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Abstract

Over the last decade, the spectral sparsification technique has become a powerful tool in
designing fast graph algorithms for various problems with numerous applications. In this
thesis, we extend this spectral approach, and show that it is also very powerful in designing

approximation algorithms for classical network design and experimental design problems.

The central piece in this thesis is a problem called spectral rounding, which is inspired
by spectral sparsification and studied in an earlier work on experimental design. In this
problem, we are given vectors vy, ..., Vv, each with a non-negative cost, and a fractional
solution x € [0,1]™. The task is to find an integral solution z € {0,1}™ such that the
spectrum of the integral solution is similar to the one of the fractional solution, i.e. ), z(7)-

v;v;" &~ > x(i) - v;v;', and the integral cost is approximately equal to the fractional cost.

We observe that the spectral rounding problem underlies a large family of network de-
sign and experimental design problems. With this perspective, we bring new insights into
these well-studied problems. For network design, we show that the spectral rounding tech-
nique provides a novel and general approach to significantly extend the scope of problems
that can be solved efficiently. For experimental design, we show that the spectral rounding
technique provides a unified and elegant framework that matches and improves all known

existing algorithmic results.

There are two key techniques that we will use in this thesis. The first one is regret
minimization, which is well-known to the online optimization community and has been
used for spectral sparsification. We use it to control the spectrum of the integral solution
in the spectral rounding problem. The second key technique is concentration inequalities
for analyzing adaptive random sampling processes, which enable us to satisfy spectral and

linear constraints simultaneously with high probability.
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Chapter 1

Introduction

In the past decade, the linear algebraic perspective to solving graph problems has become
a powerful tool in designing fast graph algorithms [132, 44, 21, 7, 9, 128]. In this thesis, we
extend this spectral approach and find new connections and interesting results in network

design and experimental design.

1.1 The Central Problem: Spectral Rounding

The following spectral rounding problem is the central problem in this thesis. The version
we stated in the abstract is equivalent to the following one by a simple reduction (see, e.g.,
Section 6.1.3).

Question 1.1.1 (Spectral Rounding). Suppose we are given vectors vy, ..., V,, € R? and
x € [0,1]™ such that 7", x(i) - v;v;' = lg, where Iy is the d-dimensional identity matriz.
Given a non-negative “cost” vector ¢ € R, find z € {0,1}™ such that

Zz(z) vyl and (c,z) =~ {c, x).

i=1

This problem is similar to the spectral sparsification problem introduced by Spielman

and Teng [133]. In spectral sparsification, the goal is to find a sparse non-negative vector

1



y € R to approximate the spectral properties of a given fractional vector x. Spectral
rounding is different in that we want to find an integral vector z € {0,1}"™ to approximate

the spectral properties of x and preserve the cost simultaneously.

To approximate the spectral properties of a fractional vector, we consider two different

settings.

e One-sided spectral rounding: Find z € {0,1}™ such that
Zz(z) A and (c,z) =~ {c, x).

e Two-sided spectral rounding: Find z € {0,1}" such that

z(i)- vy = 1;  and (c,z) ~ {c,x).
i=1

The one-sided spectral rounding was formulated and studied by Allen-Zhu, Li, Singh,
and Wang [6] when the cost vector ¢ = 1,,,. We extend their results to incorporate general

costs. The following is our main algorithmic result for the one-sided spectral rounding.

Theorem (Informal). Suppose we are given vectors vy, ..., vy, € R and x € [0,1]™ such
that 7" x(i) - v;v;' = ly. For any given non-negative vector ¢ € R, if (c,x) is large
enough, then one-sided spectral rounding is always possible. In particular, there is a poly-
nomial time randomized algorithm that returns a solution z € {0, 1}™ with high probability

such that
Zz(z) vy =y and (c,z) =~ {c, x).

We design an iterative randomized rounding algorithm to prove the above theorem.
Initially, each vector v; is selected at random with probability x(i) independently. Then,
in each iteration, the algorithm adaptively samples a vector v; to remove from the current
solution set S, and samples a vector v; to add into S. The sampling probabilities of

v; and v; are based on their contributions to the spectrum of the current solution and



the corresponding fractional values x(i) and x(j). This adaptive randomized sampling
approach is the main theme in this thesis, which allows us to improve the spectrum and

preserve linear constraints simultaneously.

When all the vectors are short and the cost constraint is ignored, a recent result of
Kyng, Luh, and Song [91]| proves that two-sided spectral rounding is always possible. We
extend their result to show that the two-sided spectral rounding with short vectors and
general costs is always possible. We remark that these are existential results, as the proofs

use the nonconstructive interlacing polynomial method.

1.2 Applications to Network Design

Network design is a central topic in combinatorial optimization, approximation algorithms
and operations research. The general setting of network design is to find a minimum cost
subgraph satisfying certain requirements. The most well-studied problem is the survivable
network design problem |71, 1, 73, 67|, where the requirement is to have at least a specified
number f,, of edge-disjoint paths between every pair of vertices u,v. A seminal work of
Jain [79] introduced the iterative rounding method for linear programming to design a 2-
approximation algorithm for the survivable network design problem, and this method has
been extended to various more general settings |62, 66, 43, 93, 94, 56, 64, 96, 16]. There
are also other linear programming based algorithms such as randomized rounding [135,
68, 32, 12, 75] to obtain important algorithmic results for network design. It is widely
recognized that linear programming is the most general and powerful approach in designing

approximation algorithms for network design problems.

