulative sum of rewards or minimizing the cumulative regret (see e.g., [14, [17]).
Our work bears more resemblance with the so-called pure exploration setting, where
the objective is to identify the optimal solution (or an approximate optimal one)
with high-con dence while using as few samples as possible. This setting has at-
tracted signi cant attention by its wide applications in medical trials, crowdsourcing,
communication network, databases and online advertising [16], 29, 83]. Due to the
relationship to the multi-armed bandit model, we also call the sample access O(x)
(x € R?) an arm for simplicity.

Unlike in the usual setting of multi-armed bandit, one arm in our setting corre-
sponds to a multi-dimensional distribution (in R?) instead of a reward distribution
(in R). If d = 1, our model is actually the multi-armed bandit model. To the best of
our knowledge, there is no existing result about clustering in the multi-armed bandit
model. In this chapter, we will discuss the 1-median clustering in the multi-armed
bandit model as a special case (Section and provide an algorithmic result (Theo-
rem and a lower bound result (Theorem which together gives the almost

optimal sample complexity.

1.1.1 Main Contribution

We provide algorithmic results and lower bound results for Noisy k-median (Problem
1.1.1).

Theorem 1.1.2 (Informal statements of Theorems 2.1.3, 2.3.4/and [2.4.5). Let X =

fil min,cy ||X;—V||: There is an algorithm

{x1;:5: %, } CR% Let OPT = miny.jy|—x
noisyKmedian, given sample access O(X;) (J € [n]), outputs an O(1)-approzimate

k-median clustering and an O(1)-approximate K-median value on X, with sample
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complexity

O(d(n*OPT 2 + n)):

There is another algorithm noisyKmedian2, given sample access to O(X;);]J € [n],
outputs an O(1)-approximate K-median clustering and an O(1)-approzimate K-median

value on X, with sample complexity
O(dk*(n*OPT 2 + n)):

On the other hand, every algorithm which computes a 2-approzimation for every

noisy K-median instance requires at least
(n*0OPT2+n)

many samples.

Another natural question for our model also arises: what is the best approxima-
tion ratio, e.g., can it be 1 + " for any " > 0? What is the sample complexity for
achieving a better approximation ratio? This question has a simple positive answer:
by noisyKmedian or noisyKmedian2, we can obtain an O(1)-approximation for OPT.
We then estimate each uncertain point up to an error "OPT=n and run any exist-
ing k-median algorithms on these estimations, e.g., exhaustive search [} The sample
complexity is O(d"~2n*OPT~?). In Appendix , we propose another algorithm with

the sample complexity
O d(n*OPT 2 +"*kn?0OPT 2 +n)

which is more e cient when n > k2. The main idea is to rst construct a coreset

and then run existing k-median algorithms on the coreset.

LIf either % or d is not constant, exhaustive search requires exponential time. If one cares about
the running time, we can use other known polynomial time approximation algorithms, like BPRS

(I13D).



1.1.2 Technique Overview

Overview of Our NoisyKMedian Algorithm Our algorithm NoisyKMedian is
UCB-based (Upper con dence Bound), i.e., it maintains a con dence ball on each
uncertain point. Precisely, at the i-th round, we estimate every uncertain point x € X
to O(279) in the Euclidean distance and compute the approximate optimal k centers
on these estimates. Then we check if current centers are actually an O(1)-approximate
k-median clustering. Our checking process involves the problem of computing the
distance from n uncertain points to k centers, which has a delicate structure. If an
uncertain point is very close to a center, we need to spend many samples to estimate
the distance. To overcome this problem, we design a UCB-based algorithm DisNATKP

to omit those distances which are too small compared to the total distance.

Overview of Our NoisyKMedian2 Algorithm Our algorithm NoisyKMedian2 is
based on an inherently di erent idea. This algorithm is testing-based and designed to
achieve a better sample complexity on the parameter n. To achieve this goal, we need
a process with the same function as DisNATKP but with tighter sample complexity
on n. In fact, we construct such a process called TestNATKP, based on a sampling
technique which estimates the contribution of those data points close to the given k
centers and takes much fewer samples than DisNATKP. Then based on TestNAPKP,
we show that given a noisy k-median instance and a number C > 0, there is an
algorithm TestKmedian to test whether the optimal k-median value is larger than
10C or smaller than C=10. At a high level, our testing algorithm guesses arms which
can be an estimation of the optimal centers and estimates the locations of those arms
by taking enough samples. However, our testing algorithm needs to call TestNAPKP
at least (n*) times. Hence Algorithm TestKmedian requires exponential time in
k which is a weakness compared to NoisyKMedian. Finally, we construct a simple
binary search procedure NoisyKMedian2 by calling TestKmedian to decide the value

of (approximate) optimal solution.



Overview of Our Lower Bound We provide both the instance lower bound and
worst-case lower bound for the noisy k-median problem. For our instance lower bound

(n20PT~2 + n), we use the \Change of Distribution™ lemma (Lemma and
follow a classical framework for lower bounding the sample complexity of randomized
algorithms. We perturb the data points and obtain a new instance such that the opti-
mal k-median value changes signi cantly. Then we use the "Change of Distribution™
lemma to lower bound the sample complexity of any algorithm which distinguishes
the two instances. Especially, when d = k = 1, our instance lower bound (Theorem

2.4.5) matches the algorithmic upper bound (Theorem [2.1.3).

For our worst-case lower bound, we construct a sequence of noisy k-median in-
stances which require  (v/dn?OPT~2+n) samples. It implies that the factor d is also
important and cannot be omitted in the sample upper bound. Our main approach is
to reduce the problem to the statistical task of distinguishing the case that the center

of a normal distribution is 0 or signi cantly larger than 0 (see Lemma [2.4.1)).

1.2 Handling Massive Data: Robust Coreset and
Property Testing

A powerful technique for solving the (k; z)-clustering problem is to construct coreset-
s [56, 28], 39, 42]. A coreset is a weighted subset of the point set, such that for any set
of k centers, the objective function computed from the coreset is approximately the
same as that computed from all points in X. Hence, a coreset can be used as proxy
for the full data set: one can apply the same algorithm on the coreset, and the result

on the coreset approximates that on the full data set.

De nition 1.2.1. An "-coreset for the (k;z)-clustering problem in metric space

M(X;d) is a weighted subset S of X with weight w : S — R ﬂ such that for

2Some work may allow the weight to be negative, but we require it to be nonnegative in our
work.



any k-subset C ¢ [X]*,

w(x) -d*(x;C)e (1£") - K.(X;C):
zeSsS

Typically, we require that the size of the coreset depends on 1=", k and z (inde-
pendent of | X|). Apparently, a small coreset is much cheaper to store and can be used
to estimate the objective function more e ciently. In fact, constructing coresets can
be useful in designing more e cient approximation algorithms for many clustering
problems, with various constraints and outliers [39), 143, 42|, (13, 45| [71].

However, constructing coresets needs at least reading the whole data set once.
When dealing with massive data, especially when the data becomes to large to be
read once, we require the notion of robust coreset which is a relaxed version of coreset.
The most important advantage of robust coreset is that it can be constructed by
uniform sampling (and hence in sublinear time)The notion of robust coreset was rst
introduced in [39]. In the following, we give the de nition of robust coreset for the

(k; z)-clustering problem with outliers.

De nition 1.2.2 (robust coresets). Let M(X;d) be a metric space. Let0 < <1,
0<"; <i,k>1landz=>0. Forany HC X and C € [X], let
X
K;7(H;C) = min d*(x; C)
H'CH:|H'|=[(1-7)|H]] ,
zeH
denote the sum of the smallest [(1— )|H|] values d*(x; C) over x € H (i.e., we exclude
the largest |H| values as outliers). An ( ;")-robust coreset for the (k;z)-clustering
problem with outliers is a subset S C X such that for any k-subset C € [X]* and any

< <1-

Kz 0r(x; C) _ k(S0

—(v=a) 3¢
a-"). z _lCZ (X,C):

X

PO I

Our result for robust coreset for (k;z)-clustering is presented in the following

theorem, which generalizes and improves the prior result in [39] for Euclidean space.
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Beyond Euclidean Space, we also generalize the robust coreset to metric space with
bounded doubling dimension which is arguably the most popular notion to capture
the complexity of metric space. Precisely, a metric space M (X;d) has doubling
dimension t, if t is the smallest number such that every ball in X can be covered by
at most 2! balls of half the radius [8, 53]. We denote the doubling dimension by
ddim(M). The doubling dimension measures the intrinsic dimensionality of a general
metric space, and it generalizes the dimension of normed vector spaces, where t-
dimensional “, space has doubling dimension O(t) [8]. Many problems have been
studied in doubling metrics, such as spanners [46), [33, 50, K1, [19, 25, 24, 77, [20],
metric embedding [53, [, 2], nearest neighbor search [31], 60, 57], and approximation
algorithms [79, (10, [18, 23|, [22, [45].

Theorem 1.2.3 (informal, robust coreset). Let M(X;d) be a doubling metrics (a
d-dimensional Euclidean space resp.). Let S be a uniform sample of size O(K -
ddim(M)= 2) (©O(kd= 2) resp.) from X. Then with constant probability, S is an
( ;")-robust coreset (( ;0)-robust coreset resp.) for the (K;z)-clustering problem with

outliers.

The de nition of robust coreset in [39] is slightly di erent from ours. E] One can
directly check that in Euclidean space, an ( "'=4;0)-robust coreset in De nition|1.2.2
isan ( ;")-coreset in [39, De nition 8.1]. Thus the above theorem improves the size
of ( ;™)-coreset in [39, Corollary 8.4] from O(kd —2"%) to O(kd —2"2).

Furthermore, we demonstrate an application of robust coresets in property testing
(Section [3.2). We design a simple testing algorithm for (k;z)-clustering. Alon et
al. [4] rst considered the property testing problem in the context of clustering. In
particular, they studied the testing algorithm for k-center clustering. In this paper,
we use robust coreset to develop a uni ed testing algorithm for (k; z)-clustering (for
constant k and z). The testing algorithms can be converted into a sublinear time

approximation algorithms for clustering with outliers. As pointed out in [4], one

3 In [39, De nition 8.1], S C X is called a (v, €)-coreset if for every C € [X]¥, v > ~vand ;1 > ¢,

(1—¢1)- ‘Tlllcl—(l—v1+aﬂl)(X’ o) < féqlcl_(l_%)(s’ C)<(L+e)- ﬁ’c;(l—’Yl—Elﬁ’l)(X’ o).
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interesting bene t of such algorithms is that they can answer the query "which cluster
does a data point belong to", without really partition all the data points.
Constructing robust coresets is also a useful subroutine in several other problems,
such as robust median and bi-criteria approximation for projective clustering (see
[39]). Hence, our improvement may lead to certain improvements of these problems

as well. Since this is not the focus of the this paper, we do not go into the details.

1.3 Related Work

Deterministic k-median clustering has attracted a lot of attention. Charikar et al. [26]
gave the rst constant factor (2—??) approximation algorithm by LP-rounding. Jain and
Vazirani [62] improved the constant factor to 6 by reducing the k-median problem to
the Uncapacitated Facility Location (UFL) problem. The approximation ratio was
further improved to 3+" by the well-known local search heuristics [61, [7]. The current
best approximation ratio achieved by [15] is 2:675+ ™, based on a breakthrough work
[68].

Clustering problems in di erent stochastic settings have been studied before, such
as the locational uncertainty model and the existential uncertainty model. In both
stochastic geometry models, the distribution of each data point is known previously.
Many clustering problems have been studied in such models. Feldman and Langberg
[40] considered the k-median problem, the j- at-median (i.e., subspace approxima-
tion) problem, and the k-line-median problem in the deterministic setting. Note that
their techniques also work for the stochastic variants. Huang and Li [59] investigated
the stochastic k-center and j- at-center problems in both stochastic geometry models.

Recently, Mazumdar and Saha [72] also considered clustering with noisy queries.
However, their model is inherently di erent from ours. The oracle in their model an-
swers query of the the form \Do points i and j belong to the same cluster™ and returns
the correct answer with certain probability. Moreover, they study the problem of ex-
actly reconstructing the underling clustering instead of computing an approximated

clustering.
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Feldman and Langberg [39] rst studied the notion of robust coreset to handle the
clustering problems with outliers. In R¢, they showed how to construct a ( ;')-coreset
[ of size O(kd"~* ~2) by uniform sampling. We improve the bound to O(kd"~2 ~2).
Later, Feldman et al. [43] developed another notion called weighted coreset to handle
outliers. They used such coresets to design an (1 + ")-approximation algorithm for

the k-median problem with outliers.

In the seminal paper [2], Agarwal et al. proposed the notion of coresets for the
directional width problem (in which a coreset is called an -kernel) and several other
geometric shape- tting problems. Since then, coresets have become increasingly more
relevant in the era of big data as they can reduce the size of a dataset with provable
guarantee that the answer on the coreset is a close approximation of the one on the
whole dataset. Many e cient algorithms for constructing small coresets for clustering
problems in Euclidean spaces are known (see e.g., [3, 54, 28, b5, 67, 39, 42, [13]). In
particular, Feldman and Langberg [39] showed a construction for "-coresets of size
O(dk="%*) for general (k;z)-clustering problems with arbitrary k and z, in O(nk)
time. For the special case that z = 2 which is the k-means clustering, Braverman
et al. [13] improved the size to O(k? min {k=";d} ="%), which is independent of the
dimensionality d. For another special case z = oo, which is the k-center clustering,
an "-coreset of size O(k="7) can be constructed in O(n + k="9) time, for R? [3, 54].
For another special case z = oo, which is the k-center clustering, an "-coreset of size
O(k="%) can be constructed in O(n+k="9) time, for R? [3,54]. For general metrics, an
"-coreset for the (k;z)-clustering problem of size O(k log n="2?) can be constructed
in time O(nk) [39]. We refer interested readers to Phillips’s survey [73] for more
construction algorithms as well as the applications of coresets in many other areas.

