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General Introduction

How to solve this problem? How fast can it be solved? Answering those questions rigor-
ously for a computational problem often entails the design and analysis of an algorithm —
a step-by-step method that, applied to an instance of the problem, produces a solution to
that instance. In 2013, Frey and Osborne [87] estimated that about 47 percent of the total
U.S. employment could be concerned by job automation in roughly two decades, showing
that algorithms are taking a preponderant role in our lives. Thus, proceeding naively by, for
example, designing algorithms that achieve good enough performances on a benchmark or
in a very specific context is often unsatisfactory when not risky. How can one rely on an
algorithm whose efficiency and correctness are not established for solving critical tasks?

Figure 1: A (traveling salesman) four through several french cities using the highway net-
work.



4 General Introduction

A systematic approach consists in proceeding at a more abstract level by: (1) distilling
a problem faced in practice by proposing a model (2) designing and analyzing an algorithm
for the problem in that model and (3) applying this algorithm to practical instances.

However, the distilling step sometimes introduces a gap between theory and practice.
If the model is too general it induces a two-fold gap: on the one hand no guarantee on the
algorithms that are efficient in practice can be proven, on the other hand the best theoretical
algorithms turn out to be noncompetitive in practice. This gap has been observed in several
contexts, in particular for clustering and network design problems.
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(a) Three 8px-by-8px images of handwritten dig- (b) A clustering of a 2-dimensional embedding

its. of a dataset of handwritten digits images. Clus-
ters (areas of the same color) contain data points
corresponding to the images of the same digit.

Figure 2: 8px-by-8px images can be seen as a set of points lying in a 64-dimensional
space by reading each pixel as a coordinate. For images of handwritten digits, it is possible
to project the dataset to a 2-dimensional space while preserving some of the underlying
structure of the data (using principal component analysis).

The distilling gap: illustrative examples. Given a set of points in a metric space, a clus-
tering is a partition of the points into clusters according to a measure of proximity. There is
a tremendous number of contexts in which clustering problems occur. For example, in ma-
chine learning and data sciences, it is standard to measure the similarity of two data points
by a distance function (see Figure 2). Hence, a clustering of the input points provides a
fundamental information: points in the same cluster have common features.

Now suppose that we are asked to build a few warehouses to serve a set of shops. Here,
we would like to optimize the distance from each shop to its closest warehouse. Thus, we
again look for a clustering of the shops: each cluster contains points that are close to one
another and therefore, that could be served by a the same warehouses (see Figure 3).
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Figure 3: Location and district of activity of the fire stations in the french département du
Haut-Rhin. Each red point corresponds to a fire station. Bold boundaries represent the
districts of activity of the fire stations. Each district of activity can be seen as a cluster: all
the points — the dwellings — are close to the same fire station.

This illustrates the heterogeneity of the contexts in which clustering problems arise.
However, at a more abstract level, this historically resulted in the general k-means prob-
lem! which makes no distinction between those different contexts (see Definition A.1 for a
general version).

This lends clustering an easy-in-practice, hard-in-theory character. On the one hand,
various heuristics have been designed to solve specific instances. Those heuristics achieve
good experimental results although no performance guarantees have been established. On
the other hand, theoretical results showed that the problem is NP-hard?, preventing the
community from deriving theoretical bounds that match experimental observations and
thus, preventing a formal explanation of the success of the heuristics.

Another symbolic example is the famous traveling salesman problem (TSP). Given a
set of points in a metric space, this problem asks for a tour of the points of minimum
length (see Definition A.4). This is one of the most famous problems in combinatorial
optimization because of its impressive number of applications and because its study has
led to the development of new algorithmic techniques over the years (see also the popular
science book of Cook [61]).

In 2000, David Johnson et al. organized the 8th DIMACS implementation Challenge
on TSP [70]. The goal was to thoroughly compare the different heuristics people have

'Or slight variations like k-median and k-center.
2Assuming P # NP, there cannot exist an algorithm returning an optimal solution to the problem in a
number of operations that is polynomial in the size of the input.
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developed through the years using random and real-world Euclidean instances. They re-
viewed more than 30 heuristics on thousands of instances. Quite surprisingly the best
known theoretical algorithms for Euclidean TSP — for which Sanjeev Arora and Joseph S.
B. Mitchell received the Godel price in 2010 — is absent from the challenge. Johnson and
McGeoch [109] explain that despite the strong theoretical guarantees, it is likely that those
algorithms are not competitive on real-world instances.

From practice to theory. The attempts to bridge the gap between theory and practice
resulted in various characterizations of real-world instances (see for example [25, 36, 151]).

(a) Map of Manhattan, its grid-like road network (b) A grid planar graph with 250 vertices.
is a planar graph.

Figure 4: The road network of Manhattan on the left can be modeled by grid graph (similar
to the one on the right).

However, those approaches mainly resulted in either a class of instances for which the
theoretical analysis still yield bounds that are very far from what is experienced in practice
or ad-hoc algorithms that leverage the properties of a class of instances but that are not used
in practice.

We proceed in the reverse order. We focus on an algorithm that is widely used in
practice for hard combinatorial optimization problems, local search (Algorithm 1), and
investigate in which contexts this algorithm performs well.

This algorithm proceeds almost naively. Initially, it starts with an arbitrary solution .S
to the problem. Then, while there exists a neighboring solution S’ — a solution obtained via
a slight modification of S — of smaller cost, it replaces .S by S” and repeats.
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Algorithm 1 The Local Search algorithm.

Input: An instance of an optimization problem.
Parameter: A positive integer s for the neighborhood size.
S « arbitrary solution to the problem
while there is a solution S”: |S\S’| + |S"\\S| < s and cost(S") < cost(S)
do
S5
Output: S

AR A A S ey

This algorithm can be adapted to any combinatorial optimization problem. For exam-
ple, in the case of the k-means problem a solution is defined by a set of centers'. Thus, a
neighboring solution for local search is obtained from the current solution by removing a
few of the current centers and adding back a few different centers.

It can also be easily adapted to TSP. Let us view a tour as a sequence of edges®. Given
a current tour 7', a neighboring tour is obtained by removing a constant number of edges
— this breaks 7" into a constant number of paths — and reconnecting the paths in the best
possible way.

This makes local search very appealing: it is easy to implement, easy to run in parallel,
and easy to tune. Indeed, the space of neighboring solutions can be explored in parallel and
the number of modifications allowed to define a neighboring solution, the neighborhood
size, allows some trade-off between the quality of the solution and the running time. It
has received a considerable amount of attention over the years, from both practical and
theoretical points of view (see the book of Aarts and Lenstra [2]).

Yet, the theoretical analysis of this algorithm for clustering problems and TSP is very
unsatisfactory. In 2004, Arya et al. [16] and Kanungo et al. [112] showed strong theoretical
guarantees but still quite far from the performances experienced in practice. Similarly,
the theoretical understanding of local search for TSP does not fit the experimental results
obtained by Johnson et al. during the DIMACS Challenge.

Therefore, the first question we tackle is the following.

Is it possible to prove better performance guarantees for local search on real-world in-
stances?

'The centers induce the clustering: each input point is assigned to its closest center, thus defining a
partition.

For example, the tour that starts from a city A goes to a city B, then to a city C and goes back to city A
can be encoded by the following sequence of pairs, called edges: (city A, city B), (city B, city C), (city C,
city A).
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Contributions of this thesis.

We answer the above question by proving that local search achieves nearly-optimal per-
formances in a variety of types of instances stemming from real-world applications. This
leads local search to be the best known theoretical algorithm for several problems.

Several practical instances of both k-means' (see Figure 2) and TSP consists of points
lying in a 2- or 3-dimensional Euclidean space (see Figure 5).

Figure 5: A tour through 13,509 cities of the U.S.A. The instance was created by embed-
ding the cities in R?. It turns out that the real distances between the cities are very close to
their Euclidean distances in the embedding.

However, even for this type of instances, both TSP and k-means are NP-hard (see [137,
140] for example). Thus, the best result one can hope for is a polynomial-time approx-
imation scheme (PTAS) — loosely speaking, an algorithm that approximates the optimal
solution within a 1 + ¢ factor in polynomial time? for any constant .

First, we observe that local search for TSP could return a solution of cost at least two
times the optimal cost in the worst-case, very far from the results observed by Johnson
et al. [70] (a factor less than 1.05 roughly). Therefore, we turn to the case of random
instances® and show that local search is a PTAS in this setting (Theorem 7.1).

For any d-dimensional random instance of TSP, local search with neighborhood of size
1/£9( returns a solution of cost at most (1 + ¢) times the cost of the optimal solution
with high probability.

'For ease of exposition, we describe the results for the well-known k-means problem. Our results apply
for other clustering objectives and to a more general problem called the k-clustering problem (Definition A.1)

2For ¢ fixed.

3For a formal definition, see Chapter 8.
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Giving the first PTAS for £-means for low-dimensional instances is a central problem
that has received a lot of attention during the past 15 years (see [19] for example). In this
thesis, we solve this problem by showing that local search is a PTAS for d-dimensional
instances of the k-means problem (Theorem 1.3).

For any d-dimensional instance of the k-means problem, local search with neighborhood
of size 1/e° returns a solution of cost at most (1 + ¢) times the cost of the optimal
solution.

Another significant part of the real-world instances of the k-means problem consists of
road networks. Thus, we turn to instances that consist of a planar graph! (see Figure 4).
Researchers have been trying to find a PTAS for planar instances of k-means since at least
2001 (see [6, 77] for example). We solve this problem by showing that local search is a
PTAS for planar instances of the £-means problem (Theorem 1.2).

For any instance of the k-means problem that consists of a planar graph, local search
with neighborhood of size 1/e°() returns a solution of cost at most (1 + &) times the
cost of the optimal solution.

Finally, as shown in Figure 2, clustering data points is a useful tool in data sciences.
We then consider various characterizations of real-world instances ([17, 36, 126]). Each
characterization is motivated by a particular type of instances stemming from data science.
For each of them, an ad-hoc algorithm leveraging the properties induced by the characteri-
zation has been designed. We identify three main characterizations of real-world instances:
distribution stability (Definition 1.4), perturbation-resilience (Definition 1.6), and separa-
bility (Definition 1.9). We show that for all those families of instances local search achieves
strong theoretical guarantees (Theorems 1.8, 1.5 and 1.10).

For any instance of the k-means problem that satisfies the stability or separability con-
ditions, local search with neighborhood size 1/e°() returns a solution of cost at most
(1 + ) times the cost of the optimal solution.

For any instance of the k-means problem that is (3 + ¢)-perturbation-resilient, local
search with neighborhood size 1/e°(!) returns the optimal clustering.

Those results make a concrete step towards the understanding of the success of local
search for clustering problems and TSP. Indeed, they show that the algorithms used in
practice are nearly-optimal for any real-world instance of those types. Thus, we may won-
der what properties makes local search efficient and which contexts are conductive to this
approach. This leads us to our second question.

What structural properties of the instances lead local search to be efficient?

"More generally a graph drawn from a minor-closed family of graphs
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Clustering (Definition A.1) Best known approximation guarantee
Prev. ‘ New (by local search)
d-dimensional Euclidean instances 1 + & (k-median [11, 123]) 1+¢

9 (k-means [112])

H-minor free graphs (includes planar graphs) | 2.675 + ¢ (k-median [129,46]) | 1+ ¢
9 (k-means [112])

av/ k-separability (Def. 1.9) 1+ « ([20]) 1+e¢
[-distribution-stability (Def. 1.4) 1+¢e(17]) 1+¢
~-perturbation-resilience (Def. 1.6) Optify>1++/2([27]) Opt for v > 3

Table 1: Summary of our results on local search for clustering. There is no PTAS in
general metrics for this problem unless P = NP. The previous best known approximation
for k-means was 9 for general metrics (even in the cases of low dimensional Euclidean
space and planar graphs). For k-median, there was already a PTAS in low dimensional
Euclidean space. Nothing better than the general case was known for planar graphs. For
the main characterizations of real-world instances, we show that local search is better than
the state-of-the-art algorithms for the separability condition, matches the performances of
the best algorithm for the distribution-stability condition and is a little bit worse than the
state-of-the-art algorithm for perturbation-resilient instances.

The separation property. The proofs of Theorems 1.3, 1.2, and 7.1 rely on a common
key ingredient: the existence of cheap separators in the instances. For the problems we
consider, both Euclidean and planar instances feature a property that resembles the isoperi-
metric inequality.

Indeed, each instance contains a set of input elements whose removal yields two sub-
instances of the same problem that (1) can be processed independently and (2) whose solu-
tions can be combined at small cost to form a solution to the initial instance.

For example, any planar graph with n vertices contains a set of at most 24/n vertices
whose removal splits the graph into two parts of roughly equal size (see Figure 6).

The existence of cheap separators often implies strong theoretical results (see for exam-
ple [134]) by providing a decomposition of the instance into small pieces whose solutions
can be combined at small cost. Intuitively, this allows to apply very basic techniques such
as divide-and-conquer or dynamic programming. It turns out that it is also a very efficient
tool to analyze the performance of local search.

An oblivious use of the separation property. Local search uses cheap separators in an
oblivious manner. As we have seen, local search proceeds naively by enumerating neigh-
boring solutions; it does not require to compute a cheap separator or to decompose the
graph. Yet, the analysis shows that the existence of cheap separators implies that any local



General Introduction

(a) The red line splits the instance into two parts.
Observe that the length of the tour in each part is
much bigger than the length of the red line. Thus,
if the traveling salesperson makes a detour from
Chicago to New-Orleans and back, its tour is not
much longer. Therefore, we can compute the opti-
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(b) A grid planar graph with 250 vertices and a
set of 10 < /250 vertices that splits the graph
into two disconnected parts. The existence of
a separator set of at most /n vertices in every
planar graph with n vertices was proved by Lip-
ton and Tarjan in 79 [133].

mal tours on the west and east coasts and combine
them by adding, at most, the red line. In this case,
the resulting tour will not be much more expen-
sive.

Figure 6: Examples of the separation property and its algorithmic implications.

optimum is close to a global optimum.

Our analysis of local search relies on the existence of a decomposition of the instance
into small regions that can be dealt with separately. In a nutshell, local search iteratively
optimizes a solution by refining its current solution to make it optimal in one of the regions.
Since the regions are “small”, the modification is minor and so, this solution is indeed a
solution neighboring the current solution. Since the regions are (almost) independent from
one another this allows local search to end up with a nearly optimal solution.

More structured separators. This leads us to the study of separators and their limita-
tions. Separators are the cornerstone of three central algorithmic paradigms for combina-
torial optimization in planar graphs. Those three techniques ([24, 66, 117]) jointly yield
most approximation schemes known for planar graphs.

However, we identify a variety of network design problems, for which no PTAS is
known and for which those approaches fail. Arguably, the failure lies in the lack of structure
of the separator theorems proved so far. For example, when dealing with a network design
problem whose solution has to be a connected network, a good separator often needs to be
both connected and of small length so that combining two solutions can be done by simply
adding the separator to the solutions.
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We then show how to compute a more structured separator tailored to network design
problems (Theorem 7.4). From this we deduce a new framework that yields the first PTAS
for several problems on planar graphs. We summarize our results in table 7.1.

Problem Best known approximation guarantee
Prev. (for general graphs) | New
(Edge-weights) Tree Cover 2 [149] 1+¢
(Edge-weights) Tour Cover 3 [124] 1+e¢
(Vertex-weights) Connected Dominating Set O(log(n)) [96] 1+e¢
(Vertex-weights) Maximum Leaf Spanning Tree | O(log(n)) [96] 1+¢
(Vertex-weights) Connected Vertex Cover O(log(n)) [90] 1+e¢
(Vertex-weights) Feedback Vertex Set 2 [22] 1+¢

Table 2: Summary of our results. None of the problems admit a PTAS in general graphs
unless P = NP and the approximation ratios of the Weighted Dominating Set, the Vertex-
Weighted Connected Vertex Cover and the Vertex-Weighted Connected Dominating Set
problems are Q(log(n)) for general graphs assuming P # NP. All the problems are NP-
hard in planar graphs. Previous to our work, polynomial-time approximation schemes
were known [66] for the unweighted versions of these problems in planar graphs. For
each of the weighted versions, the best approximation known before our work was the
approximation for general graphs. We obtain PTASs for bounded-genus weighted graphs,
except for feedback vertex set, where the algorithm is restricted to weighted planar graphs.

Back to practice. Finally, we run several experiments to analyze the practical perfor-
mances of local search for the clustering. We compare the local search presented in this
chapter to Lloyd’s famous algorithm for clustering. We show that for several relevant cases,
our algorithm outperforms Lloyd’s algorithm and converges to a nearly-optimal solution
much faster. We also experimentally study for which contexts our model, the k-means
problem, is relevant. Indeed, in some practical cases, the “natural clustering” of the in-
stance induces a “bad” solution for the k-means problem. In those particular cases, the
local search solution yields a clustering that is very far from the natural one.

Those experimental observations together with our theoretical results raise several open
problem that we summarize in the last parts of this thesis.

Organization of this thesis. Chapter A introduces formal definitions of the problems we
study in this thesis and provides some background on the separation property.

Part I is devoted to the clustering problems. We start by giving a proof of the perfor-
mance guarantees of local search for general instances (Chapter 2). In Chapter 3 we show
how to use separation in order to prove Theorems 1.2 and 1.3. Chapter 4 is dedicated
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Figure 7: Order of the chapters.

to the various characterizations of real-world instances and to the proof of Theorems 1.8,
1.5 and 1.10. Finally, Chapter 5 introduces an algorithm for the case of massive datasets.
In this setting, due to the huge amount of data no separator can be computed and so, we
introduce a different greedy approach.

We tackle network design problems in Part II. We prove the efficiency of local search
for random d-dimensional instances of TSP (Theorem 7.1) in Chapter 8. We then introduce
our new framework for network design problems in Chapter 9.

For a global picture of the organization see Figure 7.
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CHAPTER 1

Introduction to Clustering

Clustering data according to similarity is ubiquitous in computer and data sciences. Simi-
larity between data is often modeled by a distance function: two data points are close if and
only if they are similar. This induces a metric space in which each data point is associated
to a point of the space. Thus, a clustering according to similarity is a partition of the points
such that the distance between two points in the same part, called cluster, is small. How-
ever, making this problem more formal is hard. From a practitioner’s point of view, the
appropriateness of a particular clustering depends on the underlying structure of the data.
For instance, if the data is assumed to be generated from a mixture of unit Gaussians, the
problem of finding the £ mixtures generating the points is often modeled by the £-means
problem. Yet, even when the data points lie in R?, this problem is APX-Hard (assuming k
and d are part of the input).

This induces a gap between theory and practice: on the one hand, with an appropriate
model a benchmark algorithm often yields a good clustering. On the other hand, many
clustering objectives are NP-hard to approximate. Thus, to bridge the gap between theory
and practice, prior approaches usually proceed in two steps: (1) restrict attention to either
data lying in some specific metric spaces or data satisfying some properties characterizing
real-world instances and (2) design an algorithm leveraging the properties of the data.

Clustering in the Classic Memory Model

Well-separated instances. As argued in the introduction, clustering problems come up
in a variety of contexts. The problem of locating warehouses induces a clustering problem
whose instances are very structured since road or transport networks are planar (or embed-
dable on a surface of small genus) or can be modeled by embedding the points in R? or
R3. Thus, it is fairly natural to restrict attention to inputs consisting of metrics induced by,
more generally, minor-free graphs or points lying in Euclidean spaces of small dimensions.
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Researchers have been trying to find a polynomial-time approximation scheme for the
planar restriction of facility location (see Definition A.2) for many years. An unpublished
manuscript by Ageev [6] dating back at least to 2001 addressed the planar case via a
straightforward application of Baker’s method [24], giving an algorithm whose perfor-
mance on an instance depends on how much of the cost of the optimal solution is the cost of
opening a facility. Despite the title of the manuscript', the algorithm is not an approxima-
tion scheme for instances with arbitrary weights. Since then there have been no results on
the problem despite efforts by several researchers in the area (e.g., [77]). We tackle more
general instances consisting of graphs excluding a fixed minor or d-dimensional Euclidean
space for constant d and a more general problem, the k-clustering problem.

Definition A.1 (k-Clustering). Given a finite set of clients A < A, a set of candidate
centers F' © A, two positive integers k and p, the k-clustering problem asks for a set of
centers S < F, of cardinality at most k, that minimizes

cost(S) = » mindist(x,c)?.

ceS
TEA

Instances of the k-clustering problem consisting of graphs excluding a fixed minor or
d-dimensional Euclidean space are known to have small separators (see Appendix A for
a more formal definition). However, previous work failed in applying the most successful
algorithmic approaches based on the existence of small separators.

We show that local search (Algorithm 2) can take advantage of those properties, for
both graph and Euclidean instances. As far as we know, this is the first algorithm that has
strong theoretical guarantees for both settings simultaneously.

Algorithm 2 Local search for finding % clusters.

1: Input: A metric space and associated cost function cost(-), an n-element set C' of
points, error parameter € > (0, number of clusters &
Parameter: A positive integer parameter s for the neighborhood size
S < Arbitrary size-k set of points
while 3 5’ s.t. [S'] < kand |S\S'| + [S'\S| < s and cost(S") < (1 — g/n)cost(S)
do
S <5
Output: S

A T o

The following lemma has been used in several context and shows that Algorithm 2 runs
in polynomial time.

Lemma 1.1 ([16, 112]). If the initial solution has cost at most (M) OPT, then the running
time of Algorithm 2 is at most n©(+%) /e,

1“An approximation scheme for the uncapacitated facility location problem on planar graphs”
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Beyond well-separated instances: other real-world instances. Planar and Euclidean
instances are not the only practical instances. Machine learning and database systems make
use of clustering to extract useful information from the data. Thus, bridging the gap be-
tween theory and practice for clustering instances stemming from those fields has led to
a large body of work during the last decade. Several groups of researchers have come up
with properties that aim at characterizing those instances, together with various algorithms
making use of the properties induced. Thus, the characterization of real-world instances
has resulted in new, ad-hoc algorithms that bypass NP- and APX-hardness results.

From practice to theory. At this point, there is a wide variety of (1) characterizations of
well-clusterable instances and (2) algorithms tuned to those instances. In contrast, we pro-
ceed in the reverse order: (1) focus on a single, all-purpose, easy-to-implement algorithm
that is already widely used in practice: local search (Algorithm 2)!, and (2) prove that
it works well for both well-clusterable and well-separated instances for the k-clustering
problem.

Beyond the Classic Memory Model: Clustering in Data Streams

The increasing size of datasets has made clustering in data streams an important problem
that has received considerable theoretical and practical attention. For example, cluster-
ing data on the fly, as new elements are inserted into the database allows to obtain useful
information at any time at low memory cost. Hence, in the standard streaming setting,
algorithms are constrained to use as little space as possible while computing high-quality
solutions. The complexity of clustering is well understood for insertion-only streams where
input points arrive one by one. The more general settings, like dynamic streams and the
sliding window model, have also recently received some attention for other clustering ob-
jectives. Both generalizations aim to incorporate dynamic behavior; in dynamic streams
input points are removed via a dedicated delete operation and in the sliding window model
older elements expire as new ones arrive.

We focus on maintaining a k-center clustering in the sliding window model. We con-
sider a greedy approach and prove strong theoretical guarantee, showing that the approach
is almost optimal.

Contributions and Techniques

Well-separated instances. We distinguish two kinds of well-separated instances. First,
we address instances of the k-clustering problem that consists of an edge-weighted graph
G belonging to a fixed nontrivial minor-closed family of graphs?. We then consider the

!'See [112] or Chapter 6 for a experimental study and comparison with other heuristics.
2A family is nontrivial if it contains a graph with a least one edge.
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metric completion of G, i.e., the metric space whose points are the vertices of G and where
the distance between two vertices u and v is the length of the shortest u-to-v path in G with
respect to the given edge-weights.

In this setting we show that local search yields a polynomial-time approximation scheme
for the k-clustering problem. This is the first PTAS for both k-median and k-means in this
setting.

Theorem 1.2 (Graphs — Chapter 3, Section 3.4). Let K be a nontrivial minor-closed family
of edge-weighted graphs. For any integer p > 0, there is a constant c such that the following
holds. Forany 0 < € < 1/2, for any graph G = (V, E) in K with clients set A €'V and set
of centers locations F' < 'V, Algorithm 2 applied to the metric completion of G with cost
function
_ o i p
cost(S) = Z(rgelgdzst(a, u))
aceA

and with s = 1/ outputs a solution S whose cost is at most 1 + ¢ times the cost of the
optimal solution to the k-clustering problem with parameter p.

Second, we consider the instances of the k-clustering problem where A < R? and
F < R for some fixed d equipped with Euclidean distance. In this thesis, we are mainly
interested in polynomial-time algorithms. In order for local search to run in polynomial-
time, the set of candidate centers F' needs to be of polynomial size. We define a pair of
finite sets A, ' < R to be an e-discretization of a d-dimensional Euclidean space for
the k-clustering problem if F' is of size polynomial in the size of A and OPT(A, F') <
(1+ €)OPT(A, R?), where OPT(Sy, S;) denote the value of the optimal solution for the k-
clustering problem on the instance (S, S1) equipped with Euclidean distance. There is an
important literature on finding good candidate centers since this is a common preprocessing
step for many algorithms (see e.g., [138]).

We also show that local search is a PTAS for the k-clustering problem in this setting.
Again, this is the first PTAS for k-means in this setting.

Theorem 1.3 (Euclidean Spaces — Chapter 3, Section 3.5). For any fixed integers p,d > 0,
there is a constant c such that the following holds. For any 0 < & < 1/2, client set A = RY,
candidate centers F < RY, Algorithm 2 applied to A, I with

cost(S) = Z(min dist(u, f))P

S
ueC re

and s = 1/ yields a solution S whose cost is at most 1 + ¢ times cost of the optimal
solution to the k-clustering problem with parameter p.

The proofs of the two theorems are very similar. The first key ingredient in our analysis
is the existence of a certain kind of decomposition of the input called weak r-division. The
concept (in a stronger form) is due to Frederickson [86] in the context of planar graphs. It
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is straightforward to extend it to any family of graphs with balanced separators of sublinear
size. Building upon the work of Bhattiprolu and Har-Peled [34], we also define a weak
r-division for points in a Euclidean space, and show that such a decomposition always
exists.

The second ingredient is the notion of isolation. As we will see in Section 3.4, a simple
analysis shows that a local search algorithm that is allowed to pick up to (1 + ¢)k centers
yields a solution of cost at most (1 + ¢) times the optimal solution with k centers. When
looking at this analysis, it seems hard to avoid an increase in the number of centers when
comparing a locally optimal solution to a globally optimal solution.

The idea then is to compare the output L of the local search algorithm to a globally op-
timal solution with fewer than k centers. However, it is easy to see that, for some instances
the cost of such a solution might be significantly larger than the cost of the optimal solution
using k centers and so, comparing the cost of L to the cost of such a solution is useless.
When this happens though, the intuition is that the clusters are obvious or rather very far
from one another and so, local search can find them efficiently.

Our analysis leverages these observations, proving that local search is a (1 + ¢) approx-
imate solution. It relies on finding pairs of centers of L and OPT that serve roughly the
same set of clients in the two solutions. This yields a structure theorem that could have
applications beyond the analysis of local search.

Well-clusterable instances. We then consider instances stemming from data analysis and
machine learning. Those instances are often call well-clusterable because they are assumed
to possess a “natural” clustering that needs to be identified. Various characterizations of
well-clusterable instances, called stability conditions, have been proposed (see Figure 1.1).
The three incomparable notions that have received the most attention are distribution sta-
bility, perturbation resilience, and spectral separability.

In one of the earliest attempts to formalize the notion of a real-world instance, Ostro-
vsky et al. [151] assumed that the cost of an optimal k-clustering of the instance is smaller
than an e-fraction of the cost of an optimal clustering with £ — 1 centers. It is motivated by
the commonly used “elbow method” of determining the correct value of &: run an algorithm
for an incrementally increasing number of clusters until the cost drops significantly. The
condition of Ostrovsky et al. was later generalized to the distribution stability by Awashti
et al. [17]. We state the latter condition.

Definition 1.4 (Distribution Stability [17]). Let (A, F| cost, k) be an input for the k-clustering

problem and let {C,...,C}} denote the optimal k-clustering of A with centers S =
{ct,...ct}. Given 8 > 0, the instance is (-distribution stable if, for any i, for any x ¢ C},
OPT
cost(z,cl) = 6\C_f|

A PTAS for S-distribution stable instances was previously given by Awasthi et al. [17].
Guided by our work on isolation, we show that local search is already a PTAS: no ad-hoc
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Cost Separation
Ostrovsky, Rabani, Schul-
man, Swamy [151]
Jaiswal, Garg [107]

Spectral Separation
Kumar, Kannan [126]
Awasthi, Sheffet [20]

Perturbation Resilience
Bilu, Daniely,
Linial, Saks [35, 36]
Awasthi, Blum, Sheffet [18]

Y
Distribution Stability
Awasthi, Blum, Sheffet [17]

Balcan, Liang [27] A
Y
Center Proximity Approximation Stability
Awasthi, Blum, Sheffet [18] Balcan, Blum,
Balcan, Liang [27] Gupta [25, 26]

Figure 1.1: An overview over all definitions of well-clusterability. Arrows correspond to
implication. For example, if an instance is cost-separated then it is distribution-stable;
therefore the algorithm by Awasthi at al. also works for cost-separated instances.

algorithm is needed. Moreover, [3-distribution stability is also implied by “cost separation”
as defined by Ostrovsky et al. [151], so local search is also a PTAS in that setting.

Theorem 1.5 (5-Distribution Stability — Chapter 4, Section 4.2). Let 3, p > 0. There exists
a constant c such that the following holds. For any 0 < ¢ < 1/2, for any (-stable instance,
the solution output by local search with parameter s = cPe 331 (Algorithm 2) has cost at
most (1 + €) time the cost of the optimal solution to k-clustering problem with parameter

p-

Furthermore, we are able to show that local search is efficient for a slightly more general
definition of -distribution stability (see Chapter 4).

We now turn to the second notion of stability. This definition, due to Awashti et al. [18],
adapts the definition of stability used by Bilu and Linial [36] for the max-cut problem to the
k-clustering problem. It allows to characterize instances for which a small perturbation of
the data (due, for example, to measurement errors) does not change the natural clustering
of the data.

Definition 1.6 (Perturbation Resilience [18]). Let (A, F,cost, k) be an input for the k-
clustering problem and let {C7, ..., C}} denote the optimal k-clustering of A with centers
S = {cf,...ci}. Given a > 1, the instance is a-perturbation-resilient if for any cost
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function cost’ on A with
Y (p,q) € A x F, cost(p,q) < cost (p,q) < acost(p, q),
{CF, ..., Ck} is the unique optimal clustering of the instance (A, F, cost , k).

To make this more formal we introduce the notion of locally-optimal solution. Given a
solution Sy to the k-clustering problem, we say that Sy is 1/e-locally optimal if any solution
Sy such that [Sp\S1| + [S1\S0| < 2/c has cost at least cost(Sy). We derive the following
theorem.

Theorem 1.7 (a-Perturbation Resilience — Chapter 4, Section 4.1). For any p > 0, there
exists oy, > 0 such that, for any instance of the k-clustering problem with parameter p if the
instance is o,-perturbation-resilient then any f(cy,)-locally optimal solution is the optimal
clustering {C5, ..., C}}, for some function f.

This notion of stability was mainly defined for cost = dist. In this case, we show that for
any instance that is a-perturbation-resilient for o > 3, for any large enough neighborhood
size, a local optimum must be a global optimum as well.

Theorem 1.8. Let o > 3. For any instance of the k-median problem that is a-perturbation-
resilient, any 2(« — 3)~*-locally optimal solution is the optimal clustering {C5, ..., C¥}.

An optimal algorithm was already known for 1 4 +/2-perturbation resilient k-median
instances [27]. Our contribution is to show that local search is already optimal for 3 + &-
perturbation resilient instances; no ad-hoc algorithm is needed.!

We now turn to the third stability condition. In the Euclidean setting, Kumar and Kan-
nan [126] introduced a condition under which a target clustering may be found. There have
been several results on clustering data points generated from a mixture of &k probability
distributions, under the assumption that the means of those distributions are far enough
from one another. Kumar and Kannan [126] showed that assuming such a proximity condi-
tion, one can retrieve the underlying clustering of the data. The spectral separation defined
below generalizes the proximity condition of Kumar and Kannan.

Definition 1.9 (Spectral Separation [126]). Let (A,R%, || - ||?, k) be an input for k-means
clustering in Euclidean space and let {C5,...C}} denote an optimal clustering of A with
centers S = {c},...c}}. Denote by C annx d matrix such that the row C; = argmin || A; —
ckes
J
ci||?. Denote by || - ||2 the spectral norm of a matrix. Then {CF,...Cy} is v-spectrally
separated, if for any pair (i, j) the following condition holds:

1A= Cll2.

1 1
lef =5l =~ = +
VICE 1]

"'We do not quite match [27]: One limitation is that local search is not necessarily optimal for (1 + /2)-
perturbation resilient instances, see Proposition 4.1
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Since this stability is defined over non-finite metric spaces, we again require standard
preprocessing steps in order to reduce the number of dimensions and discretize the space
in order to bound the number of candidate centers. We obtain the following theorem.

Theorem 1.10 (5-Spectral Separation — Chapter 4, Section 4.4). Let (A, R?, |||, k) be an
instance of Euclidean k-means clustering with optimal clustering C = {C},...C}} and
centers S = {cf,...c;}. If C is more than 3V k-spectrally separated, then Algorithm 4
(which consists in projecting the points and before applying local search (Algorithm 2)) is
a polynomial time approximation scheme.

In previous work by Kumar and Kannan [126], an algorithm is given with approxima-
tion ratio 1 + O(OPT}/OPT}_1), where OPT; denotes the value of the optimal clustering
with ¢ clusters. Assuming that OPT,/OPT,_; < e implies that the optimal k-clustering
Cis Q(\/%)-spectrally separated [126]. Thus our assumption in Theorem 1.10, that C'
is v/ k-spectrally separated is weaker (it does not depend on ¢) and therefore our result is
stronger since the approximation guarantee does not depend on the properties of the in-
stance.

Clustering in data streams In the context of massive datasets, different algorithms are
needed. Indeed, it is not possible to store all the input points in memory while performing
computations. Therefore, we are interested in algorithms that only stores a very small
number of elements at the expense of a slightly worse approximation ratio. In the sliding
window model (see Chapter 5 for a formal definition), we are given an integer W which
represents the window size and a stream of data (input points in a metric space in our case).
The goal is to maintain over time a solution to a problem where the input consists of the
last W elements of the stream (the element that are in the “window”). Additionally, the
algorithm is required to use a memory of size sublinear! in 1.

Since the main applications of clustering in data streams lie in machine learning and
databases, we aim at avoiding any dependency on the number of dimensions. We will
assume an oracle distance function: given two points of the metric space, the oracle can
provide at any time of the execution the distance between those two points. Then, the goal
our the algorithm is to store the most relevant points for our problem.

We focus on the problem of computing the diameter of a set of points (the maximum
distance between two points) and the k-center problem where we aim to find & points
such that the maximum distance over all points to their closest center is minimized. For
Euclidean space this is equivalent to finding £ spheres of minimum radius containing the
entire point set. Throughout this section, we define the aspect ratio of a set of points A in
a metric space to be max, pe 4 dist(a, b)/ min,.pe 4 dist(a, b).

For the diameter problem, we obtain the following theorem.

"Note that for some problems an exact solution can be computed trivially using memory of size O(W).
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Theorem 1.11 (Diameter in Sliding Window — Chapter 5, Section 5.1). Given a set of
points A with aspect ratio «, there exists an algorithm computing a (3 + €)-approximate
solution for the metric diameter problem storing at most O (e~ log ) points in memory.
The update time is O(e ™! log ).

This is a substantial improvement over the best sliding window algorithm for diameter
in general metric spaces by Chan and Sadjad [50] which computes a (2™+2 — 2 + ¢)-
approximation using O(W ™+ ]og o) memory. Observe that the memory dependency
in log « is inherent to the model: Feigenbaum et al. [82] showed that even in the case of
1-dimensional Euclidean space, for any algorithm using less than 2(log W log o) memory
there exists an instance in which the approximation ratio of the algorithm is arbitrarily bad.
Moreover, we obtain a lower bound of Q(\2/W ) for any deterministic algorithm achieving
a (3 — ¢)-approximation to the diameter problem for any ¢ > 0. Together with the result of
Feigenbaum et al. [82], this implies that our algorithm is tight up to a O(1/¢) factor.

To our knowledge there exists no previous work on k-center in the sliding window
model. For the 2-center problem our diameter algorithm yields a (4 + ¢)-approximate
clustering. We are also able to obtain a matching lower bound. For arbitrary values of &,
we obtain the following theorem.

Theorem 1.12 (k-center in Sliding Window — Chapter 5, Section 5.2). Given a set of points
A with aspect ratio «, there exists a (6 + ¢)-approximation algorithm for the metric k-

center problem storing at most O((k + 1)~ log(«v)) points in memory. The update time is
O(k*c~log ).

We obtain a lower bound of 6 for the k-center problem, with £ > 2.

The techniques are very basic and different from the approaches used in the other chap-
ters. Given an estimate of the value of the optimal solution, the algorithm either finds a
solution of this value or provide a certificate that our estimate is incorrect. For example, in
the case of the diameter, given an estimate « of the optimal value of the instance, the goal
of an ideal algorithm would be to either provide two points at distance at least v or provide
a point that is at distance less than 7/2 to every point of the instance. Then, the triangular
inequality ensures that no two points are at distance at least v from each other.

We will see that such an ideal algorithm is required to store at least {2(,/n) points. Thus,
we relax the condition on the certificate and show how to derive an algorithm satisfying the
conditions of Theorem 1.11.

State-of-the-Art

Clustering problems have been extensively studied from an algorithmic perspective since,
at least, the 60s. The heterogeneity of the contexts in which clustering problems arise
has led various communities to develop ad-hoc algorithms. In this section, we review the
general results that are particularly relevant for our work.
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In the Classic Memory Model

Clustering problems are NP-hard: k-median and k-means are already NP-hard in the Eu-
clidean plane (see Meggido and Supowit [140], Mahajan et al. [137], and Dasgupta and
Freud [65]). In terms of hardness of approximation, both problems are APX-hard, even in
the Euclidean setting (when both £ and d are part of the input) (see Gua and Khuller [95],
Jain et al. [105], Guruswami et al. [100] and very recently Awasthi et al. [19] for the first
APX-hardness proof for Euclidean k-means when both & and d are part of the input).