Using spectral rounding, we provide a completely different approach to this well-studied
topic. The spectral requirement in the spectral rounding problem not only captures pair-
wise edge connectivity requirements in survivable network design, but also allows us to
have a control over many other useful and interesting properties, e.g., algebraic connectiv-
ity, graph expansion, pairwise effective resistance, etc. Before our work, there was no good
approximation algorithm for these properties, even individually. The spectral approach

provides us a powerful tool to tackle a generalized network design problem that incorpo-



rates connectivity constraints, effective resistance constraints, algebraic connectivity con-
straints, and some other unstructured linear constraints simultaneously. The following is
our main result for the generalized network design problem, which significantly extends the
scope of useful properties that a network designer could control simultaneously to design

better networks.

Theorem (Informal). For any e, there is a convex programming based polynomial time
randomized algorithm to return an integral solution z of the generalized network design
problem that simultaneously satisfies all the connectivity constraints, the effective resistance
constraints, the algebraic connectivity constraint and the capacity constraints exactly with

high probability. The cost of the integral solution z is
(c,z) < (1+0O(¢g)) -opt+ O (%)

with high probability, where opt is the cost of an optimal (fractional) solution, n is the
number of vertices in the graph and ||c||, is the mazimum cost of an edge. Furthermore,

unstructured linear constraints can be satisfied approximately with high probability.

Besides the generalized network design problem, we also show that spectral rounding
can be applied to spectral network design problems with spectral objective functions, e.g.,
maximizing algebraic connectivity [69], minimizing total effective resistance [70], etc. Fi-
nally, we mention that the spectral rounding techniques are useful for graph problems other
than network design. For example, we use it to design new algorithms for additive spectral
sparsification, a new notion of sparsification recently introduced by by Bansal, Svensson
and Trevisan [20].

1.3 Applications to Experimental Design

Experimental design is a classical topic in statistics [60, 13, 121, 74]. Recently, it has found
applications in various areas, e.g., machine learning [10, 29, 114, 34], signal processing [80,

37, 40, 41|, numerical linear algebra [50, 51, 28, 15], etc.
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In experimental design problems, we are given vectors ui,...,u, € R? and a budget
b > d, the goal is to choose a (multi-)subset S of b vectors so that S is a representative
of all the n vectors. There are different objective functions to measure the quality of the
representative set S. The most popular and well-studied objective functions are related to

spectral properties of those vectors in S

=

e D-design: Maximizing (det (Zz‘es VZ-VZ»T)) )
o A-design: Minimizing tr ((Zz’es v; Vz‘T)ﬂ).

e E-design: Maximizing Ay, (Zle s Vi VZT).

All three experimental design problems are NP-hard [33, 142| and also APX-hard [136,
118, 33]. Despite the long history and the wide interest, strong approximation algorithms
for these problems have been obtained only very recently [6, 131, 118]. These state-of-the-
art algorithms use completely different techniques for each different experimental design

problem.

We show that the spectral rounding technique leads to an elegant framework to design
and analyze both rounding algorithms and combinatorial algorithms for experimental de-
sign problems. This framework provides a unifying approach to match and improve all

known results in D/A /E-design and to obtain new results in previously unknown settings.

Theorem (Informal). For rounding algorithms, there is a unified randomized local-search
framework that matches and improves all known rounding algorithms for D/A/E-design.
Furthermore, the framework works in the more general setting to approximately satisfy

multiple knapsack constraints.

For combinatorial algorithms, a similar framework provides a new analysis of the clas-
sical Fedorov’s exchange method. The new analysis shows this simple local search algorithm

works well as long as there exists an almost optimal solution with good condition number.



1.4 Beyond Spectral Rounding

In [38], together with our coauthors, we proposed to incorporate effective resistance metric
into network design, as an interpolation of shortest path distance and edge-connectivity
between vertices. Incorporating effective resistances can also allow one to control some
natural quantities about random walks on the resulting subgraph, such as the commute
time between vertices [39] and the cover time [112, 52]. We note that effective resistances
have interesting connections to many other graph problems, including spectral sparsifi-
cation [132]|, maximum flow computation [44, 109, 120], asymmetric traveling salesman
problem [9], and random spanning tree generation [115, 128]. We believe that it is a useful
property to be incorporated into network design. We also would like to remark that our
work in [38] inspired the subsequent work on spectral rounding and applications to network

design in this thesis.

In the last part of this thesis, we present our results for the s-t effective resistance
network design problem, which was proposed in [38]. In this problem, we are given an
input graph, two designated vertices s and t, and a non-negative integer k. The goal is to
find a subgraph with at most k& edges to minimize the effective resistance between s and ¢.

The following is our main result.

Theorem (Informal). The s-t effective resistance network design problem is NP-hard, and

there exists a randomized O(1)-approximation algorithm for this problem.

It is worth pointing out that the spectral rounding technique leads to a (1 + ¢)-
approximation algorithm when k& > Q(n/e?), where n is the number of vertices in the
graph. Nevertheless, the constant approximation algorithm in the above theorem outper-

forms the spectral rounding based algorithm significantly when k < n.

1.5 Organization

e In Chapter 2, we introduce concepts and present preliminary results that will be used
in this thesis, e.g., linear algebra, convex optimization, graph theory, electrical net-

works, etc. Furthermore, we survey some particularly important and relevant topics



in this chapter, which include spectral sparsification and the interlacing polynomial
method.