Property Testing is proposed in the seminal work of [75] and [47], which is gen-
erally the study of designing and analyzing of randomized decision algorithm on

e ciently making decision whether the given instance is having certain property or

“Note that their de nition [39, De nition 8.1] is similar but slightly di erent to ours. However,
considering the (&, z)-clustering problem with outliers, one can check that an (¢v/4, €)-robust coreset
in our De nition is a (v, ¢e)-coreset in [39, De nition 8.1]. In fact, our de ntion is more general.
It is unclear whether their result applies to our de nition.
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somewhat far from having it. Signi cantly, the query complexity of e cient prop-
erty testing algorithm is often sublinear on the size of its accessing instance. Many
important properties have been studied in the context of property testing, such as
linearity ([12],[11],[49],[76],[35]), low-degree([4], [5],[63],[64].,[74]), and monotonicity
([371,[38],[44],[48],[30]).

1.4 Preliminaries

Recall that O(x) (x € R?) denotes the sample access to uncertain point x with
Gaussian noise, i.e., a sample of O(x) follows from the distribution N(x; 1;). Since
our model is a high dimensional variant of the multi-armed bandit model, we also
call O(x) an arm for simplicity. The distance from an arm O(x) to a point p € R? is
de ned to be ||x — v|| where || - || is the Euclidean norm.

We use [n] to denote the set {1;2;:::;n}. For a point x € R? and a set of points
V, the distance between x and V is de ned to be dist(x;V) = min,cy ||[X — Vv||. For
a set of points X C R¢, we de ne cost(X;V) = Pmexdist(x;V). When V. = {v},
with a little abuse of notation we also refer to cost(’>X; V) as cost(’X; v). Also in what
follows, B(x;r) for x € R% r > 0 denotes an open ball centered at x with radius r.
We say a point x or an arm O(x) is C-far from a point p if | x — p|| > C.

An algorithm is called an -approximation algorithm for k-median on X if it
computes a set of k centers such that cost(X;V) < OPT where OPT is the optimal
k-median value on X. A randomized algorithm is called -correct if it succeeds with
probability at least 1 — .

We use O,(Ff) to hide polylogarithmic factor on and f. Precisely, O, (f(x))
denotes a variable in O f(x)poly log f(x);log . We need the following classical

concentration inequality for Gaussian vectors.

Theorem 1.4.1 (See e.g. [81]). Let X be a standard Gaussian vector centered at

€ RY, i.e., X is taken from N( ;15). Then

Pr([x— [|—Vd >") <2exp(—c")

12



for some constant ¢ > 0.

We also need the following classical additive Cherno bound.

Theorem 1.4.2 (Cherno Bound). Let " > 0 be some constant. Let X1;Xa;::7; X
be i.i.d 0-1 random variables and = 1EXy. Then
1 X
Pro =  x— >" <2
m =1

Change of Distribution. The following \Change of Distribution™ lemma, formu-
lated by [65], characterizes the behavior of an algorithm when underlying distributions
of the arms are slightly altered, and is thus useful for proving sample complexity lower
bounds. In the following, Pr, ¢ and E, - denote the probability and expectation when

algorithm A runs on instance C.

Lemma 1.4.3 (Change of Distribution). Let A be an algorithm that runs on N arms,
and let C = (ay;ay;:::;8,) and C' = (a);a,;:::;a),) be two sequences of N arms. Let
random variable ; denote the number of samples taken from the i-th arm. For any
event € in F,, where s a stopping time with respect to the filtration {F;}i>o, it
holds that
XEAC[ iIKL (a;; &) > d  Pr[€]; Pr[€]
’ ACT AL

i=1

Let KL(a;;a2) denote the Kullback-Leibler divergence from the distribution of
arm a, = O(X,) to that of arm a; = O(xy). We will need the following fact when

using the above lemma in this paper.
1 2
KL(N (X1; 12); N (%25 14)) = §||X1 — Xo| (1.2)
Deterministic k-Median Algorithm. In this paper, we use as subroutine an
algorithm in [15], which has the current best approximation guarantee for k-median.

We formalize the result here.
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Theorem 1.4.4. There is a polynomial time algorithm BPRS(-) which receives a set

X of deterministic points in R? and outputs an  -approzimation K-median clustering

for < 2:676.

De nition 1.4.5 (doubling dimension). A metric space has doubling dimension at
most t, if any ball can be covered by at most 2¢ balls of half the radius. The doubling

dimension of a metric space M is denoted as ddim(M).

We adapt the function representation used in [39, De nition 7.2], but speci cally
tailored to our own needs. In particular, since we focus on the clustering problems in
a doubling metric M (X; d), the ground set is [X]* (the set of k-subsets) throughout
the paper. When k = 1, we use X to represent [X]' for simplicity.

We mainly focus on range spaces induced by a metric space. Hence we always
consider indexed function sets. A set of functions F is called indezed, if there exists
an index set V such that 7 = {f, | x € V }. In most cases, we simply use V = X as
the index set.

Range Space. Let F be an indexed function set. De nerange(F;C;r) :={f, € F | f.(C) <r}
for C € [X]*;r > 0. De ne ranges(F) := range(F;C;r)|C € [X]*;r >0 to be

the collection of all the range sets. The range space of F is de ned as the pair

(F; ranges(F)).

Now, We de ne the dimension of a range space, following [39].

De nition 1.4.6 ((shattering) dimension of a range space). Suppose F is an indexed
function set with ground set [X]*. The (shattering) dimension of the range space
(F;ranges(F)), or simply the (shattering) dimension of 7, denoted as dim(F), is the
smallest integer t, such that for any D C F with |D| > 2, |ranges(D)| < |D|*. We

note that in ranges(D), the same ground set [X]* is implicit.
We need a well studied notion in the PAC learning theory, called -approximation.

De nition 1.4.7 ( -approximation of a range space). Given a range space (F; ranges(F))

(with ground set [X]*), aset S C F is an -approximation of the range space, if for

14



every ranges(F; C; r) € ranges(F) (C € [X]";r > 0)

range(#;C;r)[  |[SNrange(F; C;r)|
|7 S| -

In particular, it was shown that a small sized (depending on and the VC dimen-
sionP)) independent sample from the function set is an -approximation with constant

probability (see for example [69]).

50ur de nition of the dimension is the shattering dimension of a range space, which tightly relates
to the VC-dimension (see for example [66]). In particular, if dim(F) is ¢, then the VC-dimension of
F is bounded by O(t log t).

15



16



Chapter 2

The Sample Complexity of

Stochastic k-median Problem

This chapter is devoted to the noisy k-median problem [I.1.1, In Section [2.1, we
present and analyze the rst approximation algorithm NoisyKMedian. For the simplest
case k = d = 1, we present an algorithm with lower sample complexity in Section
2.2l Then we apply our technique in Section 2.2] to the general setting and obtain the
second algorithm NoisyKMedian2 in Section [2.3] In Section [2.4, we study both the
instance-wise and worst-case lower bound for noisy k-median. Appendix [A] includes
all missing proofs in the main text, and Appendix [B]includes our coreset construction

algorithm.

2.1 An Upper Con dence Bound(UCB)-based Al-

gorithm

In this section, we rst develop an algorithm to compute the sum of distances from
n arms to xed k centers. Then, we show how to solve the noisy k-median problem

based on this algorithm.
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2.1.1 Computing Sum of Distances from n Arms to k Points

We introduce an UCB-based algorithm for computing the sum of distances from n
arms to xed k centers. This algorithm is a critical process in Algorithm [2 which
solves the noisy k-median problem.

Intuitively, we can compute distances between every arm-center pair in parallel.
The di culty is that if the distance from an arm to a center is too small, we need a
huge number of samples to compute a constant factor approximation for this distance.
To deal with this problem, our algorithm DisNATKP iteratively estimates every dis-
tance from an arm to the xed set V of k centers. In the process of the algorithm,
we omit all remaining small distances once we con rm that their contributions to the
total sum can be safely neglected.

Before stating the result, we highlight the critical steps in DisNATKP. Our algo-
rithm iteratively estimates the distance from every arm to V and always maintains
an estimation D of the total sum. At the beginning of each iteration, the algorithm
checks if the contribution of all remaining arms can be safely neglected compared to
D in Line 3. If it is not the case, the algorithm starts a new iteration. In Line 4,
the algorithm decides the number of samples for each arm in i-th round, say m;. In
Line 5, the algorithm estimates x; for each arm by the average xg.i) of m; samples
taken from O(X;). Observe that m; increases exponentially in each round by Lines
4 and 12. Hence the estimation xg»“ is guaranteed to be more and more accurate.
From Line 6 to Line 11, the algorithm checks for each j whether x§.i) is already a good
approximation for the distance between x; and V. If it is the case, the algorithm
adds dist(x\"”; V) to the total sum of distances D.

P
Lemma 2.1.1. LetDIS =, dist(X;; V). The algorithm disNATKP(X;V; ) takes
at most

Os-1 d(N®DIS™2 +n)
many samples and outputs D € [%DIS; 3DIS], with probability at least 1 —

Proof. De ne events & = {! :Vj € [n]; xg.i) —X;|| < r;}, i=1,2,... By the de nition

of x!, we know that /mx.” follows a Gaussian distribution N (/mx;; ;). Then by
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Algorithm 1 DisNATKP(X = {O(x;,) :1=1;2;:::;n};V; )
Require: A sample access O(x;) to N(x;; 1) for each i € [n], a set V of k centers
and a con dence parameter < (0;1).
Ensure: A number D as an approximation of = [, dist(x;;V).
1r+1i+<1,D<+0,and T «+ n.
2: For every j € [n], ag(j) < FALSE.
3: while 48Tr; > D do
4 m; =0 r;?(d+ log( ~'ni)) .
5. Take m, samples from every arm O(x;) (j € [n]) and compute the average x.”
as an estimate of x;.

6: forj=1;2;:::;n, ag(j) =FALSE do

7: For every v ¢ V, compute c;, = MaX, g, 0 5, ly —v|| and d;, =
minyeB($§i)73Ti) Hy — VH

8: if Y eV;d;,>0and 3v,Vv, # vi;cj,, <2d;,, then

o: ag(j) < TRUE, D « D +dist(x');V), T « T — 1.

10: end if
11:  end for
122 rg < =2, i+ i+1.
13: end while
14: return D.

Theorem [1.4.1], we have

h | i h | i
Pr H\/ﬁ(xy) —X;)|| = v/mr; <Pr ||\/ﬁ(x§.’) —x,))||—vd >vmr, —Vd < —:

~ 3ni%’

(2.1)

Then by the union bound, we have

> h e @1
Pri&l>1— Pr ng?)—xszri > 1-n-—=1--=:

JE€m|

Let £ = N;>1&. We have

1 1
P >l--(Ql+z+=+::)>1—
M€= 1 g+ 5+ 5+ 2
Next, we need the following lemma for preparation. It’s a very fundamental

argument for UCB-based algorithm, and the proof can be found in Appendix [Al
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Lemma 2.1.2. Conditioned on &, for any integer 1 > 0 and j € [n], if r; <
dist(x;;V)=12, then ag(j) has been set to be “TRUE” at the i-th round. If r; >
dist(x;;V)=2, then ag(j) remains “FALSE” at the i-th round. Consequently, if
ag() is set to be “TRUE” at the 1-th round, then diSt(Xgi); V) e [%dist(x; V); 2dist(x;; V)].

Now we come back to prove Lemma [2.1.1] Conditioned on &, denote by TR
the set of J € [n] such that ag(j) is \TRUE" when the algorithm terminates. Let
FL = [n] \ TR be its complement. For j € TR, assume ag(j) is set to be \TRUE"
at the i;-th round of the while-loop. In what follows, we assume variables i; T; D and
r; are taking their values when the algorithm terminates (which means the condition

of Line 3 is not satis ed). Then we have,

X (i) Lemma 2.1.2] X
D= dist(x;""; V) <

JETR JETR

3. 3
Edlst(xj;V) < §DIS:

By Lemma [2.1.2] we know that for every j € FL,
dist(x;;v) < 12r;,_; (2.2)

since ag(j) remains \False" at the (i — 1)-th round. Hence

X
DIS = dist(x;; V)
j€n]
X X
= dist(x;;V) + dist(x;; V)
j€TR j€FL
> i) <
< 2dist(x;"; V) + 12, (Lemma and Eq. (2.2))
J€TR j€eFL
=2D + 24Tr; (r; =ri-1=2)
<2D + 24D=48 (Line 3 and the fact that i is the last round)
5
=-D:
2

Hence D € [2DIS; 3DIS]:

Now we consider the sample complexity. Since m;,; > 4m,, the total sample
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complexity is bounded by the number of samples taken at the last round of the while-
loop. Therefore, we only need to bound r; at the last round of the while-loop since

the number of samples m; is determined by r;.