On the positive side, constant factor approximations are known in metric space for both
k-median and k-means (see for example [129, 106, 142]). The current best approximation
factor for metric k-median is 2.675 + ¢ (see Byrka et al. [46] improving upon Li and
Svensson [129].)

Several algorithms that bypass those hardness results for restricted inputs have been
developed. For example PTASs have been proved, for Euclidean k-means and fixed &
(see [83, 127] for example), or Euclidean space and fixed d [12, 123, 101, 102], or some
stability assumption on the input structure such as cost separation, approximation stability,
perturbation resilience, or spectral separability. However, as far as we know, there is no
algorithm achieving better bounds than the general ones for well-separated instances yet.

Cost Separation The condition by Ostrovsky et al. [151] represent one of the earliest
attempt to formally define real-world instances, see also Schulman [169] for an earlier con-
dition for two clusters and the irreducibility condition by Kumar et al. [127]. An instance
I satisfies the e-“ORSS” condition if the cost of a solution to the instance using k£ centers
is smaller than ¢ times the cost of the optimal solution to the instance using k£ — 1 centers.
This condition has several appealing properties. It is robust towards small perturbations
of the data set and it implies that two low-cost clusterings agree on a large fraction of
points. Moreover, the popular D? sampling technique (also known as k-means+ ) has an
improved performance for cost separated instances compared to the worst-case O(log k)-
approximation ratio [14, 45, 107, 151]. A related, slightly weaker condition called weak-
deletion stability was introduced by Awasthi et al. [17] where the cost of assigning all the
points from one cluster in the optimal k-clustering to another center increases the objective
by some factor (1 + «).

Perturbation Resilience The motivation behind this stability condition is that bounded
modifications to the input should not affect the optimum solution. Bilu et al. [36, 35] for-
malized this as allowing edge weights in a graph to be modified by a factor of at most ~
without changing the structure of the max-cut. Perturbation resilience has some similarity
to smoothed analysis (see Arthur et al. [13, 15] for work on k-means). The main difference
is that smoothed analysis takes a worst case instance and applies a random perturbation,
while perturbation resilience takes a well-behaved instance and applies an adversarial per-
turbation. For results using perturbation resilience, see [18, 27, 32].



29

Spectral Separation Kumar and Kannan [126] introduced a deterministic condition un-
der which a target clustering may be found in Euclidean spaces as opposed to the proba-
bilistic assumptions used by previous work. For other deterministic conditions we refer to
[3, 60]. Viewing each data point as a row of a matrix A and the rows of the center matrix
K containing the centroid of the respective target cluster of A, they impose a proximity
condition on each point A; when projected onto the line connecting its target centroid c;
and some other centroid c¢,. The condition requires that the projection of A; is closer to

. A S ST S _ —
cj thantoanyCKbyafactoron(k <\/@+\/07> || A K||2),where||A K||2

is the spectral norm and C; and C are the target clusters. This condition implies spectral
separability with v € (k). See also [20].

Thus, the various definitions are attempts to model real-world inputs by adding stability
assumptions; in this paper, we analyze a real-world algorithm, local search (see [2]). There
is much prior research on analyzing local search without stability assumptions.

Local search There exist a large body of bicriteria approximations for k-median and k-
means [125, 53, 28]. Arya et al. [16] (see also [99]) gave the first analysis showing that
local search with a neighborhood parameter s = 1/¢ gives a (3 + 2¢)-approximation to k-
median and showed that this bound is tight. Kanungo et al. [112] proved an approximation
ratio of 9 + ¢ for k-means clustering by local search, currently the best known algorithm
with polynomial running time in metric and Euclidean spaces!. For further very recent
results on local search, we refer to [89]. Due to its simplicity, local search is also a popular
subroutine for clustering tasks in various computational models [38, 97, 30].

In Data Streams

The diameter problem. In the streaming metric distance oracle model, there exists a
naive 2-approximation algorithm for the diameter problem which consists in maintaining
the first point p of the stream and the point with maximum distance from p inserted after
p. Guha [93] showed that this algorithm is essentially optimal: no algorithm storing fewer
than {2(n) points can achieve a ratio better than 2 — ¢ for any € > 0. For Euclidean spaces,
the best streaming algorithm with a polynomial dependency on d is due to Agarwal and
Sharathkumar [5] with an almost tight approximation ratio of v/2 + ¢ in O(de =3 log(1/¢))
space. Agarwal et al. [4] proposed a (1 + )-approximation using O(~(@~1/2) points.
Feigenbaum et al. [82] were the first to consider the diameter in the sliding window
model. For d-dimensional Euclidean space, their algorithm uses O (¢~ (@*1/21og® W (log a+
loglog W + &7 1)) bits of space. They also give a lower bound of Q(¢~!log W log ) for

I'They use an algorithm from Matousek [138] that “discretizes” R?, i.e., finds a good set of candidate cen-
ters. However, as stated, the running time of their algorithm has an exponential dependency in d. As discussed
earlier, this is an important drawback for several applications, we show in Chapter 4 how to circumvent this
issue by using the celebrated Johnson-Lindenstrauss lemma.
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a (1 + ¢)-approximation factor in one dimension and, implicitly, a Q(log W log «) space
bound for any multiplicative approximation factor. This lower bound was later matched by
Chan and Sadjad [50], who also gave an improved space bound of O(e~ (@12 1og(a/e))
points for higher dimensions. For more general metric spaces, they obtain a (212 —2 +¢)-
approximation with O(WW/("+1) points.

The k-Center problem. In one of the earliest works on clustering in streams, Charikar
et al. [52] gave a number of incremental clustering algorithms for metric k-center, among
other results. While storing no more than £ + 1 points at any given time, they were able to
derive a deterministic 8-approximation and a randomized 2e ~ 5.437-approximation. They
also show that no incremental algorithm can be better than 3. McCutchen and Khuller [139]
and Guha [93] independently derived a (2+¢)-approximate algorithm using O(k/clog 1/¢)
space, with Guha giving an almost tight lower bound of €(n) space for any algorithm
achieving a better approximation ratio than 2. In their paper, McCutchen and Khuller [139]
also studied the problem with z outliers, giving a (4 + ¢)-approximate algorithm that stores
O(e7'kz) points, see also Charikar et al. [54] for an earlier treatment of the problem.
Further improvements are possible in Euclidean spaces see Zarrabi-Zadeh [177] or Kim
and Ahn [116].

This is the first attempt to address the k-center problem in the sliding window model.
For k-median and k-means, we remark that Babcock et al. [21] and more recently Braver-
man et al. [43, 44] gave an O(1)-approximation for the metric case and a (1 + ¢)-approxi-
mation for the Euclidean case.

L. S. for Clustering: L. S. for Clustering:
Well-Separated Instances General Instances
Chapter 3 Chapter 2
A
Beyond Separators: Beyond Separators: L. S.
Clustering in Data for Clustering in Stable
Streams Instances
Chapter 5 Chapter 4
Y
Implementation and
Experiments
Chapter 6

Figure 1.2: Organization of this part.
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CHAPTER 2

Local Search for Clustering: General Instances

In this chapter, we consider the following general k-clustering problem.

Definition A.1 (k-Clustering). Given a finite set of clients A < A, a set of candidate
centers F' € A, two positive integers k and p, the k-clustering problem asks for a set of
centers S < F, of cardinality at most k, that minimizes

cost(S) = Z mlgl dist(z, c)?.
ce
z€A

We prove the following structural theorem (Theorem 2.1) about local optima. It can be
seen as a strengthening of Theorem 2.2 (see below) that states that local search is a constant
factor approximation for the k-clustering problem and which was already proven in [99]
who showed that local search achieves an O(p)-approximation. We will see in Chapter 4,
how Theorem 2.1 implies any local optimum is actually a global optimum for perturbation
resilient instances.

Consider a solution S to the k-clustering problem with parameter p. We say that S is
1/e-locally optimal if any solution S such that |Sp\ S| + |51\ So| < 2/ has cost at least
cost(.Sp). Furthermore, for each client a, we denote by g, and ¢, the costs induced by client
a in solution C and L respectively. Finally, for any S” < Sy, denote by the Ng,(S”) the set
of clients that are closer to a center of S’ than to any other center in Sy. We refer to those
clients as the clients served by S’ in solution Sy,

Theorem 2.1 (Local-Approximation Theorem.). Let L be a 1/c-locally optimal solution
and C be any solution to the k-clustering problem with parameter p. Let S = L n C and
L = L\S and C = C\S. Then, there exists ., depending on ¢ and p such that

Z £a< 2 Ga T Yep Z Ga-

aeN¢ (é) aeNc((f) aENL([:)
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In other words, given a locally optimal solution £ and a solution C, the theorem states
that the cost of the clients served by a center of the solution C that is “not found” by the
algorithm, i.e., not in solution £, is at most its cost in C plus ., times the costs in C of the
clients served by the “incorrect” centers in £. Note that this is not necessarily the case for
any . ,-approximate solution.

Obviously, for the clients served by the “correctly” guessed centers, their total cost is at
most their cost in OPT. Thus, this implies that local search is an O(. ,,)-approximation for
the k-clustering problem. This is the purpose of the following theorem. Loosely speaking,
Theorem 2.2 states that any O(~.,)-locally optimal solution is an O(~.,)-approximation
for the k-clustering problem.

Theorem 2.2 (General form of [99]). Let L be a 1/s-locally optimal solution and C be

any solution to the k-clustering problem with parameter p. There exists a 7., such that
cost(L) < (Vep + 1)cost(C).

Proof of Theorem 2.2. Consider a client a ¢ N¢(C), it is served in solution C by a center in
S. Since S < L, its cost in solution £ is at most g,. Thus,

Dilat Dl D GatVep D, Gat D,

a¢Ne(C) aeN¢(C) aeNe¢ (C) aeNg (L) a¢Nc(9)

Z l, < ('Ye,p + 1) Z Ya-

agA acA

Therefore,

]

For ease of exposition we proceed to the proof for the k-median problem (p = 1).
Lemmas 2.8, 2.9 at the end of the chapter imply the results for general values of p. We
prove the following theorem.

Theorem 2.3 (Local-Approximation Theorem.). Let L be a 1/e-locally optimal solution
and C be any solution to the k-median problem. Define S = L nC, L = L\S, and

C = C\S. Then,
2 l, < Z ga + (24 2¢) 2 Ja-

aENC (é) aENC (C) aENg(ﬁ)

Additionally, we mention that Arya et al. [16] showed that this is tight (see also Fig-
ure 3.1).

We now provide some useful lemmas for the proof of Theorem 2.3. We first introduce
some definitions, following the terminology of [16, 99]. Consider the following bipartite
graph T' = (£ U C, &) where £ is defined as follows. For any center f € C, we have
(f,0) € € where { is the center of £ that is the closest to f. Denote Np(¢) the neighbors of
the point corresponding to center ¢ in I'.

For each edge (f,¢) € &, for any client a € N¢(f)\N.(¢), we define Reassign, as the
cost of a client a after reassignment to £. We derive the following lemma.
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Lemma 2.4. For any client a, Reassign, < {, + 2g,.

Proof. By definition we have Reassign, = dist(a, £). By the triangular inequality dist(a, ¢)
is at most dist(a, f) + dist(f,¢). Since f serves a in C we have dist(a, f) = g,, hence
dist(a, £) < g, + dist(f, £). We now bound dist( f, ¢). Consider the center ¢’ that serves a in
solution £. By the triangular inequality we have dist(f, ¢') < dist(f, a) +dist(a, ') = g, +
¢,. Finally, since ¢ is the closest center of f in £, we have dist(f, ) < dist(f, ') < ga + la
and the lemma follows. 0

We partition the centers of £ as follows.

e Let £, be the set of centers of £ that have degree Oin I'.

e Let L. 1 be the set of centers of £ that have degree at least one and at most 1/¢ in
I

e Let £..-1 be the set of centers of £ that have degree greater than 1 /¢ in T

We now partition the centers of L and C using the neighborhoods of the vertices of L
in . We start by iteratively constructing two set of pairs Sc.-1 and S..-1. For each
center £ € L.—1 U L-.—1, we pick a set A, of |N(£)| — 1 centers of £, and define a pair
({¢} U Ay, Np(£)). We then remove A, from L, and repeat. Let Sc.-1 be the pairs that
contain a center of £~<E_1 and let S..-: be the remaining pairs.

The following fact follows from the definition of the pairs.

Fact 2.5. Let (RE, Ré) be a pairin S<, 0 S~,. If{ € RE, then for any f such that (f,0) €€,
f e RC.

Lemma 2.6. For any pair (Ré, Ré) € S¢, we have that

DI la< D), gat?2 > Ga-

aeN¢ (RC) aeNg (RC) aeNz(RE)—Ne(RC)

Proof. Consider the mixed solution M = L\RE~ U RC. For each point a, let m, denote the
cost of ¢ in solution M. We have

o if a € No(RC).
m, < $ Reassign, ifa e Ng(RF) — Ne(RC U S) and by Fact 2.5.
£, Otherwise.

Now, observe that the solution M differs from £ by at most 2/ centers. Thus, by 1/e-
local optimality we have cost(£) < cost(C). Summing over all clients and simplifying, we

obtain
Z l, < Z Ja + 2 Reassign,.

aeNe(RC)UN, (RE) aeNe¢ (RC) aeNz(RE)—N¢(RC)

The lemma follows by combining with Lemma 2.4. 0
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We now analyze the cost of the clients served by a center of £ that has degree greater
than e !inT.

Lemma 2.7. For any pair (R, R¢) € S...-1 we have that

Z ly < Z go +2(1+¢) Z Ja-

aeN¢ (RC) aeN¢ (RC) aeN,(RE)—N¢(RC)

Proof. Consider the center / € R” that has in-degree greater than e~ Let L = R%\{/}.
For each ¢ € L, we associate a center f(£) in RC in such a way that each f(¢) # f(¢), for
¢ # {'. Note that this is possible since |L| = |R¢| — 1. Let f be the center of RC that is not
associated with any center of L.

Now, for each center ¢ of L we consider the mixed solution M* = £ — {¢} U {f(0)}.
For each client a, we bound its cost m, in solution M*. We have

Ja if a € Ne(f(()).
m’, < { Reassign, if a € N;(¢) — Ng(f(¢)) and by Fact 2.5.
l, Otherwise.

Summing over all center ¢ € L and all the clients in N (f(¢))u Nz (¢), we have by e ~*-local

optimality
Z ly < Z Go + Z Reassign,. 2.1)

aeNe(RC—f)UN,(L) aeNe(RC—f) aeN(L)—Ne(RC—f)

We now complete the proof of the lemma by analyzing the cost of the clients in N¢(f).
We consider the center £* € L that minimizes the reassignment cost of its clients. Namely,
the center £* such that >, . () Reassign, is minimized. We then consider the solution

M@F) = £ —{¢*} U {f}. For each client a, we bound its cost mD in solution M),
We have

] Ja if a € Ne(f).
m{f) < { Reassign, if a € Nz(¢*) — Ng(f) and by Fact 2.5.
l, Otherwise.

Thus, summing over all clients a, we have by local optimality

2 ly, < 2 Ja + Z Reassign,. 2.2)

aeNe (f)uNL(£%) aeNe(f) a€Ng(6*)=Ne(f)
By Lemma 2.4, combining Equations 2.1 and 2.2 and averaging over all centers of L we

have
Z l, < Z ga+2(1+¢) Z Ja-

aeN¢ (RC) aeN¢ (RC) aeNz(RE)—N¢(RC)
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We now turn to the proof of Theorem 2.3.

Proof of Theorem 2.3. We sum the equations of Lemmas 2.6 and 2.7 over all pairs and
obtain

Z Z by < Z Z Go + (24 2¢) Z Ga

(RZ,RC) aeN¢ (RC) (RE,RC) \aeN¢(RC) aeN, (RE)—Ne(RC)
Yola< ) g+ (242) ) g
aENc(é) aGNc(é) (lGNg(i)

O

The two following lemmas show how to handle a relaxed version of the triangular
inequality (when p > 1).

Lemma 2.8. Letp > 0 and 1/2 > ¢ > 0. For any a,b,c € A U F, we have cost(a,b) <
(1 + e)P(cost(a, c) + cost(c, b)/eP).

Proof. Suppose first that dist(c, b) < edist(a, c), then by the triangular inequality cost(a, b) =
dist(a,b)? < (dist(a,c) + dist(c,b))?. Hence, cost(a,b) < (1 + e)Pdist(a,c)? = (1 +
e)Pcost(a, c). Now suppose that dist(c, b) > edist(a, ¢). Thus, by the triangular inequality
cost(a, b) < ((1 + e)dist(c, b)P /e) = (1 + &)Pcost(c, b) /eP. O

The following lemma follows from the binomial theorem.

Lemma 2.9. Let p > 0. For any a,b,c € A U F, we have cost(a,b) < 2°~%(cost(a,c) +
cost(c,b)).

Proof. By the triangular inequality cost(a,b) < (dist(a,c) + dist(c,b))?. By the bino-
mial theorem we have that (dist(a, ¢) + dist(c, b))? = >0 (?)dist(a, c)'dist(c, b)?~". Thus,
(dist(a, c) +dist(c, b))? = cost(a, c) + cost(c, b) + Y~} (¥)dist(a, ¢)'dist(c, b)*~*. Observe
now that dist(a, c)'dist(c, b)P~* < dist(a, ¢)? +dist(c, b)?. Hence, (dist(a, ¢) +dist(c, b))? <
cost(a, c) + cost(c, b) + (cost(a, ¢) + cost(c, b)) -} (?) and so (dist(a, ¢) + dist(c, b)) <
cost(a, ¢) + cost(c, b) + (cost(a, ¢) + cost(c, b))(2P~1 — 1) and the lemma follows. O

Rescaling ¢ as a function of p yields the proof of Theorem 2.1.






CHAPTER 3

Local Search for Clustering: Well-Separated
Instances

This chapter is dedicated to the proof of Theorems 1.2 and 1.3, restated below.
We consider the k-clustering problem and recall its definition for completeness.

Definition A.1 (k-Clustering). Given a finite set of clients A < A, a set of candidate
centers F' © A, two positive integers k and p, the k-clustering problem asks for a set of
centers S < F, of cardinality at most k, that minimizes

cost(S) = rgélép dist(z, c)?.
zeA

Theorem 1.2 (Graphs — Section 3.4). Let K be a nontrivial minor-closed family of edge-
weighted graphs. For any integer p > 0, there is a constant c such that the following holds.
Forany 0 < ¢ < 1/2, for any graph G = (V, E) in K with clients set A < 'V and set
of centers locations F' < 'V, Algorithm 2 applied to the metric completion of G with cost
function

cost(S) = Z(min dist(a,u))?

uesS
acA

and with s = 1/ outputs a solution S whose cost is at most 1 + ¢ times the cost of the
optimal solution to the k-clustering problem with parameter p.

Theorem 1.3 (Euclidean Spaces — Section 3.5). For any fixed integers p,d > 0, there is
a constant c such that the following holds. For any 0 < ¢ < 1/2, client set A = RY,
candidate centers F < RY, Algorithm 2 applied to A, F' with

cost(S) = Z(min dist(u, f))P

S
ueC fe
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and s = 1/ yields a solution S whose cost is at most 1 + ¢ times cost of the optimal
solution to the k-clustering problem with parameter p.

Section 3.1 highlights the properties of the well-separated instances and provides the
key ingredients to our analysis: r-division and isolation. Section 3.3 introduces our struc-
ture theorem for the analysis of Algorithm 2. The analysis of Algorithm 2 for instances
consisting of graphs with small separators is done in Section 3.4. In Section 3.5 we de-
scribe how a similar analysis holds for instances consisting of points lying in R,

3.1 Properties of Well-Separated Instances

As mentioned in the introduction, the analysis of the output of local search on well-sepa-
rated instances relies on a decomposition of the input called a weak r-division.

Chan and Har-Peled [49] showed that local search can be used to obtain a PTAS for
(unweighted) maximum independent pseudo-disks in the plane, which implies the anal-
ogous result for planar graphs. More generally, Har-Peled and Quanrud [103] show that
local search can be used to obtain PTASs for several problems including independent set,
set cover, and dominating set, in graphs with polynomial expansion. These graphs have
small separators and therefore r-divisions. However, our analysis of local search for clus-
tering requires not only that the input graph have an r-division but that a minor of the input
graph have an r-division. This is not true of graphs of polynomial expansion. Indeed, we
show in Section 3.1.4 that there are low-density graphs in low-dimensional space (which
are therefore polynomial-expansion graphs) for which local-search produces a solution that
is worse than the optimum by at least a constant factor.

Thus one of our technical contributions is showing how to take advantage of a property
possessed by nontrivial minor-closed graph families that is not possessed by polynomial-
expansion graph families.

3.1.1 r-Division in Graph with Small Separators

For a graph G, we use V(G) and E(G) to denote the set of vertices of G and the set of
edges of G, respectively. For a subgraph H of G, the vertex boundary of H in GG, denoted
0c(H), is the set of vertices v such that v is in H but has an incident edge that is not in
H. (We might write J(H) if G is unambiguous.) A vertex in the vertex boundary of H is
called a boundary vertex of H. A vertex of H that is not a boundary vertex of / is called
an internal vertex. We denote the set of internal vertices of H as Z(H ).

Definition 3.1. Let ¢, and cy be constants. For a number r, a weak r-division of a graph
G (with respect to cy,co) is a collection R of subgraphs of G, called regions, with the
following properties.

1. Each edge of G is in exactly one region.
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2. The number of regions is at most c1|V (G)|/r.
3. Each region contains at most r vertices.
4. The number of boundary vertices, summed over all regions, is at most co|V (G)|/r*/%.

A family of graphs F’ is said to be closed under taking minor (minor-closed) if for any
graph G € F|, for any minor H of GG, we have H € F.

Theorem 3.2 (Frederickson [86] combined with Alon, Seymour, and Thomas [7]). Let K
be a nontrivial minor-closed family of graphs. There exist ¢y, ¢ such that every graph in K
has a weak r-division with respect to cy, cs.

Proof. Alon, Seymour, and Thomas [7] proved a separator theorem for the family of graphs
excluding a fixed graph as a minor. Any nontrivial minor-closed family excludes some
graph as a minor (else it is trivial). Frederickson [86] gave a construction for a stronger
kind of r-division of a planar graph. The construction uses nothing of planar graphs except
that they have such separators. [

Let GG be an undirected graph with edge-lengths. Fix an arbitrary priority ordering of
the vertex set V' ((G). For every subset S of V(G), we define the Voronoi partition with
respect to S. For each vertex v € S, the Voronoi cell with center v, denoted Vs (v), is the
set of vertices that are closer to v than to any other vertex in .S, breaking ties in favor of the
highest-priority vertex of .S.

Fact 3.3. For any S, for any vertex v € S, the induced subgraph G[Vs(v)] is a connected
subgraph of G.

Proof. Let u € Vg(v), and let p denote a v-to-u shortest path. Let w be a vertex on P.
Assume for a contradiction that, for some vertex v' € S, either the v'-to-w shortest path p’
is shorter than the shortest v-to-w path, or it is no longer and v’ has higher priority than v.
Replacing the v-to-w subpath of p with p’ yields a v’-to-u path that either is shorter than p
or is no longer than p and originates at a higher-priority vertex than v. U

It follows that, for any vertex v of GG, contracting the edges of the subgraph G[Vs(v)]
yields a single vertex.

Definition 3.4. We define Gy,.(s) as the graph obtained from G by contracting every edge
of G[Vs(v)] for every vertex v € S. For each vertex v € S, we denote by ¥ the vertex of
Gyvor(s) resulting from contracting every edge of G[Vs(v)].

For any set graph G = (V, E) and S < F, if GG belongs to a minor-closed family K
then so does G'yo(s)-
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3.1.2 r-Division in Euclidean Space

We define analogous notions for the case of Euclidean spaces of fixed dimension d. Con-
sider a set of points C' in R?. For a set Z of points in R? and a bipartition C; U C5 of C,
we say that Z separates C and C5 if, in the Voronoi diagram of C' U Z, the boundaries of
cells of points in C} are disjoint from the boundaries of cells of points in C’.

Definition 3.5. Let ¢, and c, be constants. Let C be a set of points in R%. For an integer
r > 1, a weak r-division of C' (with respect to c1,cs) is a set of boundary points 7 <
RY together with a collection of subsets R of C U Z called regions, with the following
propetrties.

1. Each element of C' appears in exactly one subset of R.
2. The number of regions is at most c¢1|C'|/r.
3. Each region contains at most r points of C' U Z.
4. Y per |R 0 Z| < e|C|/rVe,
Moreover, for any region R;, R; n Z is a Voronoi separator for R; — Z and (C U Z) — R;.
The following theorem is from [34, Theorem 3.7].

Theorem 3.6. [34, Theorem 3.7] Let P be a set of n points in R%. One can compute, in
expected linear time, a sphere S, and a set Z < S, such that

o |Z| < centVd,

o There are most on points of P in the sphere S and at most on points of P not in S,
and

e 7 is a Voronoi separator of the points of P inside S from the points of P outside S.
Here c and o < 1 are constants that depends only on the dimension d.
From that theorem we can easily derive the following.

Theorem 3.7. Let r be a positive integer and d be fixed. Then there exist c1, co such that
every set of points C' < R has a weak r-division with respect to cy, cs.

Proof. We describe a recursive procedure to construct the set Z in the definition of weak 7-
division of C. Assuming that |C'| > r, find a sphere S and a set Z; satisfying Theorem 3.6.
Let Z; be the result of applying the procedure to the union of 7, with the set of points
inside C', and similarly obtain Z; from the set of points outside C'. Return Zy u Z; U Zs.
It is clear that the set Z together with its induced partition R of C returned by the
procedure satisfies all the properties of a weak r-division except for Property 4, which
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requires some calculation. Let b(n) = >, » |R n Z| when the procedure is applied to a
set C' of size at most n, where n > (1 — o)r. If n < r then b(n) = 0, and if n > r then

b(n) < en' Y4+ max blan 4+ en' V) + b((1 — a)n + en' V).

a€[l—o,0]

We show by induction that b(n) < S+ — yn'~"/? for suitable constants 3,7 > 0 to be
determined. We postpone the basis of the induction until 3,y are selected.
By the inductive hypothesis,

enl-1/d

an
/d + Pld o

1-1/d,,1-1/d

1-1/d
blan + en*~ 1) < ﬁrl

n Cnlfl/d

1/

1—
b((l o a)n + Cnlfl/d> < ﬁ< 1/3‘) o "}/(1 o Oé)lfl/dnlfl/d
r

SO
2c _ n B B -
b(n) < <c+ m) pl-1d 4 5@ —[a! Yd 4 (1 — )t l/d] pl-1/d 3.1)

The function f(x) = x'~Y4 4 (1 — )1~V is strictly concave for x € [0, 1], as can be seen
by taking its second derivative. For any « € [1 — o, 0], there exists a number 0 < p < 1
such that &« = (1—p)(1—0)+po. By concavity, therefore, f(a) = (1—p) f(1—0)+puf (o).
Since a weighted average is at least the minimum, (1 — p) f(1 — o) + pf(0) = min{f(1 —
o), f(o)}. Write f(1 — o) = f(o) =1+ 6. Since f is strictly concave, § > 0. We choose
v = (c + 2¢/r'/4) /s, for then the first term in Inequality 3.1 is bounded by yén'~/?, and
we obtain b(n) < S — yn' =4,
For the basis of the induction, suppose n > (1 — o)r. Then

1/d _ \1/d,.1/d

n 1-1/d n 1-1/d (1—0o)%r 1/d
YL /=<m—’y)n /2(57—7 :(5(1—0)/—7)
which is nonnegative for an appropriate choice of 3 depending on ¢ and . 0

3.1.3 Contraction of Voronoi cells and Properties of the r-Divisions

We present the properties of the r-divisions that we will be using for the analysis of the
solution output by the local search algorithm.

Lemma 3.8. Let G = (V, E) be a graph excluding a fixed minor H and let F < V. Let
H; be a region of the r-division of Gy, r). Suppose c and v are vertices of G such that
one of the vertices in {¢, 0} is a vertex of H; and the other is not an internal vertex of H,.
Then there exists a vertex x € F such that & is a boundary vertex of the region H; and
dist(c, ) < dist(c, v).
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Proof. Let p be a shortest c-to-v path in G. By the conditions on ¢ and v, there is some
vertex w of p such that w is a boundary vertex of H;. Let z be the center of the Voronoi
cell whose contraction yields w. By definition of Voronoi cell, dist(w,z) < dist(w,v).
Therefore replacing the w-to-v subpath of p with the shortest w-to-z path yields a path no
longer than p. 0

We obtain the analogous lemma for the Euclidean case, whose proof follows directly
from the definition of r-division (i.e.: the fact that Z is a Voronoi separator).

Lemma 3.9. Let C be a set of points in R and Z be an r-division of C. For any two
different regions Ry, Ro, for any points ¢ € Ri,v € Ry there exists a boundary vertex
x € Z n Ry such that dist(c, x) < dist(c, v).

3.1.4 Tightness of the Analysis

In this section, we show that our analysis of the performance of local search for the k-
clustering problem cannot be extended to other classes of graphs such as ¢-shallow-minor
free. Loosely speaking, there exist ¢-shallow-minor free graphs for which local search
might return a solution of cost at least 3 times the optimal.

A graph G has a graph H as a t-shallow minor if each subgraph of G that is contracted
to a single vertex of H has small diameter.

This shows that having small separators is not the only ingredient needed for local
search to work and the fact that the class of planar graphs is closed under edge contraction
is crucial.

Proposition 3.10. For any w, t, there exists an infinite family of graphs excluding K., as a
t-shallow minor such that for any constant ¢, there exists a 1/c-locally optimal solution of
cost at least 30PT.

See Figure 3.1 and [16] for a complete proof that local search performs badly on the
instance depicted in the figure.

We additionally remark that Awasthi et al. [19] show that the £-means problem is APX-
Hard for inputs in d-dimensional Euclidean space and d = 2(logn). Moreover, Kanungo
et al. [112] give an example where local search returns a solution of cost at least 9OPT.

3.2 Isolation

In order to obtain our approximation schemes for k-means and k-median clustering, we
need another technique. As mentioned earlier, a bicriteria approximation scheme for k-
means was already known; the solution it returns has more than k centers. It seems hard
to avoid an increase in the number of centers in comparing a locally optimal solution to a
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Figure 3.1: This instance contains the complete bipartite graph K3 3 as a 1-shallow minor
(and so is not planar) but no non-trivial O-shallow minor. Clients are denoted by circle and
candidate centers by squares. There exists a local (for neighborhoods of size 3) optimum
whose cost is at least 30PT. This example can be generalized to handle locality for neigh-
borhoods of size 1/¢ for any constant ¢ > 0. This is based on an example of [16] and can
be extended to form a i-shallow minor graph for any i = o(n).

globally optimal solution. It would help if we could show that the globally optimal solu-
tion could be modified so as to reduce the number of centers below k& while only slightly
increasing the cost; we could then compare the local solution to this modified global so-
Iution, and the increase in the number of centers would leave the number no more than
k.

Unfortunately, we cannot unconditionally reduce the number of centers. However, con-
sider a globally optimal solution C and a locally optimal solution £. A center f in C might
correspond to a center ¢ in L in the sense that they serve almost exactly the same set of
clients. In this case, we say the pair (f, ) is I-1 isolated (the formal definition is below).
Such centers do not contribute much to the increase in cost in going from global solution
to local solution, so let’s ignore them. Among the remaining centers of C, there are a sub-
stantial number that can be removed without the cost increasing much. The analysis of the
local solution then proceeds as discussed above.

We now give the formal definition of 1-1 isolated.

Definition 3.11. Let ¢ < 1/2 be a positive number and let L and C be two solutions for the
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k-clustering problem with parameter p. Given a facility f, € C and a facility { € L, we say
that the pair ( fo, () is 1-1 e-isolated if most of the clients served by ( in L are served by fy
in C, and most of the clients served by fy in C are served by { in L; formally, if

i - (1 —2¢)|V(0)],
Ve (6) 0 Ve(fo)l = { (1 —¢)|Ve(fo)l }

We will sometimes simply say the pair is 1-1 isolated if the value of ¢ is clear.
We define the more general concept of isolated regions; 1-1-isolated regions correspond
to the special case of isolated regions when L, consists of a single center.

Definition 3.12 (Isolated Region). Given a facility f, € C and a set of facilities Lo < L,
we say that the pair ( fy, Lo) is an e-isolated region if the following hold:

e For each facility f € Ly, most of the clients served by f in L are served by fy in C:
Jormally, |Vc(f) 0 Ve(fo)l = (L —¢)[Ve(f), and

e most of the clients served by fy in C are served by facilities of Ly in L: formally,
Ve(Lo) 0 Ve(fo)l = (1 =) [Ve(fo)l-

If (fo, Lo) is e-isolated, we say that f; and the the elements of L, are e-isolated. If ¢ is
clear, we might simply say isolated.

Finally, if (fo, £o) is an isolated region, we say that f; and the elements of L, are
isolated.

We can now state the structural theorem arising from the notion of isolation. In simple
words, it claims that it is possible to delete a small fraction of the non-isolated optimal
centers (i.e., the centers that are not part of any isolated region) while preserving roughly
the same cost (i.e., increasing it by an ¢ fraction of the cost of £ and the cost of C).

Theorem 3.13. Let ¢ < 1/2 be a positive number and let L and C be two solutions for the
k-clustering problem with exponent p. Let k denote the number of facilities f of C that are
not in a 1-1 e-isolated region. There exists a set Sy of facilities of C of size at least 3k /6
that can be removed from C at low cost: cost(C\Sp) < (1423 1e)cost(C)+2%7 e cost(L).

Note that the preceding theorem does not assume that £ is a local optimum and C is an
optimal solution. Thus we believe that this theorem can be of broader interest.

3.3 A Structure Theorem

This section is dedicated to the proof of a theorem that provides a useful handle to compare
two solutions of the k-clustering problem. It is the second ingredient of our analysis of
local search on well-separated instances. We recall the theorem for completeness.
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Theorem 3.13. Let ¢ < 1/2 be a positive number and let L and C be two solutions for the
k-clustering problem with exponent p. Let k denote the number of facilities f of C that are
not in a 1-1 e-isolated region. There exists a set Sy of facilities of C of size at least £k /6
that can be removed from C at low cost: cost(C\Sp) < (1+2%1e)cost(C)+2% e cost(L).

Observe that this theorem has a broader scope than well-separated instance since £ and
C can be solutions to a general instance.
Theorem 3.13 relies on the following lemma, whose proof we momentarily defer.

Lemma 3.14. There exists a function ¢ : C — C such that reassigning all the clients of
Ve(f) to ¢(f) for every center f € C increases the cost of C by at most 23°*1e=2(cost(L) +
cost(C)).

Proof of Theorem 3.13. Consider the abstract graph /1 where the nodes are the elements of
C and there is a directed arc from f to ¢(f). More formally, H = (C,{(f, ¢(f)) | f € C}).
Notice that every node of H has outdegree at most 1. Thus, there exists a coloring of the
nodes of H with three colors, such that all arcs are bichromatic. Let S denote the color set
with the largest number of nodes of C. We have that S contains at least |é |/3 nodes of C.

Arbitrarily partition S into 1/& parts, each of cardinality at least £3|C|/3. By Lemma
3.14 and an averaging argument, there exists a part Sy such that reassigning each center
f € So to ¢(f) increases the cost by at most

23p+1€—2 ap+1
7(00&(/3) + cost(C)) = 2P e(cost(L) + cost(C)).

Since the arcs of H are bichromatic, if f € Sy then ¢(f) ¢ Sy. Consider the solution
C\Sp. Client that belong to V¢( f) for some f € Sy can be assigned in C\\S to a center that
is no farther than ¢( f). Therefore, the cost of the solution C\ Sy is at most cost(C) + 237" ¢ -
(cost(L) + cost(C)).

We now relate |C| to k. Let k(L) be the number of centers of £ that belong to an
isolated region that is not 1-1 isolated. Let k£(C); be the number of centers of C that belong
to an isolated region that is not 1-1 isolated. Finally, let k(C)y = |C| By definition, we
have k’(C)1 + k’(c>2 = ]{? k’(ﬁ)l

Now, observe that there are at least two centers of L per isolated region that is not 1-1
isolated. Thus, 2k(C); < k(L£);. Hence, k = k(C)1+k(C)y < k(L)1/2+k(C)s. But for any
k(C)a < k(C)1, k(L)1/2 + k(C)y < k(L)1 < k. Therefore, we must have k(C)a = k(C)1,
and so k(C)y = k/2. Thence £|C|/3 = £k/6 and the theorem follows. O

We now define g. to be the cost of client ¢ in solution C* and /.. to be the cost of client
¢ in solution L.

Proof of Lemma 3.14. For each center f € C, we define ¢(f) = argmin{dist(f, f') | f’ €
C\{f}}. Instead of analyzing the cost increase when reassigning clients of Vz(f) to ¢(f)
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we will analyze the cost increase of the following fractional assignment. First for a center
f € C, we denote by L(f) the set

L) ={te LI1<Ve(f) nVe(O] < (1= e)Ve(O)]}- (3:2)
By definition of isolated regions (Definition 3.12), for any f € C we have

Z Ve() o Ve(f)l > elVe(f)l (3.3)
EGL

Thus, we partition the clients in V;(f) into parts indexed by £ € £(f), in a such a way that
the part associated to ¢ has size at most e~ [V¢(f) n V. (¢)|. For any ¢ € L£(f), the clients
in the associated part are reassigned to the center ¢)(¢, f) € C\{f} that is the closest to /.

We now bound the cost increase A induced by the reassignment. For each client
¢ € Ve(f) assigned to a part associated to a center ¢, the new cost for ¢ is cost, =
dist(c, (¢, f))?. By the triangular inequality and Lemma 2.9, cost, < 2P(dist(c, f)? +
dist(f, (¢, f))P) = 2P(g. + dist(f, (¢, f))P). Summing over all clients, we have that the
new cost is at most

22pgc+2 2 & Ve(f) nVe(o)2ndist(f (¢, ).

feC eel(f)

Let A =3 e Deppe Ve(f) nVe(O)[2rdist(f, ¥ (¢, f))P. By Lemma 2.9, we have

<D e Velf) n Ve(0)|4n(dist(f, )7 + dist(C, (L, f))P).

feC tel(f)

Inverting summations, we have that A is at most

e | D0 D0 IVelh) n Ve(Odist(f, 0 + >0 > [Ve(f) n Ve(O)dist(£, (¢, £))

teL feC. el geC:
teL(f) eL(f)
Define
=3 > Velf) n Ve(o)|dist(f, 0)F
CeL feCutel(f)
and

Dp=3 > IVelf) n Ve(O)dist(6, (e, f))P.