In Chapter 3, we survey some basic concentration inequalities and prove a new con-
centration inequality for self-adjusting random processes, which is a key tool in this

thesis.

In Chapter 4, we provide a comprehensive review of the regret minimization frame-
work, which is another key technique in this thesis. We first review two equivalent
algorithmic frameworks, the Follow-The-Regularizer-Leader algorithm and the mir-
ror descent method for regret minimization. Then, we derive a generic regret bound,
which slightly generalizes the known bounds. Finally, we present a new random-
ized spectral sparsification algorithm with the regret minimization framework, which
illustrates the key theme in this thesis.

In Chapter 5, we formally formulate the spectral rounding problem, and present an
iterative randomized rounding algorithm for the one-sided spectral rounding and a

non-constructive proof for the two-sided spectral rounding.

In Chapter 6, we show the applications of spectral rounding techniques to various
graph problems, including generalized survivable network design, spectral network

design, and additive spectral sparsification.

In Chapter 7, we present a refined analysis of spectral rounding, and provide a

unifying algorithmic framework for experimental design problems.

In Chapter 8, we present both algorithmic and hardness results of the s-t effective

resistance network design problem.

Finally, in Chapter 9, we conclude the thesis and discuss future directions.



Chapter 2
Preliminaries

We write R and R, as the sets of real numbers and non-negative real numbers, and Z and
Z as the sets of integers and non-negative integers. We also write C as the set of complex
numbers. Given a positive integer d > 1, we denote [d] := {1,...,d} as the set of integers
from 1 to d, and denote 219 := {S C [d]} as the power set of [d]. We use P[] to denote the

probability of a random event, and E[-] to denote the expectation of a random variable.

2.1 Linear Algebra

Throughout this thesis, we use italic sans-serif fonts for vectors and matrices, e.g., x, A,

and all the vectors and matrices only have real entries.

2.1.1 Vectors

Let R? denote the d-dimensional Euclidean space. Given a finite set S, let R® denote
the |S|-dimensional Euclidean space where the Cartesian coordinates are indexed by S.
We write 1; as the d-dimensional all-one vector or simply I when the dimension is clear

from the context. We denote {ej, ..., e; € R?} as the standard basis of the d-dimensional



Euclidean space. Given a vector x € R%, we write x(i) as the i-th entry of vector x, and
write x(S) := >, ¢ x(4) for any subset S C [d]. For p > 1, we denote

Il = (Zv(mp)p

as the £,-norm of x. For example, |/x||, is the Euclidean norm, and ||x||_, = max; |x(7)] is

the maximum norm.

A vector v € R? is a column vector, and its transpose is denoted by v'. Given two

vectors x,y € R?, the inner product is defined as (x,y) := Zle x(2) - y(7). The Cauchy-

Schwarz inequality says that

06y < Ixlly - My lly -

2.1.2 Matrices and Eigenvalues

We denote the d x d identity matrix by /; or simply / when the dimension is clear from the
context. The inverse of a square matrix M € R denoted by M~!, is a square matrix in
R4 that satisfies MM~! = I;. We write M(i,j) as the (4, j)-th entry of a matrix M.

Given a matrix M € R%? a nonzero vector v € C?% is an eigenvector of M if there
exists A € C such that Mv = Av, where the scalar A is known as the eigenvalue associated
with v. Given an eigenvalue A of a matrix M € R4, the subspace defined by FE := {v |
(M —Xl)v = 0} is called the eigenspace of M associated with A, and the dimension of E is
called the geometric multiplicity of A. The following is a simple but useful fact about the

eigenvalues of the product of two matrices.

Lemma 2.1.1. Let A € R4*% gnd B € R®2*%U for some integers dy,ds > 1. Then, the

matrices AB and BA have the same set of nonzero eigenvalues.

Proof. For any nonzero eigenvalue \ of the matrix AB associated with an eigenvector
v € R%, we can verify that (BA)Bv = B(AB)v = ABv. Thus, Bv € R% is an eigenvector

of BA with eigenvalue \. The same argument applies to the nonzero eigenvalues of matrix



BA. Therefore, we can find a one-to-one mapping between the nonzero eigenvalues of AB
and BA. []

Remark. The above proof can be extended to show that the eigenvalue A of AB and BA

have the same multiplicity, but this simpler version is enough for our applications.

A matrix M € R™? is symmetric if M = MT, where M" is the transpose of M. We
denote the set of all d-dimensional symmetric matrices by S%. It is a fundamental result that
any d X d real symmetric matrix has d real eigenvalues \; < ... < Ay and an orthonormal

basis of eigenvectors, which is known as the Spectral Theorem for real symmetric matrices.

Theorem 2.1.2 (Spectral Theorem, see, e.g., [77]). Let M € S be a real symmetric
matriz. Then, all the eigenvalues A1, ..., A\q of M are real. Furthermore, M has a set of

orthonormal real eigenvectors vy, ..., vq € R? such that

d
M=> X-vy, and (vi,v;)=0forali#j and |v,=1 foralli€ [d].
=1

Let M € S? be a real symmetric matrix. We refer to M = Zle Ai - vy, defined in
Theorem 2.1.2 as the eigendecomposition of M. We write Apax(M) and Apin(M) as the
maximum and the minimum eigenvalue of the real symmetric matrix M. The following

variational characterization of eigenvalues is well-known.