Suppose i > 1 and r,_; < :25-. Then for every j € [n] such that dist(x;;V) >

2DIS > 12r,_,, ag(j) has been set to be \TRUE" at the (i — 2)-th round by Lemma

2.1.2l Then in Line 3 of the (i — 1)-th round, we have

(@) 1
1 o 1@ 20 A
D > = dist(x;;V) > 2 DIS — dist(x;; V)
jedist(xj,V)>22B1S Judist(zj,V) < ZB1S
1 12DIS 1 12
> - DIS—n-—— > -(1 - =—)DIS =0:488DIS:
= 2 " Soon =24 500

However, we have 48Tr;_; < 48n - 015 = 0:048DIS < D. Hence the algorithm

terminates in Line 3 of (i —1)-th round, which is a contradiction. Therefore, based on

&£, we have r; = r;_;=2 > 0I5 when the algorithm terminates. On the other hand,

note that r; = 1 (the algorithm may terminate in the rst round). Thus, the total

sample complexity is upper bounded by

O;-2(dn - min{DTIS; 1}7%) =051 d(n*DIS2+n) :

2.1.2 Noisy K-Median

We are ready to design an algorithm for the Noisy k-Median problem. The main
idea is to estimate the mean of each arm, keeping increasing the accuracy of those
estimations and computing an approximated k-median clustering on empirical data
points until we have con dence that the current clustering is a good approximation of
the optimal clustering. The algorithm uses a constant factor approximation algorithm
BPRS(:) for k-median as a subroutine. In particular, BPRS(n; k; d; X) is given a set
of n points in R? and outputs a set of k centers which is an < 2:676 approximation

for the k-median on X.
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Next, we highlight the critical steps in NoisyKmedian. Our algorithm iteratively
estimates every X;, using more and more samples. In Line 3, the algorithm uses
DisNATKP to computes Cl(i), the sum of distances from all arms to the current set
A,;_; of k-centers. Then in Line 6, the algorithm estimates x; for each arm by the
average x ) of m; samples. Observe that m; increases exponentially in each round
which implies that the estimation xg. is guaranteed to be more and more accurate.
In Lines 7 arrlld 8,(;[he algorithm computes an approximate k-median clustering A; on
estimations x§“ e and compute the approximate k-median value Cé“. In Line 9,
the algorithm checks if the two k-median values Cl(i) and Céi) di er by much. If they
are close, the algorithm has an evidence that Cfi) is an O(1)-approximate k-median

value and terminates.

Algorithm 2 NoisyKmedian(X = {O(x;) : 1 =1;2;:::;n}; )
Require: A sample access O(x;) for every i € [n] and a con dence parameter €
(0;1).
Ensure: An O(1)-approximate k-median clustering on X and an O(1)-approximate
k-median value..
Lri+ 1 i+ 1 C; < oo, Ay« aset of arbitrary k centers.
2. while TRUE do
3: C(l) + DisNATKP({O(x;) : 1 =1;2;:::;n} Ay #).
(l)
r; < mln{rl, -

4:
5. m; =0 r;?(d+ log( ~'ni)) .

6: Forevery j € [n], take m; samples from O(x;) and compute their mean xy) as
an estimate of x;.

Set A; f,BPRS(n K; d X; = {x1 ;::::;x,(f)}).

; CZ() <— dlst(x T AY).

0. if c{V=C} l) < 10 then

10: BREAK THE WHILE LOOP.

11:  end if

12: i1 < ri=2, < i+1.

13: end while

14: return A,_;;C\.

® o

The main theorem is as follows.

Theorem 2.1.3. With probability at least 1— , NoisyKmedian(X; ) outputs an O(1)-

approximate K-median clustering and an O(1)-approximate K-median value on X, with
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sample complexity

Os-1 d(n*OPT2+n) ;

where OPT 1= mMiny cpa vy, COSt(X; V) is the optimal K-median value on X.

Proof. De ne event & = {1 : Vj € [n]; X" — x;|| < r;} and & = { The i-th call
of DisNATKP succeeds}. Let & = N;>1(E; N E)). Similar to the proof of Theorem
1.4.1, we have Pr[N;>:&] > 1 — =3. By Lemma and the union bound, we have
PriNi>1&] > 1— 2 (1+ %+ +::1) > 1— =3. Combining the above two inequalities,
we know that Pr[£] > 1 — . Next, we need the following lemma for preparation, and

its proof can be found in the Appendix [Al

Lemma 2.1.4. Conditioned on &, suppose NoisyKmedian({O(X;) : 1 =1;2;:::;n}; )

terminates at the i-th round, then r; > % at the end of the algorithm.

Now we come back to the proof of Theorem[2.1.3] Consider the sample complexity,
it is dominated by the number of samples of the last round. Suppose the algorithm
terminates at the i-th round. Again, we need to bound r;. By Lemma[2.1.4], we have

r, > %. Also note that r; < 1. Hence the overall sample complexity is bounded by,

O;-1(dnmin{r; 1}7?) = O5-1(dn*OPT 2 + n):

Finally, we need to prove that the output A,_; and Cfi) satisfy the theorem.
Recall that C{" = DisNATKP({O(x;) : i = 1;2;:::;N}; A;_y; 1:5). Conditioned on
g, c e [2cost(X; A;_1); Scost(X; A;_1)] by Lemma m Hence we have C!¥ >
2cost(X;A;_1) > 20OPT. On the other hand, we need to prove c’ = 0o(1) - OPT.
Assume that cost(X; A;_;) > 6000PT. Then we have C\” > 2400PT.

Let OPT, denote the optimal k-median value on X;. As in the proof of Lemma
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[2.1.4, we have that OPT,; < OPT + nr;. Then we have

Cl? =cost(X;; A))
<30PT; (Defn. of BPRS)

<3(OPT +nr,)
(2)

<30PT +3n- ;:O_ln (Line 4)
<30PT + 0:04C{":
Hence
c cl 0¥ >2400PT 2400PT

V

10;

~ =~ - > >
Cél) 30PT + 0:04c(2) 30PT + 100PT

1

which contradicts the fact that the algorithm terminates at the i-th round. Hence we
have cost(X; A;_1) < 6000PT. It also implies that Cfi) < gcost(x; A;_1) < 9000PT
which completes the proof.

2.2 A Testing-Based Algorithm ford=k =1

Theorem does not match the sample complexity lower bound in Theorem
on the parameter n. When n — oo, the upper bound is asymptotically n*0PT 2 +n
(regarding d as constant and ignoring logarithmic factors) while the lower bound (by
Theorem is asymptotically n2OPT 2 + n. This gap exists even in the simplest
case d = k = 1. In this section, we show how to obtain nearly tight sample complexity
upper bound for the simple case of d = k = 1. In the next section, we will apply our

technique to the general setting.

2.2.1 Testing the Total Distance from n Arms to 1 Arm

We rst design a testing-based algorithm CostTester for computing the optimal 1-

median clustering in Algorithm [38, Our testing algorithm receives an instance of
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multi-armed bandit {O(x;); i € [n]}, an arm O(x) as a clustering center, and a number
C > 0 as input. The algorithm tests whether the sum P?ﬂ |X; —X| is larger than 10C
or smaller than C=10. Note that the setting of CostTester is slightly di erent from
DisNATKP in Section since the given center is an uncertain point O(x) instead
of a xed point. [| Hence we also need to estimate the location of x in the algorithm.

The main idea is to iteratively set up a threshold C; (which decreases exponential-
ly), and count the number N; of data points which are at least C;-far from the center.
Then we use these numbers N; to construct an estimation of the total distance. If C;
is large, the algorithm estimates the location of each data point and checks whether
the distance between each data point to the given point x is larger than C; (Lines
11-19). If C; is small, the algorithm cannot a ord the number of samples to precise-
ly estimate the location of each data point. To handle this problem, we take some
subsamples from arms, work only with the subsampled set, and get an estimation of
N; (Lines 6-10). The algorithm achieves the desired sample complexity by balancing
the trade-o between the number of subsampled arms and the number of samples on

each sampled arm.

Remark 2.2.1. For the case of d = 1, our model is identical to the multi-armed bandit
model. Hence we can regard the problem as computing 1-median clustering in the
multi-armed bandit model. This problem can be motivated by the following example:
given a multi-armed bandit instance, a player suspects that all arms are quite similar

and wants to measure the similarity of all arms with as few samples as possible.

Lemma 2.2.2. Given an instance X = {O(X;) : i € [N]}, a clustering center O(X), a
cost parameter C > 0 and a confidence parameter € (0;1), the algorithm Cost Tester

satisfies the following properties:

e [f cost(X;x) > 10C, CostTester(X; O(X);C; ) accepts with probability at least
1_—

INote that this slight modi cation can be considered as a generalization from a xed center to
an uncertain center. The goal of the modi cation is to simplify the main algorithm in the next
subsection.
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Algorithm 3 CostTester(X = {O(x;) : J =1;2;:::;n}; O(X); C; )
Require: Aninstance X = ({O(x;) : j € [n]}), an arm O(X) as a center, a threshold
C >0 and a con dence parameter € (0;1).
Ensure: \Accept" or \Reject".
1: C; < max{2C; 100}, T « 0.
2: L + O(log(C;n=C)) such that 9% < 2 < 80Gin
3 fori=1;2;:::;Ldo
4 r; < min{1;C;}, m; < O r;%log(nL ') .

5. Take m, samples from O(x) and compute their average x(*).
6: if C; <C then

7: Uniformly draw with replacement a subset S; of size O (“£)?log( ~'nL)
from X.

8: For every O(X;) € S;, take m; samples from O(X;) and compute their average

(1)

X5

9: N; < 2 {O0) € S; : [xO = x| > C;} ;

10. end if

11: if C; > C then

12: Nz 0.

13: for O(x;) e X do

14: Take m; samples from O(x;) and compute their average x§’).

15: if [x? — x| >C; then

17: end if

18: end for

19:  end if

20: T« T+ NZCZ, Ci+l — C1=2

21: end for

22: return \Accept" if T > C; \Reject" otherwise.

e [f cost(X;x) < C=10, CostTester(X; O(X); C; ) rejects with probability at least
1— .

o The sample complexity of CostTester(X; O(x);C; ) isO (n+n’>C~?)log*> !

Proof. We rst upper bound the sample complexity of the algorithm. At the i-th

round, if C; < C, we take
— -2 -1 nLr; 2 -1 — 2~ —2 2 —1
m;|S;| = O (r; " log(nL )-(T) log(n ~'L) =0 n*C “log
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many samples in this round; meanwhile if C; > C, we take
nm; = O(nr; ?log(nL ~')) = O((h+nC~?)log )

(noting that r; = min{1;C;} and C; < C; € O(max{C;1})) many samples at this
round.
Note that we have L = O, (1) many rounds in total. Therefore, the overall
sample complexity is
o((n+n?CHlog*> ~1):

So we have proved the third argument.

We now prove the rst argument, i.e., if cost(X;x) > 10C then with probability
at least 1 — the algorithm accepts. We need to prove that with probability at least
1— , T >C after L rounds. We rst de ne two events, £ and £’ as follows.

De ne events &; = {1 : [(x\ —x®) — (x; — x)| < r;=2}. Note that x\" — x@ is
a Gaussian variable with mean x; — x and variance ml By the same argument as in

the proof of Lemma [2.1.1, we have

1>1—- ——
Pri&;]1>1 TYE

Let £ =nN¢&;;. Since i € [L] and j € [n], by the union bound, we have

Prig]>1- 5 (2.3)

De ne theset M; = {j € [n] : |[X; — x| > 2C;}. We also de ne P, =S, N M, for i
satisfying that C, < C.

For every i satisfying that C; < C, we de ne the event £ to be the inequality
ﬁ]PJ —|M;| <CL™'C;'=8, and & = Ni.c,<c€,. By Theorem [1.4.2, we have that

1

Pr
S|

1
P — ﬁ’Mi’ >" < 2exp 2ASiled
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_C¢
8nLCj"

Since |S;| = O(n?*L2C?C 2 log( ~'L)), we have that,

for "; =

Prig]=1—Pr —|M;) >CL7'C; =8 >1-— ——:

n
L p, -
\Sz’\| | 2L

By the union bound, we have Pr[€’] > 1 — 2. Combining with Inequality (2.3), we
have Prl N &1 > 1 — by the union bound.

Conditioned on €N &', if C; < C and j € P; then [x\” — x| > |x; — x| — [x\ —
x® — (x; —x)| > 2C; — C; = C; by the triangle inequality. Hence, such entry j must

be counted in Line 9, i.e.,

N; >

n g
|P;| > [M;| — CL"'C, '=8:
Sil '

On the other hand, if C > C,, since the algorithm checks every x;;j € [n] we know
that if j € M, then j contributes one to N; which implies that N; > |M;|. Therefore,
we conclude that

N; > |[M;| —CL'C, '=8 (2.4)

for every i, on EN¢E’.
We only need to prove that T > C conditioned on £ N E’. As a consequence, the
algorithm accepts with probability at least 1 — . We consider the following two cases.
1) If there is some j such that |x; — x| > 3C, then for some i € [L] satisfying that

C <(C,; <2C, we have

triangle ineq.

. _ : A £
X7 —x@] > kg = x| =[x = x® — (x; — x)| > 3C —2C = C:

Hence at the i-th round, N; > 1 which implies T > C,; > C.

2) Assume that |x; —x| < 3C for every j € [n]. In this case, we need the following

lemma.