CeL feCutel(f)
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We first bound A;. By Lemma 2.9, for any client ¢ € V.(f) n Vz(¢), we have
dist(f, )P < 2P(dist(f, c)? + dist(¢, ¢)?) = 2P(g. + {..). Therefore,

1 2P
<o) MWD Vel L (el

el € : vel(f) Ve (F)nVz(0)

< 2Pt Z Z Z (g + L) < 2Pe™*(cost(C) + cost(L)).
el geC : tel(f) ceVe(f)nVe(f)

We now turn to bound the cost of A,. Let f£. be the center of C that is the closest to /. Let

min

— Y S %) A V(s (. )

Cel ffl . tel(f)

min

Ay =" Y Vel fhm) 0 Ve(O)|dist(4, (L, fi) )P

lel

For any client ¢ € V¢(f) n V.(¢), by Lemma 2.9, dlst( (L, f))P, for f # fE. yields
dist(¢, (¢, )P < 2°(dist(¢, ¢)P+dist(c, ¥ (¢, ))P) < 2P(dist(¢, c)P+dist(c, f)P) = 2P(L.+
ge). Thus, A3 is at most

871 2 2 2P|Vc(f) N VL(£)| Z (éc + gc) < 2p€71<COSt(C) n COSt(ﬁ)).

teL popt. |VC(f OVl ey Frve

min’

We conclude by analyzing A,. Observe that if £ ¢ £(f’. ) then we are done: the
clients in Vp(f%..) are not reassigned through ¢. Thus we assume ¢ € L(f%. ). We
now apply Lemma 2.9 to dist(¢, (¢, f£,,))P, for any client ¢ € V(£)\Vo(f%,,) we have

dlSt<£ w(f fﬁun)) 2p(dISt(€ C)p +dlSt(C ?/1(5 frl;nn)) ) < 2p<66 +gc) SIHCC ¢(£ fmln)
the center of C that is the second closest to /. Replacing we have,

22| Ve ( f, N V(¢
gen BTEER TR S (v
e £(O\Ve(fmin eV (O\Ve (fhin)

Now, since ¢ € L(f%..), we have that [V (f£.)  Ve(O)|/[Ve(O\Ve(fL,)| < (1 —¢)/e.
Therefore,
Ay < 2°(1 —g)e? Z b+ gc).
eV (O\Ve (fhin)

Putting Ay, Ay, Az, A4 together we obtain that the total cost increase induced by the reas-
signment is at most 2°7*!(cost(C) + cost(L))/e%. O
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3.4 Clustering in Graphs with Small Separators

Before proving Theorem 1.3, we give a much simpler proof that Local Search is a PTAS
for the uniform facility location problem (Definition A.2). The goal is to provide the reader
with more intuition on our analysis using r-division. In Section 3.4.2, we add second
ingredient, isolation, in order to prove Theorem 1.2. In this section we will use the terms
facility and centers interchangeably to denotes the elements of a solution set for both the
facility location and k-clustering problems.

3.4.1 Local Search for Facility Location

We consider the following adaption of Algorithm 2 to the facility location problem.

Algorithm 3 Local Search for Uniform Facility Location

1: Input: A metric space and associated cost function cost(-), an n-element set A of
points, error parameter € > 0, facility opening cost f > 0, positive integer parameter s

2: S < Arbitrary subset of F.

3: while 3 5’ s.t. |[S\S'| + |S"\S| < s and cost(S") < (1 — £/n) cost(S)
4: do

5: S5

6: Output: S

We show that Algorithm 3 is a PTAS for uniform facility location in well-separated
instances.

Theorem 3.15. Fix a nontrivial minor-closed family IC of graphs. There is a constant c such
that, when Algorithm 3 is applied to the metric completion of any graph G = (A v F| F)
in IC with
cost(S) = |S|f + Z(mindist(a,u))p
uesS
acA
and s = 1/<°, the output has cost at most 1 + ¢ times the minimum.

Throughout this section on facility location, define £ to be a solution output by Al-
gorithm 3 (the “local” solution) and a globally optimal solution C of value OPT. Let
F =L UC. Letr = 1/% Consider the graph Gy (r) defined in Definition 3.4, and
recall that each vertex of G’ maps to a vertex © in the contracted graph Gor(r).

Since G belongs to K and G'y(r) is obtained from G by contraction, it belongs to
too and hence it has an r-division. Let Hy,... H,, be the regions of this r-division. For
1=1,...,k,define V; and B; as follows:

Vi = {veF : visavertex of H;}
B; = {veF : visaboundary vertex of H;}
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Figure 3.2: The diagram shows a region of the weak r-division. The blobs represent ver-
tices of the region. Each blob is obtained by coalescing a set of vertices of the input graph.
These vertices are indicated by circles. The unfilled circles represent the centers of the
Voronoi cells.

That is, V; is the set of vertices in the union of the local solution and the global solution that
map via contraction to vertices of the region ;, and B; is the set of vertices in the union
that map to boundary vertices of H,.

Let C' = C u |J;_, B; and fix a region H; of the r-division of Gyo(r). We define
L; =L nV;and C! = C' n V;. We consider the mixed solution M? defined as follows:

M= (L\L) U C..

Lemma 3.16. We have, |M\L| + |[L\M'] < 1/£%

Proof. To obtain M? from L, one can remove the vertices in £ n V; that are not in G’, and
add the vertices in G’ N V; that are not in £. Thus the size of the symmetric difference is at
most | (L uC’) n'V;|. Since the vertices of £ U C’ are centers of Voronoi cells, these vertices
all map to different vertices in the contracted graph Gvo.(r). Therefore | (£ U C') N V;| is at
most the number of vertices in region H;, which is at most r = 1/ g2 O

Denote by m/, the cost induced by client a in solution M°

Lemma 3.17. Let a be a vertex of G and H; a region. Then:

i go — by if a is an internal vertex of H;
myg, — Ly < ,
0 otherwise.

Proof. First suppose a is an internal vertex of H;, and let v be the facility in M® closest to
a. If v is in V; then it is in C;, so m’, = ¢/,. Suppose v is not in V;. Then by Lemma 3.8
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there is a vertex x € F such that & is a boundary vertex of H; and dist(a, z) < dist(a,v).
As before, x is in C} so m’ < g.. Since g/, < g,, this proves the claimed upper bound.
Now, suppose a is not an internal vertex of H; and let v be the facility in £ closest to
a. If v is not in V; then it is in the mixed solution M?, so m’ = {,. Suppose v is in V;.
Then by Lemma 3.8 there is a vertex x € JF such that Z is a boundary vertex of ; and
dist(a, z) < dist(a,v). Since x is in F and Z is a boundary vertex of H;, we know x is in
C' nV;, which is C.. Therefore z is in M®. Since dist(a, z) < dist(a, v), we obtain m?’, < £,,
which proves the claimed upper bound. [

Lemma 3.18. We have,
Meil < [ef + ess(lC] + |£]).
i=1

Proof. Let v be a vertex of C’. Fori = 1,...,k, if v is an internal vertex of the region H;
then v contributes only one towards the left-hand side. If ¢ is a boundary vertex of H; then
v € B;. Therefore

iyc/mw <|c| +i\Bi|.
i=1 =1

To finish the proof, we bound the sum in the right-hand side. Each vertex in F is the center
of one Voronoi cell, so Gyor(r) has | F| vertices. For each region H;, there is one vertex in
B; that corresponds to each boundary vertex of H;, so Y., |B;| is the sum over all regions
of the number of boundary vertices of that region, which, by Property 4 of r-divisions,
is at most cy|F|/r'/2, which, by choice of , is at most cy¢|F|, which in turn is at most
ce(IC] + |L]). O

Proof. (Proof of Theorem 3.15) Lemma 3.16 and the stopping condition of Algorithm 3

imply the following:
1 ‘
— —cost(L) < cost(M") — cost(L). (3.4

n
We now decompose the right-hand side. For a client a, we denote by /,, g, and m, the
distance from the client a to the closest facilities in £, C’ and M respectively. This gives

cost(M') = cost(L) = (IC]| = |Li]) - f + D (mi, — La). (3.5)

Using Lemma 3.17 and summing over a shows that

Dmi =)< Y (90— La)- (3.6)
a a:aeZ(H;)
Combining Inequalities (3.4), (3.5) and (3.6), we obtain
1
- < | — i) — a .
—cost(L) < (IC]| — L) f+ >, (92— ta) (3.7)

a:aeZ(H;)
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We next sum this inequality over all « regions of the weak r-division and use Lemma 3.18.

_gcost(g) < <Z|C;—Z£i).f+2 D (9a— o)

i=1 i=1 i=1 a:aeT(H;)

< (IC]+ (eaz(C] + L) = L) - f + D (g0 — La)

= (1 +e0)lCl — (1— )] f+ g — )
< (1 + coe)cost(C) — (1 — 025)cost(£)a
Since r < ¢1| F|/r < ¢1e?n, we obtain
—c1e2cost(L) < (1 + cae)cost(C) — (1 — cze)cost(L)

SO
cost(L) < (1 — cee — c162) (1 + cpe)cost(C)

This completes the proof of Theorem 3.15. [

3.4.2 Local Search for the k-Clustering Problem

We now prove Theorem 1.2. The proof is similar for graphs and for points lying in R<.
It builds on the notions of isolation and 1-1 isolation introduced in Section 3.2. As in the
previous section, £ denotes the output of Algorithm 2 and C denotes an optimal solution.
We use a parameter 0 < ¢ < 1/2 whose value depends on & and is chosen later. Let F be
the set of facilities of £ and C that are not in 1-1 e-isolated regions and let k = |F|.

Theorem 1.2. Let K be a nontrivial minor-closed family of edge-weighted graphs. For any
integer p > 0, there is a constant c with the following property. For any 0 < ¢ < 1/2, for
any graph G = (A v F, E) in K, Algorithm 2 applied to the metric completion of G with
cost function

cost(S) = Z(min dist(a,u))?

uesS
acA

and with s = 1/<° yields a solution S whose cost is at most 1 + ¢ times the minimum.

Recall Algorithm 2.

Applying Theorem 3.13 to C and L yields a set Sy < C such that cost(C — Sp) <
(1 + 2%+ 1e)cost(C) + 2%+ e cost(L) and | Sp| = £%k/6. Let C; = C\Sp.

For a client ¢, £(c¢) and C(c) denote, respectively, the facility of £ serving ¢ and the
facility of C serving c. We say c is bad if L(c) and C(c) do not belong to the same -
isolated region but at least one is isolated; otherwise c is good. We define a subset E’ of
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Algorithm 2 Local search for finding £ clusters.

1: Input: A metric space and associated cost function cost(-), an n-element set C' of
points, error parameter € > (), number of clusters &
Parameter: A positive integer parameter s for the neighborhood size
S « Arbitrary size-k set of points
while 3 5" s.t. |['| < kand |S\S'| + [S\S| < s and cost(S") < (1 — ¢/n)cost(S)
do
S5
Output: S

A A

edges of G as follows: for each good client ¢, include in E’ the shortest c-to-£(c) and
c-to-C(c) paths. Let G’ = (V, E’) be the corresponding subgraph of G.

Let F = C; u L. Let Ry, Ry, ... be an r-division of G’Vor(F) where 7 = 1/¢”. Define
C* = C; u {boundary vertices of the r-division}.

The vertex sets of regions are of course not disjoint—a boundary vertex is in multiple
regions—but it is convenient to represent them by disjoint sets. We therefore define a

ground set 2 = {(v, R) : vavertex of Gy, x, R aregion containing v}, and, for each

region R, we define I = {(v,R) : wvavertex of R}. Now Ry, R,, ... forma partition of
(). To allow us to go from an element of 2 back to a vertex, if = (v, R) we define ¥ = v.
Finally, define G = {(v,R) € Q: v e C*}.

Let F be the set of facilities of local and C that are not in 1-1 isolated regions.

Lemma 3.19. We have, Q\\ < |G| + 0253~5|]?"

r-division.

, where cy is the constant in the definition of

Proof. Consider the r-division. Each 1-1 isolated region results in a connected component

of size 2 in G/Vor( ) and so no boundary vertices arise from such connected components.

By the definition of r-division, the sum over regions of boundary vertices is at most ¢, -

20| /r'/?, where 7 is the total number of elements of C; and £ that are not in 1-1 isolated
regions. Since 7 = 1/7, we have that |G| < |Cy| + ¢, - €| F]. O
Lemma 3.20. We have, QA | < k.

Proof. By Theorem 3.13, we have that |C;| < k — £3k/12. By Lemma 3.19 we thus have
G| < |C| + c26®k < k — %K /12 + c2e*k < K,
for € small enough. 0

Throughout the rest of the proof, we will bound the cost of £ by the cost of C*. We now
slightly abuse notations in the following way: each facility ¢ of £ that belongs to an isolated
region and that is a boundary vertex is now in C*. We say that this facility is isolated.
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Lemma 3.21 (Balanced Partitioning). Let S = {51, ..., S,} and {A, B} be partitions of
some ground set. Suppose |A| > |B| and, for = 1,...,p, 1/(2¢%) < |S;| < 1/ There
exists a partition that is a coarsening of S such that every part C of the coarser partition
satisfies the following:

e Small Cardinality: C' is the union of O(1/°) parts of S.

e Balanced: |C n A| > |C n B].

Proof. We first define for each set S;, v(S;) := [An S;| — |B n Sy.

The sizes of the S; imply that v(S;) is an integer in the range [—1/e2, 1/¢%]. We itera-
tively construct a coarsening of S such that for each part P of the coarsening, P contains
O(1/¢) sets of S and } ¢ ., v(S;) = 0. It is easy to see that this coarsening satisfies the
condition of the lemma.

For any set S; such that v(.S;) = 0, we create a new part that contains only this set. This
part trivially satisfies the above property.

We now consider the remaining sets. For i in [—1/¢2, 1/£%], define V; to be the collec-
tion of sets Sy € S such that v(.Sy) = i.

While there exists 1 < i, j, such that 1/ < V|, [V_;|, We take i sets from VV_; and j
sets from V); and create a new part containing all of them. This part satisfies the property of
the Lemma and contains at most 2/ sets of S.

Let A = |A| — |B|. By a direct induction, at each step before the final step we have that
the sum of V(.S;) for the remaining set .S; is equal to A. We now consider the final step.
We have Vj > 0, |V;| < 1/e% orVj < 0 |V;] < 1/¢2. Since A > 0, it must be the case that
Vj < 0|V < 1/e%. We now construct a part containing all the sets in the V;, for j < 0.
Additionally, we add the smallest number of sets of V;, for j > 0, such that the balanced
property is satisfied. Not that since A > 0, this is possible. Furthermore, this part has size
at most O(1/e*). Finally, we create a new part for each remaining set of the V;, for j > 0.
Each such part satisfies the conditions of the lemma. O

We now apply Lemma 3.21 to the partition Ri, Ry, ... with A = {(v,R)eQ : ve L}
and B = G. We refer to the parts of the resulting coarse partition as super-regions. Each
super-region R naturally corresponds to a subgraph of G{,Or( 7y the subgraph induced by
{v : (v, R) € R}, and we sometimes use R to refer to this subgraph.

For a super-region R, let L(R) (resp. C*(R)) be the set of facilities of L (resp. C*) in
the super-region R, i.e.: theset {¢ | (€ L and (¢, R) € Q} (resp. {f | f € C* and (f,R) €
2}). We consider the mixed solution

Mg = (L\L(R)) U C*(R).
Lemma 3.22. |Mz\L| + |C\Mz| = O(1/e'?) and | Mz | < k.

Proof. Each region of the r-division contains at most 1/&” facilities. By Lemma 3.21, each
super-region is the union of O(1/£°) regions O
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For each client ¢, we define g. = dist(c, C(f))? and ¢, = dist(c, L£(c))?. For any client
c € Ve(fo)\Vz(Loy) for some isolated region (fo, Ly), define Reassign,«,, .(c) to be the
cost of assigning c to the facility of Ly that is the closest to fy. We let £; denote a positive
constant to be chosen later.

Lemma 3.23. Consider an isolated region ( fo, Lo).

2P(1 + g, )Pe; Pe
Z Reassignes, ,.(c) < (1+¢e1)? Z Jet+ ( 1 _1) L Z (getLe),
v ce cE < ceVe (fo)
e (fo)\Vz(£Lo) Ve (fo)\Ve(Lo)

Proof. Consider a client ¢ € Ve(fo)\Vz(Ly), and let ¢ denote the facility of £ that is the
closest to fo. By Lemma 2.9, dist(c, )P < (1 + e1)P(dist(c, fo)? + e, "dist(¢, fo)?) =
(1 +&1)?(ge + e, "dist(¢, fo)?). Summing over c € Ve (fo)\Vz(Lo),

Vel V(o)

5

Z Reassignes, , .(c) < (14¢e1)P( Z Je dist(, fo)?).

ceVe (fo)\Ve(Lo) ceVe (fo)\Ve(Lo)

To upper bound dist(¢, fy)?, we use an averaging argument. Since ¢ is the facility in £
that is closest to fo, dist(¢, fo)? < dist(L(c), fo)’. By Lemma 2.9, dist(L(c), fy)? <
27(dist(L(c), )P + dist(c, fo)?) = 2P(Lc + gc), thus

P
dlst(éy f0>p < Z (EC + gC)
[Ve(6) n Vel fo)l eV (0)n Ve (fo)

Substituting, we infer that

Z Reassign,, .« (c)
ceVe (fo)\Ve(£Lo)

is at most the sum of

(1 +€1)p Z Je

ceVe (fo)\V(Lo)

and

VeVl 5o
! [Ve(6) n Vel fo)l eV () Ve(fo)

By definition of isolated regions, V¢ (fo)\Vz(Lo) < €|Ve(fo)| and [Ve(fo)\Ve(Lo)| = (1 —
)| Ve(fo)], so the ratio is at most €/(1 — £). Summing over ¢ € Ly proves the lemma. [

Similarly, for any client ¢ € V(Ly)\Ve(fo) for some isolated region ( fo, L£y), define
Reassign,, -« as the cost of assigning c to fo.

2p(1—|—81)p8 (gc"i'gc)-
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Lemma 3.24. For an isolated region ( fo, L), the sum

Z Reassign,, o« (c)
ceVe(Lo)\Ve(fo)

s at most
(1 + 81)p EC
ceVe (Lo)\Ve(fo)
plus
20(1 4 1)Pe; Ve
ceVe(fo)

Proof. Let ¢ be a facility in £y. For each client ¢ € V.(Ly)\Ve(fy), by Lemma 2.8,
dist(c, fo)? < (1 + e0)?(distle, () + &, Pdist(C, fo)?) = (1 + ex)P (L, + 2, "dist(£, fo)P).
Therefore

Z Reassign,, .« (c)
ceVe (O\Ve(fo)

is at most (1 + )P times

2 Lt e IVe(O\Ve(fo)l dist(, fo)"

ceVe (O\Ve (fo)

To upper-bound dist(, fy), we use an averaging argument. For each client ¢ € V. ({) n
Ve(fo), by Lemma 2.9 we have dist(¢, fo)? < 2P(dist(¢, ¢)? + dist(c, fo)?) = 2P(le + gc),
thus

227
diSt(g, f0>p < Z (6(: + gc)
|VL‘(€) A vC(fO)‘ eV (0) Ve (fo)

Substituting, we infer that

Z Reassign,, .« (c)
ceVe (O\Ve (fo)

is at most (1 + €1)P times

Zﬁc +

ceVe (O\Ve (fo)

ey Ve (0)\Ve(fo)]
Ve () n Vel fo)l Z

(fc + 90>-
CEVE (Z)GVC (f())

By definition of isolated regions, |V, ()\Ve(fo)| < e|Vz(€)] and [Vz(€) n Ve(fo)] = (1 —
)|V (€)], so the ratio is at most €/(1 — &). Summing over ¢ € L, proves the lemma.  [J
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Lemma 3.25. Consider an isolated region (f,Ly). Let { be a facility of Lo. For any
super-region R, Mg contains f or a facility that is at distance at most dist({, f) from f.

Proof. Since ¢ and [ belong to the same isolated region (f, L£o) and ¢ € L, they belong
to the same connected component of G{,,(F). Now consider a super-region R such that
Mz does not contain £. Then ¢ € L(R). Thus, either f € R or by Lemma 3.8, a boundary
element ¢/ € R of the r-division is on the path from ¢ to f and dist(¢, f) < dist(, f).
Thus, ¢/ € Mg, proving the lemma. O

For a client ¢ and a super-region R, we define mx(c) to be the cost of ¢ in the mixed
solution Mz. Moreover, for each client ¢, we consider the facilities £(c) and C*(c) that
serve this client in solution £ and C* respectively. We define ¢(c) to be an arbitrary pair
(L(c),R) € Q and g*(c) to be an arbitrary pair (C*(c), R) € 2. We say that (v, R) is
isolated if v belongs to one of the isolated regions.

Lemma 3.26. Let ¢ be a good client and R a super-region. The value of mg(c) — £, is less
than or equal to:

Ge — gc ifg*(c) €eR
0 otherwise
Proof. Observe that if g*(c) € R, then mg(c) < g. and the first case holds. Now, for any
super-region R 3 [(c), g*(c), Mg contains the facility serving client ¢ in local. Thus its
cost is at most /. and the second case holds. Finally, assume that R contains /(c) and does
not contain ¢g*(c). If ¢ belongs to R, then by the separation property of the r-division (see
Lemmas 3.8, 3.9), g*(¢) € R and my(c) < g.. Otherwise, ¢ ¢ R, and so, by the separation
property there must be a boundary vertex of 'R that is closer to c than the facility that serves
it in L. Therefore, we have my (c) < /. and the second case holds. O

We now turn to the bad clients.

Lemma 3.27. Let ¢ be a bad client and R a super-region. If {(c) € R then mg(c) — (. is
at most

gc_gc ifg*(C)ER
Reassigngs«, . (c) — l. if g*(c) ¢ R and g*(c) is isolated
Reassign,, .«(c) —l. if g*(c) ¢ R and g*(c) is not isolated

0 otherwise.

if ((c) ¢ R then mg(c) — L. is at most

0 otherwise.

{gc — L. ifg*(c) € R and g*(c) is not isolated
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Proof. Observe that the super-regions form a partition of the I(c) and g*(c). Let R(¢(c)) be
the region that contains ¢(c) and R(g*(c)) be the region that contains g*(c). If R(¢(c)) =
R(g*(c)) then, the facility serving cin C* is in Mg (), hence mg () (c) < g.. Moreover
for any other region R’ # R({(c)), we have {(c) ¢ R’ and so the facility serving c in L is
in Mg,. Therefore mg/(c) < ..

Thus, we consider ¢ such that R(¢(c)) # R(g*(c)). Since c is bad, we have that ¢(c)
or g*(c) is isolated. Consider the case where g*(c) is isolated. The cost of ¢ in solution
MR (e(e)) is, by Lemma 3.25, at most Reassignes, , -(c) satisfying the lemma. Now, for any
other region R’ # R(g*(c)), again we have £(c) ¢ R’ and so the facility serving c in L is
in Mg,. Therefore, mz:(c) < /..

Therefore, we consider the case where ¢ is such that R(¢(c)) # R(g*(c)) and such that
g*(c) is not isolated. Since c is bad, ¢(c) is isolated. Thence, by Lemma 3.25, the cost in
solution My () is at most Reassign, .« (c), satisfying the Lemma. Moreover, in solution
R(g*(c)), the cost is at most g.. Finally, for any other region R’ # R({(c)), R(g*(c)),
((c) ¢ R’ and so the facility serving ¢ in £ is in Mg,. Therefore, mg/(c) < /., concluding
the proof of the lemma. [

We now partition the clients into three sets, Aj, Ay, A3. Let A; be the set of bad clients
such that there exists a super-region R such that /(c) € R and g*(c) ¢ R and ¢g*(c) is not
isolated. Let A, be the set of bad clients such that there exists a super-region R such that
l(c) € R and g*(c) ¢ R and g*(c) is isolated. Finally let A3 be the remaining clients :
A3 = C\A1\A,. The next corollary follows from combining Lemmas 3.26 and 3.27 and by
observing that the super-regions form a partition of the ¢(c) and g*(c).

Corollary 3.28. For any client ¢, we have that

Reassign o« + g. — 20, ifce Ay

Z(mn(c) — {.) < < Reassignes,_,, — (. ifce Ay
R ge — gc l'fC € A3

We now turn to the proof of Theorem 1.2.

Let o > 1 be a constant to be chosen later. Now we choose ¢; and €. We maximize
g1 subject to (1 + £1)? < 1 + 0/a. Note that ey = O(d/p). We maximize ¢ subject
to (2(1 + e1)/e1)Pe/(1 —€) < §/a and 2°P*'e < §/a. Note that ¢ = O(6”!). By
Lemma 3.22, therefore, there is a constant ¢ such that using neighborhood parameter s =
1/6¢ in Algorithm 1 ensures that, for any super-region R the solution My, is in the local
neighborhood of £. By local optimality, we have

(1 5/20) Yt < Y male)

Hence,
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Observe that the number of regions is at most k£ < n. Thus, summing over all regions, we
have
—(6/2)cost(L) < > > (mr(c) — L).
R ¢
Inverting summations and applying Corollary 3.28 shows that —(d/2) cost(L£) is at most

Z (Reassign,,_,q«(c) + g. — 20.) + Z (Reassigngx,, -(c) — £.) + Z (ge —Lc). (3.8)

C€A1 CEAQ C€A3

Since each client in A; is bad, applying Lemma 3.24 shows Z (Reassign,, .« (c) +
CEAl

ge — 20..) is at most

Z (gc — (1 =6/a)l.) + (6/a) (cost(L) + cost(C*))

C€A1

Since each client in A; is bad, Lemma 3.23 shows >, _, (Reassigng.,,.(c) — £.) is at
most

D1+ 6/a)ge — Le) + (8/) (cost(L) + cost(C*))

CGAQ
Since Aj, A5, As is a partition of the clients, therefore, the sum (3.8) is bounded by
Z((l +0/a)g. — (1 —0/a)l.) + (20/a)(cost(L) + cost(C*))
which is (1 + 3d/a)cost(C*) — (1 — 3d/a)cost(L) Since —(6/2) cost(L) is at most the
sum (3.8),
2e 2e
- <
T, g)cost(L) < (1 + ¢ T

2 2
1 _86 —¢)cost(L) < (1 + €17 _68

(1—61

)cost(C*)

(1—¢ )(1 + €)cost(C) + crecost(L)

because C; < C* implies cost(C*) < cost(C;) and Theorem 3.13 implies cost(C;) < (1 +
d/a)cost(C) + (0/a))cost(L). Thus there is a choice of the constant « for which cost(L) <
(14 d)cost(C).

3.5 Clustering in the Euclidean Setting

The proof is similar for RY. We explain how to modify the beginning of the proof of the
graph case, the rest of the proof applies directly.

As before, we define a client ¢ as bad if L(c) and C(c) do not belong to the same
e-isolated region but at least one is isolated; otherwise c is good.
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Again we obtain a solution C; from C by applying Theorem 3.13 to find a set .Sy of
facilities to remove. Let 7 = £ u C;. We now consider each isolated region (Lo, f;), with
|Lo| > 1/e™ — 1, and proceed to an r-division of Ly U {f} with r = 1/e™. Moreover, for
the remaining facilities F of that are not in any isolated region, we proceed to an 7-division
of those points with r = 1/, We denote by R;, R, . . . the subset of all the regions defined
by the above r-divisions. Let Z denote the set of boundary elements of all the r-divisions.
Define C* =C, U Z.

The point sets of regions are not disjoint since points of Z appear in various regions.
Thus, we again define a ground set {2 = {(v, R) : v a point of 7, R a region containing v},
and, for each region R, we define R = {(v, R) : v a point of R}. Now R1, Ry, ... forma
partition of §2. To allow us to go from an element of 2 back to a point, if x = (v, R) we
define ¥ = v. Finally, define G = {(v,R) € Q: v e C*}.

We now follow the rest of the proof of Theorem 1.2, starting from Lemma 3.19.






CHAPTER 4

Beyond Separators: Local Search for Clustering
in Stable Instances

In this section we prove the following statements:

e If an instance is a-perturbation-resilient, for @ > 3, then Algorithm 2 computes the
optimal solution (Theorem 1.8, Section 4.1).

e If an instance is [S-distribution stable then Algorithm 2 is a PTAS (Theorem 1.5,
Section 4.2).

e If an instance is d-spectrally separated for § > 3+/k, then Algorithm 4 is a PTAS
(Theorem 1.10, Section 4.4).

Recall Algorithms 2 and 4.

Algorithm 2 Local search for finding % clusters.

1: Input: A metric space and associated cost function cost(-), an n-element set C' of
points, error parameter € > 0, number of clusters k
Parameter: A positive integer parameter s for the neighborhood size
S < Arbitrary size-k set of points
while 3 5" s.t. [’ < kand |[S\S'| + [S"\S| < s and cost(S") < (1 — ¢/n)cost(S)
do
S <5
Output: S

AN A o
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Algorithm 4 Project and local search

Project points A onto the best rank k/e subspace

Embed points into a random subspace of dimension O(e2 log n)
Compute candidate centers (Corollary 4.17)

local search(©(s7))

Output clustering

A

4.1 «o-Perturbation-Resilient Instances

We recall the definition of a-perturbation-resilient instances as it appears in the introduc-
tion.

Definition 1.6. Let [ = (A, F, cost, k) be an instance for the k-clustering problem. For
a = 1, I is a-perturbation-resilient if there exists a unique optimal clustering {C, ..., C}
and for any instance I' = (A, F, cost’, k), such that

Vp,qe AU F, cost(p,q) < cost'(p,q) < adist(p, q),
the unique optimal clustering is {C1, ..., Cy}.

Observe that (A U F, cost’) in Definition 1.6 needs not be a metric, even if (A U F, cost)
was originally one. In the following, we assume that cost(a,b) = dist(a,b)? for some
fixed p and some distance function dist defined over A U F'. Consider a solution S to the
k-clustering problem with parameter p.

For ease of exposition, we give the proof of Theorem 1.8 for the k-median problem,
when p = 1. Applying Lemmas 2.8 and 2.9 in the proof of Lemma 2.4 yields the result for
general p with o growing exponentially with p (Theorem 1.7). The proof of Theorem 1.8
relies on Theorem 2.3.

Theorem 1.8. Let o > 3. For any instance of the k-median problem that is a-perturbation-
resilient, any 2(«v — 3)~'-locally optimal solution is the optimal clustering {C5, ..., Cy}.

Proof. Given an instance (A, F’, cost, k), we define an instance I’ = (A, F,cost’, k) as
follows. For each client a € N¢(C) U N (L), let £; be the center of £ that serves it in £, for
any point p # {;, we define cost’(a, p) = acost(a, p) and cost'(a, ¢;) = cost(a, ¢;). For the
other clients we set cost’ = cost. Observe that by local optimality, the clustering induced

by Lis {C1,...,Cy} if and only if £ = C. Therefore, the cost of C in instance I’ is equal

to
« Z Ja + 2 Jq-

aeN¢(C)uN£(£) a¢Ne(C)uN. (L)
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On the other hand, the cost of £ in I’ is the same than in /, by Theorem 2.3
I R I Y
L . a X L ) a X 2 L ) a
aeNc(C)ung(ﬁ) aENc(C)UN[:(ﬁ) aENc(C)UNE(E)

and by definition

S

a¢Ne(C)UNL (L) a¢Ne(C)UNL (L)

N

]
N
IS}

Hence the cost of £ in I’ is at most

o Z Ja + 2 Jq-

aeNe(C)UN (L) a¢Ne(C)uN (L)
By definition of a-perturbation-resilience, we have that the clustering {C', ..., Cy} is
the unique optimal solution in I’. Therefore £ = C and the Theorem follows. [

We show that the analysis is tight:

Proposition 4.1. There exists an infinite family of 3-perturbation-resilient instances such
that for any constant ¢ > 0, there exists a € ~*-locally optimal solution that has cost at least
30PT.

This relies on the example from [16] (see also Figure 3.1). It is straightforward to see
that the instance they provide is 3-perturbation-resilient.

4.2 Distribution Stability

We work with the notion (/3, §)-distribution stability which generalizes S-distribution sta-
bility.

Definition 4.2 ((3, 0)-Distribution Stability). Let (A, F, cost, k) be an instance of the k-
-clustering problem where A U F are embedded into some metric space and let C' =
{Cy,...,Ck} denote a partition of A and C = {Cy,...,Cx} < F be a set of centers.
Further, let 5 > 0 and 1/2 > §. Then (C,C) is (3, )-stable if, for any i, there exists a set
A; € C; such that |A;| = (1 — 9)|C;| and for any a € A, for any j # i,

OPT
B,
(@]

cost(a,C;) =

where cost(a,C;) is the cost of assigning a to C,;.

We show the following theorem.
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Figure 4.1: Example of a cluster C ¢ Z*. An important fraction of the points in IR?2 are
served by £(i) and few points in | J;; A; are served by L(i).

Theorem 4.3. There exists a constant c such that the following holds. Let f > 0,6 < 1/2.
and £ < 1/2. For any (B, )-stable instance with respect to a clustering C and ¢ < 1/2,
the cost of the solution output by local search (Algorithm 2) with parameter s = 2¢ 3371
is at most (1 + ¢, (e + 0))cost(C).

Note that taking 0 = 0, Theorem 1.5 is an immediate corollary of Theorem 4.3.

For ease of exposition, we give the proof of Theorem 4.3 for the case of k-median,
namely when p = 1. Applying Lemmas 2.8 and 2.9 through the proof yields the result for
general values of p.

Throughout this section we consider a set of centers C = {Cy, . ..,Cx} whose induced
clustering is C' = {C}, ..., Cy} and such that the instance is (3, )-stable with respect to
this clustering. We denote by clusters the parts of a partition C' = {C},...,Cy}. Let
cost(C) = Zf;l 2 acc, cost(a, C;). Moreover, for any cluster C;, for any client a € Cj,
denote by g, the cost of client a in solution C: g, = cost(a,C;) = dist(a,C;) since p = 1.
Let £ denote the output of the LocalSearch(3~'c~3) and ¢, the cost induced by client a in
solution £, namely ¢, = min cost(a, ). The following definition is adapted from [17].

Definition 4.4. For any cy, we define the inner ring of cluster i, IR;°, as the set of clients a
such that cost(a,C;) < egBOPT/|C;.



4.2. Distribution Stability 67

We say that cluster ¢ is cheap if ZaeCi go < 3BOPT, and expensive otherwise. We aim
at proving the following structural lemma.

Lemma 4.5. There exists a set of clusters Z* < C of size at most (€73 + 160e™1) 57! such
that for any cluster C; € C\Z*, we have the following properties

1. C; is cheap.
2. Atleast a (1 — €) fraction of IRS" is served by a unique center L(i) in solution L.

3. The total number of clients p € | J
elIRE’.

i Aj, that are served by L(i) in L is at most

See Fig 4.1 for a typical cluster of C'\Z*. We start with the following lemma which
generalizes Fact 4.1 in [17].

Lemma 4.6. Let C; be a cheap cluster. For any £y, we have |IR;°| > (1 — €3 /&4)|Ci.

Proof. Observe that each client that is not in / R:" is at distance at least £ SOPT/|C}| from
C;. Since i is cheap, the total cost of the clients in C¥ is at most ¢ BOPT and in particular,
the total cost of the clients that are not in I R;° does not exceed £3SOPT. Therefore, the
total number of such clients is at most £3|C¥| /. O

We then prove that the inner rings of cheap clusters are disjoint.
Lemma 4.7. Let ey < 1/3. If C; # Cj are cheap clusters, then IR;" N IR}* = .

Proof. Assume towards contradiction that this is not true. Consider a client z € IR;* N
IR7’. Without loss of generality assume |C;| > |C}|. By the triangular inequality we have
cost(C;,C;) < cost(Cj, x) + cost(x,C;) < 2¢9SOPT/|C;|. Since § < 1/2, there exists a
client a € IR;* n A;. Thus, we have cost(a,C;) < 3¢oSOPT/|C}|. This is a contradiction
to the assumption that the instance is (3, 0)-distribution stable with respect to (C,C) and a
being in A; for any ¢, < 1/3. O

The following observation follows directly from the definition of cheap clusters.
Lemma 4.8. Let Z, < C be the set of clusters of C that are not cheap. Then |Z,| < e 357,

For each cheap cluster C;, let £(i) denote a center of L that belongs to IR if there is
one (and remain undefined otherwise). By Lemma 4.7 those centers are all different.

Lemma 4.9. Let C\ Z, denote the set of clusters C; that are cheap, such that L(i) is defined,
and such that at least (1 — €)|IRS’| clients of IRS are served in L by L(i). Then |Z,| <
(63 4+ 120e )81,
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Proof. We distinguish five types of clusters in C': expensive clusters (k;), cheap clusters
with £(7) undefined (k), cheap clusters with exactly one center of £ in IR‘;\IRgl_a)a (k3),
cheap clusters with exactly one center of £ in IRl(-l_a) (k4), and cheap clusters with at least
two centers of £ in IR; (k5). Since £ and C' both have k clusters and the inner rings of
cheap clusters are disjoint (Lemma 4.7), we have k5 < k; + k. By Lemma 4.8, we have
ky < 8_3ﬁ_1.
We now bound the number k5 of cheap clusters such that £(7) is undefined. Consider
a cheap cluster C; = C\Z; such that at least a (1 — ¢) fraction of the clients of IRS" are
served in £ by some centers that are either in IR\\IR\" " or not in IR¢. By the triangular
inequality, the cost for any client ¢ in IRS is at least ((1 — ¢)e — £2)3OPT/|Cy|. Since
e < 1/2, it is at least ¢3OPT/(4|Cy|). Since at least (1 — ¢)[IRS’| clients of IRS" are
served by centers that are not in IR:, the total cost in £ induced by those clients is at least
(1 — &)[IR’ | BOPT/(2|C;|). By Lemma 4.6, substituting [IRS"| yields,
OPT OPT

(1- 5)|IR§2|5ﬁm = (1-¢)(1- 5)|Cz'|552|0|

OPT
> ef g

since ¢ < 1/2. Now, observe that by Theorem 2.2, the cost of £ is at most a 5 approximation
to the cost of OPT in the worst case. Thus, ky < 40(s~1571).