Theorem 2.1.3 (see, e.g., Theorem 4.2.2 in [77]). Let M € S¢ be a real symmetric matriz
with eitgendecomposition M = Zle i - vV, where A\ < ... < \g. Then,

70

M=viMy= sup x Mx= inf  x'Mx, forallkel[d.
x€span{vy,...,vg } x€span{vg,...,vq}
and ||x||2:1 and HxH2:1

The following theorem shows that a factorization, which generalizes eigendecomposition

of a real symmetric matrix, always exists for a general rectangular matrix.

Theorem 2.1.4 (Singular Value Decomposition (SVD), see, e.g., [77]). Let M € Ré1*d2

be a rectangular matriz with rank r < d := min{dy,ds}. There exist a diagonal matriz
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Y = diag(oy,...,0,) where o1,...,0, > 0, two matrices U € R4 V € RE*" poth
with orthonormal columns such that M = UX V. Furthermore, o1,...,0, are uniquely

determined by the positive square root of the positive eigenvalues of MMT (the same as

MTM).

Based on the SVD decomposition, we can define a generalized inversion of a general

rectangular matrix.

Definition 2.1.5 (Moore-Penrose Inverse). Let M = UX VT be the SVD decomposition of
the matriz M € R4*4% with rank r. The Moore-Penrose inverse (or simply pseudoinverse )
of M is defined as Mt := VE=1UT.

It is easy to verify that the pseudoinverse of matrix M satisfies MM'M = M and
MMMt = M. When M € S? is a symmetric square rank-r matrix with eigendecomposi-

tion M =37 | \;-viy;', then the pseudoinverse of M can be written as MT = >7 /\1 vy,

2.1.3 Positive Semidefinite/Definite Matrices

Definition 2.1.6 (Positive Semidefinite Matrix). A real symmetric matriz M € S is called
a positive semidefinite (PSD) matriz, denoted as M = 0, if any of the following equivalent

conditions holds

o All the eigenvalues of M are non-negative.
e The quadratic form x" Mx > 0 for any vector x € R,
e There exists a matriz U € R™? for some n > 1 such that M = UT U,

The square root of a PSD matrix M 3= 0 is defined as Mz := > VA viv;" . We denote
M = 0 as a positive definite (PD) matrix M, which is real symmetric and all elgenvalues are
positive. We use A = B to denote A— B = 0 and A > B to denote A— B > 0 for matrices
A and B. We write Si as the set of all d-dimensional PSD matrices, and Si + as the set of
all d-dimensional PD matrices. The following Lemma characterizes the semidefiniteness of

a blocked matrix by its Schur complement.
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Lemma 2.1.7 (see, e.g., [3, 77|). Let M € S% be a blocked symmetric matrix

A B
M = .

Then, M 3= 0 if and only if A = 0, (I — AANB = 0, and C — BTATB 3= 0. The matriz
C — BTATB is called the generalized Schur complement of A in M.

The following is a useful fact that we will use in multiple occasions.

Claim 2.1.8. Given X € S1, and Y € R™%  then YTX™'Y < Iy, if and only if YYT < X.
Similarly, YTX7LY <X I, is equivalent to YYT < X.

Proof. Since YTX71Y = YTX"2X"2Y, it follows from Lemma 2.1.1 that
Amax(X“2YYTX72) = Apa (YT XTLY).

Since A < [ is equivalent to A\yax(A) < 1 for symmetric matrix A, the condition Y X71Y <
lg, is equivalent to X 2YYTX: < l;, which is further equivalent to YY" < X. The second

part of the claim follows by the same argument. n

Given two real matrices A and B of the same size, the Frobenius inner product of A, B
is denoted as (A, B) := >, . A(4,j) - B(i, j). The following is a standard fact.

Fact 2.1.9. Let A= 0 and B = C = 0, then it holds that (A, B) > 0 and (A,B) > (A, C).

We write || M| := /(M, M) as the Frobenius norm of a matrix M, and write [[M[|  :=
max|x|,—1 || Mx||, as the operator norm of a matrix M. For symmetric matrices, the operator
norm is just the largest absolute value of its eigenvalues. For positive semidefinite matrices,

the operator norm is just its largest eigenvalue.

12



2.1.4 Trace and Determinant

The trace of a matrix M € R¥? denoted by tr(M), is defined as the sum of the diagonal
entries of M. We can check by definition that trace satisfies cyclic property, i.e. tr(AB) =
tr(BA) for A and B with appropriate sizes. We also note that (A, B) = tr(A" B) for A and
B of the same size. A PSD matrix M > 0 with tr(M) = 1 is called a density matriz. We
denote A% := {M 3= 0| 2%, \i(M) = 1} as the set of all d-dimensional density matrices.

The determinant of a matrix M € R%4, denoted by det(M), is defined as det(M) :=
> oes, Sen(o) [T, M(i,0(i)), where Sy is the set of all permutations on [d] and sgn(c) is
the signature of o. It is well-known that both trace and determinant are related to the

eigenvalues of a matrix. In particular,

tr(M):Zd:)\l-(l\/l) and  det(M) = [ M(Mm),

where \;(M) denotes the i-th eigenvalue of M.

The following is a simple claim that bounds the trace of the square root of a density

matrix, which will be invoked multiple times in this thesis.

Claim 2.1.10. For any d x d matriz A = 0 satisfying tr(A) = 1, tr (A%) <Vd.