Lemma 2.2.3. Assume that |X; —X| < 3C for every j € [n]. Conditioned on ENE’,

we have that
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X C
cost(X;x) <2 C;|M;| + 1—0:
=1

Proof. For every j € [n], let ,; denote the indicator function of j € M,. Since
IX; — x| < 3C < 2C; which implies that ;; = 0, there must exist some i* &
{1;2;:::; L} which is the smallest number such that ;; = 0. By the de nition
of M, and the fact that C;,; = C;=2, we know that,

X
‘Xj — X’ < 2Cz* = Z(CL + CL + CL,1 + CL72 + .+ Ci*fl) = 2CL + 2Cz ij
i=1
Moreover, [M;| = ;; +:::+ ,,. So we have
X X X ) X c X
COSt(X;X) = |Xj—X| < 2C; + 2C; i = 2nC;+2 C’L|MZ| < 1—0+2 Cz|Mz|a
=1 j=1 1=1 =1 =1
where the last inequality is due to the fact that C, = ;1 < 200%1/0 =<, ]

By Lemma [2.2.3] we have that,

X
T = NZCZ
=1
> (M4 — CL'C; '=8)C; (Ineg. (2.4))
=1
=" |M;|C; - C=8
=1

>cost(X;x)=2 — C=20 — C=8 (Lemma [2.2.3)
>5C — C=20—C=8 (cost(X;x) > 10C)
>C:

Finally, we prove the second argument, i.e., if cost(X; x) < C=10, the algorithm
rejects with probability at least 1 — . De ne sets R, = {j € [n] : [x; — x| > C;=2},
Q: =S;,NR;, and events &/ = {1 : #]QJ —|R;| > CL™!C; =8} and &" = né&/.

Similar to the argument of £’, we can prove that Pr[£”] > 1— =2and Pr[ENE"] > 1— .
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To prove our second argument, we only need to show that if cost(X; x) < C=10, then

T < C conditioned on €N &”.

Conditioned on £ENE”, if C; < C, for any j € Q;, we have

triangle ineq.

i i i i Jj¢Qi and
=X X 0T X = ()] S

& ri<Cj

Ci:2+ri:2 S 01:2+CZ:2:C1
It implies that x; € {O(x) € S; : [x® — x| > C;}. Hence we have N; < &7lQil in
Line 9. Consequently,

n
S|

gll
N; < —1]Qi| < |R;|+CL'C;'=8:

On the other hand, consider the case that C; > C. By the same argument as the
previous case, each j € R; satis es that |x§i) — x@W| < C;. Hence N; < |R;| in this

case. So we conclude that, for every i € [L],

N; < |R;|+CL'C; '=8: (2.5)

Next, we need the following lemma which is similar to Lemma[2.2.3] The proof

can be found in Appendix [Al

Lemma 2.2.4. Conditioned on € NE", we have

1 X
cost(X; x) > 2 Ci|R;l:

i=1

30



By Lemma [2.2.4, we have that,

X
T = NlCl
i=1
X
< (R +CL'C/'=8)C; (Ineq. @.5))
=1
X
=1
<2cost(X;x) + C=8 (Lemma [2.2.4)
<C=5+C-=8 (cost(X;x) < C=10)
<C:

2.2.2 Noisy 1-Median

Now we show how to compute noisy 1-median using Algorithm[3] Our main idea is to

rst sample enough arms such that there exists an O(1)-approximate center among

estimation for the optimal arm is exactly an O(1)-approximate center.

sampled arms. Then we design a binary search algorithm to compute the optimal

one among the sampled arms based on Algorithm CostTester, see Algorithm 4 The

Before analyzing Noisylmedian, we rst have the following lemma which shows

that O(log —') sampled arms in Line 1 of Noisylmedian is enough.

such that X 1s a 3-approrimate 1-median center on X.

Proof. Lety be the optimal 1-median center on X and let OPT =

W.l.0.g., we assume that

Xi =y < X =y < <X, — Y
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Algorithm 4 Noisylmedian(X = {O(x;) :j =1;2;:::;n}; )

Require: Aninstance X = ({O(x;) : j € [n]}) and acon dence parameter < (0;1).
Ensure: An O(1)-approximate 1-median clustering on X and an O(1)-approximate

1:

10:
11:

12:
13:

14:
15:

1-median value.

Uniformly draw with replacement a subset S = {O(Xn,); 11 O(Xa,,)} Of size
m = O(log ') from X.
C = 100n.

If VI € [m] CostTester(X; O(X,); C; 20m) accepts then
For every j € [n], take O(log(n ~')) many samples from arm O(x;) and com-
pute their average Xx’.
Compute the optimal 1-median center x on X’ = {X}; x5;:::;X/,} by computing
their median.
return Xx and cost(X’; x).
end if
i < 1, j « , satisfying that CostTester(X; O(Xo,);C; 52-) rejects in Lmel
(breaking ties arbitrarily).
while TRUE do
if VI € [m] CostTester(X; O(Xy,); C; m) accepts then
Take O(n*C~2log ~') samples from O(x;) and return their average x and
C.
end if
j « . satisfying that CostTester(X; O(Xa,); C; fmirny) Teiects in Line
(breaking ties arbitrarily).
C«+C=10,i+i+1
end while

So the probability that T contains some O(x;) for j < 5 is at least

1-097>1— :
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Suppose O(x;) € S for some j < ;5. We nish the proof by noting that

X; = x| < (ly=x]+]y—x;]) (triangle ineq.)
=1 =1
=0OPT + n|y — x|
n X
<OPT + P ly — X (Ineg. (2.6))
I=j+1

<OPT+ -1 _OPT
n—j

n
<30PT: ] < —
< (<5
u

Now we are ready to prove the correctness and sample complexity of Algorithm
Noisylmedian. The main theorem is as follows. Note that by the following theorem
and Theorem|2.4.1, we achieve the nearly tight sample complexity for obtaining O(1)-

approximate 1-median value in 1-dimension.

Theorem 2.2.6. Given an instance X = {O(X;) 1 j € [n]} and a confidence parame-
ter € (0;1). With probability at least 1— | the algorithm Noisylmedian(X; ) returns
an O(1)-approximate 1-median center and an O(1)-approzimate 1-median value on
X, with sample complexity

O;-1(n + n*0OPT?)

where OPT = minycg cost(X;y) is the optimal 1-median value.

Proof. We de ne event £ that every call of CostTester succeeds and there is a 3-

approximate 1-median center in T. By Lemmas[2.2.5 and [2.3.1] and the union bound,

we have 1
>
P >1-m- — + - ——>1- =2
el=1-m- o _ lomiG+1)  4°
We condition on £ in what follows. For preparation, we have the following lemma.

Lemma 2.2.7. Conditioned on &, if every CostTester in Line 3 (or Line 10) accepts,
then OPT > C=30 at that iteration. If OPT > 10C in Line 3 (or Line 10), then
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every CostTester at that iteration accepts.

Proof. For the rstargument, if OPT < C=30, by Lemma|2.2.5thereisa x,, € S such
that cost(X; X,,) < 30PT < C=10. It means that CostTester(’X; O(X,,); C; ') rejects
by Lemma The second argument follows from Lemma 2.2.2|since cost(X; X,,) >
OPT > 10C for all | € [m]. [ |

Now we come back to the proof of Theorem [2.2.6| We consider the rst "IF"
sentence in Line 3. If all CostTester accept, we have OPT > & = 10 by Lemma
2.2.7. De ne by event & the algorithm estimates every arm X, by an empirical
mean X such that |x; — x;| < 3. By union bound, the probability of £ is at least
1—-n- % = 1— =2. Conditioned on £ N &', we argue that the optimal 1-median

center x on X' := {x{;x};:::;x/ } is an O(1)-approximate 1-median center on X =

LI 1

X
cost(X; x) <cost(X’;x) + X; — X} (triangle ineq.)
=1
X
<cost(X'; x*) + X; — X (Defn. of x)
i=1

<cost(X; x*) + IX; — Xj| + X; —Xj| (triangle ineq.)
=1 =1

<OPT + Z?n )
<OPT + 0:20PT (OPT > 1%”)
=1:20PT:

By the same argument, we can prove that 0:80PT < cost(X’;x) < 1:20PT. Hence,
the output cost(X’; x) is an O(1)-approximation of OPT. The success probability is

at least PrfE N &'l > 1 — . Moreover, the sample complexity is
Os-1(N) = Os-1(N + N*OPT?)

since OPT > 107”

34



If there is some tester CostTester in Line 3 rejects, the algorithm will enter the
while-loop in Line 9. Consider the sample complexity. It is again dominated by
the number of samples of the last round since C decreases exponentially in each
round. By Lemma 2.2.7,we know that the algorithm terminates once C < OPT=10.
Therefore, we have C > OPT=100 when the algorithm terminates, by the updating
rule in Line 14. Since T contains only Os;-1(1) sample access, it implies that the

sample complexity is bounded by
Os-1(N*OPT % +n);

by Lemma[2.2.2)and Line 11.

For the correctness, by Lemma [2.2.7, we know that OPT > C=30 when the
algorithm terminates. Hence C is an O(1)-approximation of OPT. Note that in Line
11, x; is set to be a center such that CostTester rejects for the parameter 10C in the
previous round. Then by Lemma m we have cost(X; x;) < 100C < 30000PT.
Hence X, is an O(1)-approximate 1-median center on X. By Line 11, the algorithm
outputs x which is the average of m = O(n?C~?log ~') samples from O(x;). Hence
v/mx follows from the Gaussian distribution N (/mx;; 1;). By union bound, we have

that |x; — x| < C=n with probability at least 1 — =2. Then we have

triangle ineq.

C<300PT
cost(X; x) < cost(X;x;) +njx —x;] <O()-OPT+C < O()-OPT:

Since Pr[€] > 1 — =2, the algorithm successes with probability at least 1 — . [ |

2.3 A Testing-Based Algorithm for General Case:

Sharper Dependence on n

In the previous section, we present a testing-based algorithm for computing the 1-
median center/value in 1-dimension with nearly optimal sample complexity. In this

section, we extend this technique to the general setting.
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The extension to d-dimension is straightforward. We only need a di erent con-
centration inequality. However, to extend to k centers is much harder since we do
not have a similar lemma as Lemma [2.2.5] A simple idea is to regard every arm as
a candidate of centers and estimate each of them to an error of OPT=n. However,
the sample complexity is still as large as n*OPT 2. To overcome this problem, we
can not consider all arms. Instead, we iteratively subsample arms and estimate the
location of subsampled arms with di erent sample numbers in di erent iterations.
We will show that the collection of estimations contain a good approximate k-median
clustering. Our approach to solving this issue is somewhat related to the ""Chaining
method™ (see, e.g., [78]).

2.3.1 Testing the Total Distance from n Arms to k Centers

We rst present an algorithm TestNATKP which is very similar to algorithm Cost Tester
except that the parameters d and k are generalized. The proof of Lemma IS
almost identical to the proof of Lemma[2.2.2)and can be found in Appendix [Al Note
that the sample complexity in Lemma[2.3.1] saves a parameter n compared to that of
Algorithm DisNATKP.

Lemma 2.3.1. The following holds:

e [fcost(X;V) > 10C then TestNATKP(X;V;C; ) accepts with probability at least
1_

e [f cost(X;V) < C=10 then TestNATKP(X;V;C; ) rejects with probability at
least 1 —

e The sample complezity of TestNATKP(X;V;C; ) is O(d(n + n>C—2)log® —1).

2.3.2 Testing the Optimal k-Median Value

We now present Algorithm TestKemdian which tests the cost of optimal k-median on
X. It is the key algorithm in this section and can be translated to a binary search

algorithm for noisy k-median in the next subsection.
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Algorithm 5 TestNATKP(X = {O(x;) : 1 =1;2;:::;n};,V;C; )

Require: A sample access O(x;) to N(x;; 1) for every i € [n], a set V of k points, a
threshold C > 0, and a con dence parameter < (0;1).

Ensure: \Accept" if cost(X;V) > 10C; \Reject" if cost(X;V) < C=10 where X :=

1: C; + max{2C; 100}, T «+ 0.
2: L < O(log(C;n=C)) such that 10&» < 2 < 80Gun
3 fori=1;2;:::;L do

4.  N; «< 0.

5 Setr; < min{1;C;}, m; +- O(r; 2(d + log(nL ~1))).

6: If C;, <C then

7 Uniformly draw with replacement a subset S, C [n] of size

O(n*L?*r’C—2log(nL —')).
8: For every j € S;, take m; samples from O(X;) and obtain their average x§’)
as an estimate of x;.

0: Compute N; = ﬁ {Jes;: dist(xy);V) > C;}.

10  endif

11: if C; > C then

12: forj=1;2;:::;ndo '

13: Take m; samples from O(x;) and compute their average xg.” as an estimate
of X;.

14: if min ey [|x\” —v|| > C; then

15: N; < N; + 1.

16: end if

17 end for

18: endif

19: T+ T+ Nzcza Ci+1 — CZ:Z

20: end for

21: return \Accept" if T > C otherwise \Reject".

The key idea is the following: Consider the optimal k-median clustering A for

X ={0O(x;) : i € [n]} and partition every data point X; into the closest center a € A.

of each cluster X;. Similar to Noisylmedian, we still sample arms to include these
candidate centers. Taking X; as an example, our approach is based on the following
facts. If the size of X is large, we only need a small number of sampled arms to include
a precise approximation of its center by Lemma [2.2.5 If the size of X, is small, we
need many sampled arms to include a precise approximation of its center. However,

a rough estimation of the location of this center is already enough since few points
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are clustered to it. By the above facts, we sample arms iteratively, i.e., we sample
m; (which increases exponentially) arms at the i-th round. If m; is small, we can
only expect that the sampled arms contain approximate centers for large clusters.
To estimate the locations of these subsampled arms, we need a proper number of
samples taken from each sampled arm. If m; is large, we can expect that the sampled
arms contain approximate centers for small clusters. Then we only need to take few
samples from these arms and obtain rough estimations of their locations. The key
problem is to balance the trade-o between the number of sampled arms (which are
regarded as estimations of optimal centers) and the number of samples taken from

each arm, in each iteration.

Algorithm 6 TestKmedian(X = {O(x;) : 1 =1;2;:::;n};k;C; )
Require: A sample access O(x;) for every i € [n], the number of centers k, a thresh-
old C > 0 and a con dence parameter < (0;1).
Ensure: \Accept" if the optimal k-median value on X is larger than 10C. \Reject"
and a set of k centers if the optimal k-median value on X is smaller than C=50.
: fori=0;1;2;:::;[log, n| do
N, < O(%log( ~'n)), r; + 5.