By a similar argument, we can bound the number of clusters k4 such that a (1 — ¢)
fraction the clients in IRS” are served by a center not in IR\' . We have k, < 80(c~'3")
since ¢ < 1/2. For the remaining clusters, we have that there is a unique center located in
IR and that IRS\IR "~ does not contain any center. Additionally, at least (1—¢)|IRS|
clients in Isz are served by a center in IR; and so in IREI_E)E. Thus, by the triangular

inequality we have that at least (1 — ¢)|IR:"| clients in IR:" are served by the unique center
in IR, namely £(i). It follows that | Z,| < (e73 + 120e )57, O

We continue with the following lemma, whose proof relies on similar arguments.

Lemma 4.10. There exists a set Zs = C\Z, of size at most (€% + 40e~1) 3~ such that for
any cluster C; € C\Zs, the total number of clients a € U#j A, that are served by L(j) in

L is at most e|IRS"|.

Proof. Consider a cheap cluster C; € C'\Z5 such that the total number of clients a € A;,
for j # i, that are served by £(7) in L is greater than 5|IR§2 |. By the triangular inequality
and the definition of (3, §)-stability, the total cost for each a € A;, j # i served by L(j) is
at least (1 — ¢) BOPT/|C}|. Since there are at least 5|IR§2| such clients, their total cost is at

least 5\IR§2 |(1 — )BOPT/|C};|. By Lemma 4.6, this is at least

OPT OPT

e(1—¢e)*IC;|(1 —¢)p ) > S/BT’
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since ¢ < 1/2. Recall that by Theorem 2.2, L is a 5-approximation and so there exist at
most 40e !5~ such clusters. By Lemma 4.8, the total number of not cheap clusters is at
most e 237! and so, there exists a set Z3 of size at most (¢73 + 40e~!)3~! satisfying the
lemma. O

Therefore, the proof of Lemma 4.5 follows from combining Lemmas 4.8,4.9 and 4.10.
We now turn to the cost analysis of the £. Let C(Z*) = | J oz« Ci. For any cluster

C; € C\Z*, let L(7) be the unique center of £ that serves a set of clients 4; < IRf2 such
that | 4;| > (1 — &)|IRZ’|. Let £ = Ucieoz+ £(7) and L = L£\L. Define A and A to be the

set of clients that are served in solution £ by centers of £ and L respectively. Finally, let
A(L(4)) be the set of clients that are served by £(i) in solution £. Observe that the A(L(7))
partition A.

Lemma 4.11. We have
—ecost(L)/n + Z l, Z ga + €(cost(L) + cost(C)) /(1 — ).

acAuC(Z%*) acAuC(Z%*)

N

Proof. Consider the following mixed solution M = £ U {¢* € Z* | C¥ € Z*}. We start
by bounding the cost of M. For any client a ¢ A U C(Z*), the center that serves it in £
belongs to M. Thus its cost is at most ¢,. Now, for any client a € C (Z*), the center that
serves it in Z* is in M, so its cost is at most g,,.

Finally, we evaluate the cost of the clients in A\C'(Z*). Consider such a client @ and
let C; be the cluster it belongs to in solution C. By definition of A we have that C; ¢ Z*.
Therefore, £(i) is defined and so we have £(i) € £ = M. Hence, the cost of a in M is at
most cost(a, £(i)). Observe that by the triangular inequality dist(a, £(i)) < dist(a,C;) +
dist(C;, L(i)) = ga + dist(C;, L(7)).

Now consider a client @’ € C; n A;. By the triangular inequality, we have that
cost(C;, L(1)) < cost(C;, a’) + cost(a’, L(i)) = gar + Lar-

Hence, ]
cost(C;, L(1)) < m / Z (gar + Loy).
a’'eCi;nA;

It follows that assigning the clients of A n C; to £(i) induces a cost of at most
a T~ a4 a’ ga’ .
acAnC; a’eCinA;

By Lemma 4.9 and the definition of Z*, we have that |C; n A|/|C; n A;| < g/(1 —¢)*.
Summing over all clusters C; ¢ Z*, we obtain that the cost in M for the clients in A n C;
1s at most

Z Ja + i 68)2(cost(0) + cost(L)).

ceA\C(Z*)
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By Lemmas 4.9,4.10, we have that |[M\L|+ |L\M| < 3(e73+40e~1)3~1. Thus, by lo-
cal optimality (1 —¢&/n)cost(L) < cost(M). Therefore, combining the above observations,
we have

(1-— %)cost(ﬁ) < Z lo + Z 9a +

5 (cost(C) + cost(L))

i _ (1—¢)
ag AuC(Z*) ac AuC(Z*)
9
——cost(L < a
peostO)+ - 3 bt )l )l
a¢AVC(Z*) acAuC(Z*) a¢ AuC(Z*)
€
+ o+ t(C) + cost(L)).
B ot g leos(€) + cost()
acAuC(Z*)

—Ecost(£)+ Z l, < Z Ga +

acAuC(Z%) acAuC(Z%) (1-¢)

5 (cost(L) + cost(C)).

]

We now turn to evaluate the cost for the clients that are not in A U C(Z*), namely
the clients in A\C'(Z*). For any cluster C}, for any a € C;\A; define Reassign(a) to be
the distance from a to the center in £ that is the closest to C;. Before going deeper in the
analysis, we need the following lemma.

Lemma 4.12. For any § < 1/2, we have for any C;,

Z Reassign(a Z Yo+ 77— 2 (o + ga)-
aeC;

acCi\A; aeCZ\A

Proof. Consider a client a € C;\A;. Let ¢’ be the center that serves at least one client of
A; that is the closest to C;. Since § < 1, ¢’ is well defined. By the triangular inequality we
have that Reassign(a) < cost(a, Z’) cost(a C;) + cost(C;, U') = gq + cost(C;, £'). Then,
Z Reassign(a Z ga + |CA\A| - cost(C;, ).
aeCi\A; aECz\A

Now, since ¢ is the center that serves at least one client of A; that is the closest to
C; we have that for any a € A, by the triangular inequality cost(C;, ¢') < cost(C;,a) +
cost(a, ') < gq + {,. Therefore,

cost(C;, 0') <

Combining, we obtain

A
Z Reassign(a) < Z Ga + CAA (Ga + 4a)

acCi\A; acCi\A; ’ Al ‘ acl;
)
= Z Ga + (ga +/ )
aECi\Ai <1 o 5> aeA;
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by definition of (3, §)-stability. O

We now partition the clients of cluster C; € C\Z*. For any i, let A; be the set of
clients of C; that are served in solution £ by a center L(j) for some j # i and C; € C\Z*.

Moreover, let A; = (A(L(i))n (U;#ZA )\C(Z*). Finally, define C; = C\(AUUJ# ;)

Lemma 4.13. Let C; be a cluster in C\Z*. Define the solution M* = L\{L (i)} U {C;} and
denote by m’. the cost of client c in solution M. Then

Z m! < Z ly + Z Ga + 2 Reassign(a) + 2

acA a¢A(L(3))uC; aeC; ael; acA(L(i ))\
(Ci;UA)

2 Ga+La).

aeC;

Proof. For any client a ¢ A(L(i)) u C;, the center that serves it in £ belongs to M?. Thus
its cost is at most ¢,. Moreover, observe that any client a € C; can now be served by C;,
and so its cost is at most g,. For each client a € Ai, since all the centers of £ except for
L(1) are in M", we bound its cost by Reassign(a).

Now, we bound the cost of a client a € A(L(:))\(C; U A;). The closest center in M
for a client a € A(L(7))\(C; U A;) is not farther than C;. By the triangular inequality we
have that the cost of such a client a is at most cost(a, C;) < cost(a, L£(i)) +cost(L(i),C;) =
l, + cost(L(7),C;), and so

Doml <JAL@ONC v Ajleost(L(i),C) + > Lo (4.1)
ac A(L(i))\ acA(L(1))\
(CiUAZ) U )

Now, observe that, for any client a € |A(L(i)) n Cy|, by the triangular inequality we have
that cost(L (i), C;) < cost(a, L(7)) + cost(a,C;) = £, + g,. Therefore,

1
cost(L(i),C;) < - = Z (lo + Ga)- 4.2)
[A(L(1) N il acA(L(3))nC;

Combining Equations 4.1 and 4.2, we have that

Z mL< > la+ ALONC D (et 9a) (4.3)

acA(L(i))\ acA(L(1))\ [A(L()) n ¢ acA(L (i) C;

(CuA) (CivAi)

We now remark that since C; is not in Z*, we have by Lemmas 4.9 and 4.10, | A(£(i))\C;| <
|IR| and (1 —&)|IRS°| < |A(L(1)) N C |. Thus, combining with Equation 4.3 yields the
lemma. ]

We can thus prove the following lemma, which concludes the proof.
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Lemma 4.14. There exists a constant 1) such that
)
—e-cost(L)+ > la< Y, gat(nle+ 7)) (cost(L) + cost(C)).
acA\C(Z*) acA\C(Z*)

Proof. We consider a cluster C; in C'\\ Z*. and the solution M* = £\{L(i)}u{C;}. Observe
that M® and £ only differs by £(7) and C;. Therefore, by local optimality and Lemma 4.13,
we have that (1 — £)cost(£;) < cost(M?). Then,

(1-— %)cost([,i) < Z by + Z Ga + Z

a¢ A(L3))uC; aeC; acA(L(1))\
(CiUAy)
+ Reassi + R4
Z eassign(a) = Z (g )
aGAi aECZ‘

and so, simplifying

—cost Z by + Z l, Z Ja + Z Reassign(a (1 5

acC; acl\; aeC; ael;

We now apply this analysis to each cluster C; e C\Z*. Summing over all clusters C; e
C\Z*, we obtain,

|C\Z*|
_kicost(£)~|— Z Z 0, + Z i
n i=1 aeCy €A,
|c\Z*| ]
i; ZC 9a + ZA‘ Reassign(c) | + 1—2) (cost(L) + cost(C))

By Lemma 4.12 and the definition of (:’Z

c IC\Z*| IC\Z*| 5
—k;ﬁcost 2 2 ly 2 2 Gat+ 1 —5 + = 5))(cost(£)+cost(0)).
=1 geC;nA =1 geC;nA

)
Therefore, —ecost(L) + Z Uy < 2 Ga + (n(e + ﬁ))(cost(ﬁ) + cost(C)),
ce A\C(Z%) acA\C(Z*)
for some constant 77 and any § < 1/2. U

The proof of Theorem 4.3 follows from observing that A U A=AandAn A=
and summing the equations from Lemmas 4.11 and 4.14.
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4.3 Euclidean Distribution Stability

In this section we show how to reduce the Euclidean problem to the discrete metric one.
Our analysis is focused on the k-means problem, however we note that the discretization
works for all values of cost = dist”, where the dependency on p grows exponentially. For
constant p, we obtain polynomial sized candidate solution sets in polynomial time. For
k-means itself, we could alternatively combine Matousek’s approximate centroid set [138]
with the Johnson Lindenstrauss lemma and avoid the following construction; however this
would only work for optimal distribution stable clusterings and the proof Theorem 1.10
requires it to hold for non-optimal clusterings as well.

First, we describe a discretization procedure. It will be important to us that the candidate
solution preserves (1) the cost of any given set of centers and (2) distribution stability.

For a set of points P, a set of points N is an e-ner of P if for every point x € P there
exists some point y € N, with ||x — y|| < . It is well known that for unit Euclidean ball
of dimension d, there exists an e-net of cardinality (1 + 2/¢)?, see for instance Pisier [154].
We will use such e-nets in our discretization.

Lemma 4.15. Let A be a set of n points in d-dimensional Euclidean space and let 3,¢ > 0

with min(B,e,4/7 — 4v/2 — 1) > 25 > 0 be constants. Suppose there exists a clustering
C ={Cy,...,Cx} with centers S = {c1, .. .cy} such that

1. cost(C,S) = Zle D eeC;

clustering and

x — ¢||? is a constant approximation to the optimum

2. C'is B-distribution stable.

Then there exists a discretization D of the solution space such that there exists a subset
S"={d,...c¢.} < D of size k with

L3 Yhee, Iz = &I < (1+¢) - cost(C, S) and
2. C with centers S’ is 3 /2-distribution stable.
The discretization consists of O(n - logn - n%*2) many points.

Proof. Let OPT being the cost of an optimal k-means clustering. Define an exponential
sequence to the base of (1 + 1) starting at (- 21 ) and ending at (- OPT). It is easy to see
that the sequence contains ¢ = log,,,(n*/n) € O(n~"(logn + log(1/n)) many elements.
For each point p € A, define B(p, ¢;) as the d-dimensional ball centered at p with radius

\/(1 + 1)t L. We cover the ball B(p, (;) with an /8 - {; net N_5(p, {;). As the set
D|e O(n-logn-(1+

of candidate centers, we let D = Upea Ul_q Nyys(p, £;). Clearly,
16/7)%+2).
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Now for each ¢; € S, set ¢, = argnll)in ll¢ — ci||. We will show that S = {c¢},...c}}
q<
satisfies the two conditions of the lemma.

For (1), we first consider the points p with [[p — ¢;]] < 4/e - 2L, Then there exists a ¢
such that |[p — ¢}||> < 1?/64 - e and summlng up over all such points, we have a total

contribution to the objectlve value of at most n* - €/64 - OPT < /64 - OPT.
Now consider the remaining points. Since the cost(C,S) is a constant approximation,

the center ¢; of each point p satisfies \/(1 +n)tn - L le—p|| < \/(1 +p)itl .. O

n

for some ¢ € {0,...t}. Then there exists some point ¢ € N, 5(p, ;1) With ||g — ¢;|| <

n/ A (L4 O < s T llp—cil| < n/Allp— el We then have [|p— ][> <
(1 + n/4)?p — ZHQ Summlng up over both cases, we have a total cost of at most
n3/64 - OPT + (1 + n/4)? - cost(C, S") < (1 +n) - cost(C, ") < (1 +¢) - cost(C, ).

To show (2), let us consider some point p ¢ C; with |[[p — ¢;||* > 3 - %T' Since
: ?CPTl > 2n - 9L, there exists a point ¢ and an ¢ € {0,...¢} such that lfn OPT <

i —ql| < \/B- 1+7)-e- 2L Then ||, —¢j|| < 77-(1+77)\/ﬁ (1 +n) - =L, Similarly

to above, the point ¢} satisfies |[p — ¢j|[* = (|lp — ¢l = |le; = &l)* = (y/ -% -

\/B n(1+n) -2 = 1-n1+n)s- % > - %’T| where the last inequality holds
J

foranyn < 1. (1/7—4v2-1). O

To reduce the dependency on the dimension, we combine this statement with the semi-
nal theorem originally due to Johnson and Lindenstrauss [110].

Lemma 4.16 (Johnson-Lindenstrauss lemma). For any set of n points N in d-dimensional
Euclidean space and any 0 < & < 1/2, there exists a distribution F over linear maps
f 03 — 05 withm € O(e~2logn) such that

ProrlVe,y e N, (1 —e)lle —yll < [[f(2) = f(W)ll < (1 + o)z —yll] = %
It is easy to see that Johnson-Lindenstrauss type embeddings preserve the Euclidean
k-means cost of any clustering, as the cost of any clustering can be written in terms of
pairwise distances (see also Fact 4.18 in Section 4.4). Since the distribution over linear
maps F can be chosen obliviously with respect to the points, this extends to distribution
stability of a set of k£ candidate centers as well.
Combining Lemmas 4.16 and 4.15 gives us the following corollary.

Corollary 4.17. Let A be a set of points in d-dimensional Euclidean space with a clustering
C ={Cy,...Cy} and centers S = {c1,...cy} such that C is (-perturbation stable. Then
there exists a (A, F, || - ||, k)-clustering instance with clients A, n"**™") centers F and a
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subset ' = F U A of k centers such that C and S’ is O(3) stable and the cost of clustering
A with S" is at most (1 + €) times the cost of clustering A with S.

Remark. This procedure can be adapted to work for general powers of cost functions. For
Lemma 4.15, we simply rescale 7. The Johnson-Lindenstrauss lemma can also be applied
in these settings, at a slightly worse target dimension of O((p+1)%log((p+1)/e)e~3logn),
see Kerber and Raghvendra [115].

4.4 Spectral Separability

In this Section we will study the spectral separability condition for the Euclidean k-means
problem. Our main result will be a proof of Theorem 1.10. The algorithm we consider is
as follows (Algorithm 4).

Algorithm 4 Project and local search

Project points A onto the best rank k/e subspace

Embed points into a random subspace of dimension O(e2 log n)
Compute candidate centers (Corollary 4.17)

local search(©(s7))

Output clustering

AR e

We first recall the basic notions and definitions for Euclidean k£-means. In this section,
let A € R™? be a matrix representing set of points in d-dimensional Euclidean space,
where the row A; contains the coordinates of the ith point. The singular value decom-
position is defined as A = UXV7T, where U € R"™ and V € R%*? are orthogonal and
¥ € R4 is a diagonal matrix containing the singular values where per convention the
singular values are given in descending order, i.e. 211 = 01 = Yg9 = 03 = ... X4 = Og.

Denote the Euclidean norm of a d-dimensional vector z by ||z|| = 4/3% | 22. The spectral
norm and Frobenius norm are defined as || A||s = o7 and || A||r = 4/ Zle o2, respectively.
The best rank %k approximation gl)l(f)l kHA — X||F is given via Ay, = UpXVT =

ran =

UL VT = USVT, where Uy, 3 and V;I' consist of the first k& columns of U, 3 and
VT, respectively, and are zero otherwise. The best rank % approximation also minimizes
the spectral norm, that is ||A — Ag||> = o1 is minimal among all matrices of rank k. The
following fact is well known throughout k-means literature and will be used frequently
throughout this section.

Fact 4.18. Let A be a set of points in Euclidean space and denote by c(A) = ﬁ Diwen T
the centroid of A. Then the 1-means cost of any candidate center c can be decomposed via

Dolle =l = D Mz = (AP + Al - [le(4) — el

€A €A
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and

2 1 2
3 lle =) = g 303 lle =P

€A reA yeA

Note that the centroid is the optimal 1-means center of A. For a clustering C' =
{C1,...Cx} of A with centers S = {ci, ...}, the cost is then YF | Yec, IIp = aill?.
Further, if ¢; = ﬁ Zpeci p, we can rewrite the objective function in matrix form by as-
sociating the ith point with the ith row of some matrix A and using the cluster matrix

1 .
if A; e C*
X € Rk with X, ; = { VI B
0 else
i.e. X is an orthogonal projection and that |[|A — X X7 A|[% is the cost of the optimal
k-means clustering. k-means is therefore a constrained rank k-approximation problem.
We first restate the separation condition.

to denote membership. Note that X7 X = I,

Definition 4.19 (Spectral Separation). Let A be a set of points and let {C},...Cy} be a
clustering of A with centers {ci,...cy}. Denote by C an n x d matrix such that C; =
argmin ||A; — ¢;||%. Then {C4, ... Cy} is v spectrally separated, if for any pair of centers c;
je{1,....k}

and c; the following condition holds:

A= Clfs.

1 1
lei =gl =7 + |
VG VI
The following crucial lemma relates spectral separation and distribution stability.

Lemma 4.20. For a point set A, let C = {C4,...,Cy} be an optimal clustering with
centers S = {cy,...,cx} associated clustering matrix X that is at least ~y - Vk spectrally
separated, where v > 3. For ¢ > 0, let A, be the best rank m = k/c approximation of A.
Then there exists a clustering K = {C1,...C}} and a set of centers Sy, such that

1. the cost of clustering A,, with centers Sy, via the assignment of K is less than || A,, —
XXTA,|% and

2. (K, Sy) is Q((y — 3)? - e)-distribution stable.

We note that this lemma would also allow us to use the PTAS of Awasthi et al. [17].
Before giving the proof, we outline how Lemma 4.20 helps us prove Theorem 1.10. We
first notice that if the rank of A is of order k, then elementary bounds on matrix norm show
that spectral separability implies distribution stability. We aim to combine this observation
with the following theorem due to Cohen et al. [59]. Informally, it states that for every
rank k approximation, (an in particular for every constrained rank £ approximation such as
k-means clustering), projecting to the best rank % /e subspace is cost-preserving.
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Theorem 4.21 (Theorem 7 of [59]). Forany A € R"*¢, let A’ be the rank [k /e|-approxima-
tion of A. Then there exists some constant c such that for any rank k orthogonal projection
P,

min(n,d)
14— PA|[p <[|A" = PA[; + 2 of < (L+¢)|A— PA|[%.

+1

The combination of the low rank case and this theorem is not trivial as points may
be closer to a wrong center after projecting, see also Figure 4.2. Lemma 4.20 determines
the existence of a clustering whose cost for the projected points A,, is at most the cost of
C*. Moreover, this clustering has constant distribution stability as well which, combined
with the results from Section 4.3, allows us to use Local Search. Given that we can find a
clustering with cost at most (1 + ¢) - ||A,, — XX T A,,||%, Theorem 4.21 implies that we
will have a (1 + ¢)?-approximation overall.

To prove the lemma, we will require the following steps:

e A lower bound on the distance of the projected centers ||c;V,,V.L — ¢;V,, VL] ~
llei = ¢l.

e Find a clustering K with centers S¥ = {c;V,,V.L, ... ciV,,V.I'} of A, with cost less
than ||A,, — XXTA,,|[%.

e Show that in a well-defined sense, K and C* agree on a large fraction of points.

e For any point = € K, show that the distance of = to any center not associated with
K is large.

We first require a technical statement.

Lemma 4.22. For a point set A, let C = {C4,...Cy} be a clustering with associated
clustering matrix X and let A’ and A" be optimal low rank approximations where without
loss of generality k < rank(A") < rank(A”). Then for each cluster C;

‘ Z A”

]EC
Proof. By Fact4.18 |C;|-| ||Fl| >ec, (A7 —A})|[3 is, for a set of point indexes Cj, the cost of
moving the centroid of the cluster computed on A” to the centroid of the cluster computed
on A’. For a clustering matrix X, || X XT A" — X XT A’||% is the sum of squared distances
of moving the centroids computed on the point set A” to the centroids computed on A’. We
then have

A= XXTAll.

k
<
‘ [e7]
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Figure 4.2: Despite the centroids of each cluster being close after computing the best rank
m approximation, the projection of a point p to the line connecting the centroid of cluster C;
and C; can change after computing the best rank m approximation. In this case ||p —¢;|| <

lp — cil| and [|p — ¢*[| < |[p — ¢}"|. (Here A; = 4 /ﬁHA—XXTAHQ.)
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|C|2A” A < IIXXTA" = XXTA < ||IX[[5 - ||A7 = A3

7eC;

<k op <k [|JA-XXTA|;
O

Proof of Lemma 4.20. For any point p associated with some row of A, let p™ = pV,, V.1 be
the corresponding row in A,,. Similarly, for some cluster C};, denote the center in A by ¢;
and the center in A,, by ¢". Extend these notion analogously for projections p* and ¢/ to
the span of the best rank k& approximation A.

We have forany m > k¢ # j

" = ¢l = lei =gl = llei = &7l = lle; = ]

1 1
~ - + VE[|A = XXT Al
<Vci \/|Cj|>

1 1

- V||l A — XX Al
Vi V1G]
1 1
(v =1 | =+ = | VHIIA = XXT A, (4.4)
V0 £/1C)]

where the second inequality follows from Lemma 4.22.

In the following, let A; FHA X XTAll. We will now construct our target

clustering K. Note that we require this clustering (and its properties) only for the analysis.
We distinguish between the following three cases.

Case 1: p e C; and " = argmin|[p™ — ¢j||:
je{1,...,k}
These points remain assigned to ¢]*. The distance between p,, and a different center
¢ is at least §||c" — '] = Te(A; + A;) due to Equation 4.4,

Case 2: p € Cj, ¢} # argmin||p™ — ¢;||, and ¢} # argmin|[p* — c}||:
je{1,....,k} je{1,...,k}

These points will get reassigned to their closest center.

The distance between p,,, and a different center c7" is at least

ler—cpll = Te(Ack
A;) due to Equation 4.4.

2
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Case 3: p € Cj, ¢ # argmin||p™ — ¢}'||, and ¢j = argmin|[p* — c¥||:

je{1,...,k} je{1,....,k}
We assign p™ to ¢} at the cost of a slightly weaker movement bound on the distance
between p"* and c¢;". Due to orthogonality of V', we have for m > k, (V,,, — %)TVk =
VIV, — Vi) = 0. Hence V,, VIV, = V, VIV, + V. (Viy — Vi)V = ViVIV, +
(Vm — Vk)VkTVk = Vk‘/;cTVk = Vk Then pk = kaVkT = meanVkaT = pkaVkT

Further, ||p* — ¢§|| = 1||ck — c¥|| = L2(A; + A;) due to Equation 4.4. Then the

distance between p,, and a different center c" is at least

L e [ e
- wpm—pkr|2+\|p — 2 = [l - |
'y 3
> [l -l - 8> T2+ A),

where the equality follows from orthogonality and the second to last inequality fol-
lows from Lemma 4.22.

Now, given the centers {c{",...c}'}, we obtain a center matrix My where the ith row
of My 1is the center according to the assignment of above. Since both clusterings use
the same centers but K improves locally on the assignments, we have ||A,, — Mg||% <
I|A, — XXT A,,||%, which proves the first statement of the lemma. Additionally, due to
the fact that A,, — X XT A,, has rank m = k/e, we have

| Am — M|} < [|[Am — XXTApl[f < [[Ap — XXT A < k/e - [|[A = XXTA|R

4.5)

To ensure stability, we will show that for each element of K there exists an element of

C, such that both clusters agree on a large fraction of points. This can be proven by using

techniques from Awasthi and Sheffet [20] (Theorem 3.1) and Kumar and Kannan [126]
(Theorem 5.4), which we repeat for completeness.

Lemma 4.23. Let K = {C],...C}} and C = {C}, ... Cy} be defined as above. Then there
exists a bijection b : C' — K such that for any i € {i, ... k}

(1 - %) Cil < b(|Ci]) < (1 ; %) .

Proof. Denote by T;_,; the set of points from C; such that ||} — p¥|| > ||c¥ — p||. We first
note that ||Ap — X XTA||% < 2k - || A — X XT A||2 which is at most

ko (JJA— Alls+ [JA = XXTAl|,)* <8k-||[A— XXTAIZ <8 |Gy - A2
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forany i € {1,..., k}. The distance

1 1
+
VG 4/|C]

Assigning these points to c¥, we can bound the total number of points added to and sub-
tracted from cluster C'; by observing

1 -1
I = ekl = ik — bl = 1o < )VEHA—XXTAH%-

2
v—1
NN < DTl (150) (0 897 < 14— XXTA <8410 -3

i#] i#]

2

v—1

A?ZIE_,i|<Z|7}—>iI-(—2 ) A+ A < [J Ay - XXTAIR <8-(C| - A2
1#£] J#i

Therefore, the cluster sizes are up to some multiplicative factor of (1 + (7321)2> identical.
O]

We now have for each point p” € C! a minimum cost of which is at least

2
p™ = T|? = + VE||A = XXT Al
’ 2 \WVIG| VG|

2

v—=3 1 N 1
2 W (+gZp)lcn N\ (1+7%5) (cl

(v=1)?
_ 4l - 3)2€||Am — Mg||%
-8l C]

VHIA - XX All

where the first inequality holds due to Case 3, the second inequality follows from Lem-
ma 4.23 and the last inequality follows from v > 3 and Equation 4.5. This ensures that the
distribution stability condition is satisfied. 0

Proof of Theorem 1.10

Proof. Given the optimal clustering C* of A with clustering matrix X, Lemma 4.20 guar-
antees the existence of a clustering K with center matrix My such that ||A,, — Mgl||% <
|A;, — XXTA,,|| and that C has constant distribution stability. If ||A,, — Mg||% is not
a constant factor approximation, we are already done, as Local Search is guaranteed to
find a constant factor approximation. Otherwise due to Corollary 4.17 (Section 4.3, there
exists a discretization (A, F,|| - ||*, k) of (A,,,R% || - [|?, k) such that the clustering C
of the first instance has at most (1 + ¢) times the cost of C in the second instance and
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such that C' has constant distribution stability. By Theorem 1.5, Local Search with appro-
priate (but constant) neighborhood size will find a clustering C” with cost at most (1 + ¢)
times the cost of K in (A,,, F,|| - ||?, k). Let Y be the clustering matrix of C’. We then
have || Ay, — YYTAu|f + [[A = Ap|lf < (1+ )?||Am — Mi|[5 + [[A = An|[f <
(14e)?[|Am — X XTA,||%+[|A— Anl% < (14¢)3||A— X XT A||% due to Theorem 4.21.
Rescaling € completes the proof. [



CHAPTER 5

Beyond Separators: Clustering in Data Streams

In this chapter, we focus on the sliding window model and describe two algorithms, for the
diameter and k-center problems.
In Section 5.1 we prove the following theorem.

Theorem 1.11. Given a set of points A with aspect ratio «, there exists an algorithm
computing a (3 + €)-approximate solution for the metric diameter problem storing at most
at most O(e~1 - log a) points in memory. The update time is O(e~! log ).

Section 5.2 is dedicated to the proof of the following theorem.

Theorem 1.12. Given a set of points A with aspect ratio «, there exists a (6+¢)-approximation
algorithm for the metric k-center problem storing at most O((k + 1)e ' log(a)) points in
memory. The update time is O(k3c~'log ).

We remark that log « is a very natural dependency: the distance between two points has
to be encoded using at least log « bits and so, any algorithm has to store this amount of bits
in its temporary memory. This was made more formal by Feigenbaum et al. [82] who gave
a space lower bound of (log ) for any multiplicative approximation factor. We provide
the following better lower bounds for the problem in Section 5.3.

Theorem 5.1. For windows of size W, any deterministic sliding window algorithm out-
putting a solution of cost greater than or equal to %OPT for the distance oracle metric

diameter problem with constant aspect ratio requires Q(~/W') memory.

Theorem 5.2. Any randomized sliding window algorithm achieving an approximation fac-
tor less than 4 with probability bounded away from % for the Window Metric Distance

Oracle 2-Center problem with constant aspect ratio requires Q(~/W) memory.
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Preliminaries on data streams.

We first provide some intuition about the model. Let (A, dist) be a metric space where A
is a set of points and dist : A x A — R, is a distance function. A stream is a (potentially
infinite) sequence of points from the metric space A (note that a point can appear multiple
times in the stream). The sliding window of size N contains the most recent /N elements
of the stream.

We define the aspect ratio o = 2paeaditp.g)

ming«qe A dist(p,q) *
points p and ¢, we invoke a distance oracle dist(p, ¢). We assume that the oracle can ac-

cessed only for those points we currently keep in memory and that the oracle itself requires
no additional space.

We now turn to definitions of the two problems studied in this chapter. We adapt the
definition of k-center problem given in Chapter A to the sliding window context.

To query the distance between two

Definition 5.3 (Diameter in the sliding window model). Given a stream of a metric space
01,09, . . ., {dist; yi~o, the sliding window diameter problem asks at any time t, for s1, s5 €
Wi that maximize dist;(s1, S2).

Definition 5.4 (k-center in the sliding window model). Given a stream of a metric space
01,02, . .., {dist;);~0, and a non-negative integer k, the sliding window k-center problem
asks at any time t, for a set of centers S = W,, of cardinality at most k, that minimizes

cost(S) = max min disty(x, c).

5.1 The Diameter Problem

For a given estimate v of the diameter, our algorithm for the metric diameter problem
maintains two witness points z,y (z appearing before y in the stream) at distance greater
than + together with a point ¢ that has a certain degree of centrality among the points that
are more recent that x. More formally, all points inserted after = up to the insertion time
of ¢ (including ¢) will be proven to have distance at most 27 from one another and points
inserted after ¢ will have distance at most v from ¢. Thus, the diameter is at most 3.

Specifically, Algorithm 5 aims at maintaining a certificate for the diameter consisting
of two points = and y such that dist(z, y) > 7 and z inserted before y. In addition, we also
store the point ¢ submitted immediately prior to y and the most recent point. When a new
point arrives, we test whether, based on the points we currently keep in memory, we can
produce two points that were both inserted after = with distance more than ~y. If we find
such a pair, we update the points accordingly.

Our algorithm is independent of the size of the window. For any request asking what
is the diameter of the window of size W, it either returns two points that are still in the
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Algorithm 5 Sliding Window Algorithm for (v, 3v)-gap Diameter

1: Initialization:

2: x « first point of the stream

3: y « first point oy, of the stream s.t dist(oy,, x) > 7y
4: if dist(oy,—1,y) > v then

5: X <= O¢y—1

6:

7: Notation: q last point inserted before y

8: Main Algorithm:

9: Upon reception of a new point o; (t > t):
10: if dist(oy_1,0¢) > v then
11: T <= 01
12: Y < Oy
13: else if dist(y,o;) > v then
14: Ty
15: Y < Oy
16: else if dist(q,0;) > v and ¢ # x then
17: T < q
18: Y < Oy

window and at distance greater than v or, if the oldest of the two has already expired, a
point with a certain degree of centrality.
The properties of our algorithm are summarized by the following invariants.

Lemma 5.5. The following invariants hold at the reception of a new point:
1. dist(x,y) > 7.
2. Any point inserted after x and before q (including q) is at distance at most ~y from x.
3. Any point inserted after y is at distance at most vy from y.
4. If q # x, any point inserted after q is at distance at most vy from q.

Proof. Invariant 1 follows directly from the specification of the algorithm. We thus focus
on the proof of Invariants 2, 3, and 4. We proceed by induction on the time ¢. It is easy to
check that the invariants hold at the end of the initialization step. Assuming all invariants
holds for points z, y, g at time ¢ — 1 for t > 1, we will show they hold for z’, v/, ¢’ at time ¢.

Suppose first that x did not change. Thus, ¢ did not change. Therefore Invariant 2
holds by the inductive hypothesis. Since ¢ did not change, we have that dist(q, o) < 7.
Thus, combining this observation with the inductive hypothesis (on Invariant 4) implies
that Invariant 4 holds. Finally, since x did not change, y did not change either and so, we
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have dist(oy, y) < . Again, combining this observation with the inductive hypothesis (on
Invariant 3) implies that Invariant 3 holds.

We now assume that = did change upon insertion of o;. Observe that 3/ = o,. Thus,
Invariant 3 is vacuously true. Moreover, if ' = o,_1, then Algorithm 5 assigns o;_; to q.
Thus, Invariants 2 and 4 hold by observing that ¢ = x.

Otherwise, ¢ = 0,1 and so, we have either 2’ = y or ' = ¢. Assume first that we
have 2’ = y. Thus, by the inductive hypothesis on Invariant 3, we have that for each point
o; inserted after y and strictly before oy, dist(y, 0;) < . Thus, after assigning 2’ = y and
¢ = o0y_1, Invariant 2 holds. Moreover, in this case we have dist(o;_1,0;) < 7, and so
Invariant 4 holds.

Assume now that we have =’ = ¢. This implies that we had ¢ # x (before insertion of
o). Thus, by the inductive hypothesis on Invariant 4, we have that for each point o; inserted
after ¢ and strictly before oy, dist(q, 0;) < «y. Thus, after assigning 2’ = g and ¢’ = 041,
Invariant 2 holds. In this case again we have dist(o,_1, 0y) < -, and so Invariant 4 holds.

This completes the proof that all the invariants are satisfied at time ¢, and the lemma
follows. [

We can thus turn to the proof of the approximation guarantee of the main theorem.

Proof of Theorem 1.11. Our algorithm for the diameter problem is Algorithm 6. It mainly
consists in running several instances of Algorithm 5 for different values of .

Algorithm 6 Sliding Window Approximation Algorithm for the Diameter. At each time
t > 1, returns a pair of points whose distance is within a factor of 1/3 — ¢ of the diameter
of the window.

1: Letv; = (14 &)" mingy4ea dist(p, q)

2: In parallel, run Algorithm 5(v;), fori = 0, ..., log; . , and

3: Let x;, y;, be the variables corresponding to variables x, y of Algorithm 5(v;), and
4: In addititon, at each time ¢, find ¢* = max{i | z;, y; € Wi}

5: Return ;= , y;+

We first argue about the approximation guarantee of Algorithm 6. Observe that by
Lemma 5.5, Invariant 1 holds and so, dist(z}, y) > 7. We now claim that there are no two
points at distance at least 3(1 + )" *! min, e 4 dist(p, ) in the current window.

Consider Algorithm 5(7;«1). Let z,y, ¢ denote %" 1, 4" *1 and ¢** *! respectively. By
Lemma 5.5, Invariants 2, 3, and 4 hold. Since ¢* is maximum, we have that x ¢ W,.

First, if ¢ € W,, we have ¢ # z and by Invariant 4, any point inserted after ¢ is at
distance at most y from ¢ and so, by the triangular inequality at most 2+ from each other.
Now, since x has expired, the only points in the window that were inserted before ¢ were
inserted after . Thus, by Invariant 2 and the triangular inequality, we have that all those
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points are at distance at most 2+ from one another and at most 27 from ¢. Thus there are
no two points at distance greater than 3y in the window.

Second, if ¢ ¢ W,, then recall that ¢ is the predecessor of y in the stream and thus
Invariant 3 implies that all the points inserted strictly after ¢ and before o, are at distance at
most v from y. Thus, there are at distance at most 2y from each other. Again, we conclude
that there are no two points at distance greater than 3 in the window.

This concludes the proof of the approximation guarantee of our Algorithm.

The memory usage of the algorithm consists of 4 points per instance of Algorithm 5

. In 2 :
and log, .. a = Wit S = In «v instances. ]

5.2 The k-Center Problem

This section is dedicated to the proof of the following theorem.

Theorem 1.12. Given a set of points A with aspect ratio o, there exists a (6+¢)-approximation
algorithm for the metric k-center problem storing at most O((k + 1)e ! log(«)) points in
memory. The update time is O (k> log ).

The algorithm is similar to the algorithm we proposed in the previous section; It can be
seen as a generalization of the diameter algorithm. The idea is again to “estimate” the value
of the optimal solution. For a given estimate ~ of the k-center solution, our algorithm for
the metric diameter problem either produces k + 1 witness points at distance greater than
2+ — this ensures that there is no solution with & centers of cost v — or a set of points that
have a certain degree of centrality among the points in the current window. However, the
algorithm is a bit more technical than the one for the diameter.

We introduce the Time To Live value of a point p: Upon insertion 7T L(p) is set to the
window size N and with each subsequently inserted point it is decremented. We say that
p expires if TTL(p) = 0. We extend the common use of 77L to negative numbers to
indicate the number of points submitted after expiration, i.e., TT'L(p) = —10 means that
10 points were submitted after the expiration of p.