Proof. Let A\q,..., Aq be the eigenvalues of A. It holds that

where the inequality follows by Cauchy-Schwartz, and the last equality follows by the
assumption tr(A) = 1. O

The following two lemmas describe the change of the determinant function under rank-

one and rank-two updates. The first one is the well-known matrix determinant lemma.

Lemma 2.1.11 (Matrix Determinant Lemma, see, e.g., [77]). For any invertible matriz X

and any vector v € R?,

det(X £w') =det(X)(1 £ (w', X 1).
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The following determinant lower bound under a rank-two update is a simple conse-

quence and was implicitly contained in [108]. We provide a proof for completeness.
Lemma 2.1.12. Given a matriz A = 0 and two vectors u,v € R, if (uu™, A71) < 1, then

det(A—uwu’ +w') > det(A) (1 — (wu", A1) (T+(w' A™).

Proof. We first consider the case when (uu', A™!) < 1. This is equivalent to uu’ < A by
Claim 2.1.8. Thus A — uu' = 0. Applying Lemma 2.1.11 twice,
det(A—uu’ + w') =det(A)- (1 — (", AN - 1+ (W', (A-—uwu')™))
> det(A) (1 — (wu",A™")) (T+(w',A™Y),
where the last inequality holds as 0 < A — wu" < A.

In the case when (uu', A~!) = 1, the RHS of the lemma is zero. Claim 2.1.8 implies
A — uu' = 0, thus it follows that the LHS is non-negative. m

2.1.5 Matrix Inversion with Perturbations

The following lemmas describe the change of matrix inversion under rank-one and general
perturbations.

Lemma 2.1.13 (Sherman-Morrison Formula [129]). Suppose A € R4 is an invertible
matriz, and u,v € RY. Then, A+ uv' is invertible if and only if 1 +v' A~ u # 0, and

under this case
A tuyTA-L
1+ viA-1u

The following is a corollary of Sherman-Morrison formula, which follows by restricting

(A + uvT)_1 =A!

to the eigenspaces associated with nonzero eigenvalues of the matrix A.

Corollary 2.1.14. Suppose we are given a symmetric matriz A € S¢, a vector v € R? that
lives in the eigenspaces associated with nonzero eigenvalues of A, and a number ¢ € R. If
14 c-vIAlv #£0, then

c- Atw T AT

oY pr . AW A
(A+c vv) A e viAy
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Lemma 2.1.15 (Woodbury Matrix Identity [143]). Suppose A € R¥*? and C € R** are
two invertible matrices, and U € R¥>*F V € R**. Then, A+ UCV is invertible if and only
if C™1 4+ VA™U is also invertible, and under this case

(A+UCV) ' = A — AU(C 4+ VAU TVA L,

2.2 Convex Analysis and Convex Optimization

In this section, we review some basic notions and facts in convex analysis and convex
optimization that we will see throughout this thesis. Most of the contents follow the
exposition of two textbooks, by Boyd and Vandenberghe [31] and by Hiriart-Urruty and

Lemaréchal [76]. We include some short proofs for completeness.

2.2.1 Differentiation in Euclidean Space

Given a point x € R?, the e-neighbourhood around x is defined as {y € R? | ||x — y||, < &}
for € > 0. Given a set S C R? and a point x € S, we say x is in the interior of S if there
exists an € > 0 such that the e-neighbourhood around x is contained in §. We denote
int(S) as the set of all interior points of S. A set S C R? is open if and only if S = int(S).

Let f : D — R™ be a vector-valued function defined on an open domain D C R¢. We
say f is continuous at x € D if

tim || £x + h) = £, = 0.

We denote L(R? R™) as the set of all linear maps from R? to R™. Every linear map in

L(R4, R™) can be uniquely represented by a matrix in R™*?.

We say f is differentiable at x € D if there exists a (necessarily unique) linear map
J € L(R4,R™) such that
NfOx+h) = f(x) = (M)l

lim
h—0 1Al

~0. (2.1)
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Note that the Euclidean norms in the denominator and numerator are defined in different
dimensions, and we can replace the Euclidean norms by any other norms in finite dimen-
sional spaces. The unique linear map J is called the differential of f at x, which is also
known as the Jacobian operator of f at x. We denote the differential of f at x by f'(x), or
by c%( (x) when we want to specify the varying variable. Note that f'(x) is a linear map
from R? to R™, which can be uniquely represented by a Jacobian matriz in R™*¢. Thus,
f' can be treated as a function that maps from R¢ to R™*¢. We say the differential f(x)
exists in S C D if f'(x) exists and there exists some € > 0 such that the e-neighbourhood

around x is contained in S.

We say f is continuously differentiable at x € D if f is differentiable at x and the
function defined by the differentials ' : RY — L(R% R™) is continuous at x.

The above definitions for vector-valued functions can be naturally generalized to matrix-
valued functions with matrix domains, where the inner product is replaced by Frobenius

inner product, and the Euclidean norm is replaced by Frobenius norm.

For a real function f : D — R defined on a domain D C R?, the differential of f at x,
i.e. f’(x), can be uniquely represented by a column vector in R%. We refer to this vector as
the gradient of f at x, and denote it by V f(x). Note that f': R? — L(R¢ R) is a function
that maps a vector x € D to the differential of f at x.

Let x € D be some point where f is finite. The directional derivative of f at x with

respect to some direction d € R is defined as

f'(x;d) := lim flx+Ad) — f(X)

A—0 A

As a special case, we denote 0, f(x) := f'(x; ;) as the partial derivative of f with respect
to the variable at the j-th coordinate. We say the directional derivative f'(x;d) exists in
S C D, if there exists ¢ > 0 such that an e-neighbourhood of x along the direction d is

contained in S.