1

2: 100k21
3 m; + O(r;2(d + log( —'i%ny)))
4:
5

Uniformly draw with replacement a sample S; of size n; from [n].
For every j € S;, take m; samples from O(x;) and compute their mean x
an estimate of x;.

end for

7. S « {xy) i1 =1;2;5[logyn]; j €S}

8: return \Reject" and V if there is a size-k set V C S satisfying that Test-
NATKP({O(x;) 1 i =1;2;:::;n};V; C; ) . Here, for all size-k sets V C S, we
use the same random samples when calling O(x;) (i € [n]) in TestNATKP({O(x;) :
i=1,2;:::;nhV; C; Tglf)' Otherwise \Accept".

(@)

jas

&

The main lemma is as follows.

Lemma 2.3.2. TestKmedian(X;Kk; C; ) satisfies the following:

e [f the optimal K-median value on X is larger than 10C, the algorithm accepts
with probability at least 1 —

2If there are many such sets V, output an arbitrary one.
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o [f the optimal K-median value on X is smaller than C=100, the algorithm rejects
and outputs a size-K set V' satisfying that cost(X;V) < 10C, with probability at
least 1 —

e The sample complexity is Os-1(d(k®*n?C~2 + k2n)).

Proof. Let OPT denote the optimal k-median value on X. De ne anevent & = {! :
W C S;|V| = k TestNATKP({O(x;) : i € [n]};V;C;ﬁ) succeeds}. By Lemma
[2.3.1] and the union bound, we know that

S|
P >1-— . >1-— =3
ré] > k 3[SPF-
For the rst argument, assume OPT > 10C. Then for every V. C S;|V| =
k we have cost(X;V) > 10C. So conditioned on &;, we know that every Test-
NATKP({O(x;) : i € [n]};V;C;ﬁ) accepts. Hence TestKmedian accepts in this
case.

For the second argument, assume OPT < C=100. LetV* = argmin cga.;/|—xCOSt(X; V)

V, = {x; € X :dist(x;; V) = [x; — Vil };

i.e., V; is the collection of points in X which is clustered to v; (breaking ties arbitrar-
ily).
Next, we present the following generalization of Lemma(2.2.5] The proof is almost

identical and can be found in Appendix [Al

Lemma 2.3.3. Assume 2! <V; <21 for some | € N'. Let A; be a uniform sample
of size (&ngs—_l) from [n]. Then with probability at least 1 — , there exists a J € A;
such that

cost(V;; X;) < 6cost(V;; v;):

Now we come back to the proof of Lemma For every i € [K], let I; be the

integer such that 2i < |V;| < 26!, De ne event & = {1 : 3j € S}, : cost(V;; X;}) <
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6cost(V;;v;)} and let & = UF_, &L, By the choice of n; and Lemma |2.3.3, we have that
Pr&]>1-n - =1— =3
ré.] > n 3n
We also de ne another event & = {1 : Vi =1;2;:::; [log, n; j € S;; X\ — x| <
r;}. By Theorem and the union bound, we know that

bl
Prigs] > 1 - n; -

=1

- >1- =3:
3i2n; — 3

LetE =& NENE;. Then Pr[€] > 1 — by the union bound. It remains to prove
that conditioned on &, the algorithm rejects.

Foreveryv, € V*, letj; € S;, denote the index such that cost(V;; x;;) < 6cost(V;;Vv;)}.
(J; must exist since we condition on £.)

Now we show that P := {ng‘) 11 =1;2;:::;k} is indeed a constant factor approx-

imate k-median clustering. Indeed,

X li)
cost(X;P) < cost(Vz,xg ) (Defn. of cost)
=1
X N
g cost(VZ-;xji) + Vil — x§i')\| (triangle ineq.)
X
<6 cost(V;; v;) + |Vy| - 1y, (Defn. of x;, and &)
=1
X li+1 C li+1
<60PT + ) N T (JVi| < 2% and Defn. of r;,)
C
<6C=100 + 25 (OPT < C=100)
4
=—C < C=10:
50

Recall that we condition on £. Hence TestNATKP({O(x;) : i € [n]}; P;C; ﬁg)
rejects by Lemma 2.3.2l So we conclude that TestKmedian rejects when OPT <
C=100. Moreover, note that the output V satis es that TestNATKP({O(x;) : i €
[n]}; V; C; #) rejects. By Lemma|2.3.2, we have cost(X;V) < 10C.
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Finally, we consider the sample complexity. There are two places involving taking
samples from the oracles: Line [5| and Line 8l For Line B the sample complexity is
upper bounded by

lose] lose] ,
Os-1( nr; 2d) = Os-1( k?n2'C 2d) = O,-1(dk*n*C~?):

=1 =1

For Line 8] the sample complexity is bounded by a single call of TestNATKP({O(x;) :

i=1,2;:::;nhV; C; #) since we use the same samples over all V.. By Lemma|2.3.2,

the sample complexity is

O(d(n*C~2 +n) log? |S|¥) = O5-1(dk*(N*C~2 + n)):

So the total sample complexity is upper bounded by

O;-1(dk*(n*C~2 + n)):

2.3.3 Noisy k-Median

Now we are ready to design a simple binary search algorithm based on TestKmedian.
The idea is straightforward { to guess the optimal k-median value iteratively and

apply TestKmedian to test the guess.

We summarize the main theorem as follows. The proof is very similar to the proof
of Theorem [2.2.6| and can be found in Appendix [Al

Theorem 2.3.4. With probability at least 1 — , NoisyKmedian2(X;K; ) outputs an
O(1)-approzimate K-median clustering and an O(1)-approrimate K-median value on
X, with sample complexity

O;-1(dk*(N*OPT 2 + n))
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Algorithm 7 NoisyKmedian2(X = {O(x;) : 1 =1;2;:::;n};k; )
Require: A sample access O(x;) for every i € [n], the number of centers k, a con -
dence parameter € (0;1).
Ensure: An O(1)-approximate k-median clustering on X and an O(1)-approximate
k-median value.
: C «1000n, i+ 1.
. If TestKmedian({O(x;) : 1 =1;2;:::;n};k; C; =20) accepts then
return NoisyKmedian({O(x;) : i =1;2;:::;n]}; =10).
while TRUE do
if TestKmedian({O(x;) : 1 =1,;2;:::;n};k; C; m) rejects then
return V which is the output of TestKNATKP({O(x;) : i
1;2_;:::;n};k;C;ﬁ) and C.
end if
C+C=10,i«+i+1.
9: end while

S T

®

where OPT s the optimal K-median value on X.

2.4 Lower Bound

We discuss the sampling lower bound of the noisy k-median problem in this section.

We will consider both the instance lower bound and the worst-case lower bound.

2.4.1 Instance Lower Bound

We rst consider the instance lower bound for the noisy k-median problem. Recall
that in a noisy k-median instance, we are given sample access to n uncertain points
{O(x;) : i € [n]}. The following theorem gives an instance sampling lower bound for

the noisy 1-median clustering which shows the tightness of Theorem [2.2.6]

Theorem 2.4.1. For any noisy 1-median instance in R?, assume that the optimal
1-median value is OPT. Then any (1— )-correct algorithm with approximation factor

2 takes at least (NPOPT~2In ~!+n) samples in expectation.

Proof. Assume the n Gaussian distributions for {O(x;) : i € [n]} are N(x;; 1,);1 € [n].

W.l.0.g., we assume that the optimal solution of the given instance isv = (0;0;:::;0).
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We rst show an (n) lower bound, which is relatively easy. Suppose for contra-
diction that a (1 — )-correct algorithm A takes o(n) samples in expectation. Now,
suppose we pick an arm x; uniformly at random, and replace x; with an arm a with
center extremely far from v. Then clearly OPT would be dominated by |/a|| and thus
change dramatically. But A can only detect this change with o(1) probability, since
it can touch at most o(n) arms. Therefore, A cannot be (1 — )-correct with o(n)

samples.

Next we prove an (n*OPT2In —!) lower bound. Suppose for contradiction
that an algorithm A takes o(n’0OPT?In —!) samples in expectation. Let ; be the
expected number of samples taken from the i-th arm. For convenience, we de ne

X
O =0PT = [|1X;]|:
=1

We construct another sequence of Gaussian distributions N (u;; 1;) as follows. For
each I, we set u; such that u;, = x; + % . II;C_'H Recall that v = (0;0;:::;0) is the
optimal 1-median solution of {x;}. By xing a coodinate j € [d], we know that the
median value of all x; ; (the j-th entry of x;) must be 0. By the de nition of u;, it is
not hard to see that the median value of all u; ; (the j-th entry of u;) is 0 for any xed
coordinate j € [d]. Thus, the optimal 1-median center of the instance {u;} is still
v =(0;0;:::;0). We conclude that the optimal 1-median value of {u,} is Pf\;l llu]|-

Note that we have

20
||UZH_||X1|| - ||UZ‘—XZ|| = W_2()
=1 i=1 i1
Therefore, we have
X
[|u;|| = 30:
=1

Let C denote the original sequence of arms, and C’ denote the sequence of arms
corresponding to u;. We also let £ be the event that A outputs a value at most O.

Note that if £ happens, A can not output a 2-approximation solution for {u;};cp,-
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Clearly, by the assumption of A, we have
Pri€]>1— and Pr[&] < :
AC AC

Now we apply Lemma and Equality (1.2), and we have

> I%; —w||>>d Pr[&]; Pri&] > (In 7).
» ) SR Wl ¥ - '
Since
%, — 2 = 1 402 202 X
[ 1 7 7 2 n2 - n2 11
=1 =1 =1
we have
X
;>n%-In ~'=20%
=1
which completes the proof. [ |
By letting u; = x; + (14;5)0 . Hi_ll in the above proof, we directly have the following

corollary.

Corollary 2.4.2. For any noisy 1-median instance in RY, assume that the optimal
1-median value is OPT. Then any (1— )-correct algorithm with approximation factor

1+ " takes at least ("2n?OPT2In ~' +n) samples in expectation for any " > 0.
For the general case, we have the following theorem.

Theorem 2.4.3. For any noisy 1-median instance in R?, assume the optimal K-

any pairV;;V; € V', we have ||V;—V;|| = 60PT. Then any (1— )-correct algorithm with

approzimation factor 2 takes at least (N*OPT2In ~! + n) samples in expectation.

Proof. We rst show an (n) lower bound. Suppose for contradiction that a (1 — )-
correct algorithm A takes o(n) samples in expectation. Now, suppose we pick an arm
X; uniformly at random, and replace x; with an arm a extremely far from the rest

arms. Then clearly the optimal k-median clustering of this modi ed instance should
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include a. But A can only detect this change with o(1) probability, since it can touch

at most o(n) arms. Therefore, A cannot be (1 — )-correct with o(n) samples.

The proof of an  (n?-In ~!=OPT?) lower bound is similar to Theorem[2.4.1 The

optimal solution V partitions {x;} into di erent clusters according to their distance to

(1 <i <m). We construct another sequence of Gaussian distributions N (u;; 1) as

follows. For each 1 < i < m, we set u; such that u; = x; + 20PT. _zi—ui_ Qpserve that

noflzicol”

lu; — vi|| = ||X; — v1|| + 20PT=n. For other clusters, we construct u; respectively.

We rst show that V is still the optimal k-median clustering of {u;}. Assume V *
is the optimal k-median clustering of {u;}. Again, V* partitions {u;} into di erent
clusters. We claim that each cluster of {u,} according to V * corresponds to a cluster
of {x;} according to V. Note that

X X
mi‘p lu; —v| < mi‘g |X; — V|| +n-20PT=n = 30PT: 2.7)
ve S

=1 =1
W.l.0.g., suppose there exists two points x; and X, belong to di erent clusters accord-
ing to V, while u; and u, belong to the same cluster v* according to V*. W.l.o.g.,
assume that the closest point in V for x; and X, are v; and v, respectively. Then by

the triangle inequality and the assumption that ||v; — vs|| > 60PT, we have

lup—ug|| > [|vi—Va||—|IVi—X; || = [|X1—U1 || —||Va—X2||— || X2 —U2|| > 60PT—OPT—40PT=n > 30PT:

It implies that
i Defn. of V* X . triangle ineq.
min |ju;—V|| > min ||u;—v/|| > |Ju;—Vv*||+|[us—V*|| > |lui—us|| > 30PT;
im1 veV i1 veV*

which is a contradiction with Inequality (2.7). Thus, x; and X, belong to di erent
clusters according to V, then u; and u, must belong to di erent clusters according
to V*. It implies that each cluster of {x;} according to V corresponds to at least one

cluster of {u;} according to V *. However, we have |V *| = |V | = k. Thus, each cluster
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of {u,} according to V * corresponds to a cluster of {x;} according to V.
Then by the same argument as in Theorem [2.4.1, we can prove that V* = V.

Finally, since the partition of {u,} remains the same, we have

min ||u; — v|| = min ||X; — v|| + n-20PT=n = 30PT:
veV veV
=1 =1
By the same argument as in Theorem 2.4.1} we know that any (1— )-correct algorithm
with approximation factor 2 takes at least (n?OPT2In 1) samples in expectation

to distinguish {x;} and {u;}. It completes the proof. |

2.4.2 \Worst-Case Lower Bound

Now we prove a worst-case lower bound of the noisy k-median problem. Precisely, we
show that there exists a family of noisy k-median instances where (n++/dn20PT~?)
samples are required for any 0:9-correct algorithm. This result shows that the factor
v/d is also necessary in the upper bound. We rst need the following lemma for

preparation.