A high level description of our algorithm is as follows, see Algorithm 7 for the pseu-
docode.

We maintain a set A of at most k + 1 attraction points. For each attraction point
a, we maintain the newest point R(a) within radius 2 as a representative, i.e. R(a) =

argmax TTL(R(a)). When an attraction point expires, the representative point remains
p: dist(p,a) <2y
in memory. Call the set of representative points whose attraction points expired, the or-

phaned representatives O, and the set of representative points whose attraction points are
still in the current window active representatives R. A new point p may become an attrac-
tion point if its distance is greater than 2+ to any point in A upon insertion. If the cardinality
of A is greater than &, we retain the newest £ + 1 attraction points of A and all points with
a greater 7T’ L than the minimum 77 L of A.
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When asked to provide a clustering, we iterate through all estimates and either pro-
vide a counter example, or find a clustering which is then guaranteed to be a 6(1 + ¢)-
approximation. Our set of centers C first consists of an arbitrarily chosen point p € A U
R U O. Thereafter we greedily add any point ¢ € A U R u O with distance dist(q, C') > 2.
If upon termination |C| > k, we have a certificate for OPT > ~ and move to the next higher
estimate. The smallest estimate with |C'| < k is then guaranteed to be a 6 approximation.

We start by giving the space bound.

Algorithm 7 Sliding Window Algorithm for (v, 6 - v)-gap k-Center

1: AR, O — &, 12: procedure INSERT(p)

2: for all element p of the stream do 13: D « {a€e A|dist(p,a) < 2-v};

3: if ¢ € O expires then 14: if D = (4 then

4: O — O\{q}; 15: A—Au{p}

5. if a € A expires then 16: R(p) < p

6: DELETEATTRACTION(1); 17: R — RU{R(p)}

7. INSERT(p): 18: if|[Al > k+1 then

$: procedure DELETEATTRACTION(a) Gotd < AIETOIN TTL{a);

0 O — O u{R(a)}; 20: DELETEATTRACTION(G014);

10: R — R\{R(a)}; 21: if |A| > k then

11: A — A\{a}; 22: t— meiﬂ TTL(a);
23: for aﬁ g€ Odo
24: if TTL(q) < t then
25: O — O\{¢};
26: else
27: forallae D do
28: Exchange R(a) with p in R;

Lemma 5.6. At any given time, the number of points kept in memory is bounded by at most
3(k+1).

Proof. We number all attraction points we keep in memory via the sequence in which they
arrived, i.e. aq is the first attraction point, a, the second, etc. Call this sequence S. Note
that in this sequence a; also expires before a,.

At any given time, we maintain at most k + 1 attraction points A and k + 1 active
representative points 2 due to lines 18-20 and the subroutine DeLETEATTRACTION (lines 8-
11). What remains to be shown is that the number of orphaned representative points O also
never exceeds k£ + 1.
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First, we show that 7T L(a; x+1) > TTL(R(a;)) = TTL(a;). We distinguish be-
tween two cases. If a; expires, then a;, ;.1 gets inserted after a; exits the window, hence
TTL(ajsk+1) > N +1+TTL(a;) and TTL(R(a;)) + N < TTL(a;). Otherwise, a; gets
deleted via lines 18-20 in the exact same time step in which a;;41 got inserted, in which
case the claim also holds.

Now consider any point of time and let j be the maximum index of any attraction point
in S that has expired. By the above reasoning, any representative spawned by a@;_ ;1) is
no longer in memory, and the space bounds holds. [

Lemma 5.7. Let P be a set of points in a given window, v > 0 an estimate of the clustering
cost, A U R U O the set of points we currently keep in memory with |A| < k. Then
max dist(p, R U O) < 4.

qe

Proof. We note that for any attraction point a, the representative R(a) has maximum 7'7'L
among all points with distance at most 2. When a point p arrives, it has distance at most
2 to some attraction point (which may be identical to p if we create a new one). Hence, if
R(a) is still in memory, the claim holds for p.

We now argue that by executing lines 18-25, all points p with dist(p, R U O) > 4+ have
TTL(p) < ngé% TTL(a). If TTL(p) > rgleij?TTL(a), then there exists an attraction point

a’ such that dist(p, a’) < 2. Then we have TTL(R(a’)) = TTL(p) > mifrllTTL(a) and
ae
dist(p, R(a")) < 4~. Due to lines 24-25, R(a’) is never deleted until it expires. O

Combining these lemmas and using arguments analogous to those of the proof of The-
orem 1.11, we have:

Theorem 1.12. Given a set of points P with aspect ratio «, there exists an algorithm
computing a 6(1 + )-approximate solution for the metric k-center problem storing 6(k +
1) In(«v)/€) points. The update time per point is O(k*c ™" log ).

Proof. Again define an exponential sequence to the base (1 + ¢) and run Algorithm 7 in
parallel for all powers of (1+¢) as objective value estimates. The space bound then follows
from Lemma 5.6.

For each estimate ~, we greedily compute a clustering of A U R U O where the pairwise
distance between centers is greater than 2. Now consider the smallest estimate +' for
which the greedy clustering requires at most & centers C'.

We have peﬁﬁz}f} Odist(p, C) < 24'. We further have for any point ¢ in the current

window maxdist(q, C') < maxdist(¢g, R U O) + max dist(p,C) < 4y + 29 < 67 due
qeP qeP peAURUO

to Lemma 5.7. Since we have OPT > %, C'is a 6(1 + ¢) approximation. O
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5.3 Lower bounds

Our lower bounds for the studied problems hold for the metric oracle distance model.
Whenever we wish to know the distance between two points p, g, we have to store the
points in their entirety in order to invoke the oracle. The fundamental assumption used
in the proofs of this section is that the algorithm cannot create new points, unlike, for in-
stance, in Euclidean spaces, where we can store projections, means and similar points. In
particular, this implies that once a point is discarded by the algorithm, it cannot be recalled
by any means at a later date. Without any assumptions as to how the points are encoded,
we measure the space complexity of an algorithm via the number of stored points, rather
than the number of bits. In this model, the space required to store the distance oracle, the
TTL of each point or any other information we might wish to store are not considered. A
similar model can be also found in the paper by Guha [93], where the author was able to
derive a lower bound of 2(k?) points for any deterministic single-pass streaming algorithm
approximating the cost of the optimal k-center clustering up to a factor 2 + 1/k.

We first describe an adversarial input sequence for deterministic algorithms for the
diameter problem and give a proof for deterministic algorithms.

With some modification, these ideas can be extended to the k-center problem and to
randomized algorithm as well. We aim for a lower bound of €2(+/1¥) points for determin-
istic algorithms. We divide the input into v/1¥ buckets containing v/TV points each. Unless
the distances between two points are further specified, we will set these distances to 1. De-
note the ith bucket by B; and the jth point of bucket B; by p; ; with 4, j € {0,...,v/W —1}.
The points appear bucket by bucket, that is, p; ; is the (i - VW + j + 1)th input point.

We assume that an algorithm always stores less than v/1¥ points. Therefore, the algo-
rithm must discard at least one point of bucket B; before reading the first point of bucket
B;y1. Let f; be such a discarded point in B;. To any point from some bucket B, j > i, we
then set the distance to f; to be 2. For the same reason, there is at least one bucket without
any stored points when the (I + 1)st input point is read. Let B, be this bucket. We now
introduce the (W + 1)st input point p that satisfies the distances dist(p, p; ;) = 1if ¢ > ¢,
dist(p, p; ;) = 3if p; ; = fi, and dist(p, p; ;) = 2 otherwise.

We proceed to insert copies of p until all points in buckets B; with 7 < t are expired.
Therefore, there is no pair of points in memory with distance larger than 1. The algorithm
can only output two points at distance 1 whereas the true diameter is 3.

Theorem 5.1. For windows of size W, any deterministic sliding window algorithm out-
putting a solution of cost greater than or equal to %OPT for the distance oracle metric

diameter problem with constant aspect ratio requires Q(~/ W) memory.

Proof. For the sake of contradiction, we assume that there exists an algorithm ALG that
returns a solution whose cost is a factor 3 from the optimal solution while the algorithm
stores less than v/ points. We start with the adversarial input sequence by submitting
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B B, B; B\/ﬁ

@ @& @ - @

Figure 5.1: The lower bound instance. Points of each bucket are inserted one after the other
from bucket B; to bucket B, ;. One of the point fi,» in red, of each bucket B; has to be
“forgotten” by the algorithm upon insertion of the first point of the following bucket. Each
of those “forgotten” point has distance 1 to its predecessor but distance 2 to all the points
of the subsequent buckets. The crux of the argument is that the algorithm cannot know this
since the point is forgotten before the next bucket arrives. Thus this forgotten point looks
similar to the others. Since there are v/ buckets, all the points of one bucket B;, in blue,
have to be “forgotten” upon insertion of the first “d” point. Thus, the distance of a “d” point
can be set to 2 to the point of buckets B, ..., B; and to 1 to the other bucket. Additionally
the distance from the “d” points to f; can be set to 3. However, after all the point inserted
before B, have expired, the algorithm only has points at distance 1 from each other. Thus,
it cannot determine whether the diameter of this instance is 1 or 3.

/W buckets each containing v/ points. We denote the ith bucket by B; and the jth point
of bucket B; by a; ; with 4,5 € {0,...,v/W — 1}. Any point of bucket B; is only read after
all VIV points of bucket B;_; are received. The points within each bucket are at distance 1
from one another.

Since the algorithm stores less than v/ points, there is at least one point in a bucket
that must be discarded before an point of the next bucket is read. Let f; be such a point for
bucket B;. The points of bucket B; have the following distance to all future points:

2 forall ay; = fy
diSt((li/,j,CLM) = ora Cl 7 f

1 otherwise
forall i/ < 3.

It is easy to see that the distances satisfy the triangle inequality. Since there are v/ W
buckets and the algorithm stores less than v/ W points, there is at least one bucket for which
all the points are missing. Let 5; be this bucket.
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We now introduce the (W + 1)st input point a with distances

1 ifi>t
dist(a, a;;) = <3 ifa;; = fi.
2 otherwise

To show that the distances still satisfy the triangle inequality, we first observe that
only dist(a, f;) is neither 1 or 2 and thus requires special consideration. Here, we have
3 = dist(a, f;) < dist(a,a;;) + dist(a;;, f;) = 1+ 2 fori > t, and 3 = dist(a, f;) <
dist(a, a; ;) + dist(a; j, f;) <2+ 1fori <t.

First we note that f; is at distance at least 1 from all the buckets B;, i < t sodist(a, f;) =
3 satisfies the triangle inequality. Since all the points of buckets By, i’ > ¢ are at distance
1 from the points of buckets B;, ¢ < ¢ and distance 2 from f;, dist(a, a; ;) = 1 satisfies the
triangle inequality as well.

Now, we keep inserting copies of a at distance 1 from one another until all the points
of buckets ' < t have expired. Since all the remaining points in memory are a subset of
Uy~ (Br\fr) plus copies of p, the points in memory are all at distance 1 from one another.
It follows that the algorithm can only output a solution of value 1 whereas the pair (a, f;)
induces a solution of value 3. 0

We now turn to the k-center lower bound.

Theorem 5.2. Any randomized sliding window algorithm achieving an approximation fac-
tor less than 4 with probability bounded away from % for the Window Metric Distance

Oracle 2-Center problem with constant aspect ratio requires Q(~/W) memory.

Proof. The proof uses arguments similar to those given in the proof of Theorem 5.1. Again,
for ease of exposition, we will use a window of size (W), the theorem then holds by
rescaling WW. We first pick a constant ¢/ = 32. Now, define 81¥//3 buckets consisting of
128W?2/3 + ¢ points each. The points of the ith bucket are at distance 2 from each other.
We iteratively replace one randomly chosen point of the last 1281173 points from bucket

4 for all bij = fl

2 otherwise

We now define ¢ points py, ..., ps,—1 Whose distances are specified below but we do not
insert them yet. Finally, we randomly choose a bucket ¢ and a point p= € {pg,...,psr1}
such that for all py € {po, ..., pr—1}\{p=} and point p, we have

B; with f;, where dist(p; ;, pir «) = for all points ¢’ > 1.

- Jt

dist(py, p) = L pedpos - peaj\ipr) and dist(p*,p) = .
2 pe (U Bt/) \{f:} bope (t’LZJt Bt/) Wi

t'>t
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Let 7} denote the time at which the first point of B, is inserted. Note that we do not specify

the distance from the points of {p,...,p,—1} to the buckets By for t” < t, since we
insert copies of the last point of the last bucket in order to make all the points of buckets
0,...,t — 1 expire. Then we insert the points pg, ..., ps_1.

Several things should be noted about the input. First, all distances obey the triangle
inequality. Second, f; expires after time 7} + ¢. And lastly, at any given time from 7} + ¢
until f; expires, there exists a solution of cost 1 which consists of p* and f;.

By Yao’s minimax principle, it is sufficient to bound the number of points used by any
deterministic algorithm against the above input distribution.

We first bound the probability that the algorithm stores some point f;. Call this event
A. Assuming that the algorithm never stored a point f;,, the points stored by any future
bucket B; with ¢ > i’ are fixed. The probability that f; is one of these points is bounded
by the hypergeometric distribution with population 128723, W1/3 samples and 1 success

128W2/3 1

Cwisy )-(1)

(128‘/{//?3/3)

w

any of the 8WW'/3 buckets can be lower bounded as follows.

in both population and sample: . Then the probability that no f; is stored for

128W2/3 -1 1 sWi/s 1/: sW1/3
: . /3
1_]P;[A] > <1_(W1/3—1) (1)) :<1 w ) 21_l:E

(1251/{/1[/;/3) 12823 16 16

< P[A] < i
16

Now we bound the probability that the algorithm retains any point from bucket ¢ upon
submission, which we call event B. Again, conditioned on the fact that event A does not
hold (A), the buckets from which the algorithm stores at least one point are fixed. The
probability that B, is among the stored buckets again follows a hypergeometric distribu-
tion with population 8W1// 3, W3 samples and 1 success in both population and sample.

swl/3_1y
Therefore P[B|A] = % = 2.
( wl/3 )

Finally, we consider the event that the algorithm does pick p= as a center. Let C' denote
this event. In order for C' to happen, the algorithm has to be able to distinguish between
points of py, . .., ps_1 or it has to pick p* randomly from py, . . ., ps_1. The first case is iden-
tical to event B, the second case happens with probability at most 2/, since the algorithm
can open 2 centers. It follows that P[C] < P[B] + 2/.

If none of the events A, B, or C hold, the algorithm will not output two centers with
approximation factor less than 4, The probability that an algorithm storing W/3 points
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achieves this is at most

P[A U B u C] <P[A] + P[B] +P|C] < P[A] + 2P[B] + 2/¢
= P[A] + 2 (P[B|A] - P[A] + P[B|A] - P[4]) + 2/¢
— 32 2 1

<3-P[A]+2P[B|A]4+2/{ < —+ -+ — = —.
3 B[A] + 2B[BA] + 2/ < fo + 0 o5 =



CHAPTER 6

Implementations and Experiments

In this chapter, we provide evidence that local search is competitive in practice. Our the-
oretical trade-off between running time and quality of approximation seems quite pro-
hibitive; for a 3/2-approximation, the running time is at least n® for 2-dimensional in-
stances. However, Johnson et al. [108] showed that local search for TSP is a competitive
algorithm for both real-world and random instances. Thus, we ask the following natural
question.

How does local search for clustering compare to practical algorithms on real-world and
random instances?

6.1 The Questions

The goal of clustering is to partition data according to similarity. Throughout this thesis, we
model this goal by the k-clustering objective (Definition A.1). Thus, we address the natural
question of the appropriateness of the k-clustering objective (and in particular the k-means
objective) for finding “good” clusters. More precisely, we ask: when is an optimal solution
with respect to the k-means objective a partitioning of the data according to similarity?

To answer this question we consider instances that possess a “natural” partitioning of
the data and compare this clustering to an optimal clustering with respect to the k-means.
We consider the following instances.

e Real instances stemming from machine learning for which the goal is to classify the
input elements into k classes.

e Random Euclidean instances generated from a mixture of k£ Gaussians for which the
goal is to find the sets of points generated by each of the & Gaussians®.

Note that this has also been studied as a “learning” problem, see [146] for example.
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We say that a clustering is optimal if its k-means cost is minimum. We define the ground
truth clustering of an instance to be the clustering that we would like to compute. More
precisely, the ground truth clustering of a real instance is the partition of the elements into
the correct classes (see below for a more formal definition) and the ground truth clustering
of a random instance is the family consisting of the & sets of elements generated by the &
Gaussians.

In the following, when we discuss the value of a clustering we always refer to the value
of the clustering with respect to the k-means objective. We thus aim at answering the
following question:

When do the ground truth and optimal clusterings agree?

More precisely, when is the value the ground truth clustering at most 1.05 times the value
of the optimal clustering?

In Chapter 4, we have analyzed three characterizations of the real-world instances. We
have shown that local search is a good heuristic for those instances (see Theorems 1.5,
1.8 and 1.10). In this chapter, we focus on the S-distribution-stability. Theorem 1.5 states
that local search with neighborhood of size ¢ *#™") returns a solution of cost at most
(1 4 ¢)OPT. Thus, we ask the following question.

’ For which values of 3 are the random and real instances §-distribution-stable?

Finally, we compare local search to Lloyd’s algorithm, a widely-used algorithm in prac-
tice (see Algorithm 8). We focus on the following question.

’ Is local search a competitive heuristic for random and real-world instances?

Algorithm 8 Lloyd’s algorithm.

1: Input: An instance of k-means
2: S’ « greedy solution to the problem, S <
3: while S # S’ do
4: S« 5
5: Partition F <{a | dist(c, a) = mingcg dist(c/, a)}> (breaking ties arbitrarily)
ceS
6: S" — |J (optimal center for the elements in F')
FeF
7: Output: S
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Related Work

The most prominent experimental work on the analysis of Lloyd algorithm for the k-means
objective is due to Kanungo et al. [111, 112] in 2004. They compare Lloyd algorithm to a
slightly weaker version of local search and different combinations of those algorithms. The
local search algorithm they study is the following. Instead of enumerating all the possible
swaps they only sample a few swaps. They show that this local search algorithm (with
s € {1,2}) converges much slowly than Lloyd algorithm for real-world datasets stemming
from image compression and consisting of low-dimensional Euclidean instances and for
mixtures of Gaussians. More precisely, they show that after 500 steps (a step is a re-
computation of the clusters in Lloyd’s algorithm and a sampling of a few possible swaps in
local search), local search is worse than Lloyd’s algorithm.

However, the emergence of multicore processors calls for a new study. Indeed, it is
fairly easy to boost the performances of local search using multi-threading. Whereas, be-
cause of its sequential nature, it seems hard to take advantage of multicore processors to
improve the running time of Lloyd algorithm. Note that we only consider multicore pro-
cessors; Researchers have recently come up with variants of Lloyd algorithm for GPUs and
MapReduce environments, see [23] for example.

Technical Aspects

We implemented the Algorithms in C++ and Python. The C++ compiler is g++ 4.6.3.
At each step, the neighborhood of the current solution was explored in parallel: 8 threads
were created by a Python script and each of them correspond to a C++ subprocess that
explores a 1/8 fraction of the space of the neighboring solutions. The best neighboring
solution found by the 8 threads was taken for the next step. For Lloyd’s algorithm we use
the C++ implementation by Kanungo et al. [112] available online [113].

The LP for the linear program was generated via a Python script and solved using the
solver CPLEX [1].

The synthetic data was generated via a Python script using the numpy library [176].

The machines used for the experiments have a processor Intel (R) Core (TM)
173770 CPU, 3.40GHz with four cores and a total virtual memory of 8GB. The sys-
tem is Ubuntu 12.04.5 LTS.

6.2 Experimental Results

We focus on the k-means objective and we consider real-world and random instances with
ground truth clustering and study under which conditions the value of the solution induced
by the ground truth clustering is close to the value of the optimal clustering with respect to
the k-means objective.
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We approximate the optimal value of the £-means objective using the fractional solution
of a standard LP relaxation for the problem (see Algorithm 9). It thus provides a lower
bound on the value of the optimal solution. We also obtain an upper bound on the optimal
value by running our local search algorithm (Algorithm 2) with s = 1 and until it reaches a
local optimum. The average ratio between our upper and lower bounds is 1.15. Therefore,
we can estimate the average optimal value within a 1.15 factor. we make use of this estimate
in the following sections to compute the S-distribution-stability of the instance. Note that
the variance for the value of the optimal fractional solution we observe is less than 0.5% of
the value of the optimal solution. Therefore, our estimate of [ is quite accurate.

Algorithm 9 Linear relaxation for the £-means problem.
Input: A set of clients A, a set of candidates centers F', a number of centers k, a distance

function dist.
min > Y ay, - dist(a, b)’

acA beF
subject to,
Dverh Sk
Va e A, DwerTap = 1
Yae A, Ybe F, Yo = Tap
Vae A, Ybe F, Tap = 0

6.2.1 Real Data

In this section, we focus on four classic real-world datasets with ground truth clustering:
abalone, digits, iris, and movement_libras. abalone, iris, and move-
ment_libras have been used in various works (see [68, 76, 84, 85, 172] for example)
and are available online at the UCI Machine learning repository [130].

The abalone dataset consists of 8 physical characteristics of all the individuals of a
population of abalones. Each abalone corresponds to a point in a 8-dimensional Euclidean
space. The ground truth clustering consists in partitioning the points according to the age
of the abalones.

The digits dataset consists of 8px-by-8px images of handwritten digits from the
standard machine learning library scikit-learn [153]. Each image is associated to a point
in a 64-dimensional Euclidean space where each pixel corresponds to a coordinate. The
ground truth clustering consists in partitioning the points according to the number depicted
in their corresponding images.

The iris dataset consists of the sepal and petal lengths and widths of all the indi-
viduals of a population of iris plant containing 3 different types of iris plant. Each plant
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is associated to a point in 4-dimensional Euclidean space. The ground truth clustering
consists in partitioning the points according to the type of iris plant of the corresponding
individual.

The Movement _1ibras dataset consists of a set of instances of 15 hand movements
in LIBRAS!. Each instance is a curve that is mapped in a representation with 90 numeric
values representing the coordinates of the movements. The ground truth clustering consists
in partitioning the points according to the type of the movement they correspond to.

Properties Abalone | Digits Iris | Movement_libras
Number of points 636 1000 150 360
Number of clusters 28 10 3 15
Value of ground truth clustering 169.19 | 938817.0 96.1 780.96
Value of fractional relaxation 4.47 | 855567.0 | 83.96 366.34
Value of Algorithm 2 (s = 1) 4.53 | 855567.0 83.96 369.65
% of pts correct. class. by Alg. 2 (s = 1) 17 76.2 90 39
B-stability 1.27e-06 0.0676 | 0.2185 0.0065

Table 6.1: Properties of the real-world instances with ground truth clustering.

Table 6.1 shows the properties of the four instances.

For the Abalone and Movement 1ibras instances, the values of an optimal solu-
tion is much smaller than the value of the ground truth clustering. Thus, since local search
optimizes with respect to the k-means objective, the clustering output by local search is
far from the ground truth clustering for those instances: the percentage of points correctly
classified by Algorithm 2 is at most 17% for the Abalone instance and at most 39% for
the Movement_libras instance. For the Digits and Iris instances the value of the
ground truth clustering is at most 1.15 times the optimal value. In those cases, the number
of points correctly classified is much higher: 90% for the Iris instance and 76.2% for the
Digits instance.

The experiments also show that the 3-distribution-stability condition is satisfied for 5 >
0.06 for the Digits, Iris and Movement _libras instances. This shows that the -
distribution-stability condition captures the structure of some famous real-world instances
for which the k-means objective is meaningful for finding the optimal clusters. We thus
make the following observations.

Observation 6.1. If the value of the ground truth clustering is at most 1.15 times the value
of the optimal solution, then the instance is $-distribution-stable for 5 > 0.06.

The experiments show that Algorithm 2 with neighborhood size 1 (s = 1) is very
efficient for all those instances since it returns a solution whose value is within 2% of the

ILIBRAS is the official Brazilian sign language
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optimal solution for the Abalone instance and a within 0.002% for the other instances.
Note that the running time of Algorithm 2 with s = 1 is O(k - n/e) (using a set of O(n)
candidate centers) and less than 15 minutes for all the instances. We make the following
observation.

Observation 6.2. If the value of the ground truth clustering is at most 1.15 times the value
of the optimal solution, then local search with neighborhood of size 1 computes a clustering
that agrees with the ground truth clustering on more than 75% of the points.

Finally, observe that for those instances the value of an optimal solution to the frac-
tional relaxation of the linear program is very close to the optimal value of an optimal
integral solution (since the cost of the integral solution is smaller than the cost returned by
Algorithm 2). This suggests that the fractional relaxation (Algorithm 9) might have a small
integrality gap for real-world instances.

6.2.2 Data generated from a mixture of £ Gaussians

We generate d-dimensional instances consisting of 1000 points generated from a mixture of
k Gaussians with the same variance o, for d € {5, 10,50} and k € {5, 50, 100}. We generate
100 instances for each possible choice of the parameters. The means of the £ Gaussians
are chosen uniformly and independently at random in Q¢. The ground truth clustering is
the family of sets of points generated by the same Gaussian. We compare the value of the
ground truth clustering to the optimal value clustering.

The results are presented in Figures 6.1 and 6.2. We observe that when the variance o
is large, the ratio between the average value of the ground truth clustering and the average
value of the optimal clustering becomes more important. Indeed, the ground truth clus-
ters start to overlap, allowing to improve the objective value by defining slightly different
clusters.Therefore, the use of the k-means problem as a model is not suitable anymore for
recovering the ground truth. In those cases, since local search optimizes the solution with
respect to the current cost, the clustering output by local search is very different from the
ground truth clustering.

We thus identify instances for which the k£-means objective is meaningful and so, local
search is a relevant heuristic.

Definition 6.1. We say that a variance ¢ is relevant if, for the k-means instances generated
with variance ¢ the ratio between the average value of the ground truth clustering and the
optimal clustering is less than 1.05.

We summarize in Table 6.2 the relevant variances observed.

Local search is a suitable approach for the instances generated by a relevant variance
only. In Chapter 4, we showed that local search has strong performance guarantees for 3-
distribution-stable instances (i.e., returns a (1 + £) approximation in time n®¢ ")), We
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Figure 6.1: The ratio of the average k-means cost induced by the means over the average
optimal cost vs the variance for 2-dimensional instances generated from a mixture of k
Gaussians (k € {5,50,100}). We observe that the k-means objective becomes “relevant”
(i.e., is less than 1.05 times the optimal value) for finding the clustering induced by Gaus-
sians when the variance is less than 0.1 for £ = 5, less than 0.02 when k& = 50, and less
than 0.0005 when k£ = 100.

thus turn to the [-distribution-stability condition and ask whether the instances generated
from a relevant variance satisfy this condition for constant values of 5. We remark that 5
can take arbitrarily small values.

We thus identify relevant variances (see Table 6.2) for each pair k, d, such that optimiz-
ing the k-means objective in a d-dimensional instances generated from a relevant variance
corresponds to finding the underlying clusters.
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Values of £ . 50 100
Number of dimensions
2 < 0.05 < 0.002 | < 0.0005
10 <15 <1 < 0.5
50 < 1000000.0 | < 100 <7

Table 6.2: Relevant variances for k € {5, 50,100} and d € {2, 10, 50}.

On stability conditions. We now study the -distribution-stability condition for random
instances generated from a mixture of £ Gaussians. The results are depicted in Figures 6.4
and 6.3.

We observe that for random instances that are not generated from a relevant variance,
the instances are (3-distribution-stable for very small values of 3 (e.g., 5 < le — 07). We
also make the following observation.

Observation 6.3. Instances generated using relevant variances satisfy the (3-distribution-
stability condition for > 0.001.

6.2.3 Experimental Analysis of Local Search on Mixtures of Gaus-
sians

In this section we present the results of our experiments on local search for inputs consisting
of 1000 points drawn from a mixture of & Gaussians (1000/k points drawn from each
Gaussian) in d-dimensional Euclidean space, for k € {5, 50,100} and d € {2,10,50}. We
focus on instances generated from relevant variances. 100 instances were created for each
choice of the parameters.

The study of Kanungo et al [112] showed that the drawback of local search is its rate of
convergence to the local optimum. We follow the study of [112]: we compare the value of
the solution output by Algorithm 2 to the solution output by Lloyd’s algorithm. We perform
2000000 iterations of the main loop of Lloyd’s algorithm for d = 2, 200000 iterations for
d = 10 and 20000 iterations for d = 50. The computation time induced by this number
of iterations is depicted in Figure 6.3. We allow the same amount of computation time to
Algorithm 2. The corresponding number of iterations of the main loop of Algorithm 2 are
presented in Table 6.3. We observe that for £ = 5, it is enough time for Algorithm 2 to
reach a local optimum. Otherwise, none of the two algorithms reaches a local optimum in
the amount of computation time we allowed.

The results are presented in Figures 6.6, and 6.5. We obtain similar results for d = 50.
We make the following observations.

Observation 6.4. The approximation ratio of local search is a monotonic increasing func-
tion of the variance used to generate the instance.
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Figure 6.2: The ratio of the average k-means cost induced by the means over the average
optimal cost vs the variance for 10-dimensional instances generated from a mixture of k
Gaussians (k € {5,50,100}). We observe that the k-means objective becomes “relevant”
(i.e., is less than 1.05 times the optimal value) for finding the clustering induced by Gaus-
sians when the variance is less than 0.1 for £ = 5, less than 0.02 when k& = 50, and less
than 0.0005 when k£ = 100.

In other words, we observe that the smaller the variance, the better the approximation
of local search is.

More formally, define costyoyq to be the average cost of a solution returned by Lloyd’s
algorithm and cost; s the cost of a solution returned by Algorithm 2. On average, costyoyd
’s algorithm returns solutions of cost less than than Algorithm 2 for high values of o but
often end up in a bad local optimum for small values of ¢ and high values of k. On the



104 Chapter 6. Implementations and Experiments
102 100
101 101}
100 10-2¢
© ©
© 101 © 10-3
Q0
10-2 104}
10-3 105}
-4 -6
1010-2 101 100 101 102 103 1010-2 101 100 101 102
covariance covariance
(a) k =5,d=10. (b) kK =50, d = 10.
100
10-1L
]_0—2 L
8
(0]
Ko}
]_0—3 L
]_0—4 L
-5 ‘ ‘
1010-2 101 100 101
covariance

(c) k=100, d = 10.

Figure 6.3: The average minimum value of /3 for which the instance is S-distribution-stable
vs the variance for 10-dimensional instances generated from a mixture of k& Gaussians
(k € {5,50,100}). We observe that for relevant variances, the value of /3 is greater than

0.

001.

comparison with Lloyd’s algorithm, we make the following observations.

Observation 6.5. On average, for k = {50,100}, and d = 2,

o Iforqy>0>=0.001%044

COSt 1oy < COStrg < 2.5C0Sl1gyq-

o IfO' < 0.001 = Ok,d

2costrs < coStrioyg < 20costys.
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k Average Comput. time (in sec.) | | k Average Number of Iterations
k=5 2.82 k=5 9.59
k =50 17.43 k =50 12.45
k = 100 35.80 k = 100 9.18

Table 6.3: On the left, the computation time corresponding to the 2000000 iterations of
the main loop of Lloyd’s algorithm for 2-dimensional inputs. On the right, the number
of iterations of the main loop of Algorithm 2 for the same computation time than Lloyd’s
algorithm (for 2-dimensional input).

For d = 10, we observe the following.
Observation 6.6. On average, for k = {50,100}, and d = 10,

o Ifoyq> 0 = 0.000050

COStLjoya < COSILs < 2.5COSM 1034

o Ifo < 0.00005 o 4

ocostys < costrgyg < 10000cost;s.

We also observe a similar phenomenon, with slightly different bounds, for d = 10 and
d = 50.

6.3 Interpretation

We now provide possible interpretations of our observations. Combining Observations 6.1, 6.2,
and 6.3 we make the following conjecture.

Conjecture 6.1. For real-world and random instances, if any nearly-optimal solution to
the k-means objective induces a good classification of the data (i.e., more than 75% of the
points are correctly classified), then the instance satisfies the [(3-distribution-stability for

£ > 0.05.

Assuming this conjecture and combining it with the following theorem proven in Chap-
ter 4 we have that local search computes the ground truth clustering in those cases.

Theorem 1.5. There exists a constant ¢ such that the following holds. Let f > 0 and

e < 1/2. For any (-stable instance, the solution output by local search with parameter
s = ce 3371 (Algorithm 2) has cost at most (1 + ) OPT.
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The global message of this chapter is the following.

If the use of the k-means objective is appropriate for finding the underlying clustering,
then local search is a good heuristic to use.

We remark that this Conjecture 6.1 is formally provable or disprovable for the random
input cases. More concretely, we ask whether the conjecture holds for inputs drawn from a
mixture of Gaussians (with variance o) and 3 being some function of o, k&, and n.

On Lloyd’s algorithm. Finally, Observation 6.5 states that Lloyd’s algorithm is slightly
better than Algorithm 2 for high values of o but can be very bad for small values of o and
high values of k. We propose the the following explanation to this surprising behavior.
When the variance is small, the cost of not opening a center close to a mean is very ex-
pensive. Thus, local search quickly locates a center near each mean since this significantly
improves the cost of the solution. However, if £ is large, Lloyd’s algorithm might still
merge two clusters into a single cluster. Since there is no objective function to guide the
algorithm, Lloyd’s algorithm might not end up assigning a center close to each mean. This
leads Lloyd’s algorithm to find poor solutions in those cases.

Practical vs theoretical bounds. Observation 6.4 states that, for instances generated
from a mixture of Gaussians, the approximation ratio of local search with s = 1 is a
monotonic increasing function of the variance. The approximation ratio we observe after
a few iterations of the main loop is less than 4. From Observation 6.3, we have that the
instances considered are (-distribution-stable for 0.001 < 8 < 1. Thus, the approximation
ratio is less than the theoretical bounds we proved in Chapter 4 (1 + ¢)-approximation for
s = O(e73671)). We thus make the following conjecture.

Conjecture 6.2. The analysis of local search for [3-distribution-stable or random instances
can be tightened.
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CHAPTER /

Introduction to Network Design

Network design problems arise in a broad range of contexts, from connecting people at the
surface of the earth to connecting electronic components on a printed circuit board. They
often entail hard and specific constraints that ensure some level of quality-of-service for
the application. In this thesis, we see a network design problem as the problem of building
a graph satisfying some specified constraints.

Among the numerous network design problems, some of them are of more general in-
terest because of their tremendous number of applications or because their study has led
to the development of new algorithmic techniques over the years. This is for example the
case for the traveling salesman problem which received a considerable amount of attention
since at least the 1940s and the work of Tutte [174] and Dantzig et al. [64] and until very
recently (see e.g., [170]). This problem has led to (1) new approaches to design approx-
imation algorithms (see e.g., the results of Arora [9] and Mitchell [144] in the Euclidean
setting) and (2) the design of benchmarks of real-world and random instances to compare
the different heuristics used in practice (see e.g., [109]).

From a theoretical perspective, network design problems are often hard to approximate
when dealing with general instances. Thus, people have looked at more restricted instances.
For example, metrics induced by a graph embeddable on a surface of small genus or points
lying in a Euclidean space of small dimension represent a significant fraction of the in-
stances addressed in practice?.

In this part, we study network connectivity type problems on d-dimensional Euclidean
space and graphs embedded on a surface of small genus. We consider the traveling sales-
man problem (TSP) and the Steiner tree problem (STP) in the Euclidean setting and the
connected dominating set problem together with several related problems in the context of
planar graphs and more generally graphs embedded on a surface of small genus.

There is also a variety of practical instances that cannot be modeled by a graph embeddable on a surface
of small genus, e.g., instances stemming from computer networks.
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Random TSP and Steiner tree. For the traveling salesman problem, the gap between
theory and practice is significant. Indeed, the performances of several heuristics used in
practice on real-world and random instances have been thoroughly analyzed during the
TSP challenge organized by DIMACS [70] 15 years ago. However, quite surprisingly,
the PTAS designed by Arora et al. [12] and Mitchell [144] is absent from the challenge'.
Quoting Johnson and McGeoch [109]:

“These heuristics, despite their impressive theoretical guarantees, have signifi-
cant drawbacks compared to the competition we shall be describing. Because
of the perturbation of the instances that they initially perform, the versions of
the heuristics guaranteeing 1 + € worst-case ratios are likely to be off by a sig-
nificant fraction of e even in the average case. Thus, to be competitive with
heuristics that typically get within 1 or 2 percent of optimum in practice, one
probably must choose € < 0.05. This is likely to make the running times pro-
hibitive, given the large constant factor overheads involved and the fact that
the running times are exponential in 1/¢. It would be interesting to verify that
this is indeed the case, but as of this date we know of no attempt at a serious
implementation of any of the schemes.”

The very strong performances achieved by the heuristics, like 2-OPT, 3-OPT, Lin-
Kernighan or nearest neighbors, suggest a theoretical analysis of local search approaches.

Connectivity and Domination Problem in Planar Graphs. There is a long history of
research on approximation algorithms for combinatorial optimization problems in graphs
embedded on a surface of small genus. Three approaches yield most polynomial-time
approximation schemes known for planar graphs: Baker’s method [24], approximation via
bidimensionality (Demaine and Hajiaghayi) [66], and a framework of Klein [117, 118],
sometimes called brick decomposition. However, those approaches seem hard to extend to
some important network design problems.

For example, in the case of the weighted connected dominating set problem, the non-
local structure of the problem together with the domination requirement and the vertex
weights make it hard to handle with the standard techniques mentioned above (this is further
discussed in Chapter 9). We will derive a new separator whose properties allow us to
develop a new algorithmic framework for various weighted network design problems in
planar graphs.

'Despite the fact that a substantial parts of the instances consisted of points lying in a 2-dimensional
Euclidean space.
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Contributions and Techniques

Tight Result for Random TSP in Euclidean Space. We consider the following standard
local search algorithm for TSP and the Steiner tree problem, Algorithm 10. This is one of
the local search algorithms that were studied during the DIMACS challenge.

Algorithm 10 Local search for TSP or the Steiner tree problem

1: Input: A set C of points in the a R%.

2: S <« Arbitrary feasible solution! (set of edges for TSP, set of Steiner points for the
Steiner tree problem).