If f is differentiable at x, then all directional derivatives and partial derivatives of f at
x exist. The gradient can be written as a column vector Vf(x) = (91 f(x),...,04f(x))7,

and f'(x; d) = (Vf(x),d).
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It is a well-known fact in analysis that, if all the partial derivatives exist and are
continuous, then the function is continuously differentiable.

Theorem 2.2.1 (see, e.g., [127]). Let f be a function that maps D in R? to R. Then,
f is continuously differentiable at x € D if and only if the partial derivative O;f exists
and is continuous at x for all j € [d]. Furthermore, the statement still holds if we replace
the partial derivatives {0; f(x)} ;e by a collection of directional derivatives { f'(x, d;) }ic(a)s

where d, ..., d; form a basis of RY.

We will need the gradients of the following functions in this thesis. We provide proofs

in Appendix A.1 for completeness.

Fact 2.2.2. Let f : ST, — R be defined as f(X) = logdet(X). Then, f is differentiable
at any X = 0 with Vf(X) = X1

Fact 2.2.3. Let f : S1, — R be defined as f(X) = tr(X™t). Then, f is differentiable at
any X = 0 with Vf(X) = —=X2.

Fact 2.2.4. Let f: S% — R be defined as f(X) = tr(X%). Then, f is differentiable at any
X =0 with Vf(X) = X2

— 2

For a positive definite matrix X & Si , with eigendecomposition X = UAUT where
A = diag(\y, ..., \g), we define log X := Udiag(log Ay, ...,logA\g)UT.

Fact 2.2.5. Let f : St — R be defined as f(X) = (X,log X — lz). Then, f is differentiable
at any X »= 0 with V f(X) = log X.

A real function f is twice differentiable at x if f is continuously differentiable at x and
the first order differential f' : RY — L(R% R) is differentiable at x. By the definition of
differentiability, there exists a unique linear map H € L(R? L(R¢ R)) that satisfies (2.1)
with f = f" and J = H. We call this unique linear map H the Hessian of f at x. When f

is twice differentiable at x, the Hessian of f at x can be represented by a symmetric matrix
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in S* with the second order partial derivative 07, f(x) at the (i,7)-th entry. We call this

matrix the Hessian matriz of f at x and denote it by V2f(x).

A real function f: D — R is a continuous (differentiable, continuously differentiable,
twice differentiable) function if f is continuous (differentiable, continuously differentiable,

twice differentiable) on the whole domain D.

2.2.2 Convex Set and Convex Function

A set C is convez if, for any two points x, y € C, the whole line segment between x and y,
ie. Ax+ (1 =Ny €C for all 0 < X\ < 1, is contained in C.

A function f : D — R is a convex function, if the domain D is convex and for any
x,y € D and X € [0, 1] the following inequality holds

fAXx+ (1 =Ny) <Af(x)+ (1= A)f(y). (2.2)

Note that it suffices to check the mid-point A = % to establish convexity for continuous
function f. The well-known Jensen’s inequality follows from the convexity of a function

immediately.

Lemma 2.2.6 (Jensen’s Inequality, see, e.g., [31]). Let f : D — R be a convex function,
X1, ..., %, € D ben points in the domain of f. For any \y,..., A\, =0 with > N =1, it
holds that,

f (Z )\ixi> < Z Aif ().

i=1

There is a geometric view of the convex functions through the notion of epigraph. Let
f : D — R be a function defined on the domain D C R¢. The epigraph of a function f is
defined as epi(f) := {(x,u) | x € D,u > f(x)} C R¥*!. The following simple fact follows

from definition directly, but insightfully connects convex functions with convex sets.

Lemma 2.2.7 (see, e.g., [31]). A function f is convez if and only if the epigraph epi(f) is

a convex set.
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A function f: D — R is a strictly convex function, if D is convex and (2.2) holds with

strict inequality

FOX+A=XNy) < Af(x)+ (1 =N f(y) forallx#yeDand 0 <\ <1.

There is an equivalent way to define convexity (or strict convexity) by restricting to a

single variable function.

Lemma 2.2.8 (see, e.g., [31]). A function f:D — R is a (strictly) convex function if and
only if for any x,y € D, the single variable function gy ,(t) :== f(x +t(y — x)) is (strictly)

convez on [0, 1].

The following is a necessary and sufficient condition known as the first order condition

for a differentiable function f being (strictly) convex.

Lemma 2.2.9 (First Order Condition, see, e.g., [31]). A differentiable function f : D — R
with a convexr domain D is convez if and only if f(y) = f(x) + (Vf(x),y — x) for all
x,y € D. The function [ is strictly convex if and only if f(y) > f(x) +(Vf(x),y — x) for
allx #y € D.

When f is not fully differentiable but the directional differential derivative exists at

some point with respect to some direction, we still have a similar necessary condition.

Lemma 2.2.10 (see, e.g., [31]). Let f : D — R be a convex function. If the directional

derivative of f at x € D with respect to a direction d € R exists, then for any t such that
y =x+td € D it holds that f(y) = f(x) +tf'(x;d).

The following is a necessary and sufficient condition known as the second order condition

for a twice differentiable function f being convex.