Lemma 2.4.4. There is no 0.9-correct algorithm that takes o(v/d="2) samples in

expectation from an d-dimensional Gaussian N( ;13) distinguishes between the cases

21 ="

Proof. Note that this lemma is very similar to Theorem C.2 in [36]. ﬁ The only
di erence is that we consider the number of samples in expectation.

Suppose for sake of contradiction that such an algorithm exists. If the probability
that it distinguishes the two cases with o(v/d= 2) samples is larger than 1/3. Then
by Theorem C.2 in [36], we have that the accuracy of this algorithm is less than

1 — 1=3 x 1=3 = 8=9, which is a contradiction. Otherwise, the algorithm takes

3The proof of Theorem C.2 in [36] has a mistake. The last equality should be | — I||2 =
nk?(2¢? /n)? = 4k?e* /n = o(1). However, it does not a ect the correctness of the theorem.
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(v/d= 2) samples with probability at least 2/3. Then the algorithm takes (v/d= 2)

samples in expectation, which is also a contradiction. |
We are ready to prove the following theorem.

Theorem 2.4.5. There exists an infinite sequence of noisy K-median instances, such
that any 0.9-correct algorithm for any instance with approximation factor 2 takes at

least

(Vdn?OPT~2 + n)
samples in expectation. Here, OPT is the optimal K-median value.

Proof. Consider the following sequence of (2n + 2)-arms C = (a9 = N(Xo; 14); by =

the following property:

L llyo = %oll = v/n.

2. The distance between any x; and x; (0 < i <j < n) is far away enough, say

2
Let k = n+ 1. Assume that A is a 0.9-correct algorithm with approximation factor
2. By the same argument as in Lemma [2.4.3, A must take (n) samples in expecta-
tion. Then suppose for sake of contradiction that A takes o(v/dn20OPT~2) samples in

is exactly OPT = P?:U min,cy |ly; — V|| = v/Nn. Thus, A(C) outputs a value at most
2,/n with probability at least 0.9.

Construct another sequence of (2n+2) independent arms C' = (a;, = N (Xo; 14); bl =
N(Yo; la);a; = N(Xq; 1g);b) = N(xi + 5 1g):ia, = N o) b, = (X, + 5 15)).
Here, € R satis es that 1=y/n < || || < 2nd. In this case, the optimal k-median
value of C’ is exactly OPT' = P?:O min,cy |ly; — V|| > 24/n. Thus, A(C’) outputs a
value larger than 2,/n with probability at least 0.9.

Now we construct an algorithm A to distinguish the two cases in Lemma m

=0or || | > 1=y/n. Firstly, A take 1 sample x. If ||x|| > nd, output || || >
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Otherwise, A construct a (2n + 2)-arm instance as follows: & = (& = N (Xo; Id);ﬁo =

Run algorithm A on this instance. This can be done by the following simulation.
If A wants to take a sample from arm &; (0 < i < n) or arm By, A directly draws a
sample from the corresponding Gaussian distribution. If A wants to take a sample
from arm §; (1 < i < n), A draws a sample y from the unknown distribution N( ; 1,),
and produces y + X; as a sample drawn from arm B.. If A(®) outputs a value at most
2,/n, then A outputs || || = 0. Otherwise if A(®) outputs a value larger than 2,/n,
then A outputs || || > 1=,/n. Note that A only takes o(n2v/d=,/n") = o(nv/d) samples
in expectation.

It remains to prove that the correctness of A is at least 0.9. Then by Lemma m
A must take (nv/d) in expectation which leads to a contradiction and nishes the
proof. Firstly, if | || > 2nd, then with probability 0.99, A take a sample x with ||x|| >
nd and successfully distinguish the two cases. Otherwise if 1=\/n < || || < 2nd, A(®)
will output a value larger than 2,/n with probability at least 0.9 by the assumption
of A. Finally, if =0, A(®) will output a value at most 2,/n with probability at
least 0.9. Thus, A can distinguish the two cases with success probability at least 0.9,

which is a contraction. [ |
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Chapter 3

Robust Coreset and Property
Testing

In this Chapter, we consider robust coresets for the (k;z)-clustering problem with
outliers (see De nition[1.2.2). We generalize and improve the prior result [39] for Eu-
clidean space, and prove the existence of robust coresets with smaller size in doubling

metrics. The following is the main theorem of this Chapter.

Theorem 3.0.6. Let M (X;d) be a doubling metric space (a d-dimensional Euclidean
space resp.). Suppose S is a uniform independent sample of (' resp.) points from

X, where

log(1= )

2

=0 %(ddim(l\/l) -log(z=") + log k + log log(1= )) +
and
, 1
=0 —(kdlogk +log(1=)) :

Then with probability at least 1 — | S is an (;™)-robust coreset (( ;0)-robust coreset
resp.) for the (K;z)-clustering problem with outliers.
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3.1 Approximation to Robust Coreset

Our main idea is to construct an "-approximation and show that an "-approximation
for the range space already induces a robust coreset. We consider the functional

representation of the problem as follows:

De nition 3.1.1 (Robust Coreset for a Set of Functions). Assume0 < ;" < % Let
G be a nite set of functions [X]* — Rso. Forany0< <1,C e[X]*and S C G,

let
>
ST(C) := min C);
(©) S'CS:|S'|=[(1-)|S|] ,g( )
geS

which is the sum of the smallest [(1 — )|S|| values g(C). Then a subset S C G is

called an ( ;')-robust coreset of G if forany < <1-— andC ¢ [X]F,

G- 0+I(C) _ $7(C)

g—(w—a)(c)_
G| S '

1-").
(1= ]

<@+")- (3.1)

Remark 3.1.2. To reduce the problem of constructing a robust coreset for clustering
to the problem for functions, for x € X, let g..(-) be a function from [X]* to R, such
that g,.(C) = d*(x;C). Let G :={g. | x € X}.

We note that our de nition is slightly di erent from that in [39, De nition 8.1] ﬂ
In particular, in Euclidean spaces, one can check that an (" =4;0)-robust coreset is

a ( ;"™)-coreset in |39, De nition 8.1].

Next, we prove the following simple connection between -approximation of (G; ranges(G))
and robust coreset of G in Lemma [3.1.4, This lemma improves [39, Theorem 8.3] in
which they show that an (""? =63)-approximation is a ( ;")-coresetﬂ First we need

the following simple formulas.

Claim 3.1.3. Forany € ( ;1— ) and C € [X]*, the following equations hold:

LIn fact, our de nition is more general. It is unclear whether their result applies to our de nition.
2Consider the (v, )-coreset in [39, De nition 8.1]. Since an (¢7/4,0)-robust coreset is a (v, )-
coreset, our Lemma implies that an (¢v/8)-approximation is a (v, €)-coreset.
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§7(C) _ A [(1 - )ISIT IS Nrange(G;C; )|

dr: 3.2
s, 5 S| S oo
V4
G (@) _ " [A— — )IGN _Jrange(G:Cin)| 33
G 0 r G ) r; (3.3)
Z
G-O0-a@C) T [A- + )IG]] |range(G;C;r)| .
_ _ dr: 3.4
G| 0 |G| G| + ' G

Proof. We only proof the rst one. The other two Equations (3.3) and (3.4) can be
proved in the same manner. Let D be the collection of functions g € S with the

smallest [(1 — )|S|] values g(C). Using integration, we know that

s7(C) _ % (g€ >rlgen}
ST g |

By de nition, we have

{9(C)>r|geD} _ |D\range(G;C;r)| _ D] - |S Nrange(G; C;r)|
|S] |S]| S|

[(A— )IS[T [Snrange(G;C;r)| .

N |S] !

+

which proves Equation (3.2)). [ |

Lemma 3.1.4. If S is an §-approzimation of (G, ranges(G)) such that |S|; |G| > 2=,
then S is an ( ;0)-robust coreset of G.

Proof. Let S C G be an -approximation of (G;ranges(G)). We prove S is also an
( ;0)-robust coreset of G. Since S is an §-approximation of G, for any C € [X]* and

r=>0,

[range(G;C;r)|  |Snrange(G; C;r)| - _.
9] S| S 2

(3.5)
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So we have that

+

[A— — )Gl _Jrange(@; G0l _ [A— — )G, [SNrange(d;C;r)|
9] 9] - 9] 2 S
< Q- - )Gl+1 ~  |Snrange(d;C;r)|
9] : ]
_ @=)sf 1 [Snranged;Cin)|
] 2 |9l |1 i
< 1@= ISl |snrange(G; C;r)
- S S|

+
The rst inequality holds due to Inequality (3.5) and the last follows because |G| >
2= .

Together with (3.2) and (3.3), we have that

g—(vm)(c) - g—v(c)_
gl = ISl

Similarly, by (3.2), (3.4) and (3.5), we can also show that

§7(C) _ G-(C),
KT

which completes the proof. [ |

In the d-dimensional Euclidean space, one can utilize a ( ""=8)-approximation to
construct a ( ;")-coreset of [39, De nition 8.1]. Using the improved Lemma (3.1.4} we
can improve the robust coreset size in [39, De nition 8.1] from O(kdlogk - —2"~%) ]
to O(kdlogk - —2"72).

Proof. (proof of Theorem(3.0.6)) For the Euclidean space R?, by [69], we can construct
an 2-approximation of G de ned as in Remark by taking O(*£%%) uniform
samples from X. Then by Lemma [3.1.4] we complete the proof for the Euclidean

space.

Since dealing with doubling metrics requires more involved techniques which are

3The size stated in [39] is O(kdy—%c—*). We defer interesting readers to [9, Section 5] to see why
an additional log k factor is required.
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less relevant with this paper. We omit all the details here but refer the interested

readers to our paper [58, Section 6.2.1]. [ |

3.2 Application to Property Testing

In this section, we show some applications of robust coreset to property testing. We

start with the following de nition that captures the notion of bi-criteria algorithms.

De nition 3.2.1. Let M(X;d) be a metric space. Let >1,0< <1=4and <
<1-— .Wesay Aisa( ; ; )-approximation algorithm for the (k;z)-clustering
problem with outliers, if A returns a number  such that minge x« IC;("”“)(X; C)<

< -minCe[X]kIC;”_o‘)(X;C).

Theorem 3.2.2 (Testing of (k; z)-clustering). Let M (X; d) be a doubling metric space
(d-dimensional Euclidean space resp.). Let >1,0< <1=4and < <1-

Suppose there is a ( ; ; )-approximation algorithm for the (K;z)-clustering problem
with outliers, which runs in time T(|X|; ; ; ). Then for any >0 and0 <" <

1=4, there is an algorithm satisfying
1. if mingex ICZ_(V_O‘)(X; C) < , it accepts with probability 1 — ;
2. if MiNge(xk IZOT(X;C) > (L+")- it rejects with probability 1 —

with running time T( ; ; ;5) + 2 where

=0 K (ddim(M) - log(z=") + logk + loglog(1= )) + '%9¢=)
for doubling metrics and

1
=0 —;(kdlogk + log(1=))

for d-dimensional Fuclidean space.

Proof. Consider the following algorithm:
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1. Take a uniformly independent sample S of size from X.

2. Run the ( ; ;%)-approximation algorithm on S. Suppose the output is

3. Accept if < 0. and reject otherwise.

By Theorem 3.0.6, with probability at least 1 — , S is an (§; 5)-robust coreset
for X ] In the following, we condition on the event that S is an (§; 5)-robust coreset

for X. Hence, forany C € [X]* and < <1— ,we have

K.t (x:C) _K(S:0)

ICZ*(’Y*E)(X’ C) .
X ] '

— |

<(@+"=4). (3.6)

Recall that is the output of the ( ; £)-approximation algorithm. Then by De -
nition 3.2.1] and Inequality (3.6), we have

(1+"=4)

; -(r-3)/e. ; (=) (- )
< . min I, SSCO)<—— . min £V X;C); 3.7
i, (S;C) | omin K (X;C) (3.7)
and
. _ (1 -—"=4) . —(r+a)
> min K£J7(S;C) > ———— - min £V (X;C) 3.8)
Ce[X]k 1 X Ce[X]k

If mingep 207G C) <, we have < (Hf)/;‘lm- by Inequality (3.7). In

this case, our algorithm accepts. On the other hand, if mingexx Kz V7 (X; C) >

(1+™)- , we have

Ineq. (3.8 _ "= "=
qZ (1 4) a+m. > 1+ "=4)
X X
In this case, our algorithm rejects. It completes the proof. [ |
Remark 3.2.3. The ( ; ; )-approximation algorithm for the (k; z)-clustering problem

with outliers is used as a subroutine in our testing algorithm. If we use exhaustive

search, we obtain a (1; ;0)-approximation algorithm with running time exponential

4Recall that in Euclidean space, S is actually an (5,0)-robust coreset, but the weaker property
is su cient here.
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in |S| for (k;z)-clustering with outliers. If we use the approximation algorithm by
Charikar et al. [27], we have a (4(1 + ~'); ; )-approximation algorithm with

polynomial running time for the (k; 1)-clustering problem with outliers.
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Appendix A

Missing Proofs

Proof of Lemma[2.1.2. Letvi = argmin, . [|x; — V|| where ties are broken arbitrarily.
Suppose r; < dist(x;;V)=12. Observe that at the i-th round, we have

d, = min |l — v|| = max{0; |x{” — v[| - 3r;} > [x{” —v] - 3r;
yEB(w}'),?yri)
triangle ineq. (4) ri<dist(zj,V)/12 and &
> HX] — VH — HXJ — X]H — 3|’Z- > lZI’Z e 3I’Z- - 8I’Z- >0:
Also note that
Coy = max [y —vjl| = [x}” —vi| +3r,

yGB(:p}')Bri)

<IIX; = Vil +[[x; — x§”|2 + 3r; (triangle ineq.)