3: while 3 5" s.t. S’ is feasible and |S — 5’| + |S" — S| < s and cost(S") < (1 — 1/n)
cost(S)

4: do

5: S5

6: Output: S

For TSP, we start with the worst-case scenario. We give a family of examples where
for any constant value of s, there exists an example such that the solution output by Algo-
rithm 10 has cost more than (2 — €)OPT'. This bounds is very far from what is observed
in practice. Thus, we try to explain the success of the local search approach by analyzing
its performance on random inputs. We assume that the input points are random uniform in
[0, 1]?. We show the following theorem.

Theorem 7.1 (Random Euclidean Instances for TSP and Steiner tree — Chapter 8). Con-
sider a set of points chosen independently and uniformly in [0, 1]%. There exists a constant
c such that Algorithm 10 with s = ¢/ %=V produces:

o In the case of the Traveling Salesman problem, a tour of length at most (1 + €)OPT;
e [n the case of the Steiner Tree problem, a tree whose length is at most (1 + ¢)OPT;
with probability 1.

The techniques are very intuitive. We rely on the existence of a recursive dissection of
the space, based on cheap separators by Karp [114]. This leads to an upper bound on the
length of the tour output by the algorithm of OPT + en(¢~1/? (Theorem 8.1). Classical
results on random TSP and the Steiner tree problem show that in the random scenario
OPT/n(4=V/? — 3 as n tends to infinity for some absolute constant 3 with probability 1.
Theorem 7.1 follows directly by combining those observations.
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A New Framework for Graphs of Bounded Genus: Ubiquity. We present a new
approach that yields approximation schemes for some weighted, non-local problems for
which no PTAS was previously known in graphs of bounded genus: connected dominat-
ing set, connected vertex cover, feedback vertex set, tree cover, tour cover, spanning tree
maximizing the weight of leaves, and other problems.

A solution to any of those problems consists either of a subgraph or of a set of edges
and/or vertices. In the latter case, the solution can be equivalently expressed by the sub-
graph induced by that set. We proceed at a more abstract level and define a family of
problems that can be solved by our technique.

Definition 7.2. Let t be an integer. We say a graph problem is t-ubiquitous (or simply
ubiquitous) if, for every input graph G and every feasible solution S, S is connected and
G/S has treewidth at most t.

Let g be a positive integer, considered a constant for the purpose of stating running
times in our main theorem, which is as follows:

Theorem 7.3 (Ubiquity Framework — Chapter 9, Section 9.1). Let P be a minimization
problem on edge- and vertex-weighted graphs with genus at most g, such that contracting
an edge of an input graph can only reduce the optimal value, and there exist

1. An O(1)-approximation: For some constant t, P is t-ubiquitous, and there is a
polynomial-time algorithm that, given an input G for P, outputs an a-approximation'
for P, for some constant a.

2. A Dynamic program: There is a 2°®) poly(n) algorithm to find an optimal or 1 + -
approximate solution to instances of P with branchwidth at most .

3. A Lifting: There is a constant 3 and a polynomial-time algorithm that, given a graph
G and a subgraph K, and given a solution S to problem P for input G /K, outputs a
solution for G of weight at most w(S) + - w(K).

Then there is a polynomial-time approximation scheme for P.

This theorem is a consequence of a slightly more general version in which Condition 1
is replaced with:
Condition 1'. There are constants « > 1 and ¢ and a polynomial-time algorithm that, given
an input G for P, outputs a connected subgraph B such that B has weight at most « times
the optimal value for GG, and G/ B has treewidth at most ¢. A bound on the length of B with
respect to OPT is needed, not B being a solution to the problem.

The key ingredient to prove Theorem 7.3 is the following “well-structured” separator
theorem for graphs of bounded genus. Here the mass ensures that the separator has some
balance property.

IThis is a variation to what Demaine and Hajiaghayi call a “backbone” in the bidimensional approach [66].
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Theorem 7.4 (Separator Theorem — Chapter 8, Section 9.1). Let b and k be integers. Let
G = (V, E) be a planar graph, and H denote a connected subgraph of G such that G/H
has branchwidth at most b — 1. Let wy and wg be functions assigning nonnegative weights
to, respectively, the vertices and the edges of G.

Let G = (f/, E) be the union of G and its face-vertex incidence graph. Suppose the
vertices and faces of G have been assigned nonnegative masses, summing to M, with no
face or vertex having mass more than M /2.

Then G has a cycle C, which may repeat vertices and edges but does not cross itself
and has no spurs, such that:

o (' is a balanced separator: the mass of the vertices of G strictly inside (resp., strictly
outside) C' is at most 3M /4;

o C is mostly a light piece of H: there exists a set V' of O(bk) vertices of G, and
a set E' of O(bk) edges of G, such that C\(E' v V') is a subgraph of H and
wy (V(C\V') + we(E(C)\E'") < W/k, where W is the total weight of the ver-

tices and edges in H.
Moreover, C, V', and E' can be computed in time O(k*n).

The proof of Theorem 7.3 in a nutshell is as follows. Applying this theorem recursively
on the graph yields a subgraph S' of small edge- and vertex-weight. Then, we show that
contracting this subgraph results in a new graph G’ of small treewidth in which dynamic
programming can be used to find a solution. Finally, since S is of small weight, extending
the solution obtained for G’ by adding S yields a solution of small cost for GG. Finally, we
show how to handle the case of graphs of bounded genus by finding a planarizing subgraph
to finally apply Theorem 7.4.

More concretely, the results obtain by thanks to our new framework are displayed in
Table 7.1.

State-of-the-Art

TSP and Steiner Tree. The TSP problem has a long history. A folklore 3/2-approximation
algorithm has been known from a long time (formally stated by Christofides [58] in 1976
as a step of his algorithm).

In this thesis, we focus on Euclidean metrics. TSP in Euclidean plane has also been
extensively studied, including work on local search [62, 131, 132]. In the 90s, Arora [9]
and Mitchell [144], independently gave the first approximation schemes for TSP and the
Steiner tree problem in Euclidean space of fixed dimension. Their algorithms rely on a
hierarchical dissection technique and so, on the existence of well-structured separators.
This work was subsequently improved [10, 156]. However, the idea of using separators
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Table 7.1: Summary of our results. All the problems are APX-hard in general graphs
and the approximation ratios of the Weighted Dominating Set, the Vertex-Weighted Con-
nected Vertex Cover and the Vertex-Weighted Connected Dominating Set problems are
Q(log(n)) for general graphs assuming P # NP. All the problems are NP-hard in planar
graphs. Previous to our work, polynomial-time approximation schemes were known [66]
for the unweighted versions of these problems in planar graphs, and “almost-PTASs” were
known for bounded-genus graphs. For each of the weighted versions, the best approxima-
tion known before our work was the approximation for general graphs. We obtain PTASs
for bounded-genus weighted graphs, except for feedback vertex set, where the algorithm is
restricted to weighted planar graphs.

Problem General Weights

Prev. (for general graphs) | New
(Edge-weights) Tree Cover 2 [149] 1+e¢
(Edge-weights) Tour Cover 3 [124] 1+e¢
(Vertex-weights) Connected Dominating Set O(log(n)) [96] 1+¢
(Vertex-weights) Maximum Leaf Spanning Tree | O(log(n)) [96] 1+e¢
(Vertex-weights) Connected Vertex Cover O(log(n)) [90] 1+¢
(Vertex-weights) Feedback Vertex Set 2[22] 1+¢

to apply dynamic programming date back to Karp [114] in 1977. Indeed, Karp gave a
simple algorithm that computes a near-optimal tour when points are drawn from a random
distribution.

The relationship between separator and local search was already around in the 90s.
Arora noted the relation between hierarchical dissections and local search, observing:

Local-exchange algorithms for the TSP work by identifying possible edge ex-
changes in the current tour that lower the cost [... ].Our dynamic program-
ming algorithm can be restated as a slightly more inefficient backtracking
[...]. Thus it resembles k-OPT for k = O(c), except that cost-increasing
exchanges have to be allowed in order to undo bad guesses. Maybe it is closer
in spirit to more ad-hoc heuristics such as genetic algorithms, which do allow
cost-increasing exchanges.

In fact, even with neighborhoods of size f (), even in the Euclidean plane, local search
for TSP can get stuck in a local optimum whose value is far from the global optimum (See
Figure 8.2). However, in the case of random inputs the intuition is correct. Local search
algorithms have been widely studied for TSP, but mostly for either a local neighborhood
limited to size of 2 or 3 (the so called 2-OPT or 3-OPT algorithms), or for the general
metric case. Those studies lead to proofs of constant factor approximations, see [51, 108,
132, 141, 166]. In particular, in [51], it is proved (by example) that for Euclidean TSP
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2-OPT cannot be a constant-factor approximation in the worst case. For the Steiner Tree
problem, the best approximation algorithm up to 2010 was a constant factor approximation
due to Robins and Zelikovsky and was by local search [164].

Network Design in Graphs Embedded of Bounded Genus. As mentioned earlier, we
distinguish three main approaches to obtain approximation schemes on planar graphs:
Baker’s method [24], approximation via bidimensionality (Demaine and Hajiaghayi) [66],
and a framework of Klein [117, 118]. Note that the two former methods have been gen-
eralized to graphs excluding a fixed minor. Some recent results show that the later can be
extended to graphs of bounded genus [42].

Each of these methods has its limitations. Baker’s method only addresses problems that
are local in character, e.g., min-weight vertex cover and dominating set. Bidimensional-
ity is only defined for problems without weights, and this approach only yields approxi-
mation schemes for such problems, though it does address very non-local problems such
as feedback vertex set and connected dominating set. The framework of [117, 118] has
been used for a variety of weighted, non-local problems; it has yielded, for example, a
linear-time approximation scheme for traveling salesman, near-linear-time approximation
schemes for Steiner tree and generalizations, and polynomial-time approximation schemes
for cut problems such as multiway cut and graph bisection. However, for each problem
addressed, it requires a kind of sparsification that approximately preserves optimality; for
some problems, and in particular the connected dominating set problem, obtaining such a
sparsification seems difficult.
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CHAPTER §

Local Search for Random Traveling Salesman
and Steiner Tree

This chapter is dedicated to the proof of Theorem 7.1.

Theorem 7.1. Consider a set of points chosen independently and uniformly in [0,1]%
There exists a constant c such that Algorithm 10 with s = ¢/e¥=Y) produces:

e [In the case of the Traveling Salesman problem, a tour of length at most (1 + €)OPT.
e [n the case of the Steiner Tree problem, a tree whose length is at most (1 + €)OPT.

We recall the local search algorithm we are considering in this chapter.

Algorithm 10 Local search for TSP or the Steiner tree problem

1: Input: A set C of points in the a R?.

2: S « Arbitrary feasible solution® (set of edges for TSP, set of Steiner points for the
Steiner tree problem).

3: while 3 5" s.t. S’ is feasible and |S — 5’| + |S" — S| < s and cost(S") < (1 — 1/n)
cost(.S)

4: do

5: S« 9

6: Output: S

As mentioned in the introduction, the proof of Theorem 7.1 relies on a worst-case
analysis of the output of Algorithm 10 that is summarized by the following theorem.

Theorem 8.1. Consider an arbitrary set of points in [0, 1]%. There exists a constant ¢ such
that Algorithm 10 with s = c/? produces:



124 Chapter 8. Local Search for Random Traveling Salesman and Steiner Tree

e In the case of the Traveling Salesman problem, a tour whose length is at most (1 +
)Topr + en'4=Y/ where Typr is the length of the optimal solution.

e In the case of the Steiner Tree problem, a tree whose length is at most (1 + )Topr +
enl4=V/ \where Topr is the length of the optimal solution.

We model a random distribution of points in a region P of the d-dimensional Euclidean
space by a d-dimensional Poisson distribution II,, (7). This is a standard model that has
been extensively studied until recently (see e.g., [88]) since Beardwood et al. [31]. The
distribution I1,,(P) is determined by the following assumptions:

1. the numbers of points occurring in two or more disjoint sub-regions are distributed
independently of each other;

2. the expected number of points in a region A is nv(A) where v(A) is the area of A;
and

3. as v(A) tends to zero, the probability of more than one point occurring in A tends to
zero faster than v(A).

From these assumptions it follows that Pr[A contains exactly m points] = e *A™/m)/,
where \ = nv(A).
The following result is known.

Theorem 8.2. [31] Let P be a set of n points distributed according to a d-dimensional
Poisson distribution I1,,(P) in [0, 1]¢ and let TSP,,(P) and ST, (P) be the random variables
that denote the value of the optimal solution to TSP and the value of the optimal solution
to STP where the inputs are the points in ‘P respectively. There exists positive constants
Brsp, Bsr (independent of P) such that TSP, (P)/nV/ — Brep and ST, (P)/nld—1/d -
Bst with probability 1.

Assuming Theorem 8.1 Theorem 7.1 follows easily.

Proof of Theorem 7.1. Consider the case of TSP. Let L be the tour produced by Algorithm
10 and 7opr be the optimal tour. Combining, Theorems 8.2 and 8.1 implies that there exists
a constant (3 such that

cost(L) < cost(Topr) + & - n' V4 < (1 4+ B’ - €)cost(Topr),

with probability 1. The exact same reasoning applies to prove the Steiner Tree case. Theo-
rem 7.1 follows by rescaling ¢. U

The rest of the chapter is dedicated to the proof of Theorem 8.1. For ease of exposition,
we give the proof for the case of the plane and show how to handle d-dimensional Euclidean
space for fixed d. To this aim, we define a recursive dissection of the unit square according
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Tours Tsp and L' Tours Lygp and L'

Rl |
C/'\/_‘/ |:’_l_

7 L ——

Figure 8.1: The solid black segments form the tour Lrsp outside b. The dotted line segments
are the tour Trgp inside b. The red segments are the one needed to connect the two tours.

to a set of points P. At each step we cut the longer side of each rectangle produced by the
previous step in such a way that each of the two parts contains half the points of P that lie
in the rectangle. The process stops when each rectangle contains ©(1/2%) points of P. We
now consider the final rectangles and we refer to them as boxes. Let I3 be the set of boxes.

Lemma 8.3 ([114]). . |0b| = O(e+/n), where |0b| is the perimeter of box b.
beB

For any set of segments S and box b and for each segment s, let s, be the part of s that
lies inside b. We define in(S,b) := {s;, | s € S and s has at least one endpoint in b} and
Cross(S,b) := {s, | s € S and s has no endpoint in b}. Moreover we define out(S,b) :=
{sy | s € Sand b +# 0'}. Additionally, let S(b) = >} _length(s;).

We can now prove the two following structural Lemmas. See Fig. 8.1 for an illustration
of the proof.

Lemma 8.4. Let Lgy be a locally optimal solution to the Steiner Tree problem and let Ty
be any Steiner Tree. Let B be a set of boxes produced by a dissection of P v Lgr U Tyr.
Using the same notation for a set of segments and their total length, we then have for any
boxbe BB

(1 — O(?)) Lsr(b) < in(Tsz,b) + |0b] + Lsr/n,

where |0b| is the perimeter of b.

Proof. For each box b, the segments of Cross(Lst, b) can be distributed into 6 different
classes according to which side of b they intersect.

We divide further. Since the segments of a class are pairwise disjoint, there is a natural
ordering of the segments inside each class. For each class that contains more than 1/&2
segments, we partition them into subsets that contain ©(1/¢?) consecutive segments (in the
natural order of the class). We define a sub-box for each subset of each class as follows.
Let s and s’ be the two extreme segments of the set in the ordering of the class. The sides
of the sub-box associated to this subset consists of s and s’ and the two shortest paths p, p’
along the sides of b that connects the endpoints of s and s'.
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Remark that the sum of the lengths of the sides of all the sub-boxes is at most |Jb| +
O(e?Lgr(b)). For each sub-box by, let I’ be the set of vertices of Lgr that are outside by,
plus the set of vertices of Tst that are inside by, plus the set of the intersection points of the
edges of Lgt and Tsr with the sides of by. Thus, L' < out(Lsr, by) + in(Tst,bo) + |Obo].
Moreover, we have |Lsy /A L'| = O(1/£?) and the local near-optimality argument applies.
Namely, we obtain that (1 — 1/n)Lsy < L', and so

—1/n - Lst + in(Lst, by) + Cross(Lst, by) < in(Tsr, by) + |Obol-
We now sum over all sub-boxes of box b and we obtain
Lgst(b) = in(Lsr, bg) + Cross(Lst, by) < in(Tsr,b) + |0b| + O(e*Lsr(b)) + Lst/n.
O

Lemma 8.5. Let Lysp be a locally optimal solution to the Traveling Salesman problem and
let Trsp be any tour. Let B be a set of boxes produced by a dissection of P. Using the same
notation for a set of segments and their total length, we then have for any box b € B

(1 — 0(62))LTSp(b> < in(TTSp7 b) + 3|§b|/2 + LTSP/TL,
where |0b| is the perimeter of b.

Proof. We again further divide the boxes into sub-boxes as we did for Lemma 8.4. For each
sub-box by, we define a tour L obtained by a traversal of the following Eulerian graph. The
graph vertices are P, plus the corners of dby, plus all points of intersection of Lrsp and Trsp
with 0by. The edges are the segments of out(Lrsp, by), plus the segments of in(7rsp, by),
plus 0by (so that the result is connected), plus a minimum length matching of the odd
vertices of dby (so that the result is Eulerian). Thus, L' < out(Lrsp, by) + in(Trsp, bo) +
3|0bo|/2.

Since the number of edges of L intersecting by is O(1/?) and the number of edges
in in(Trsp, bo) is O(1/e%), we have |Lysp A L'| = O(1/¢?) and the local near-optimality
argument applies. Namely, we obtain (1 — 1/n)Lrsp < L/, and so

—1/n - Lrsp + in(Lrsp, by) + Cross(Lrsp, by) < in(Trsp, bo) + 3|0bo|/2.
We now sum over all sub-boxes of box b and we obtain
L1sp(b) = in(Lrsp, b) + Cross(Lrsp, b) < in(Trsp, b) + 3|0b|/2 + O(e*Lrsp(b)) + Lrsp/n.
O]

We can now prove Theorem 8.1.



127

Proof of Theorem 8.1. We first consider the Traveling Salesman case. Let Lrtsp be a tour
produced by Algorithm 10 and Trsp be any tour. Lemma 8.5 implies that for any box b, we
have

(]. — 0(62))LTsp(b) < iIl(TTsp7 b) + 3|6b|/2 + LTSP/TL.

Since there are O(z?n) boxes in total, by summing over all boxes, we obtain

~O(’Lrsp) + Y, Lrsp(b) = (1 = O(*)) Lsp < ) (in(Tisp, b) + 3|0b|/2)
beB beBB

3
<Tise + 5 > 1en).
beB

By Lemma 8.3, >, _;|0b| = O(e4/n) and so,
(1 — O<€2)> - Lrsp < Trsp + O(é\/ﬁ)

To prove the Steiner Tree case, it is sufficient to notice that the total number of vertices
in P U Lgr U Tsr is at most 3n. It follows that the total number of boxes is O(g?n) and
by Lemma 8.3, >, _ |0b| = O(e4/n). We apply a reasoning similar to the one for the TSP
case to conclude the proof.

]

We observe that Lemmas 8.4 and 8.5 and Theorem 8.1 hold in the worst-case since we
do not assume that the points are randomly distributed in the [0, 1]%.

Higher dimensions Karp remarks in [114] that for a d-dimensional Euclidean space,
Lemma 8.3 can be generalized to obtain a bound of O((e - n)@~1/?), The proof of Theo-
rem 8.1 for d-dimensional Euclidean space follows directly by rescaling ¢.

Tightness of the Analysis Figure 8.2 shows that there exists a set of points such that
there is a local optimum whose length is at least (2 — o(¢))cost(OPT).

1 1 1
1 1
V(2L/e+1/e?)

V(2L/g) V(2L/e)  V(2UE)

1 $
L1/ .
, ‘ lg—o—o—o—% L
mn n f—
1e €
1 L 1 1
1 1 1
11

11 1 1

Figure 8.2: The tour on the right is 1/e-locally optimal for any ¢! = o(+/L) but is (2 —
O(e)) times longer than the tour on the left.






CHAPTER 9

Computing More Structured Separators

This chapter introduces our new framework: “Ubiquity”.

We provide the proof of Theorems 7.3 and 7.4 in Section 9.1. The algorithmic applica-
tions are presented in Section 9.2.

Recall that the Ubiquity framework relies on the following definition.

Definition 7.2. Let t be an integer. We say a graph problem is t-ubiquitous (or simply
ubiquitous) if, for every input graph G and every feasible solution S, S is connected and
G/S has treewidth at most t.

The framework is summarized by the Theorem 7.3 that we recall for completeness.

Theorem 7.3. Let P be a minimization problem on edge- or vertex-weighted graphs with
genus at most g, such that contracting an edge of an input graph can only reduce the
optimal value, and there exist

1. An O(1)-approximation: For some constant t, P is t-ubiquitous, and there is a
polynomial-time algorithm that, given an input G for P, outputs an a-approximation®
for P, for some constant q.

2. A Dynamic program: There is an 2°")poly(n) algorithm to find an optimal or 1 + &-
approximate solution to instances of P with branchwidth at most b.

3. A Lifting: There is a constant 3 and a polynomial-time algorithm that, given a graph
G and a subgraph K, and given a solution S to problem P for input G /K, outputs a
solution for G of weight at most w(S) + - w(K).

Then there is a polynomial-time approximation scheme for P.

We start by giving a more detailed background together with the main motivation be-
hind this work.

2This is a variation to what Demaine and Hajiaghayi call a “backbone” in the bidimensional approach [66].
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Background. Several techniques relying on the small-separator property of graphs of
bounded genus have been developed through the years.

For the unweighted versions of the problems we consider, the bidimensionality frame-
work gives polynomial-time approximation schemes. Bidimensionality applies to a prob-
lem only if a solution is necessarily dense in the graph; in particular if for grid graphs a
solution necessarily uses a constant fraction of the edges. Bidimensionality applies only
when every element (vertex/edge) has the same weight. Thus density is measured in terms
of the value of the optimum.

Similarly, the first step of an algorithm employing the brick decomposition framework
of Klein [117, 118] is to thin the graph (using deletions or contractions) so that the total
weight of the graph is a small factor times the value of the optimum. Thus again the key is
ensuring that the optimum value is a large fraction of the weight of the graph. It remains
unknown for many optimization problems whether such a thinning step can be carried out
in polynomial time.

We therefore want to identify a property of problems for which no thinning step is
needed, like bidimensionality, but we want our property to work for problems with weights,
unlike bidimensionality. The key idea is to define the property in terms of graph structure
rather than solely in terms of the optimum value. As is often the case in recent research
in graph algorithms, “simple structure” is formalized as small treewidth or, equivalently,
small branchwidth. Several state-of-the-art algorithms use the fact that many NP-hard
graph problems can be solved quickly on graphs of small treewidth since those graphs
have very small separators and therefore dynamic programming can be used. However,
in our framework it wouldn’t help to solve the problem in the subgraph of edges not in a
solution. We make a different use of the small treewidth of the graph of edges not in the
solution; it enables us to prove the existence of a certain kind of separator structure for the
entire graph.

Planar graphs, bounded-genus graphs, and, more generally, members of a minor-closed
graph family excluding some apex graph all have the diameter-treewidth property [78]: the
treewidth of such a graph is upper-bounded by some function of its unweighted diameter.
When referring to unweighted distance in a graph, we use the term &ops to distinguish this
from measuring distance according to edge- or vertex-weights.

Fact 9.1. Suppose a graph problem restricts the input graphs to have bounded genus. Sup-
pose also that for some integer t, for every input graph G and for every feasible solution
S, S is connected and every vertex of G is within t hops of S. Then the graph problem is
O(t)-ubiquitous.

By the observation, for a problem on bounded-genus graphs to be considered ubiqui-
tous, it is enough that every solution be “everywhere” in the sense that every vertex is close
to the solution in terms of number of hops!.

'In fact, it is sufficient even if we measure number of hops in the face-vertex incidence graph (a.k.a. the
radial graph).
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Figure 9.1: On the left is a fragment of an embedded graph G. On the right is the cor-
responding fragment of (G, where we have added vertices and edges of the face-vertex
incidence graph of G.

Preliminaries and notations.

We first introduce the definitions and notations that are specific to this section. The follow-
ing definitions are illustrated in Figure 9.1. Given a connected graph G = (V, E) cellularly
embedded on a surface, the radial graph (a.k.a. the face-vertex incidence graph) of G is
the embedded graph whose vertex set includes the vertices of G and also a vertex vy for
each face f of G it contains an edge between v and vy if v is a vertex of G that is incident
to the face f of G. We define G’ = (V, E) to be the union of G and its radial graph. That
is, G contains the vertices of the radial graph and the edges of GG and of the radial graph.

In a walk in a graph G, a spur is the occurence of a single edge used twice consecutively
in oppposite directions.

A branch decomposition [171] of a graph is a maximal noncrossing collection of subsets
of edges of the graph, equivalently a rooted binary tree in which each node corresponds to
a subset of edges, and the two children of an internal node correspond to disjoint subsets
whose union corresponds to the parent. Each subset of edges in a branch decomposition
induces a subgraph of the graph, which we call a cluster of the branch decomposition. The
boundary of a cluster is the set of vertices that are incident both to edges belonging to
the cluster and edges not belonging to the cluster. The width of a cluster is the number
of boundary vertices, and the width of a branch decomposition is the maximum cluster
width. The branchwidth of a graph is the minimum width of a branch decomposition. The
branchwidth w and treewidth ¢ of a graph are related by

3

For fixed w, there is a linear-time algorithm [41] to determine if a graph has branchwidth
at most w and, if so, construct a branch decomposition of width at most w. There is
a polynomial-time algorithm [171] to find an optimal branch decomposition of a planar
graph.

A noose of an embedded graph is a Jordan curve that intersects only vertices of the
graph and not edges.

Consider a planar embedded graph G. A sphere-cut decomposition [73] of a planar
graph G is a branch decomposition in which for each cluster there is a noose that encloses
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Figure 9.2: This figure illustrates the proof of Lemma 9.2. The first diagram shows a
cluster in the original branch decomposition. Original vertices of G are represented by
solid circles, and vertices of G that represent faces of GG are represented by open circles.
The remaining diagrams show some new clusters added to form the branch decomposition
of G.

exactly the edges in the cluster. The vertices that the noose intersects are exactly the bound-
ary of the cluster. The nooses can be assumed to be mutually noncrossing.

Building on work of Seymour and Thomas [171], Dorn et al. [73] show that every
planar embedded graph has a sphere-cut decomposition whose width equals the graphs’
branchwidth.

Lemma 9.2. If G is a planar graph G of branchwidth at most w then G, the union of G
with the radial graph, has branchwidth at most 2w.

Proof. Since G has branchwidth at most w, there exists a sphere-cut decomposition 7" of
width at most w. Consider a cluster C' of 7" and the noose NV that encloses the edges of
that cluster. The noose can be represented as a cycle in G that uses only edges of the
radial graph. The noose passes through at most w vertices, so the cycle passes through

at most 2w vertices of GG. Let these vertices be vy, v, ..., g in the order in which they
appear on the cycle, where vy, vs, ..., us,_1 are original vertices of G' and vo, vy, . .., Ugg
are the vertices of G representing faces of G. To form the branch decomposition of G,
we replace the cluster C' with 2k + 1 clusters Cy, C, . . ., Cs, where C; is obtained from
C by modifying it to include the edges vyv9, vovs, ..., v;—1v;. The new cluster with the
largest boundary is C;, which has a boundary of size 2k. In addition, we add the singleton
clusters {Ul’Ug}, {’021}3}, RN {UQk_1U2k}. O

9.1 A New Framework

We present the ubiquity framework. As mentioned earlier, the framework relies on a new
separator theorem: Theorem 7.4.
Applying this theorem recursively leads to the following theorem.

Theorem 9.3 (Branchwidth Reduction Theorem). Let ¢ > 0 and b, g be two integers. There
is a polynomial-time algorithm achieving the following:

Taking as Input: Graph G of genus at most g with edge weights and/or vertex weights, a
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connected subgraph Hy of G such that Go/H has branchwidth at most b — 1.

Output: Subgraph K of Hy such that the total weight of the edges and vertices of K is at
most € times the total weight of the edges and vertices of Ho, and Gy/K has branchwidth
O(log n), where n is the number of vertices of Gy.

1

The branchwidth depends linearly on b and ™", and polynomially on g. Assuming

Theorem 9.3, the proof of Theorem 7.3 is easy.

Proof of Theorem 7.3 (Ubiquity Framework). Here is the algorithm.

Algorithm 11 Meta-Algorithm for Ubiquitous Problems

1: Input: A graph G = (V, E) of genus g with nonnegative vertex and edge weights.

2: H < an a-approximation for the problem in G.

3: K < BRANCHWIDTHREDUCTION(G, H). By Theorem 9.3, Sy has total weight at
most € - o - OPT and G /K has branchwidth O(t/¢) - log n.

4: Y <« an optimal solution for the problem in G/K.

5: Output: S3 < a solution for GG based on Y and K.

For the analysis, combining the three assumptions and Theorem 9.3, the running time of
the algorithm is polynomial. The solution obtained has cost w(S2) + 5 - w(S; ), combining
the three assumptions and Theorem 9.3, the total costis (1 4+ « - 3 - £)OPT. U

We start with the proof of the Separator theorem (Theorem 7.4) for planar graphs,
Section 9.1.1. In Section 9.1.2, we show how to handle graphs of bounded genus. Finally
Section 9.1.3 proves Theorem 9.3.

9.1.1 A Separator Theorem

In this section, we prove the following separator theorem for planar graphs. The balance
is with respect to a given mass function that assigns a nonnegative number to each face,
called the mass of that face.

Theorem 7.4. Let b and k be integers. Let G = (V, E) be a planar graph, and H denote a
connected subgraph of G such that G/H has branchwidth at most b— 1. Let wy and wg be
functions assigning nonnegative weights to, respectively, the vertices and the edges of G.

Let G = (f/, E) be the union of G and its face-vertex incidence graph. Suppose the
vertices and faces of G have been assigned nonnegative masses, summing to M, with no
face or vertex having mass more than M /2.

Then G has a cycle C, which may repeat vertices and edges but does not cross itself
and has no spurs, such that:
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o (' is a balanced separator: the mass of the vertices of G strictly inside (resp., strictly
outside) C'is at most 3M /4;

e C' is mostly a light piece of H: there exists a set V' of O(bk) vertices of G, and
a set E' of O(bk) edges of G, such that C\(E' U V') is a subgraph of H and
wy (V(C\V') + wg(E(C)\E') < W /k, where W is the total weight of the ver-
tices and edges in H.

Moreover, C, V', and E' can be computed in time O(k*n).

This theorem is used recursively, with H an O(1)-approximation of the ubiquitous
problem we consider, to prove Theorem 9.3 (see Section 9.1.3). We note that in the prob-
lems described in this paper, b is a small constant.

Algorithm 12 Balanced Separator Algorithm for Planar Graphs

1: Input: A planar graph G = (V, E) and a subgraph H such that G/H has branchwidth
at most b — 1. Nonnegative weights on vertices and edges of H. Masses on the faces
of G summing to ), each at most M /2.

2: wy < new edge weights on H derived from Lemma 9.4 to represent both edge and

vertex weights.

w, < edge weights on G defined in Proposition 9.5

G« ShortFacesSubgraph(G , H, w'y) as per Proposition 9.7.

if there exists a face f of G with mass at least M /2 then

return C' — fundamental cycle separator of f in G as per Proposition 9.8.
else
return C' < cycle separator in G4 as per Proposition 9.9.

o o N kW

Output: A cycle separator C, fulfilling the requirements of Theorem 7.4.

9.1.1.1 Reduction to a simpler problem with no vertex weights

Lemma 9.4. Without loss of generality we may assume that all vertices have weight zero.

Proof. Recall that H is connected; let H' be a spanning tree of H. A cycle satisfying the
conclusion of the theorem with H’ instead of H also satisfies the conclusion of the original
theorem. This is because 11 can only decrease by this operation, and the branchwidth of
G/H' equals the branchwidth of G/H (indeed, G/H’ can be obtained from GG/H by adding
loop edges). Henceforth we assume that / is a tree.

The algorithm for Theorem 7.4 proceeds as follows. Select an arbitrary vertex r of H
to be the root, direct the edges of H toward r, and for each edge uv of H (directed from u
to v), define Wg(uv) = wr(uv) + wy (u). For every vertex u, define wy (u) = 0 for every
vertex u. Assume that Theorem 7.4 holds when vertex weights are zero, and apply it with
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the weight functions wg and wy . Let C' be the resulting cycle, and let £’ be the resulting
edge subset, i.e. such that wg(E(C)\E') < W /k where W is the sum of weights. We
prove below that C' is also a solution for the weights wy and wg, for the same subset £’ of
edges and for a suitable subset V"’ of vertices.

Since |E'| = O(bk), we have that C' n H is made of O(bk) paths of H. Let P be such a
path. The path’s weight w g (P) includes the weight wg(e) for every edge e in P. Moreover,
for every vertex v of P, since the weight wy (v) of a vertex v is transferred to the parent
edge, wy (v) is also included in wg(P) except if (i) v is equal to the root r of H, or (ii) v
has no outgoing edge in P. Since every vertex of H has at most one outgoing edge, and P
has no spur, every vertex of P has at most one outgoing edge. So, when walking along P
(oriented arbitrarily), we first encounter an arbitrary nonnegative number of forward edges,
and then an arbitrary nonnegative number of backward edges. It follows that at most one
vertex of P, let us call it vp, has no outgoing edge in P. Let V'’ consist of the root r together
with the vertex vp for each path P comprising C' n H. Then |V’| = O(bk) and the weight
of C\(V" u E’) with respect to wy and wg is at most the weight of C'\ E’ with respect to
wg, which is at most W /k. O

Let ¢ be a a constant ¢ > 4 to be determined.

Proposition 9.5. Finding a balanced separator satisfying the Separator Theorem (Theo-
rem 7.4) can be reduced to finding a balanced separator cycle in G that has weight at most
W [k with respect to the edge-weight assignment

, ) minf{wg(e), W/(cbk?)} ifee E(H)
wn(e) = { W /(cbk?) otherwise ©-D

Proof. By Lemma 9.4, we can assume that there are no vertex weights. Assume that we
find a cycle C' as above. Let E’ be the set of edges e used by C' such that wi(e) =
W /(cbk?). Since C' has weight at most 1 /k, we have |E’| < cbk. For each edge e €
C\E', we have w/;(e) = wg(e). Since C has weight at most W /k, we have wg(C\E') <
W /k. O

9.1.1.2 Adding edges to reduce the weight of face boundaries

The algorithm described in Proposition 9.5 first selects edges to add to H so as to ensure
that each face of the resulting graph has small weight.
Let ¢ = W /ck?. Every edge has weight at most £/b.

Lemma 9.6. Let H be a subgraph of G containing H. Let f be a face of H with boundary
weight at least (12 + %)E with respect to w’,. Then there are two vertices u and v of G on
the boundary of f, and a path p in G lying in f (possibly touching its boundary), such that:

e cach of the two paths between u and v on the boundary of f has weight at least 3(;
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e p has at most 2D edges.
Moreover, p can be computed in time linear in the complexity of the subgraph of G inside f

Proof. Let 0f be the closed walk that is the boundary of f. We write 0f as the concate-
nation of four paths N, W, S, E in this order, such that each of these paths has weight
at least 3¢. (To prove that this is possible, first take N, W, and S with weight between
3¢ and (3 + %)ﬁ, which is always possible since each edge has weight at most ¢/b; then
the remaining part £ has weight at least 3/, since the boundary of Jf has weight at
least (12 + 2)¢.)

Let G’ be the part of G inside or on the boundary of f. Similarly, let G’ := G n G'.
Since GG/ H has branchwidth at most b—1, G'/d f has branchwidth at most b— 1. By Lemma
9.2, it follows that G’/0f has branchwidth at most 2b — 2.

Observe that the distance from any vertex of /V to any vertex of S along 0 f is at least
3¢. Assume that there is no path p as stated in the lemma. Then every path in G’ connecting
N to S has at least 2b + 2 vertices. This implies that any vertex cut separating I/ and E has
at least 2b vertices. (Indeed, any vertex cut of size j in G’ separating W and E corresponds
to a closed curve separating 1¥ and E in the plane, intersecting j vertices of G’; since G
is a triangulation, except for the outer face, the part of that curve inside f can be pushed
to &, leading to a path of hop-length j.) Menger’s theorem now implies that there are at
least 2b vertex-disjoint paths between W and E.

Similarly, there are at least 2b vertex-disjoint paths between /N and .S. This implies the
existence of a grid minor of size 2b x 2b in G’ (similar arguments were used elsewhere [40,
p. 881, [55, Proof of Theorem 3.1], and seem to originate from Robertson, Seymour, and
Thomas [163]), hence a grid minor of size 2b x 2b in G /0 f, which contradicts the fact that
G’ /0 f has branchwidth at most 2b— 2. So there exists such a path p. Computing such a path
takes linear time using two shortest path computations in the planar graph G’ [104]. U

Proposition 9.7. There is an O(k*n) algorithm that computes a subgraph H of G contain-
ing H such that:

o H has weight at most 2W, and

o every face boundary of H has weight at most (12 + YW Jck? (w.rt. wiy).

Proof. Initially, let H:= H.We iteratively apply Lemma 9.6 by adding edges of the path p
in [, until every face boundary of H has weight less than (12 + %)é . The path p has weight
at most 2¢. This operation splits the face f into at least two faces, among which some
number m have boundary length at least (12 + %)E .

We claim that the value of ¢ := . (w}(0f) — 3(), where the sum is over all faces f
of weight at least (12 + %)E decreases by at least £ when adding p. Indeed, this is clear
if m = 0; if m = 1, the new face f’ with length at least (12 + 2)¢ satisfies wi;(0f") <
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wy(0f) + 20 — 30 = wi(df) — ¢; and if m > 2, the contribution of the m new sub-faces
to ¢ is at most wi; (0f) + 2 - 2¢ — 3m/.

Thus the total number of iterations is at most 2WW /¢ = 2k%. At each step, we add at
most 2b edges, each of weight W /(cbk?), so the total weight of the added edges is at most
4W /e. Since ¢ > 4, the total weight of H is at most 21¥. The time complexity follows
from the fact that there are O(k?) iterations. O

The algorithm of Proposition 9.7 produces a subgraph H of weight W < 2W.