Lemma 2.2.11 (Second Order Condition, see, e.g., [31]). Let f : D — R be a twice
differentiable function on a convex domain D. If the Hessian matriz V2 f(x) = 0 for all
x € D, then f is convex. Conversely, when the domain D 1is open, f is convex implies that

the Hessian matriz V2 f(x) 3= 0 for all x € D.
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Remark. In the necessity of the second order condition, the openness assumption of the
domain D is important. Consider a two variable function f(x,y) = x? — y* with domain
D =R x {0}. The Hessian matriz V2f(z,y) = (3 %) is nowhere positive semidefinite,

but the function f is convex on the domain D.

The following is a sufficient condition for f being strictly convex. However, we remark

that this condition is not a necessary condition for strict convexity.

Lemma 2.2.12 (see, e.g., [31]). Given a function f : D — R, if the domain D is convex
and the Hessian matriz V2 f(x) = 0 for all x € D, then f is strictly convex.

A function f : D — R is concave/strictly concave if —f is convex/strictly convex.
The following fact says that taking pointwise infimum over a family of concave functions

preserves concavity.

Lemma 2.2.13 (see, e.g., [31]). Let f : Dy x Dy — R be a function such that f(x,y) is
concave in x for any giwen y € Dy, where the domain Dy could be an infinite set. Then,

the function g : Dx — R defined by g(x) = inf ep,, f(x,y) is concave.

The following lemma is a simple corollary.

Lemma 2.2.14. Let M € S be a real symmetric matriz. The function of the smallest
eigenvalue Amin(M) is a concave function on S, and the function of the largest eigenvalue

Amax(M) is a convex function on S<.

Proof. By Theorem 2.1.3, we can write the smallest eigenvalue of M € S as

Amin(M) = inf (xx", M),

x€R? and |[|x]|,=1

which is the point-wise infimum of a family of linear functions in M. By Lemma 2.2.13,

Amin(M) is concave in M. The convexity of Ap.x(M) follows from similar argument. O
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Examples of Convex/Concave Functions

The following are two well-known concave functions. We provide proofs in Appendix A.2

for completeness.

Fact 2.2.15. The function f(X) = logdet(X) is concave on S, .

Fact 2.2.16. The function f(X) = det(X)d is concave on S1.

Then, we show convexity/concavity of some trace related functions. We follow an
idea from the lecture notes of Lee [99], which lifts the convexity/concavity of univariate

functions to trace related functions with a matrix domain.

Given an interval I C R, define a set of symmetric matrices
S¢:= {X € S?| all eigenvalues of X belong to I.}

By Lemma 2.2.14, Apax is convex and Ay, is concave. Thus, we can verify that S is a

convex set.

Then, we lift a function g : I — R to a function that maps S¢ to R as follows. For any
matrix X € S¢ with eigendecomposition X = UAU" where A = diag(\y, ..., \q), we define

9(M)
g(X):=U u'.

g(Aa)

Lemma 2.2.17. For any interval I C R, if a function g : [ — R is (strictly) convex on I,
then the function X — tr(g(X)) is (strictly) convex on S¢.

Proof. We prove the convexity, and the strict convexity follows by the same argument.

For any X, Y € S¢, we are going to show
tr (f()\X +(1- A)Y)) <A tr (f(X)> F (1= \)tr (f(v)). (2.3)
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Let {u;} be the orthonormal basis of the eigenvectors of AX + (1 — A)Y. The i-th
eigenvalue of AX + (1 — )Y is equal to (u;, (AX 4+ (1 — A)Y)u;) by Theorem 2.1.3. Thus,

tr (f()\X + (1 — )\)Y)> = Zf((ui, (AX+ (1 =N)Y)u))

— Zf (ui, Xu) + (1 — M)y, Yu;))

d

<3 (A (G X)) + (1= N F (G, Yi))),

i=1
where the last inequality follows by the convexity of f: I — R.
Let {v;} be the orthonormal basis of the eigenvectors of X. For any u;, we can write it

as u; = (Z?Zl Vv, u; = Zj:1<vj, u;)v;. This implies that (u;, Xu;) = Z;l:l(vj, u;)*(vj, Xvj)
since {v;} are eigenvectors of X.

Using the fact that u; is a unit vector and {v;} is an orthonormal basis, it follows that

d d
2
>t =l (v )= fulf =1 2:4)

j=1 j=1
Since f : I — R is a convex function, we apply Jensen’s inequality Lemma 2.2.6 to show

d

S (ui, Xui)) = f(Zj:1<Vja Ui>2<VjaXVj>> <D (v ) F (v, X))

Jj=1

This implies that

ZV((UMXW» <A (f(<vj?XVJ

j=1 i=1

M:‘

(vj, u;) ) = A\tr <f(X)),

where we used Z?:1<vj, u)? = ||vj||2 = 1 (follows similarly as (2.4)). Applying the same
argument, we can upper bound the term (1—\) Zi:l F({us, Yu)) by (1=X) tr (f(Y)), thus

the inequality (2.3) follows. O
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1

We can use the second order condition Lemma 2.2.12 to check that x +— x™" is strictly

convex on (0,+00), x — —24/x is strictly convex on [0, +00), and xlogx — x is strictly

convex on [0, 400). Therefore, the following facts follow by Lemma 2.2.17.
Fact 2.2.18. The function f(X) = tr(X™') is strictly conver on S .
Fact 2.2.19. The function f(X) = —2 tr(X%) is strictly convex on S2.

Fact 2.2.20. The function f(X)=(X,log X—I;) =tr(Xlog X—X) is strictly convez on St.