<|IX; — V|| + 4r; €))

=dist(x;; V) + 4r;;
and for every v Z v

dpy = min |y —v|| = max{0; [x{ —v| —3r;}

Jv h
yGB(x}'),BTi)

v

1; — V|| — [[x; — x| - 3r,

> dist(x;; V) —4r;:
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Hence we have

djv - dlSt(XJ,V) —A4r; — 12|’1 —4r; oo

which implies that the "IF" sentence in Line[J]is satis ed. Hence ag(j) has been set

to be "TRUE" at the i-th round.

On the other hand, if r; > dist(x;;V )=2, we have that

. triangle ineq. . £ i ri>dist(zj,V)/2
X =vil < =Xl = < rkdist( V) < rk2r =3

It means that v € B(x\”;3r;) which implies that d,,. = 0. Hence Line @ is not
J
satis ed which implies that ag(j) remains \FALSE" at this round.

Consequently, if ag(j) is set to be \TRUE" at the i-th round of the while-loop,

we have r; < dist(x;;V)=2. Hence

. (i) triangle ineq. (0) g . ri<dist(zj,V)/2 3
dist(x;"; V) < dlst(xj;V)+||xj —X;|| < dist(x;; V)+r; < EdISt(Xj;V)

and

triangle ineq. ri<dist(zj,V)/

. i . I3 £ 2 1 .
dISt(Xg-);V) > dlst(xj;V)—]]x§)—xj]] > dist(x;;V)—r; > Edlst(xj;V);

which complete the proof. [

Proof of Lemma|2.1.4. Suppose £ happens and r; < ‘2)0% in Line 3 of the i-th round.
Then r;,_; < 0:010PT=n and r;,_, < 0:020PT=n.

Let OPT, denote the optimal k-median value on X;_; = {x;i_l) :J=1,2;::5,n}
Since A,_; is the output of BPRS(N; k; d; X;_;), by optimality, we know that,

Céi_l) = COSt(Xi_l;AZ‘_l) > OPTl:

58



By the triangle inequality, we have

> . £ Ti71<ofpl—
OPT, >OPT—  |x;—x' | >0PT—n-r,, > OPT—% 0:990PT:
j=1
Let OPT, be the optimal k-median value on X;_, = {x(Z Dj=12000 ;n}.

Since A,_, is the output of BPRS(N; k; d; X;_5), we know that,
Cl™ = cost(X;_o; Ai_s) < OPT, < 60PT,:

By the triangle inequality, we have

> ri—2< 3oy
OPT, <OPT+ |x; x -2 < OPT+nr; », <  OPT+0:020PT = 1:.020PT:

J=1

Hence C{" > 0:990PT and C{"? < 6 x 1:020PT = 6:180PT.

Now consider C{""". Conditioned on &, we have

(-1) —py; N e A
C; DisNATKP({O(X;—1) : 1 =1;2;:: 15N} Ao 100G 1) 1)2)
Sgcost(X; Ai2) (Lemma 2.1.1)
3 x . .
gz(cost(xi_Q;Ai_g) + |1%; — x ||) (triangle ineq.)
j=1
sg(CéH) +1r;_y) €
<9:180PT + 0:030PT = 9:210PT: (rio< %)

Hence C{""Y=C{™" < 22l < 10. It means that the algorithm terminates at the

(i — 1)-th round or before which is a contradiction with the assumption that the last

round is i. Therefore, we have r; > (2)(% in L|ne 3 of the i-th round.

O]
In Line . observe that r; is set to be |f ri > o C . However, it does not make
Lemma 2.1.1]
r; < $ek since C() > gcost(X;AZ-_l) > 2OPT Overall, r; > 9L, [

Proof of Lemma[2.2.4]. For every j € [n], let ,; denote the indicator function of
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J € R, Fixaj € [n], let i* be the smallest number such that ;; = 1. If such i*
exists, by the de nition of R; and the fact that C,,; = C;=2, we have

1 1 X
’Xj — X| > Cp=2> E(CZ* + Ci*+1 + I+ CL) = E ijCi:

=1

Otherwise if such i* does not exist, we have ,; =:::= ; =0. Hence we have
1 X
X=X >0=35"" ,C,
=1
P
Thus, we always have [x; — x| > 5 ;_; §C;. Moreover, |R;| = 1+ p+:ii+ .
So we have,
1
X X1 X 1 X
=1 7=1 =1 =1
[ |

Proof of Lemma[2.5.1. We rst bound the sample complexity of our algorithm. Re-
call that r; = min{1;C;} and C, < C; = O(max{1;C}).
At the i-th round, if C; < C, we take

m;|S;| = O(r;2(d + log(nL ~%)) - n*L?r;2C2log(nL ~*)) = O(dn*C2log*> )
many samples. If C; > C, we take
nm; = O(nr;?(d + log(nL ~1))) = O(d(n+nC %) log )

many samples.
Note that we have L = O,, (1) many rounds in total. So the sample complexity
IS upper bounded by
o(d(n + n’C %) log®> );

which proves our third claim.
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Then we prove our rst claim, i.e., if cost(X; V) > 10C then the algorithm accepts
with probability at least 1 — . We rst de ne two events £ and £’ as follows.
De neevent &; = {1 : xy) —X; <r;=2}forie[L]andj € [n]. By the same
proof as in Lemma [2.1.7], we have
] >1— —:
Pri&;]1 > 1 oL
Let £ = Niepryjem &~ Then by the union bound, we have Pri€] > 1 —nL - ;% =
1— =2
Let M, = {j € [n] : dist(x;;V) > 2C,} and let P, = S, N M,. For every i satisfying
that C; < C, we de ne event

g ={1

(2

S ’\P il —M;| <CL'C;'=8};
and &' = ﬁi:CiSCSZ‘/-
Since |S;| = O(n?L*C2C~2log( ~'L)), by Theorem [1.4.2, we have that

— M| >CL'C;'=8 >1-— —:

Pri&]=1—Pr T

n
= |Pil
|Sil
Hence Pr[€] > 1—L - % = 1— =2. Combining with the conclusion that Pr[£] >
1— =2, wehave PriENE]>1— Dby the union bound.

We only need to prove that T > C conditioned on £ N &’ since it implies that the
algorithm accepts with probability at least 1 — . If C; < C and j € P;, then we have

triangle ineq € Pj and £

' j / ri<Ci
dist(xg.’);V) > dlst(x V)—|]x§”—xjHJ > 2C,—r,=2 > 2C,—C;=2>C;:

Therefore, each such j must be counted in Line 9 which implies that N; > #\PJ.
Moreover,

N; ’S’|P|>|M|—CL 'C,'=8:

On the other hand, if C > C,, since the algorithm checks every Xx;;j < [n], we know

that if j € M; then j contributes one to N;. It implies that N; > |M;|. Therefore, we
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conclude that for every 1,
N; > |[M,;| — CL'C;'=8: (A1)

Next, we consider the following two cases.

1) If there is some j such that dist(x;;V) > 3C then for some i € [L] satisfying
that C < C; < 2C,

ri<Ci<2

c
> 3C-2C=C:

triangle ineq.

. ' .
diSt(Xy);V) > dist(x;;V) — ngl) — X;|| >3C —r;=2

Hence at the i-th round, we have N; > 1 which implies T > C; > C.

2) Assume that dist(x;;V) < 3C for every j < [n]. In this case, we claim that

X C
cost(X;V) <2 Ci|M;| + E: (A.2)
=1
For every j € [n], let ;; denote the indicator function of j € M. Since cost(x;;V) <
3C < 2C,, we have ;; =0. Hence there must exist some i* € {1;2;:::;L} which is
the smallest number such that ,; = 0. Then by the de nition of M; and C,.; = C;=2,

we know that,

X
COSt(Xj; V) < ZCZ* = Z(CL +C;,+C;_ 1 +C; o+ + Ci*—l) =2C, + 2C; ij-

=1

Moreover, [M;| = ;; +:::+ ,,. So we have
1
X X X ) X c X
cost(X;V) = cost(x;; V) < 2C; + 2C; ;;, =2nCp+2 C:IM;| < E+2 C;|M;

=1 J=1 =1 =1 =1

where the last inequality is due to the fact that C, = 2931 < 56Ce70 = Fom"
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Then we have that,

X
T = NzCz
=1
X
> (IMi] - CLT'C1=8)C; (Ineg. (A1)
=1
=1
>cost(X; X)=2 — C=20 — C=8 (Ea. (A.2))
>5C — C=20 — C=8 (cost(X;V) > 10C)
>C:

Finally, we prove the second argument, i.e., if cost(X;V) < C=10, the algorithm
rejects with probability at least 1 — . De ne sets R; = {j € [n] : dist(x;;V) > C;=2},
Qi =SiNR;, and events & = {1 £|Q;| - |R;[ >CL'C;'=8} and £&" = N¢/'. By
the same argument as in Lemma [2.2.2, we can prove that Pr[E N E"1 > 1— . Then
we only need to show that if cost(X;V) < C=10, then T < C conditioned on £N &".

Conditioned on £N¢&”, if C; < C and j € R;, we have

. () triangle ineq. () j¢Ri and & ri<Cj
dISt(Xj V) < dist(x;; V) + ||xj — Xl < Ci=2+r=2 < C;

It implies that x; € {O(x)) € S; : |x® — xl(i)| > C,;}. Hence we have N; < ﬁ]Qi\ in

Line 9. Consequently,

N; <

n g//
S| Qi < |R;[+CL7'C;/'=8:

On the other hand, if C; > C, recall that the algorithm checks every j € [n]. Also
note that if j contributes one to N; then j € R;. We know that N; < |R;| in this

case. So we conclude that, for every 1,

N; < |R;|+CL'C, '=8: (A.3)
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Similar to Lemma |2.2.4] we claim the following conditioned on £ N &”

1 XK
cost(X;V) > 5 C;|Ri|: (A.4)
=1
To see this, for every j € [n], let ;; denote the indicator function of j € R;. Fix
a j € [n], let i* be the smallest number such that ,; = 1. If such i* exists, by the
de nition of R; and the fact that C,,; = C;=2,
. 1 1 X
dlSt(X]‘;V) > Cp=2 > E(CZ* + Ci*+1 + 0+ CL) = 5 ijCi:

i=1

Otherwise if such i* does not exist, we have ;, =:::= ; =0. Hence we have
1 X
d|St(X],V) >0= E Z»jCi:
i=1
. P
Thus, we always have dist(x;;V) > 5 ;_; Ci. Moreover, [R;| = 1+ p+iii+ .
So we have,
1
X X1 X ) 1 X
1=1 7=1 =1 =1
Hence we have that,
X
T= N,C,
=1
< (Rif+CL'C'=8)C; (Ineq. (A.3))
i=1
= |RC;+C=8 (Ineq. (A.3))
=1
<2cost(X;x) + C=8 (Eq. (A.4))
<C=5+C=8 (cost(X;V) < C=10)
<C:
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Proof of Lemma[2.3.3. Let V" C V, denote the set of @ closest points to v;. Then
the probability that {x; : j € A;} NV = is,

|VAgood| N 7|Vi900d\Ai
1-—"—)"<e
n
4|Vil nlog —1
<o s UTE—)F (Defn. of V2 and A;)
I nlo -1
<e”' Vil = 2)
<

So with probability at least 1 — , we have a j, € A; such that x;, € V>, That
means
cost(Vi; x;,) = 1% =%l < (Vi = X5l + [[vi = X5) (triangle ineq.)
zj€V; zj€Vj

=00st(Vi; vi) + [Vil[[vi — X5 |

Vi 00
<cost(V;;v;) + % lvi — ;|| (Defn. of V? 4

Vil = [V;#7 g

) zj eVi\vigoo

<cost(V;;v;) + deost(vi; V;)

Vil = [V;#7

4|V,

<6cost(V;; v,): (|Vi900d| = ‘5 ’)

proof of Lemma[2.3.4 Again, we condition on the event that every call of TestKme-

dian or NoisyKmedian succeeds, which happens with probability at least

>x
- A —>1- :
10 o 10i(i+1) —

by Lemma[2.3.2

In Line 2, the rst "IF" statement checks if OPT € (n). If it is the case, the
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algorithm applies NoisyKmedian which takes
O;s-1(d(N*OPT 2 + n)) = Os-1(dn)

many samples. The correctness is guaranteed by Theorem [2.1.3

If OPT € O(n), we obtain an O(1)-approximation clustering V when the algo-
rithm terminates by Lemma[2.3.2)and a similar argument as in the proof of Theorem
[2.2.6] The output C satis es that OPT=10 < C < OPT by Lemma [2.3.7] since TestK-
NATKP({O(x;) : i = 1;2;:::;n}; k; C; o5
NATKP({O(x;) : i = 1;2;:::;n};k;10C;

)) rejects at the last round and TestK-

0= —2—-) accepts at the penultimate round.

Moreover, the sample complexity is determined by the last call of TestKmedian since
C decreases exponentially, which takes

05-1(dk3(N20PT 2 + n))

many samples by Lemma [2.3.2] |
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Appendix B

Coreset Construction

In the main text, we propose two algorithms NoisyKmedian and NoisyKmedian2 for
computing the noisy k-median problem. However, the approximation factor seems
quite large. In this section, we show how to improve the approximation factor arbi-
trarily close to 1. A simple way is to estimate the location of each point up to an
error at most "OPT=n and do the exhaustive search by the estimations. However, it
requires Os-1 d(n*OPT2"~2 +n) samples in total. We want to reduce this sample
complexity. The main idea is to rst construct a so-called "-coreset (see De nition
and do the exhaustive search on the coreset.