9.1.1.3 A balanced cycle separator for weighted planar graphs with light faces

Recall that the faces and vertices of G have been assigned nonnegative masses, that M is
the sum of masses, and that no single mass exceeds M /2. Our goal is to give a separator
algorithm for the subgraph H whose existence is guaranteed by Proposition 9.7. Recall
that the total weight 1V of H is at most 2/

Note that each face of H is (essentially) the union of a collection of faces and vertices
and edges of G. We define the mass of a face of H to be the sum of the masses of the
corresponding faces and vertices of G.

There are two cases: when a face of H has mass greater than M /2 and when no such
face does. In the first case, we use a simple construction based on sphere-cut decomposi-
tion.

Proposition 9.8. Suppose H has a face  whose mass is greater than M /2. Then there is
a cycle C, which may repeat vertices and edges but does not cross itself and has no spur, of
weight 4W/ k%, such that the mass of the faces inside (resp., outside) C' is at most 3M /4.
Moreover, C' can be computed in linear time.

Proof of Proposition 9.8. Let G + be the subgraph of G consisting of the interior and bound-
ary of f. Since f has mass greater than M /2, every face of G ¢ that is not part of f has
mass less than M /2. Let L be the graph obtained from G 7 by contracting all but one of the
edges of the boundary of f. Since G /H has branchwidth at most 2b — 2, so does L. Since
f has mass greater than M = 2, the face of L corresponding to the part of G not in f has
mass at most M /2. Thus each face of L has mass at most M /2.

Consider a sphere-cut decomposition of L. It defines a rooted binary tree in which each
node corresponds to a noose and a cluster consisting of the edges enclosed by the noose.
Define the mass of a node of the binary tree to be the mass of the faces fully enclosed by, or
intersecting, the corresponding noose. Let v be a deepest node in the binary tree such that
v’s mass is greater than M /2. Among v’s two children let v; be the child with the greater
weight. The sum of the masses of v’s two children is greater than or equal to the mass of
v, thus the mass of v, is at least M /4.

Let C'; be the Jordan curve corresponding to v;. The total mass of the faces strictly
enclosed by (' is at most the mass of vy, which is at most M /2. The total mass of the faces
strictly outside C; equals M minus the mass of vy, which is at most M — M /4 = 3M /4.
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We construct a cycle Cs in L from C by pushing each part of the curve which passes
through a face onto part of the face’s boundary. We sequentially choose the direction in
which to push faces: each face is added to the currently lighter side. As the mass of each
face is at most M /2, the new cycle is 3/4 balanced. As L has maximum face degree 3,
the curve (' passes through each face at most once, so the resulting cycle C5 is non-self-
crossing. If any spurs are formed in C, we (iteratively) remove them. Removing a spur
does not affect the balance at all, and can only reduce the weight of the cycle.

Since L has branchwidth at most 20 — 2, the curve corresponding to v passes through at
most 2b — 2 vertices, and thus at most 2b — 2 faces. Since each face has degree at most 3,
each path through a face is pushed to at most 2 edges. Thus C5 contains at most 4b edges.
Since each edge has weight at most W /(cbk?), Cy has weight at most 4W /ck?.

C can by lifted to a cycle C' in G with the same balance by adding to it some (possibly
empty) part of the boundary of f. Since the total weight of the boundary of each face in H
is at most (12 + %)ﬁ, C' has weight at most W /k for an appropriate choice of the constant
c. Each step of the algorithm implied in the proof can be implemented in linear time. [

If no face is massive, we use a variation of Miller’s simple cycle separator theorem [143].
The main differences are that we do not require 2-connectivity, and that the edges are
weighted. The proof is adapted from the simplified proof of Miller’s theorem in [119].

Proposition 9.9. Suppose that no face of H has mass larger than M /2. Then there is a
cycle C, which may repeat vertices and edges but does not cross itself and has no spur, of
weight O(W /k), such that the mass of the faces inside (resp., outside) C'is at most 3M /4.
Moreover, C' can be computed in linear time.

Before proving this proposition, we show why it, together with Proposition 9.8, implies
Theorem 7.4:

Proof of the Separator Theorem (Theorem 7.4). Let H be the graph obtained after apply-
ing Proposition 9.7. By Proposition 9.5, it is sufficient to show that there exists a balanced
cycle separator C' of total weight W /k in G (with respect to w). If one of the faces of
H has mass at greater than )/ /2, applying Proposition 9.8 yields such a cycle. Otherwise,
since H is a subgraph of G, it suffices to find such a C' in H. The advantage is that the
total weight W of H is linear in W, the weight of [, while each face boundary has weight
O(W /k?). So applying Proposition 9.9 gives a cycle of weight 1V /k, as needed. O

Proof of Proposition 9.9. Let T be a breadth-first search in the face-vertex incidence graph J
of H, rooted at an arbitrary face f; for clarity of exposition below, we assume that f is the
outer face of H in the planar drawing that we consider (thus the notions of “inside” and
“outside” are well defined). We define the level of f to be zero, and the levels of the other
vertices and faces of H by induction: The level of a vertex of H is equal to one plus the
level of the parent face in 7', and the level of a face of H is equal to the level of the parent
vertex in 7.
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Define a mass function on vertices of .J in which vertices corresponding to faces of H
have mass equal to the mass of the corresponding faces, and those corresponding to vertices
of H have mass zero. There exists a simple cycle CinJ consisting of a path in 7" and an
edge e not in T such that the mass on either side of the cycle is at most 2 /3 [133]. Such
a cycle is called a fundamental cycle.

Let i be an integer. The set of faces of H of level at least i can be partitioned into
regions, by declaring that two such faces are in the same component if they share an edge,
and extending this relation by transitivity. A component of level i is the topological closure
of such a region.

We claim that the boundary 0K of such a component K is a simple cycle in H. Since
K is the closure of a union of faces, 0 K is a subgraph of H with each vertex of even degree.
If some vertex v has degree at least four in 0K, then v has level 4, and its incident faces all
have level i and i — 1. Because v has degree at least four, there are two faces f’ and f” of H
with level 7 that are separated by faces of level ¢« — 1 in the cyclic ordering around v. Since
f'and f” are in K, there is a simple topological cycle v passing through f’, v, and f”, in
this order, entirely lying in the interior of K (except at v). But then all vertices and faces
inside v must have level at least 7, which contradicts the assumption. So 0K is the disjoint
union of cycles. Two such cycles cannot be nested, for a similar reason, and they cannot be
separated as well, because their interiors would not be connected to each other. So 0K is a
single simple cycle in H. This proves the claim.

Since C'is a fundamental cycle in J, the levels of its vertices and faces are increasing
and then decreasing when walking along C starting from the common ancestor in 7' of the
endpoints of e. Therefore, C enters the interior of at most one component at a given level i.

Let 7,,;, — 1 and 4,,,, be the minimum and maximum levels faces in C; for each i,
Tmin < 1 < Imaz, let K; be the (unique) component at level ¢ penetrated by C. Moreover,
let K;,  1=F (ﬁ[ Jand K;_ .11 = &. The K;’s are nested, and the boundaries 0 K; of the
K;’s, for iy, < @ < 444, form disjoint simple cycles. Indeed, by construction, a vertex on
0K is incident with some faces of level © — 1, some faces of level 4, and no face of other
levels.

Let 7,4 be such that 7,,;, — 1 < %5ed < %maz, and the mass of the faces of H inside
K;, . +10routside K; _, is at most 3M /4. (For this purpose, one can let i,,,.4 be as large as
possible such that the mass of the faces of H outside K _, is at most 31/ /4.) Leti_ be the
largest level smaller or equal to 7,,.4 such that dK;_ has weight at most 17/ /8k. Similarly,
let 7, be the smallest level larger or equal to 7,,.q + 1 such that 0K;, has weight at most
W1 /8. Then the total weight of 0K;, U 0K;_ is at most 21 /8k, which is at most W /2k.

Since K; 11, K; +9,..., K, _1 each have weight larger than W;/8k, there can be at
most 8k such levels, so we have 1, —i_ < 8k + 1.

We now consider the part of C inside K;_but outside K;, , which consists of two paths
in J. We push each of these two paths into H': Each time such a path traverses a face of H,
we push the corresponding part onto one of the face boundaries. We sequentially choose
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the direction in which to push faces: each face is added to the currently lighter side. Since
the mass of each face is at most M /2, the new cycle is 3/4 balanced. Further, as C enters
each face at most once, the resulting cycle is non-self-crossing. If any spurs are formed, we
(iteratively) remove them. Removing a spur does not affect the balance at all, and can only
reduce the weight of the paths. Let P, and P» be the resulting two paths. Each of them has
weight at most (8% + 1) - (12 + 2)W /ck? since the corresponding part of C we pushed was
traversing at most 8% + 1 faces of H, each of boundary weight at most (12 + %)W/ck2. By
choice of ¢, we can ensure that the weight of these two paths is at most W /2k.

Let S := P, u P, u 0K;, u 0K, . By construction, S has weight at most W /k. S
separates .J into four pieces (some of which can be empty or disconnected):

e the part of J strictly outside K;_;

e the part of J strictly inside K ;

e the part of J strictly inside K;_, strictly outside /;, , and strictly inside C ;

e the part of J strictly inside K;_, strictly outside ;. , and strictly outside C.
By construction, each such piece encloses faces of mass at most 31/ /4. The three smallest
pieces together have face mass at most 3/ /4, and the largest one at most 3/ /4. Thus, we
can take for separator the subset of S that bounds the larger of these pieces; this is indeed

a balanced separator, and a non-self-crossing cycle without spur in H. Each step of the
algorithm implied in the proof can be implemented in linear time. [

Algorithm 13 Balanced Separator Algorithm for Planar Graphs

1: Input: A planar graph G = (V, E) and a subgraph H such that G/H has branchwidth
at most b — 1. Nonnegative weights on vertices and edges of H. Masses on the faces
of G summing to M, each at most M /2.

2: wy < new edge weights on H derived from Lemma 9.4 to represent both edge and

vertex weights.

w'y < edge weights on G defined in Proposition 9.5

G1 < ShortFacesSubgraph(G, H, w'y) as per Proposition 9.7.

if there exists a face f of Gy with mass at least M /2 then

return C' — fundamental cycle separator of f in G as per Proposition 9.8.
else
return C' < cycle separator in G1 as per Proposition 9.9.

R A

Output: A cycle separator C, fulfilling the requirements of Theorem 7.4.
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9.1.2 Planarization Theorem

In this section, we show the following theorem.

Theorem 9.10. Let b > 1 be a constant. There exists a polynomial-time algorithm for the
following: The algorithm is given a positive integer parameter k, an edge-weighted graph
G that is cellularly embedded on a surface of genus g, and a connected subgraph H of G
such that G/H has branchwidth at most b — 1.

The algorithm outputs a subgraph S of G such that G — S is planar, S contains at most
O(g* + k) edges not in H, S has at most O(g* + k) connected components, and the total
weight of S is at most g°WW [k where W is the total weight of H.

Using the argument of Section 9.1.1.1 (which does not use planarity), we can assume
that all vertex weights are zero.

As in Proposition 9.5, the algorithm for Theorem 9.10 assigns edge-weights to G ac-
cording to Equation 9.1. Edges not in H have weight W /cbk?®. The algorithm then finds
a subgraph S whose weight is O (W /k) with respect to this edge-weight assignment. As a
consequence, the number of edges in S that are not in H is O(g? + k).

The next lemma follows from [161, Theorem 4.1].

Lemma 9.11. Consider a graph G that is cellularly embedded on a surface of genus g and
a subgraph H of G such that G/H has treewidth at most t. Let f be a face of H of genus
at least one and Gy be the subgraph of G induced by f and its interior. There exists a
non-separating cycle in G 7 that intersects at most O(t) vertices of G .

Proposition 9.12. Consider a graph Go with r connected components embedded on a sur-
face of genus g. Then the number of faces of Gy that are not disks is O(r + g). Moreover,
the total number of boundary components of all non-disk faces is at most O(r + g).

Proof. For any graph G, let o(G) denote the sum, over all non-disk faces f of G, of the
number of boundary components of f. We will prove that ¢(Gg) = O(g + 7).

First, we define a graph GG; obtained from G by adding r — 1 edges, so that G is
connected. Observe that ©(Gy) < ¢(Gy) + O(r): indeed, consider the addition of an
edge e in some face f, during the transformation of GGy into G;. Edge e connects two
distinct boundary components of f, so it does not separate f. Moreover, the number of
boundary components of f decreases by at most one.

Second, we define a graph (G5 obtained from (; by contracting the edges of a spanning
tree of Gi1; the graph G has a single vertex, and we have ¢(G1) = ¢(G3).

Third, we iteratively apply the following operation to Go: While there is a disk of G5
bounded by a single loop, we remove that loop, and similarly while there is a disk of G5
bounded by exactly two loops, we remove one of the loops. The non-disk faces of this new
graph, (3, have the same topology as those in G, s0 ¢(Gs) = ¢(G3).
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Under these conditions, it is known [48, Lemma 2.1] that the number of loops in G5
is O(g); in particular, p(G3) = O(g), which by the above equalities implies p(Gy) =

O(r + g).
That immediately implies that the number of faces of G that are not disks is O(r + g),
hence the proposition holds. 0

We can now prove the following lemma.

Lemma 9.13. Let H be a subgraph of G containing H. Let f be a face of H. Assume f
has a boundary component fo with weight at least (12 + %)E Then there exist two vertices
wand v of G on the boundary of f, and a path p in G with at most 2b edges and lying in f,
such that:

e ifu and v are both in fy, then each of the two paths between u and v in fy has weight
at least 3¢;

e otherwise, u and v belong to different boundary components of f, and the path p
intersects the boundary of f only at u and v.

Moreover, p can be computed in time linear in the complexity of the subgraph of G inside f.

Proof. The proof is similar to the proof of Lemma 9.6. We explain how to adapt its proof.
Observe that by Proposition 9.12, the number of boundary components is at most O(g?).
Thus, the graph G ¢ which consists of the interior of f where each boundary component
is contracted to a vertex has branchwidth O(g?) + b. Indeed, the graph corresponding to
the interior of f where all the boundary components are contracted into a single vertex has
branchwidth at most b. Form a width-b branch decomposition of this graph. When each
boundary component is represented by a single vertex, the width increases by at most the
number of such vertices.

Now, we apply the argument of Lemma 9.6. If the short path that is found does not
intersect any vertex resulting from the contractions, we just return the path and it satisfies
the conditions of the lemma. Otherwise, consider a short path from u to v intersecting at
least one vertex resulting from the contractions, and return a shortest sub-path connecting a
vertex v’ in fy with a contracted vertex v’. This path connects two different boundary com-
ponents of f, without intersecting the boundary of f except at its endpoints, thus satisfying
the conditions of the lemma. [

We can derive the following proposition whose proof resembles that of Proposition
9.14.

Proposition 9.14. Let H be a subgraph of G containing H. There exists an algorithm to
compute a subgraph H, of G containing H such that:

o M, has O(b(k* + g)) edges not in H;
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e every boundary component of every face f of Gy has weight at most (12 + %)W/ ck?.
The running time of the algorithm is O((k* + g)n).

Theorem 9.15. Let k be an integer. Consider a graph G with positive edge weights that
is cellularly embedded on a surface S of Euler genus g and such that every face is a disk.
Let W denote its total weight, and assume that every face has boundary weight at most
W /k?. There exists a subgraph G' of G, such that cutting S along G' gives a surface with
genus zero (possibly with several boundary components), with the following properties: G’
has weight O(,/gW /k), and has at most g connected components. Furthermore, G' can be
computed in linear time.

G’ is called a planarizing subgraph of G.

Proof. The proof is a refinement on a result by Eppstein [79]; see also [80]. Let J be the
face-vertex incidence graph of GG. Let r be an arbitrary vertex of G, and let 7" be a breadth-
first search tree in .J rooted at r. We define the level {(u) of a face or vertex u of G to be
the number of edges of the path in 7" from 7 to u.

Let E be the set of edges of J. For each edge uv € E, let L(uv) be the loop rooted
at r that is the concatenation of the path from r to w in 7', edge uv, and the path from v
to 7 in 7. Loop L(uv) has {(uv) = ¢(u) + ¢(v) + 1 edges. Let C be the primal edges of a
maximum spanning tree of (F\T)*, where the weight of an edge (uv)* € E* equals ¢(uv).
Finally, let X := E\(T v C).

Euler’s formula implies that | X'| = g. It is known from [81, Section 3.4]) (and not hard
to see) that | J,,, .y L(uv) cuts S into a topological disk, and that an alternative greedy way
to compute X is to iteratively add to X the edge w'v" with smallest value of ¢(u'v’) such
that | J,,.x L(uv) u L(u'v") does not disconnect the surface.

Let M := 2[k/(2,/g)]- Recall that W denotes the total weight. We choose an even
i €{0,..., M — 1} such that the subgraph GG; of GG induced by the vertices of level equal
to < modulo M has weight O(,/gWV /k).

For each edge uv € X, we consider the smallest level 4,,, > max(¢(u), {(v)) — M that
is equal to ¢ modulo M. Define L'(uv) to be the part of L(uv) of level at least 4,,. Since
L'(uwv) traverses O(k/,/g) faces of G, each of boundary weight O(W /k?*), we can “push”
L'(uv) to a walk L;(uv) of G, of weight O(W /(k,/g)).

Let G, be the union of the subgraph (1 and of the walks L} (uv), for uv € X. By
construction, and since | X| = g, the weight of G is O(,/gW /k). We will now (i) prove
that cutting S along G results in a genus zero surface (possibly with several boundary
components), and then (ii) extract from (G a subgraph still having that property, but having
O(g) connected components.

For (i), let i’ be equal to ¢ modulo M. It suffices to prove that the part of the surface S
that is the closure of the union of the faces of levels between 7’ +1 and 7' + M — 1, minus G5,
has genus zero; or, equivalently, minus GG; union the L'(uv) for uv € X. Actually, that latter
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surface is contained in the closure of the faces of G at level at most i’ + M — 1 minus the
union of the loops L(uv) with 4., < i’ + M, so it suffices to prove that this latter surface,
S’ has genus zero. To simplify the discussion, we attach a disk to each boundary of S’. The
restriction of 7" to S’ is also breadth-first search tree of the restriction of J to S’. If S has
positive genus, then it has a non-separating loop based at r that has the form L(u'v’) for
some edge u'v’ [47, Lemma 5]; that loop is also non-separating in S minus the loops L(uv)
with i,, < ¢ + M. But this contradicts the greedy algorithm mentioned above (which
should have inserted u/v’ in X, since ¢(u'v") < ' + M). This contradiction proves (i).

For (ii), we consider an inclusion-wise maximal subgraph G5 of (G5 such that cutting .S
along (G5 results in a connected surface (which therefore has genus zero as well); computing
(3 can be done in linear time, by computing a spanning tree of the “dual” graph of G,
and keeping the primal edges of the complement. Finally, let G’ be obtained from G5 by
removing any connected component of G5 that is a tree. Cutting S along G’ still results in
a genus zero surface, so G’ is planar. Moreover, GG’ has at most g cycles, because otherwise
the complement of G’ would be disconnected (by definition of the genus). Since each
connected component of GG’ contains a cycle, G’ has at most g connected components.

Finally, G’ can be computed in linear time. [

We can now prove the theorem.

Proof of Theorem 9.10. We consider the following algorithm to construct S.
1. S—g

2. While there is a face with positive genus: apply Lemma 9.11 to / in order to obtain
a graph H' where each face has genus 0.

3. While there exists a face whose boundary has large weight: apply Lemma 9.13.
Obtain a subgraph H” with O(g) connected components, that contains H, and of
maximum face weight at most O(g*W /k?).

4. For each face f of H”, if f is not a disk, then add the entire boundary of f to S and
remove f. Obtain H".

5. Apply Theorem 9.15 to each connected component of H” to obtain a planarizing
subgraph S’, and add it to S.

6. Return S

We prove that the subgraph S satisfies the conditions of Theorem 9.10.

We first argue that iteratively applying Lemma 9.11 yields a graph H' of total weight at
most O(g*W /k). Since for each face we add a non-separating cycle, the total genus of all
the faces decreases by one at each iteration. By Lemma 9.11, the path added is short and
so, the total weight of H’ is bounded by O(g*W /k) and each face of H' has genus 0.
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By applying Lemma 9.13 we either decrease the number of connected components of
the boundary of a face or we reduce the weight of the face. By Proposition 9.12, the total

number of connected components of all the faces is at most O(g?), thus the total weight of
H" is at most O(g*W /k).

We now turn to the analysis of the cost incurred by Step 4. By Proposition 9.12, there
are at most O(g) such faces. Again since the face weight of H” is at most O(W /k?), the
total weight added to S at step 4 is at most O(gW /k?).

Finally, observe that in the remaining graph, by Step 4 each face of H” is a disk and
contains a subgraph of GG of genus 0. Moreover by Step 3, the maximum face weight is
at most O(W /k?). It is thus possible to apply Theorem 9.15 in order to obtain a subgraph
S" of H" of total weight at most O(,/gW /k) and such that " — 5" is planar. The total
number of connected components of S’ is at most O (k).

Since the number of connected components added at Step 4 is O(g?), the total number
of connected components of S is thus O(g? + k). ]

9.1.3 Branchwidth reduction

In this section we prove Theorem 9.3: we show that, for constants g, b, , there is a polynomial-
time algorithm that, given a genus-g edge/vertex-weighted graph GGy and a connected sub-
graph H, such that Go/H, has branchwidth at most b — 1, outputs a subgraph K of H of
weight at most € times the weight of H such that G/ K has branchwidth O(log n), where

n is the number of vertices of Go. We give a procedure that returns a branch decomposition
of Go/K

First we assume the graph is planar. At the end of this section, we discuss the case of
positive genus.

An overview: The algorithm of Theorem 9.3 uses the algorithm of Theorem 7.4 to re-
cursively find separators and uses them to decompose the graph into clusters of a branch
decomposition. The boundaries of these clusters are subsets of the vertex sets of the separa-
tors. The boundaries might be large but, after contraction of the edges of H in the separator,
the size of the boundary becomes small. Because the separators are balanced, the recursion
depth is logarithmic (see also Figure 9.3).
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Figure 9.3: Two steps of the Branchwidth-Reduction algorithm.

In order to ensure the boundaries in the contracted graph remain small, the algorithm
uses a variant of a strategy of [86]. The variant is described, e.g., [119] (and used elsewhere
previously); occasionally, instead of ensuring the separator is balanced with respect to the
size of the subgraphs, the algorithm ensures that the separator is balanced with respect to
the number of vertices appearing on boundaries.

More details: We describe a recursive procedure to select edges to contract and find a
branch decomposition for the contracted graph. The procedure is given a planar embedded
graph G and a subgraph H such that G/H has branchwidth at most b. The procedure is
also given a subset S of vertices of (¢, which we call boundary vertices.

The initial invocation is BRANCHDECOMP(Gy, Hy, ) be the initial invocation. In any
nonterminal invocation
BRANCHDECOMP(G, H, S), the two recursive calls in Line 14 operate on disjoint subsets
of H. Therefore, for every level of recursion the invocations operate on disjoint subsets of
Hy, so the total weight of these subgraphs is at most the weight of H,. We will see that
the recursion depth is O(log n). Therefore the total weight of all subgraphs H passed to all
invocations is O(log n) times the weight of H,.

In Line 15, the procedure takes branch decompositions returned by the recursive calls
and adds one additional cluster, the cluster consisting of all the edges in the two branch
decompositions. Therefore the procedure returns a branch decomposition of the graph
induced on all those edges. Thus the initial invocation returns a branch decomposition
of the graph obtained from G by contracting all edges ever contracted during recursive
invocations of the procedure.

In any nonterminal invocation BRANCHDECOMP(G, H, S), in Line 8 the procedure
finds a cycle separator C' using the parameter value k = c3e~'logn. The weight of edges
of H in C'is at most the weight of H divided by k. It follows that, for an appropriate choice
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Algorithm 14 BRANCHDECOMP(G, H, S)

1: Input: a planar graph G, a subset H of edges, and a set S of vertices
2: if G has at most ¢; vertices then return a branch decomposition of G of width < ¢;
3: else

4:  if|S| > e log n then

5: assign mass 1 to vertices of .S and zero to other vertices

6: else

7: assign mass 1 to all vertices of G

8: find a cycle separator C' as per Theorem 7.4 using k = cse~!logn
9: G’ — G/edgesof C n H
10: " < noose corresponding to C' in G’
11: S’ « vertices of G’ on C’
12: (E1, Es) < C’-induced bipartition of edges of G’
13 (S1,S2) < C’-induced bipartition of vertices of G’ not in C’

14: B; <BRANCHDECOMP(G'|E;|, H n E;, S; u S') fori = 1,2
15: return B, U B, U (| J By v Bs)

of the constant c3, the total weight of edges in all cycle separators found is at most € times
the weight of H(. This bounds the weight of all edges contracted in Line 9 throughout all
invocations.

When the edges of C' n H are contracted, C' becomes a noose C’ in the contracted
graph GG'. The noose C’ partitions G’ into two edge-induced subgraphs, and also par-
titions the boundary vertices S. In each of the two recursive calls, the vertices on C’
are included as boundary vertices. This implies the invariant that, for any invocation
BRANCHDECOMP(G, H, S), any vertex of GG that is incident to an edge in G and an edge
not in GG is a member of S.

By Theorem 7.4, there are O(be k) vertices on the noose C”, which is O(be ™! logn).
Because of Line 5, one can choose the constant ¢, in Line 4 so that there is a constant ¢4 such
that the number of boundary vertices passed to the procedure never exceeds c4bs ! logn,
and that no two consecutive recursive invocations execute Line 5. As a consequence of the
first statement, every branch decomposition returned has width at most c;be ! logn. As a
consequence of the second statement, the recursion depth is O(logn) as promised.

Finally, consider the case in which the input graph has genus g > 0. In this case, the
algorithm first applies Theorem 9.10’s algorithm to the input graph G and obtain a subgraph
S. For each piece L of G — S that is planar, the algorithm recursively applies the planar
separator theorem and obtains a set of edges S, such that /S’ has bounded branchwidth.

We now argue that the branchwidth of G/(S U | J; S1) is bounded. For each planar
piece L of G — S we take a branch decomposition of /S, of small width.

Since by Theorem 9.10, S contains at most O(g* + k) connected components, these
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branch decompositions can be merged to form a branch decomposition of G/(S U uSL),
increasing the width by O(g? + k). O

9.2 Algorithmic Implications

A fairly large class of problems to which our framework applies mix structure requirements
and domination requirements, and can have several kinds of weights. More specifically, we
consider problems that take as input a bounded-genus graph with weights on vertices, edges
or faces; a solution must usually be connected, have a connected induced subgraph, or be a
tour; and it must dominate all vertices, edges or faces of the graph.

To derive PTASs for those problems, we rely on Algorithm 11 and appeal to Theo-
rem 7.3. To have a subgraph H of total weight O(OPT) such that G/H has bounded
tree width, it is sufficient to take an O(1) approximate solution, either available from pre-
vious work or obtained by designing O(1)-approximation when needed (for example for
weighted connected dominating set).

In [167], the authors introduce a new tree-decomposition for graphs embedded on sur-
face, called surface cut decomposition. All the problems listed in Table 7.1 are packing-
encodable according to the definition in [167]. Even though this theorem is designed for
unweighted versions of the problems, it is straightforward to extend it to weighted versions.

Theorem 9.16. [167, Theorem 3.2] Every connected packing-encodable problem whose
input graph G is embedded in a surface of genus g, and has branchwidth at most b, can be
solved in time g@+9)pO@)nOM),

9.2.0.1 Weighted Connected Dominating Set, Max Weighted Leaf Spanning Tree
Consider the Vertex-Weighted Connected Dominating Set problem defined as follows.

Definition 9.17. Weighted Connected Dominating Set. Given a graph G = (V, E) with
vertex weights w : V — R™, a connected dominating set is a set of vertices S such that
G|[S] is connected and such that every vertex of V' is in S or adjacent to S. The objective
is to find a connected dominating set of minimum weight.

Garey and Johnson’s book [91] showed that the problem is NP-Hard, even for bounded
degree planar graphs. Guha and Keller [94] obtained a log A approximation where A is
the maximum degree of the graph and that no polynomial time algorithm can do better
in general graph unless NP € DTIME[nCU°81°8™)] The vertex-weighted version of the
problem received a lot of attention as it has applications in network testing problems (see
[152]) and wireless communication problems (see [57]). For the unweighted version of the
problem in graphs of bounded genus, a PTAS was obtained through the framework arising
from the bidimensionality theory in [66]. A linear kernel was found for planar graphs in
[135]. The FPT version of the problem was addressed in [63].
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The vertex-weighted version of the problem was also considered by Guha and Keller
in a later paper [96] who obtained a (1.35 + ) log n approximation for general graphs and
which remained the best approximation ratio until this work. Using Theorem 7.3, we obtain
the following result for the connected dominating set problem.

Theorem 9.18. Let 0 < ¢ < 1/2 and let g be a fixed integer. There exists an algorithm,
based on Algorithm 11, that computes a 1 + e-approximation to the weighted connected
dominating set problem in graphs of genus bounded by g. Its running time is n°®\(=:9)),

Clearly, any solution in the original graph remains a solution in the contracted graph,
and its cost can only be reduced. We show that each of the three conditions of Theorem 7.3
hold, implying Theorem 9.18. Condition 2. The second condition is ensured by Theorem
9.16. Condition 3. To prove that the last condition holds, we show that given a graph G, a
subgraph G; = (V4, E4) and a solution S for G/G1, there exists an Algorithm Li £t which
computes a solution for G of total cost at most w(.S) + w(G1): Since each vertex resulting
from the contraction of (G; has to be dominated, at least one of its neighbor belongs to
S. Therefore, we can add all the vertices of (G; to .S and the solution remains connected.
Furthermore, since each vertex is dominated in G/G; by S and since we add the all the
vertices of G; to S, all the vertices of GG are dominated by S U V;. The total cost of the new
solution S U V] is w(S) + w(G;). Condition 1. To show the first condition, we provide
the first known constant factor approximation. Indeed, since for each feasible solution S
each vertex of the graph is dominated by G[S], each vertex of G/G|S] is at distance at
most 1 from the vertex resulting from the contraction of G[S]. Therefore G/G[S] has
diameter at most 2. It follows that the branchwidth of G/G[S] is O(1). Therefore, any
O(1)-approximation for the problem is a connected subgraph H of GG such that G/H has
branchwidth O(1). We show the following lemma which is immediately subsumed by the
Approximation Scheme result (Theorem 9.18).

Lemma 9.19. There exists an O(1)-approximation algorithm for the Vertex-Weighted Con-
nected Dominating Set problem for graphs of genus at most g.

For any graph G of genus at most g, we first define a ball of radius 7 around a vertex v
to be the set of points that are at edge distance at most ¢ from v. We prove the correctness
of Algorithm 15.

Lemma 9.20. Consider the set of vertices Vjy after step 6 of Algorithm 15. There exists a
solution S of value at most 20PT such that Vy < S.

Proof. Consider an optimal feasible solution Sppr and a ball b € B. Since Sppr is feasible,
argmin,,w(v) is in Sppr or at least one of its neighbors is in Sppr. Hence S = Sppr U {v |
db € Bs.tv = argmin,,w(v)} is connected. We now argue that the cost of S is at most
twice the cost of Sopr. Again, since Sopr is feasible, either the center of b belongs to Sopr
or at least one of its neighbors belongs to Sppr It follows that the sum of the weights of the
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Algorithm 15 Constant factor approximation algorithm for weighted connected dominat-
ing set in bounded genus graphs.

Input: A graph G = (V| F) of genus at most g, a weight functionw : V" — R,.
B < set of disjoint balls of radius 1 that is maximal under inclusion.
Vo =
for all ballbe B do
Vo < Vo u { an element of b of minimum weight }

S ke

V1 « constant-approximation solution to the Vertex-Weighted Steiner Tree problem

on (G with terminals V.

G1 <— G/G[ V1], Gy has bounded branchwidth by Lemma 9.22.

8: V5 <« an optimal solution to the problem on (G; using Algorithm from Theorem 9.16
for bounded branchwidth graphs.

9: Output: V5, U V)

=

vertices in Sopr M b is at least min,, w(v) and thus, the sum of the weights of the vertices
in S N bis at least 2 min,e, w(v). Therefore, since the balls are disjoint, the total cost of S
is at most twice the total cost of Sopr. ]

Line 7 of the Algorithm is achieved thanks to the following theorem. See also [33].

Theorem 9.21 ([67, Theorem 1]). There exists a polynomial-time constant-factor approx-
imation algorithm for the vertex-weighted Steiner tree problem.

Lemma 9.22. Consider the set Vi at step 8 of the algorithm. G /G|V1| has bounded branch-
width.

Proof. Note that by the maximality condition of Step 1 of Algorithm 15, we have that each
vertex of the graph is at distance at most 1 from some ball b and so, at distance at most 3
from all the vertices of some ball b.

Because G[V}] is connected, the contraction of G[V;] in G/G[V}] results in a single
vertex which is at distance at most 3 from all the other vertices of G/G[V;]. Hence, the
diameter of G/G[V}] is constant and so, the branchwidth of G/G|[V;] is constant. O

Proof of Lemma 9.19. Lemma 9.20 and Theorem 9.21 ensure that cost(S;) < 12 - OPT.
Moreover, Lemma 9.22 and Theorem 9.16 ensure that cost(S;) < OPT. The running time
of the algorithm follows directly from Theorems 9.21 and 9.16. [l

The weighted connected dominating set problem is also related to the maximum weight-
ed leaf spanning tree defined as follows.

Definition 9.23. Maximum Weighted Leaf Spanning Tree. Given a graph G = (V, E)
with vertex weights w : V. — R™, a weighted leaf spanning tree is a spanning tree of G
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whose cost is defined as the sum of the weights of its leaves. The objective is to find a leaf
spanning tree of maximum weight.

The unweighted version of the problem has been studied in a series of results (see for
example [39, 136]). The FPT version of the problem has also been extensively studied, for
example in [75, 37].

Using an observation from [74] for the unweighted case, we derive the analogous obser-
vation for the weighted case, Lemma 9.25. Using Lemma 9.25, it is easy to derive Theorem
9.24 from the proof of Theorem 9.18.

Theorem 9.24. Let 0 < ¢ < 1/2 and g be a fixed integer. There exists an algorithm,
based on Algorithm 11, that computes a 1 + e-approximation to the maximum weighted
leaf spanning tree problem in graphs of genus bounded by g. Its running time is n°&9),

This lemma is standard and was proven in previous results on maximum weight leaf
spanning tree.

Lemma 9.25. Let G = (V, E) be a graph with vertex weights w : V. — R*. Let W denote
the sum of the weights of the vertices of G. The sum of the value of the optimal maximum
weighted leaf spanning tree and the value of the optimal connected dominating set is equal

toW.

9.2.0.2 Tour Cover and Tree Cover

The tour and tree cover problems are defined as follows.

Definition 9.26. Tree cover. Given a graph G = (V, E) with edge weights w : E — R, a
tree cover is a set of edges S such that G| S| is connected and such that for each (u,v) € E,
de € S such that e shares an endpoint with (u,v). The tree cover problem asks for a tree
cover of minimum weight.

In the tour cover problem, the solution is required to form a tour instead of a tree.
The Tour and Tree cover were introduced by Arkin et al. in [8] who obtained the first
constant factor approximation and a proof of MAX-SNP hardness in general graphs. An
approximation ratio of 3 was later obtained in [124] for both problems and to 2 for tree
cover in [149]. The parameterized version of the problem was addressed in [98, 147].

Theorem 9.27. Let 0 < ¢ < 1/2 and let g be a fixed non-negative integer. There exist
algorithms, based on Algorithm 11, that compute a 1 + e-approximation to the tour cover
problem and to the tree cover problem in graphs of genus bounded by g. Their running
times are n®\(=:9),
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Proof of Theorem 9.27. We show that the three conditions of Theorem 7.3 are met.

Condition 1 This condition is fulfilled by an O(1) approximation algorithm, see for
example [149]. Consider a graph G and any feasible solution S. Since S is connected, any
vertex of G/S is at distance at most 1 of the vertex resulting from the contraction of S and
so, G/S has constant diameter and therefore constant branchwidth.

Condition 2 This condition is obtained by Theorem 9.16.

Condition 3 We show how to derive a Lift procedure. Note that each vertex resulting
from the contraction of an edge (or more generally a path) has a loop in the contracted
graph. Since the solution for the contracted graph has to cover all the edges of the graph,
this vertex has to belong to the optimal solution. Therefore it is possible to add the con-
tracted edges to the solution while preserving connectivity. For Tree Cover, the solution in
G is simply .S U K, while for tour cover, some edges must be taken twice to form a tour. In
either case, the weight of the solution is bounded by w(.S) + 2w(K). O

9.2.0.3 Weighted Connected Vertex Cover

We now consider the weighted connected vertex cover.

Definition 9.28. Weighted Connected Vertex Cover. Given a graph G = (V. E) with
vertex weights w : V' — R, a connected vertex cover is a set of vertices S such that G[S]
is connected and such that for each (u,v) € E, u € S orv € S. The weighted connected
vertex cover problem asks for a connected vertex cover of minimum weight.

Savage [168] gave a 2 approximation algorithm which remains the best approximation
algorithm for general graphs.

There are PTASs for the unweighted case in restricted classes of graphs (see [178, 66]).

The weighted connected vertex cover problem is very related to the tree cover problem.
The difference is that the weights are on the vertices and not the edges. Fujito shows in
[90] that, whereas the tree cover problem can be approximated within a constant factor
in general graphs, the weighted vertex cover problem cannot be approximated within a
factor better than logn in general graphs unless NP € DTIME[n?(°¢1°6™)] and provides
an O(logn) approximation algorithm for the problem. See [98, 147] for results in the
parameterized case.

Theorem 9.29. Let 0 < ¢ < 1/2 and let g be a fixed non-negative integer. There exists
an algorithm, based on Algorithm 11, that computes a 1 + c-approximation to the vertex-
weighted connected vertex cover problem in graphs of genus bounded by g. Its running
time is nOU(©9),

Proof of Theorem 9.29. We show that the conditions of Theorem 7.3 hold.
Condition 1°. Here we use the more general version of the first condition, where the
backbone is not required to be a solution: Observe that the value of any optimal solution
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to the weighted connected dominating set problem is a lower bound on the value of the
optimal solution for the weighted connected vertex cover problem. Therefore, it is possible
to compute a subgraph H of the input graph G of total weight at most O(OPT) such that
G/H has treewidth at most O(1) using Lemma 9.19.

Condition 2 is ensured by Theorem 9.16.

Condition 3 is attained by letting the solution on GG be S U K. Since every contracted
vertex is either in S or adjacent to S, S U K is connected. As S is a vertex cover in G/H,
every edge in G has an endpoint in either S or K. [

9.2.0.4 Weighted Feedback Vertex Set

There has been much research on feedback vertex set. Here we only mention a few repre-
sentative results. The first constant-factor approximation algorithm for the unweighted case
was achieved in [29]. It was later improved to a factor 2 for both weighted and unweighted
in [22]. Primal-dual approximation algorithms for these and more general problems were
given in [92] The parameterized problem was addressed in [56] and [155]. An approxima-
tion scheme for the unweighted version was given in [66].

Theorem 9.30. There is a PTAS for weighted feedback vertex set in undirected planar
graphs.

We provide a reduction from weighted feedback vertex set to vertex-weighted con-
nected dominating set.

Given a planar graph G = (V, E) and a vertex-weight function w(-), we construct an
instance for connected dominating set (CDS): the graph G = (f/, E ); weights of vertices
of G in G are preserved; others receive a weight of 0. It suffices to show that every FVS
in G corresponds to a CDS in G of the same weight, and vice versa.

Let SbeaFVSinG. Let Vy := V\V be the vertices in G inside faces of G, and let
S:=5u V. Thus w(S) = w(S). As S contains every vertex in V;, S is a FVS of G.
Note that (7 is triangulated, and in a triangulated planar graph, every minimal vertex cut is
a simple cycle. Therefore S hits every vertex cut in G, i.e., induces a connected graph. S
contains V;, which dominates G'. Therefore S is a connected dominating set in G.

Now let S be a CDS in G. Then S’ := S’ U Vyis a CDS in G with the same weight.
Thus S’ hits every cycle in G that strictly separates any two vertices in s Every cycle in
G separates some two faces of GG, and therefore the corresponding vertices in V. Thus S/
hits every cycle in GG. Thus S := S"'AV =S5 AV hits every cycle in G, i.e., is a feedback
vertex set, and w(S) = w(S).






Concluding Remarks and Open Questions

This thesis is a step toward the understanding of both the algorithms used in practice for
clustering and network design problems and the complexity of those problems. We have
shown that the popular local search heuristic achieves nearly optimal performance for a
variety of characterizations of practical instances. Furthermore, local search is, so far, the
only algorithm that achieves the best possible theoretical bounds (i.e., PTAS') for cluster-
ing instances consisting of graphs excluding a fixed minor or points in a low-dimensional
Euclidean space. We also proved theoretical bounds on the approximation guarantee of
local search for TSP that match the performances experienced during the DIMACS TSP
Challenge. Thus:

The main message is that local search occupies a sweet spot between practical perfor-
mances and theoretical guarantees for several models of practical instances of clustering
(including planar graphs, low-dimensional Euclidean space, and structured instances)
and low-dimensional Euclidean instances of TSP and Steiner tree.

Beyond the complexity results, proving strong guarantees for a heuristic widely used
in practice for the (theoretical) characterizations of real-world instances suggests that those
characterizations are meaningful: they capture some of the structural properties of the real-
world instances that make local search a good heuristic.

One of the main ingredients of our proofs is the existence of “cheap” separators that
split the instance into two sub-instances of roughly equal size. The notion of separator has
been mainly used to derive algorithmic results via the use of dynamic programming and
divide-and-conquer. Here, we exhibit cases where the existence of cheap separators implies
that any local optimum is close to a global optimum for both clustering and network design
problems?.

In Part II, we have designed a more structured separator, tailored for network design
problems and we have shown that it yields a general approach for obtaining PTASs for
various network design problems in planar graphs. This gives the first PTAS for connected

'The running time could be improved though, see Open Problem 5.
2See [148] for other connections between cheap separators and local search.
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dominating set, connected vertex cover, tour and tree cover and feedback vertex set in
weighted planar graphs.

Perspectives on network design problems. As we have seen in Chapter 8, the standard
local search algorithm cannot achieve better than a 2-approximation for low-dimensional
Euclidean TSP in the worst-case. This seems to be due to the rather non-local constraint
that the solution has to be a tour. Indeed, for low-dimensional Steiner tree — which only
induces a connectivity constraint — there is no lower bound known so far. Thus, two natural
questions are the following.

Open Problem 1. Is there a refinement of local search that achieves better bounds for
Euclidean TSP?

And concerning Steiner tree,

Open Problem 2. What is the performance of local search for low-dimensional Euclidean
Steiner tree?

In Chapter 9.1, we have designed a general framework to obtain approximation schemes
for a variety of network design problems. It is natural to ask about an extension of this work,
in the flavor of the bidimensionality framework of [66].

Open Problem 3. Is it possible to extend the ubiquity framework,
e to more general classes of graphs (e.g., graphs excluding a fixed minor)?

e to more general network design problems (e.g., problems that asks for a i-connected
network, v > 1)?

Perspectives on clustering problems. Very recent results show that, for some problems,
non-oblivious versions of local search! allow to avoid trivial local optimum. As we have
seen, the standard local search algorithm can get stuck in a local optimum of cost greater
than 3 times the optimal. Non-oblivious version of local search could avoid this particularly
bad local optimum.

Open Problem 4. Is there a non-oblivious local search algorithm that achieves a better
than 3-approximation for general instances of k-median?

'"We say that local search is non-oblivious if the objective of the algorithm is not the same than the
objective of the problem.
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Perspectives on local search. A natural direction consists in designing more efficient
local search algorithms. For example, improving the running time of Algorithm 1 to
O(f(s) - n - polylog(n)) would allow to address big datasets (e.g., social networks) for
which quadratic-time algorithms are not suitable'.

Open Problem 5. Is it possible to improve the running time of local search while preserv-
ing provable guarantees?

We finally conclude with a broader and challenging open problem. Our results on clus-
tering in planar graphs and low-dimensional Euclidean space show that combining center-
based clustering objectives and cheap separators lead local search to be efficient. At a more
general level, it is interesting to determine what are the ingredients that ensure that local
search has provable performance guarantees.

Open Problem 6. Is there a characterization of (1) the problems and (2) the instances for
which local search is efficient (i.e., an O(1)-approximation or a PTAS)?

From practice to theory continued... We highlight two main open question raised by
our experiments in Chapter 6. We have seen that local search achieves a much better ap-
proximation in practice than what we showed in theory. More concretely, for neighborhood
of size 1, our bounds yield an approximation guarantee of at least 2. In the experiments,
we observed that the approximation obtained is less than 1.2.

Open Problem 7. Is it possible to tighten the bounds on the approximation guarantee of
local search for low-dimensional or stable instances?

One step toward this question would be to improve the bounds for instances generated
from a mixture of Gaussians.

Finally, we recall the more challenging question of the appropriateness of the k-means
clustering. Indeed, we observed that, in several cases, the optimal value w.r.t. the k-means
objective can be significantly smaller than the value of the clustering that we would like to
compute.

Open Problem 8. Is it possible to characterize the instances for which the optimal value
w.r.t. the k-means objective corresponds to the value of the “natural” clustering?

! We also note that there is no FPTAS for the k-median problem unless P = NP, even when the inputs
consist of planar graphs (see Lemma A.10).
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APPENDIX A

Notations and Definitions

In this chapter we formally define the problems studied in this thesis and describe the notion
of separator for both the graph and Euclidean settings. The reader might choose to skip this
section and come back to it whenever a particular concept is needed.

The basic definitions of graph theory, including the description of the main graph
classes studied in this thesis and their properties are postponed to Section A.3. The stan-
dard notations and definitions of graph theory and computational complexity can also be
found in Sections A.3 and A.4. We refer to the books of Knuth [120, 121, 122] and Cormen
et al. [173] for more details on the elementary concepts of computational complexity and
algorithms.

A.1 Problem Definitions

The problems tackled in this thesis are of two main flavors. On one hand, we consider
clustering problems which consists in partitioning a set of points lying in a metric space
into clusters while optimizing a certain objective function. Various objective functions have
been studied, each of them defining a specific clustering problem. We proceed at a more
abstract level and define a single problem (see Definition A.1) that generalizes the classic
clustering problems.

On the other hand, we consider network design problems. We say that a problem is a
network design problem if it asks for a graph satisfying some structural properties (e.g., the
traveling salesman problem asks for a graph that is a cycle). We address network design
problems of different natures, from classic ones like TSP and Steiner tree to more con-
strained ones like connected dominating set.
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A.1.1 Clustering Problems

Partitioning points in metric spaces according to similarity arise in a variety of contexts.
Thus, several clustering problems have been defined thus far. We consider a clustering
problem that generalizes some classic clustering problems like £-median and k-means. In
the following, let (A, dist) denote a metric space and assume that cost(a, b) = dist(a, b)”
for some fixed constant p > 1.

Definition A.1 (k-Clustering). Given a finite set of clients A < A, a set of candidate
centers F' © A, two positive integers k and p, the k-clustering problem asks for a set of
centers S € F, of cardinality at most k, that minimizes

_ o »
cost(S) leégldlst(x,c).

zeA

For a particular clustering C' = {C', .. ., C}} and for each client ¢, we define cost(c, C;) =
dist(c, C;)P. Given an instance [ of the k-clustering problem and a solution S to /, a parti-
tion C' = {C,...Cy} of Ais a clustering of A induced by S if for any i € {1, ...k}, for
any a € C, cost(a, ¢;) = mingeg cost(z, c)}.

The cases where p = 1 and p = 2 are well-studied problems known as the k-median
(or k-clustering in [150]) and k-means problems respectively. A slight relaxation of the
problem is called the facility location problem.

Definition A.2 (Uncapacitated Uniform Facility Location). Given a finite set of clients A <
A, a set of candidate centers ' < A, an facility cost f, and a function cost : A x F — R,
the Uncapacitated Uniform Facility Location asks for a set of centers S < F,that minimizes

cost(S) = |S]- f + Z miglcost(x,c).
zeA e

If p — o0, the problem is known as the k-center problem.

Definition A.3 (k-Center). Given a set of clients A € A, a set of candidate centers F' < A,
a non-negative integer k, and a function cost : A x F — R, the k-center problem asks
for a set of centers S < F, of cardinality at most k, that minimizes

dist(S) = max min cost(z, c).
€A ceS

A.1.2 Network Design Problems

There is a variety of network design problems arising from practical applications. Here
we focus on four classical network design problems. Given a set of elements A and a cost
function cost : A x A — R, atour of Aisagraph T = (A, E) that is a simple cycle. The
cost of tour 7" is the sum of the cost of the edges of E, i.e., Z(W)eE cost(u, v). Similarly



A.2. Separators 163

a tree of Ais a graph T' = (A, E) that is a tree. Its cost is also >, cp cost(u,v). The
minimum spanning tree of A is a tree of A of minimum cost. Let (.4, dist) be a metric
space.

We now turn to the definition of two classical problems: the traveling salesman problem
and the Steiner tree problem.

Definition A.4 (Traveling Salesman). Given a set of elements A and a cost function cost :
A x A — R, the traveling salesman problem asks for a tour of A of minimum cost.

The definition of the Steiner tree problem is the following.

Definition A.5 (Steiner Tree). Given a set of elements A, a set of candidate Steiner points
S and a cost function cost : (AU S) x (AU S) — Ry, the Steiner tree problem asks for
a subset Sy < S of Steiner points such that the minimum spanning tree of A U Sy is of
minimum cost.

We also consider the connected dominating set problem. This problem is of slightly
different flavor since the value of a solution is a set of vertices. This comes from the fact
that this problem is often used to model wireless networks and so, the cost of the network
is a function of the number of nodes rather than the number of edges (it is more relevant to
optimize the cost of powering the wireless stations rather than the cost of installing cables).

Definition A.6 (Connected Dominating Set). Given a graph G = (V| E), the connected
dominating set problem asks for a subset S of V' such that

e G|[S] is connected,
e forany v € V, we have that v € S or v is adjacent to a vertex of S and,
S is of minimum size.

In the node-weighted version of the problem, in addition to G we are given a function
w : V — R,. Moreover S is required to be minimum with respect to the sum of the
weights of the vertices it contains, i.e., S is minimizing >, _c w(v).

A.2 Separators

We aim at providing a short overview on the separation property and its algorithmic im-
plications. There is a rather long history (see [165]) of finding “good” ways to separate
an instance into sub-instances of significantly smaller sizes, sometimes depending on the
nature of the problem. We start with reviewing separators in graphs before presenting sep-
arators in low-dimensional Euclidean spaces.
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A.2.1 The Separation Property in Graphs

For a graph G = (V, E), we define a separator of G to be a subset of vertices S such
that G — S results in a graph which has at least two connected components. When solving
an algorithmic problem, the different connected components of a graph can often be dealt
with separately. Thus, a separator breaks the problem into smaller problems, allowing us to
apply dynamic programming or divide-and-conquer techniques or, as we will see, ensure
that local search algorithms perform well. The size of a separator is often defined by the
number of vertices it contains.

To ensure that the sub-problems are much smaller we are mainly interested in balanced
separators of small size. This ensures some properties that resemble the isoperimetric in-
equality of the Euclidean space. The isoperimetric inequality in the plane states that for any
closed curve of perimeter L enclosing an area A, 41t A < L?. When the curve is a circle,
the equality holds: 4mA = L?. Then, the important notion here is that the area enclosed is
much bigger than the perimeter of the curve used to enclose it. This can be generalized to
higher dimensions. In dimension 3 for example, for a given area A, the sphere is the simple
closed surface of area A that encloses a region of maximum volume.

In the context of graphs, a separator that has size o(n) and that separates the graphs into
at least two connected components each of size (2(n) yields some isoperimetric inequality
for graphs. With this in mind, we say that a separator is balanced if it yields a graph such
that each connected components has size at most cn for some constant ¢ < 1.

Separators in Bounded Treewidth Graphs. The existence of small separators in graphs
of bounded treewidth follow from the definition of tree-decomposition. The definitions and
notations related to treewidth and graph of bounded treewidth are given in Appendix A.3.
Given a tree-decomposition (53, )) of width w, for any two adjacent nodes N;, N;, V; n'V;
is a separator of the graph. Since each bag contains at most w + 1 vertices, we have that the
graph contains a separator of size at most w + 1 (even if we assume that no bag is a subset
of another bag). It is known that one can find a balanced separator in this class of graph by
moving along the tree and finding two adjacent nodes whose intersection forms a balanced
separator.

The fact that for any two adjacent nodes N;, V;, V; n V; is a separator of the graph
can be shown as follows. Consider the two subtrees 7; and 7; resulting from the deletion
of nodes IV; and N, from 7. Assume toward contradiction that V; n V); is not a separator
and that no bag is contained into another. Thus there exist u, v ¢ V; N V; such that there is
an edge (u,v) and u appears in a bag associated with a node of 7; and v appears in a bag
associated with a node if 7;. Since (u, v) is an edge there is a bag containing both of them.
Thus, by the definition u or v appear in V; N V;, a contradiction.

Separators in Planar Graphs. In the following, we assume that each vertex is assign a
mass. We say that a separator is balanced if its removal yields a graph such that each of its
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connected component has total mass at most 1/3. Moreover, we say that a mass assignment
is proper if the mass of each vertex is in [0, 1/3]. In the following we will always assume
that the mass assignment are proper.

The first separator theorem for planar graphs is due to Ungar [175] who proved that
each planar graph with n vertices contains a balanced separator with O(+/n logn) vertices.
Later, Lipton and Tarjan [133] improved the bound to O(4/n) and gave a linear-time al-
gorithm to compute it. The constant was later improved by Djidjev [71]. Note that this
bound is tight up to a constant factor. There is a variety of algorithmic applications of the
separator theorem. In a nutshell, this allows to apply a divide-and-conquer approach to
the graph. It has lead to e.g., efficient algorithms for finding shortest paths (see [104]), or
approximation algorithms for the independent set problem (see [134]).

However, as we will see in Chapter 9, some problems require more structured balanced
separators. Miller [143] was the first to introduced the notion of ‘“cycle separator”. He
showed that one can find in any planar graph a balanced separator that forms a cycle in the
graph. Later, Djidjev and Venkatesan [72] presented a linear-time algorithm that, given a
2-connected planar graph G with n vertices, returns a subgraph of G that is both a cycle
and a separator of G of size at most 44/n.

Separators in /7/-Minor Free Graphs. The tremendous implications of separator theo-
rems for planar graphs have led researchers to look for separator theorems for more general
classes of graphs. In 1990, Alon, Seymour, and Thomas [7] proved a separator theorem for
the family of graphs excluding a fixed graph as a minor. They showed that given a graph H
with h vertices there exists an algorithm that for any graph G that excludes H as a minor,
any proper mass assignment to the faces, returns a balanced separator of G of size at most
Vnh3.

Since for any surface ., the family of graphs that can be embedded on X excludes a
finite set of graphs as minors, a separator theorem for graphs embedded on a surface can
be deduced from the theorem of Alon, Seymour, and Thomas.

Thus, many algorithms for planar graphs can be applied directly to graphs excluding a
fixed minor. However, some more structured separators, for example Miller’s cycle sepa-
rator theorem, have no equivalent in graphs excluding a fixed minor!.

Separator theorems exist also for even more general classes of graphs such that graphs
of bounded expansion. In this thesis we mainly focus on classes of graph excluding a fixed
minor.

A.2.2 The Separation Property in Euclidean Space

We now aim at defining separators in the Euclidean setting. At an informal level, a separator
splits a set of objects lying in a Euclidean space into two parts of roughly equal size. In

'However, there is no proof that none can exist so far.
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the plane for example, a closed curve containing a constant fraction of the points in both its
interior and exterior forms a separator in a way that is similar to the planar case: Making
use of the isoperimetric inequality, one can find a curve whose length is sublinear with
respect to the area it encloses, yielding a bound that resemble the bound of the planar graph
separator.

Dissections of R%. One of the first use of Euclidean separators for algorithmic purposes
is due to Karp [114], back in 1977. He introduced a way to partition a set of points in a
Euclidean space of fixed dimension in order to provide an approximation algorithm to the
traveling salesman problem (TSP) via a dynamic programming approach. The algorithm
recursively finds a curve separating the instance into two sub-instances, solves the two sub-
problems separately and combine them by paying (at most) the length of the separating
curve. The approximation guarantee directly depends on the isoperimetric inequality: if
the length of the curve is small compared to the length of the two sub-tours, the final tour
is almost optimal.

In the 90s, Arora [9] and Mitchell [144] independently showed how to build more struc-
tured separators for TSP in order to improve the approximation ratio. They showed that it is
possible to recursively divide a Euclidean space of fixed dimension using separators that are
crossed only a few number of times by a near-optimal solution. This reduces the interface
between two sub-problems induced by a separator to a constant number of bits of informa-
tion, allowing the dynamic programming approach to efficiently compute the near-optimal
solution.

Local Search and Separators. Separators were used more recently to show that local
search algorithms perform well for some geometric problems. For example, given a set of
points and disks in the plane, the problem of hitting all the disks using the minimum number
of points can be well approximated using a simple local search algorithm (see [148]). The
analysis relies on a planar graph that represents some of the possible local exchanges.
Then it uses planar graph separators to partition the graph into locally-optimal regions and
provides an analysis of the solution region by region.

Separators for Voronoi Diagrams. The connection between the isoperimetric inequality
in the Euclidean setting and graphs separators looks even tighter in the light of the recent
results of Bhattiprolu and Har-Peled [34]. Given a set of points P in R¢, they show how to
efficiently compute a set of points Z in R¢ such that P can be partitioned into two sets P
and P, of roughly equal sizes satisfying the following condition: in the Voronoi diagram
of P u Z, the cells of the points in P, do not touch the cells of the points in . Thus, Z
separates the points in P, from the points in /7 in the Voronoi diagram. Moreover, they
show that there exists such a set Z of size | P|'~/<,
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A.3 Graph Theory

We use the standard notations of Diestel [69]. A graph G = (V, E) is a pair (V, E') where
V < {1,...,n} is the set of vertices of GG, and F is a multiset of (unordered or ordered)
vertex pairs called edges of G. We usually denote by n the number of vertices of a graph
(. Throughout this thesis we mainly consider undirected graphs.

For an edge ¢ = (u,v), we call u and v the endpoints. If e = (u,u) we called it a
loop. Two or more edges corresponding to one pair of vertices are called parallel edges.
An edge e = (u,v) is said to be incident to vertices v and v and u and v are said to
be adjacent and neighbors of each other. The degree of vertex v is the number of edges
incident to v A path is a graph P = (V| E) of the form V = {xg,z1,..., 2} and E =
{(zo, 1), (x1,22), ..., (xK_1,21)}. Its endpoints are xy and . A cycle is a graph C' =
(V,E) of the form V' = {xq,xy,..., 2, xo} and E = { (xo, 1), (x1,22), ..., (Tp_1,Tk),
(g, xo)}. Paths and cycles are said to be simple if the x; are distinct. If the number of
vertices of the path is ¢, we say that the path has size /.

The graph consisting of n vertices and that has an edge between every pair of vertices
is called the complete graph and denoted /,,. A graph is bipartite if it does not contain any
cycle of odd size. The vertices of a bipartite graph can be partitioned into two parts such
that no edge connects vertices of the same part. The bipatite graph consisting of n vertices
on one side and m vertices on the other and with an edge between each pair of vertices
from diffrent sides is called the complete bipartite graph and denoted K, ,,,.

A graph H = (V' E’') is a subgraph of a graph G = (V, E) if both V/ < V and
E' < E.Inagraph G = (V, E), vertices v and u are connected if there exists a subgraph
of (G that is path and such that v and u are its endpoints. In this case, we say that there exists
a path between v and u. Connectivity induces an equivalency relationship on the vertices
of G: A maximal set of vertices that are pairwise connected defines a connected component
of G. If GG has only one connected component we say that the graph is connected. More
generally, if for any pair of vertices u, v there exists at least k disjoint paths from u to v, we
say that (& is k-connected.

For any graph G = (V, E) and subgraph H = (V'  E’), if £’ contains all the edges
(u,v) of E such that both u,v € V' then H is said to be an induced subgraph of G. In
this case, we denote H by G|[V']. We say that a graph ' = (V, E) is a forest if it does not
contain any cycles as subgraph. A forest is said to be a tree if there is only one connected
component. In a forest, we sometimes call a vertex a node and vertices of degree leaves.
We say that a tree is binary if each non-leaf node has degree 3. We say that a tree is
a binary rooted tree if each non-leaf node has degree 3 except for one non-leaf node of
degree 2 (called the root). We say that a set of vertices V'’ < V (resp. set of edges ' < F)
is a cycle of G if there exists a subgraph G’ = (V"  E”) of G such that V' = V" (resp.
E’ = E")and G’ is a cycle (and similarly for paths, trees, etc.). Given a graph G = (V, E),
we say that a tree T" = (V;, F;) is a spanning-tree if V =V, and E; < F.
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Throughout this thesis, we will be facing graphs together with weight functions associ-
ated with the edges of the graph. For each graph there will be a function w : £ — R,. We
slightly abuse notation and define w(E") for any subset £’ < E as w(E') = >, . w(e).
When equipped with this weight function, we refer to the length of a path P = (V' E’)
connecting two vertices by w(E’). We slightly abuse notation and refer to the length of P
by w(P) We then define a distance function dist : V' x V — R, as follows. The distance
between two vertices © and v is the minimum over all paths with endpoints © and v of the
length of the path, i.e., dist(u, v) = minym p vetween uand v W(P).

In the case when no such path exists, the distance is said to be infinite. Otherwise the
distance is finite since the weights are positive. For any pair of vertices u, v, each path of
length dist(u, v) is called a shortest path between u and v. We abuse notation and define
dist(U, S) = min,epy min,eg dist(u, v), for U, S < V.

We now define some operators on the edges of any graph G = (V, E). The contraction
of an edge e = (u, v) consists in removing a vertices u, v and adding a new vertex v., which
becomes adjacent to all the former neighbours of u and of v. The graph G where edge e
is contracted is denote GG/e. The contraction operation is commutative (G/e/e’ = G/é'/e).
We thus extend the notation to subsets: G//E’ for £’ < E is the graph G where all the
edges of F’ are contracted.

The deletion of an edge e of graph G = (V| E') results in a graph G’ = (V, E\e). The
deletion of a vertex v of graph G = (V, F) results in a graph G' = (V\{v}, E’) where
FE’ is the set of edges of E that do not have v as their endpoints. We write G — e and
G — v to denote the graphs resulting from the deletion of edge e and the deletion of vertex
v respectively.

Given two graphs GG and H, we say that H is a minor of G if it can be obtained from G
by deleting zero or more vertices or edges and contracting zero or more edges.

A.3.1 Graph Classes

We introduce several classic families of graphs that appear throughout this thesis. Fig-
ure A.1 shows the inclusion relationships between the different classes.

A.3.1.1 Graphs of Bounded Treewidth

We now introduce a very useful parameter for graphs: the treewidth. Since algorithmic
problems on graphs are often much more tractable when the input is assumed to be a tree,
it is natural to define a parameter measuring how close a graph is to a tree. For example,
the complete graph K, is very far to be a tree and its treewidth is n — 1 whereas a tree or a
cycle (which is a tree plus an edge) have treewidth 1 and 2 respectively.

We now give the formal definition of treewidth, as introduced by Robertson and Sey-
mour [157, 158]. For this, we need to define a tree-decomposition of a graph.
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Figure A.1: The different graph classes appearing in this thesis. Arrows from class A to
class B means that class A is included in class B.

Let G = (V, F) be a graph. A tree-decomposition of G is a pair (T, B), where B is a
collection of subsets of V' called bags and T = (V, £) is a tree, such that

e Each vertex appears in at least one bag. In other words, for all v € V', 3B € B such
that v € B.

e For all edge (u,v) in E there exists a bag containing both u and v.

e For all 7, the ith bag B; of B is associated to the ith node N; of V and we have that
if two bags B;, By, contain vertex v, then each bag B, such that N, is in the path
between /V; and IVj, contains vertex v.

The width of the tree-decomposition is the cardinality of the largest bag minus 1. The
treewidth of a graph is the minimum width over all tree-decompositions. In this thesis, we
define a bounded treewidth graph as a graph whose treewidth is constant. Standard results
show that there exists an efficient algorithm turning a minimum-width tree-decomposition
to a tree-decomposition of same width whose tree is binary. When we refer to tree-
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decomposition, we will assume we will refer to a minimum-width tree-decomposition with
binary tree.

Branchwidth. When dealing with some particular classes of graphs (for example graphs
embedded on a surface), a useful decomposition that often encodes more structure than
tree-decomposition (some topological structure in the context of graphs embedded on a
surface) is the branch-decomposition of the graph.

To formally define the branchwidth, we need to define a branch-decomposition. Let
G = (V,FE) be a graph. A branch-decomposition of G is an unrooted binary tree 7 =
(N, E) together with a bijection ¢ between the edges of G and the leaves of 7. For any
edge e € &, define T! = (N1 E!) and T2 = (N2, E?) the two subtrees of the forest
T — e. Define mid(e) to be the set of vertices that are the endpoints of both an edge in
bijection with a leaf of 7' and an edge in bijection with a leaf to 7.2. More formally,
mid(e) = {v | I(v,u), (v,w) € E st ¢((v,u)) € N} and ¢((v,w)) € N?}.

The width of a branch-decomposition B = (7, ¢), denoted w () is max.c7 |mid(e)]|.
The branchwidth of a graph G is the minimum width of all the branch-decompositions.
The branchwidth is closely related to the treewidth: Robertson and Seymour [160] showed
that for any graph G, bw(G) < tw(G) < 3bw(G)/2 — 1.

A.3.1.2 Planar Graphs

Planar graphs is the class of graphs that can be drawn in the plane in a such a way that no
two edges intersect in a point other than a common endpoint. It is a fairly natural class
of graphs that dates back to at least Euler and his famous “seven bridges of Konigsberg”
problem. Indeed, since 2-dimensional objects are often used to represent our environment,
practical instances of several algorithmic graph problems consists of planar graphs. For
example, in the context of designing a network, the input is sometimes a graph whose
edges are streets and vertices are intersections, yielding a planar graph.

In order to formally define planar graphs, we introduce the notion of embedding. An
embedding of a graph G = (V| F) on a surface ¥ is a continuous injective mapping from
the vertices and edges of F, considered as a topological space, to the surface >.. Consider-
ing V| I as a topological leads the mapping to map vertices to distinc points and edges to
disjoint paths, intersecting only at their endpoints. Every definition in this section can be
generalized to the case of graphs embedded on a surface. A combinatorial map of an em-
bedded graph is the combinatorial description of its embedding, namely the cyclic ordering
of the edges around each vertex.

A graph is said planar if there it can be embedded into R?. We define the faces of G
to be the set of components of R?\G. We extend the notion of adjacency and incidence to
faces: Vertices and edges of G are said to be incident to a face f if they are part of the cycle
of GG forming the boundary of f. Two faces are adjacent if their boundaries share an edge.
We say that the degree or length of a face is the number of edges in its boundary. Observe
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that there is a unique infinite face. We say that a planar graphs is triangulated if each face
has degree three.

A classical notion formula by Euler relates the number of faces, vertices, edges and
connected components of a planar graph. For any planar graph G, let f,n, e, c denote the
number of faces, vertices, edges and connected components of G, we have

n+f—e—c=1 (Euler’s formula)

We now consider planar graphs with no parallel edges and no loop and with at least three
vertices. Observe that each edge appears in at most two faces (one for each component
of R? that it is the boundary of). Thus we have that the sum of the degrees (length of the
boundaries) of the faces is at most 2e. Moreover, each face has degree at least three in this
context. Thus we have that this sum is at least 3f, and so, 2¢ > 3f. Replacing in Euler’s
formula yields

e < 3v—6. (A.1)

Moreover, observing that the sum of the degrees is at most 2e, it is easy to deduce that for
any planar graph with no parallel edges and no loop, there exists a vertex of degree at most
5.

We now turn to a crucial notion in planar graphs that we will use to levarage the topo-
logical properties of embedded planar graphs. The dual G* = (V*, E*) of an embedded
planar graph G = (V, E) is the graph whose vertex set consists of the set of faces of G,
and such that for each edge e in F incident to faces fi, fo, E* contains an edge connecting
the vertices of V* corresponding to faces f; and f;. Note that when f; = f5 this results
in a loop. The dual G* is planar, and the dual of G* is isomorphic to G if G is connected.
Throughout this thesis, when we refer to planar graphs we mean planar graphs without loop
and parallel edges unless stated otherwise.

We finally consider the characterization of planar graphs. Perhaps surprisingly, there
exists a beautiful combinatorial characterization of planar graphs dating back to Kuratowski
in 1930 [128] using the definition of minor described above.

Theorem A.7 (Kuratowski [128]). A graph is planar if and only if it does not have K3 3 or
Kx as a minor.

Given a planar graph G, the medial graph M is the embedded graph obtained by
placing a vertex v, for every edge e of (G, and connecting the vertices v. and v, with an
edge whenever e and ¢’ are adjacent on a face of G. The barycentric subdivision of an
embedded graph G is the embedded graph obtained by adding a vertex on each edge and
on each face and an edge between every such face-vertex and its adjacent (original) vertices
and edge vertices.
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A.3.1.3 Bounded Genus Graphs

Planar graphs are commonly used to model a wide array of discrete structures, and in many
cases it is necessary to consider embeddings into surfaces instead of the plane or the sphere.
For example, many instances of network design actually feature some crossings, coming
from tunnels or overpasses, which are appropriately modeled by a surface of small genus.
In other settings, such as in computer graphics or computer-aided design, we are looking
for a discrete model for objects which inherently display a non-trivial topology (e.g., holes),
and graphs embedded on surfaces are the natural tool for that. From a more theoretical point
of view, the graph structure theorem of Robertson and Seymour showcases a very strong
connection between graphs embedded on surfaces and minor-closed families of graphs.

We will use the classic notions on graphs embedded on surfaces, for more formal defi-
nitions and background see the textbook of Mohar and Thomassen [145].

We focus on compact surfaces without boundary. Let > be such a surface. Euler’s
formula can be adapted to graphs embedded on surfaces in order to provide define the
Euler genus of X2: For any connected graph GG with n vertices and e edges that is embedded
in ¥ with f facial walks, the number g = 2 — n + ¢ — f is independent of GG and is called
the Euler genus of X. A graph is planar if and only if it has Euler genus zero.

In this setting we rather consider graphs with loops and parallel edges since the topo-
logical properties of parallel edges and loops might be of interest for our problems (for
example, a loop might be non-contractible and so, be used in the solution some network
design problems).

We say that an embedding in cellular if each face is homeomorphic to a disk. We define
a noose to be an embedding of the circle S! on ¥ which intersects G only at its vertices.

An embedding of a graph G on a surface is said to be polyhedral if G is 3-connected
and the smallest length of a non-contractible noose is at least 3 or if GG is a clique and it
has at most 3 vertices. In particular, a polyhedral embedding is cellular. If GG is a graph
embedded on Y, the surface >’ obtained by cutting ¥ along G is the disjoint union of the
faces of G, it is a (a priori disconnected) surface with boundary. When we cut a surface
along a set of nooses, viewed as a graph, the resulting connected components will be called
regions.

We now introduce the generalization of Kuratowski’s theorem for graphs of bounded
genus, due to Robertson and Seymour [159]

Theorem A.8 (Robertson and Seymour [159]). For any surface ¥, there exists a finite set
of graphs T(X) such that any graph can be embedded on Y. if and only if it does not have
any graph in T'(X) as a minor.

The dual graph, medial graph, and barycentric subdivision generalize to graphs embed-
ded on surface (see [145] for more details).

We remark that planar graphs and graphs of bounded genus do not have bounded
treewidth and that graphs of bounded treewidth are not necessarily planar.
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A.3.1.4 H-Minor Free Graphs

We turn to a class of graphs generalizing both bounded genus graphs and graphs of bounded
treewidth.

A (not necessarily finite) family of graphs is said minor-closed if for any graph G of
the family, any minor of GG also belongs to the family. A celebrated theorem by Robertson
and Seymour [162] shows that there is a so-called forbidden minor characterization for any
minor-closed family of graphs. In other words, like in the case of graphs of bounded genus,
for any minor-closed family of graphs there exists a finite set 7' of graphs such that any
graph G is in the family if and only if it does not have any graph in 7" as a minor. We define
the family of H-minor free graphs as the set of graphs that do not contain /{ as a minor.
We will see in the next section the structural implications of the theorem of Robertson and
Seymour for this family.

A.4 Computational Complexity

Throughout this thesis, we aim at designing approximation algorithms for optimization
problems. Given a problem II and an instance I of II, we usually denote by OPT(II, I) the
value of an optimal solution for instance I of problem II. When II and [ are clear from
the context we just denote it OPT. We say that an algorithm is an a-approximation for a
minimization problem II if, for any instance I of II, the algorithm returns a solution of cost
at most «OPT(II, 7) and its running time is polynomial in the size of the instance. We say
that an algorithm is exact if it returns a solution of cost OPT(IL, I)

In the classic memory model (as opposed to data streams considered in Chapter 5),
no polynomial-time exact algorithm is known for any NP-Hard problem. Thus, since
polynomial-time is often necessary for practical purposes it is natural to look for polynomial-
time approximation algorithms.

When working on an NP-Hard problem, the best result one can hope for is a polynomial-
time approximation scheme (PTAS). A polynomial-time approximation scheme for a prob-
lem II is a collection of algorithms A such that for any positive constant , there exists an
algorithm A(e) € A thatis a (1+¢)-approximation for IT and runs in polynomial-time when
¢ is a fixed constant. If for any positive constant , the running time of A(c) is O(f(¢)n°)
where c is a fixed constant independent of € and f is any computable function then A is
said to be an efficient polynomial-time approximation scheme (EPTAS).

However, among the NP-Hard problem, some of them are known to be also hard to
approximate. For example, a problem II is said to be APX-Hard if there exists an integer
a > 1 such that there is no a-approximation algorithm for II unless P = NP. Example of
such problems are the k-median and k-means problems for general instances.
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A.5 Hardness Result for an FPTAS for the Planar k-Clustering
Problem

Definition A.9. An approximation scheme is said to be a fully polynomial approximation
scheme (FPTAS) if for any constant € > 0, it achieves a (1 + ¢)-approximation in time

poly(¢) poly(n).

Lemma A.10. There is no FPTAS for k-clustering problem even if the input consists of
planar graphs unless P = NP.

Proof. Meggido and Supowit [140] showed that the k-median problem is NP-hard even
when the inputs consist of planar graphs' and the distances are integers in {1,2,..., M},
where M = poly(n) and n is the number of vertices of the planar graph (thus the size of
the instance is poly(n)).

We show the lemma by contradiction. Assume toward contradiction that an FPTAS
exists. Given any £ > 0, it computes a (1 + ¢)-approximate solution to the problem in time
poly(g)poly(n).

Now, observe that the value of any optimal solution, is at most n- M (since the objective
function is the sum of the distances from each client to its closest center, which is at most
M). Moreover, the cost difference between two solutions is at least 1 (because the distances
are integers).

Now, running the FPTAS for ¢ < n - M yields a solution of cost at most (1 + ¢)OPT <
OPT + OPT/(nM) < OPT + 1, from the above observation. Thus, the cost of the solution
obtained by the FPTAS is less than OPT + 1 and so at most OPT (and thus exactly OPT)
since the cost difference between two solutions is at least 1.

Finally, since n - M is polynomial in the size of the input, we have an exact algorithm
(an algorithm computing an optimal solution) running in polynomial time, a contradiction
unless P = NP. [

lin fact for the even less general case of rectilinear inputs.
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Abstract

What are the performance guarantees of the algorithms used in practice for clustering and
network design problems? We answer this question by showing that the standard local
search algorithm returns a nearly-optimal solution for low-dimensional Euclidean instances
of the traveling salesman problem, Steiner tree, k-median and k-means. The result also
extends to the case of graphs excluding a fixed minor for k-median and k-means.

The problem of finding a polynomial-time approximation scheme for instances of the k-
means problem consisting of points lying in a low-dimensional Euclidean space or graphs
excluding a fixed minor is a 15-year old open problem. In this work, we solve this prob-
lem by showing that local search is a polynomial-time approximation scheme for those
instances. Furthermore, we show that for three recent characterizations of clustering in-
stances stemming from machine learning and data analysis, local search returns a nearly-
optimal solution.

One of the key ingredients that makes local search efficient is the existence of “cheap
separators” in the instances. In the last part of this work, we show how to compute a more
structured separator tailored for network design problems. This yields a general frame-
work for obtaining approximation schemes for connectivity and domination problems in
weighted planar graphs. It implies the first polynomial-time approximation schemes for
weighted versions of tree and tour cover, connected vertex cover, connected dominating
set, and feedback vertex set in planar graphs.
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