De nition B.0.4. ("-coreset) Given a noisy k-median instance X = {O(x;) : j =
1;2;:::;n} in R and an " > 0, an "-coreset is de ned to be a collection S C R¢ with
a weight function w : S — R* such that for any k centers V, the following property
holds

>
w(x)dist(x; V) € (1 £ ")cost(X;V):

zeS

Note that an "-coreset is a collection of deterministic points. Hence we can run
any existing k-median algorithm on the coreset, e.g., BPRS or exhaustive search. The
key problem is how to construct an "-coreset. We propose Algorithm [8 to achieve
this goal. We rst run Algorithm NoisyKmedian to obtain an O(1)-approximate k-
median clustering V and an O(1)-approximate k-median value D. Then we construct

an "-coreset by importance sampling. The construction approach is a combination
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of Algorithm DisNATKP and Algorithm k-MEDIAN-CORESET in [41]. Note that
in Line 3, we set the initial value ry to be 2D which is di erent from Algorithm
DisNATKP. The reason is that D is a xed value in Algorithm Coreset instead of an
increasing value in Algorithm DisNATKP. Hence we let ry = 2D such that Tr, >
"D=100 in Line 4. It ensures that Algorithm Coreset runs at least one iteration from
Line 4 to Line 13 and estimates the locations of arms with high contribution. We
estimate dist(x;; V') for each j € [n] by the same technique as in Algorithm DisNATKP.

From Line 4 to Line 1|9 we compr)nute an upper bound s(j) for the \importance" of each

n-dist(zj,V)

point x;, i.e., s(J) > ot () +1; see Lemma|B.0.5 This property guarantees the

correctness of the importance sampling in Line 20, where we sample a collection U by
the probability distribution determined by s(j). Our "-coreset contains the estimated
locations of points in U and all points in V. The weight function is de ned by the
same way as in Algorithm k-MEDIAN-CORESET in [39].

Before proving the correctness of the "-coreset, we need the following lemmas for
preparation.

n-dist(zj,V)

Lemma B.0.5. With probability at least 1 — =4, s(j) > oSt (X)

1s() < 33n.

+ 1 for each

Jj €[n]. Moreover, jeln

Proof. By Theorem [2.1.3, we know that the output of NoisyKmedian(X; =8) satis es
that D € [%; g] - cost(X; V) with probability at least 1 — =8. Let G C [n] be the
collection of j such that ag(j) =TRUE in Line 14. Observe that |G| = n—T

x\) — x| < ri}. Note

by Line 10. De neevent £ = {! Vi € Z,;j € [n];
that Pr[€] > 1 — =8. Conditioned on £ and assume NoisyKmedian succeeds, whose
probability is at least 1 — =4, we consider the following cases.

24nrj.

5+ + 1 for some integer i;. By Lemma

2.1.2, we have ry; = r;_,=2 > dist(x;;V)=24. Therefore, we have

1) For any j € G, assume that s(j) =

s(j) = 24nr;, 1> n - dist(x;; V) 1
D cost(X;V)
2) If j € G, assume in Line 14, the variable i = i*. By Lemma [2.1.2, we have

68



Algorithm 8 Coreset({O(x;) : 1 =1;2;:::;n}; )
Require: A sample access O(x;) to N(x;; 1) for each i € [n] and a con dence pa-
rameter < (0;1).
Ensure: An "-coreset S C R? with a weight function w : S — R*.
1: Run NoisyKmedian(X; =8). Let the output be a size-k set V and a value D.
2: Forevery j €[n], ag(j) +FALSE. For everyv eV, P, « 0.
31« 2D,i+ 0, T+ n S« 0 t« O "2kmin{dlogd;logk} +klog; , and
m <« O (" 2D 2n%logt ).
4: while Tr; > "D=100 do
5 iy < =2, i< i+1, and m; =0 r;?(d+ log( ~'ni)) .
6: Take m; samples from every arm O(x;) (J € [n]) and compute the average xg.i)
as an estimate of x;.
7. forj=1;2;:::;n, ag(j) =FALSE do

8: For every v € V, compute c;, = max _, e ar1) ly —v| and d;, =
minyeB(x}i)73ri) ||y — VH
9: if YW eV;d;,>0and 3v,Vv, # vi;cj,, <2d;,, then
10: P, < Py, U{J}, proj(j) < argmin,cy fo) — V|, s(j) «+ 24% +1,
ag(j) < TRUE, T «+ T — 1.
11: end if

12:  end for

13: end while

14: for j =1;2;:::;ndo

15.  if ag(j) =FALSE then

16: Compute v < argmin,cy ||x§.i) — V.

17: P, + P,U{j}, proj(j) < v, and s(j) + 21 +1.
18:  end if

19: end for

20: Pick a non-uniform random sample U of [n] with probability % for each
- Jeln
J €[n].

21: for each j € U do

22:  Take m samples from arm O(X;) and compute the average x; as an estimate of
XA

. P )
23 S+ SU{x;}, and w(x;) < %jm
24: end for

25: for each v e V do

26: S« SU{v}, and w(v) < (1 +10")|P
27: end for

28: return S and w.

ol = jevnp, W)
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r,- > dist(x;; V)=12 Therefore, we have

. 24Nr ;- n - dist(x;; V)
= Lo+ 1> ——— 7
s() D —  cost(X;V)

P
Next, we prove .. s(j) < 33n. By Lemma , we have
1.
r; < Edlst(xj,V) (B.1)

for any j € G, conditioned on £. We have the following inequality

< X X
s@)= sO)+ s()
jeln] jEG jelN\G

> 24nr, 1o+ > 24nr;.

+1  (De nitions of s(j) and i*)

jeG Jelr\G
X 24nr 24Nr ;-
< j + i .
< 5 2 T 5 +2 (Defn. of T)
jeG
>xX 24nr; 24nr;. 2 3
< — 9 47T. L+2 D € [=; =] cost(X;V
= 0dcost(X V) D " (D €[5 5] cost(X:V))
>< 24n - 3dist(x;; V) 24N,
< 2 T2 +T. C+2 Ineq. (B.1
- 0:4cost(X;V) D : (Ineq )
jeG
>< 30ndist(x;;V) = 24"n
R +2n Tr;- < "D=100 by Line 4
costOX;V) . 100 ( y Line 4)
<30n+0:24n + 2n
< 33n:
It completes the proof. |

Lemma B.0.6. With probability at least 1 — =4, we have W(V) > 0 for anyv € V..

Proof. The lemma can be directly proved by the chosen of t and Corollary 15.3 in
[41]. |

Now we are ready to prove the main theorem of this section.

Theorem B.0.7. With probability at least 1 — , Coreset({O(X;) : 1 =1;2;:::;n}; )
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outputs an "-coreset with sample complexity
Os-1 d(N*OPT 2 +""kn?0OPT 2 +n) ;

where OPT = minycg cost(X;y) is the optimal 1-median value.

Proof. De neevent & = w:cost(X;V)=0()- -OPT;D € [%; %] -cost(X;V) . By
Theorem |2.1.3, we have Pr[&;] > 1 — =4. De ne M to be the collection of all k

center sets in R%. For every j € [n], let |; : M — R* be de ned as follows:

dist(x;; S) — dist(proj(j); S) N 10Q cost(X; V) .
s() . jelm] s()

1;(8) =

Observe that the above function is similar to De nition 14.4 in [39]. De ne & = {!:
Y e S;w(v) > 0}. By Lemma [B.0.6, we have Pr[&;] > 1 — =4. Conditioned on
&y, we claim that with probability at least 1 — =4, for any S € M, the following
property holds:

@) 1
> > >
cost(X;S) — @ dist(proj(j);S) +  w(x,)dist(x;;S) —  w(x;)dist(proj(j); S)A
j€ln) jeu jeu B.2
< "cost(X; B):
Pje[n] s(4)

Note that we set t «+ O "~2kmin{dlogd;logk} + hog% , W(%,) ) and
s(j) satisfying Lemma Combining the proof of Theorems 14.5 and 16.4 in [41],
we only need to prove that 1;(S) > 0 for any j € [n] and S € M, with probability at

least 1 — =8.

De ne events & = {! : Vj € [n]; ng.“ —X;|| <r;} and € = N;>1&;. By the proof
of Lemma [2.1.1, we know that Pr[€] > 1 — =8. By the triangle inequality, for any

j €[n]and S € M, we have

|dist(x;; S) — dist(proj(j); S)| < dist(x;; proj(j)):
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Thus it su ces to prove that

1005@ -cost(X; V)
JE[n] s()

dist(x;; proj(i)) < (B.3)
conditioned on £. Let G C [n] be the collection of j such that ag(j) =TRUE in Line
14. Observe that |G| =n — T by Line 10. We discuss the following two cases.

1) If J € G, assume that ag(j) is set to be TRUE at the i;-th round. We have
the following
dist(x;; proj(j)) < dist(x;; xg.i")) + dist(xf"); proj(j)) (triangle ineq.)
<r;+ dist(xy"); proj(j)) &)
=r,, +dist(x'"; V) (Defn. of proj(j))
< %dist(xj;V) + gdist(xj;V) (Lemma [2.1.2)

= 2dist(x;; V)

66 - D) - cost(X; V)
) 33n

< 1003&) . cost(X;V):

J€[n] s@)

(Lemma [B.0.5)
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2) If j € G, assume in Line 14, the variable i = i*. We have the following

dist(x;; proj(j)) < dist(x;; x\"") + dist(x\"”; proj(j)) (triangle ineq.)
< ry. +dist(x|"; proj(j)) ©)
= r;- + dist(x{"; V) (Defn. of proj(j))
< r;» + dist(x;; xg.i*)) + dist(x;; V) (triangle ineq.)
< 2r;. +dist(x;; V) &)
< 2r; + 12r; (Lemma 2.1.2)
g 66 - CO;’E;XV) . cost(X; V)
- 33n

66 - 2227 . cost(X; V)
< D :
< R (&1)
< 100s) - cost; V). (Defn. of s(j) and Lemma [B.0.5)
jetn SQ)

Next, we de ne event & = {1 : Vj € [n];||x; — x;|| < £2}. Similar to the
proof of Lemma [2.1.1, we have Pr[€35] > 1 — =4. De neevent £ = {w: & N&EN
&; and Claim (B.2) succeeds}. By the union bound, we have Pr[£] > 1— . Itsu ces

to prove that S is an "-coreset conditioned on €.
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For any S € M, we have

x x X
w(%;)dist(x;; S) — w(x;)dist(x;;S) = w(x%;) (dist(x;; S) — dist(x;; S))
jeu jeu jeu
< w(%;)|%; — X, || (triangle ineq.)
JjeUu
D X
Sgon W) (€)
jeu
"D X j€ln] s(g)
=_— A i YB.4
Son £ s0) (Defn. of w(x;)B.4)
jeu
D X . s()
<_ ]E[TL} 1 >
—50n t 0 =1
jeUu
<P a3 (Lemma E035)
—50n
=0(") - OPT (&)
<O(™) - cost(X;S): (Defn. of OPT)
We also have
x x
cost(X;S) — w(x;)dist(x;; S) — w(v)dist(v; S)
jeu veV 1
> > X )
= cost(X;S) — w(%,)dist(x;; S) — 1+10M|P,| — w(%,) dist(v;S)
jeu veV jEU(iP\,
x X X )
< cost(X;S) —  w(x;)dist(x;;S) — |P,| — w(x;) dist(v;S)
jeU veV jeUNPy,
x
+ 10" |P,| - dist(v;S) (triangle ineq.) (B.5)
UEV O 1
x x
= cost(X;S) — @  dist(proj(j); S) +  w(x,)dist(x;;S) —  w(x;)dist(proj(j); S)A
Jj€[n] jeu jeu
+ 10" |P,| - dist(v; S) (proj(j) =vifjeP,)
veV
>
<"cost(X;S) + 10" |P,| - dist(v; S) (Claim (B.2)):
veV

74



Combining Inequalities (B.4) and (B.5)), we have

x x x
cost(X;S) — w(v)dist(v;S) < w(x;)dist(x;; S) — w(%;)dist(x;; S)
veES jelu jeu
> X
+ cost(X;S) — w(%;)dist(x;; S) — w(v)dist(v;S) (triangle i
jeu veV
X
<O(") - cost(X;S) + 10" |P,| - dist(v; S): (Ineqg. (B.4) and (
veV

P
It remains to show that 10" _,, |P,|-dist(v;S) = O(")-cost(X; S) which implies

that S is an O(")-coreset conditioned on £. Then we have the following

>
10" |P,| - dist(v;S)
veV
=10" dist(proj(j); S) (Defn. of proj(j))
J€Mmn]
<10" (dist(x;; S) + dist(x;; proj(j))) (triangle ineq.)
j€ln]

=< 100s{) - cost(X; V)

<10" - cost(X;S) + 10" sG) (Ineg. (B.3))
j€(n]

Jj€ln]
=10" - cost(X; S) + 1000" - cost(X; V)
=10" - cost(X;S) + O(") - OPT (&)
<O(") - cost(X; S); (Defn. of OPT)

which completes the proof of the correctness.

Finally, we prove the sample complexity. By Theorem[2.1.3] the number of samples
for NoisyKmedian is Os-1(d(n*OPT~2 +n)). Since the process from Line 4 to Line 13
is almost identical to Algorithm DisNATKP and D = O(OPT), we can prove that the
number of samples is Os-1(d(n*OPT2+n)) by the same argument as in Lemma m
From Line 21 to Line 24, the total number of samples is mt = O;—1 d"~*kn*OPT 2 .
It completes the proof. |
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