2.2.3 Optimality Conditions in Convex Optimization

The following is a general formulation of an optimization problem.

optp = minirzr)lize fo(x)
x€
subject to  fi(x) <0, i€{l,...,m}, (2.5)
hi(x) =0, je{l,....p},

where fo, f1,..., fm, 1, ..., h, are functions defined over domain D C R%. We denote the

set of all feasible solutions by

X:={xeD: filx) <0,Vi=1,...,m and hj(x)=0,Vj=1,...,p}

The following simple fact gives a necessary condition for a solution x* € R? being

optimal based on directional derivatives.

Lemma 2.2.21. Given the general optimization program (2.5) with a feasible set X, let
x* € X be an optimal solution. If there exists some direction d € R? such that the

directional derivative f(x*;d) exists in X, then the directional derivative fi(x*;d) = 0.

The lemma holds since if f{(x*; d) # 0 then moving x* to x* — ¢ f(x*)d would decrease
the value of the objective function. Note that we do not assume convexity or differentia-

bility in general.

23



We say (2.5) is a convex program for a convex optimization problem if the objective
function fy and inequality constraints fi,..., f,, are convex functions, and equality con-
straints hq, ..., h, are affine functions in the form of (a;, x) —b; for all j =1,...,p. In the
following, we assume (2.5) is a convex program with some special cases being explicitly

mentioned.

The following is a necessary and sufficient condition for a point in the domain being an

optimal solution.

Lemma 2.2.22 (see, e.g., [31]). Suppose fy is a differentiable convex objective function,

then x € X is an optimal solution to the convex optimization problem (2.5) if and only if

(Vfo(x),y —x) =20  forallyeX. (2.6)

Proof. Since fj is a differentiable convex function, by the first order condition Lemma 2.2.9,

for any x,y € X, it holds that

foy) = fo(x) +(Vfo(x),y — x).

Thus, if x € X satisfies (2.6), then for any y € X" it holds that fy(y) > fo(x), which shows

x is an optimal solution to (2.5).

Conversely, if x is an optimal solution but (2.6) does not hold, then there exist some
y € & such that (V fo(x),y —x) < 0. Let g(t) = fo(z), where zz = x+t(y —x) for t € [0, 1].
Note that ¢'(t) |i=o= (V fo(x),y — x) < 0. Thus, for small enough 0 < ¢ < 1, it holds that
g(t) < ¢(0), which is equivalent to fo(z) < fo(x). Since both x,y € X, z is also in X
by the convexity of X'. Thus, we have a feasible solution z with strictly smaller objective

value than that of x, a contradiction. O

Corollary 2.2.23. Suppose fo is conver and differentiable at x € X with V fo(x) = 0,

then x is an optimal solution to (2.5).

Corollary 2.2.24. Suppose fy is a differentiable convex function and the feasible set X is

open. Then, x € X is an optimal solution to the convex optimization problem (2.5) if and

only if V fo(x) = 0.
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Proof. Suppose x € X is an optimal solution and V fy(x) # 0. Since X is open, the
point y = x — eV fo(x) is still in X for small enough € > 0. However, (V fy(x),y — x) =
—¢ ||V fo(x)||3 < 0, which implies x is not optimal by Lemma 2.2.22, a contradiction. The
other direction of the corollary follows from Corollary 2.2.23. O]

2.2.3.1 Lagrangian Duality

Given the convex optimization problem in (2.5), which is referred by the primal problem, we
introduce a dual variable A; > 0 for each inequality constraint f;(x) < 0foralli=1,...,m.
We also introduce a dual variable v; € R for each affine constraint h;(x) = 0 for all
j=1,...,p. Define the Lagrangian function L : D x R™ x RP — R as

L0 A) = fol) + 30 Aefil) + D vihy ().

The Lagrange dual function, or simply dual function, g : R™ x RP — R is defined as

g\, v) = inf L(x, \,v).

x€D

The dual program of the convex program in (2.5) is defined as
optp 1= I)Tle%&}r(nl,rzflelg&g g\ ) 1)
subject to A > 0.

Notice that the following weak duality property always holds regardless the problem is
convex or not:

Pt = i 12p LU0 A ) < T folw) = opt

where we recall that X" is the feasible set of the primal problem (2.5). The inequality holds
as, for any fixed A > 0 and v, we have ), f;(x) < 0,Vi € [m] and v;h;(x) = 0,Vj € [p] for
all feasible x € X', which implies that L(x, \,v) < fo(x) for x € X C D.

Weak duality shows that the duality gap, i.e. optp—opt, is nonnegative. We refer to the
property that the primal and dual problem have zero duality gap by strong duality, which
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does not necessarily hold in general. It usually holds for convex programs, but requires

some additional conditions on the constraints.

Before we formally state one of the conditions, we first introduce two related notions.
Given a set C, the affine hull of C is defined by

k k
aff(C) = {ZAW k>Lix,....o6€CY A= 1}.
=1 i=1

Given a set C, the relative interior of C is defined by

relint(C) :={x € C | Ir > 0,B(x,r) Naff(C) CC},

where B(x,r) :={y | |y — x|, < r} is a ball around x with radius . The following is a

commonly used condition to guarantee the strong duality for convex programs.

Definition 2.2.25 (Slater’s Condition).

dx € relint(D) such that fi(x) <0, Vi=1,...,m and h;j(x)=0, j=1,...,p.

We state the following theorem without proof, and refer the readers to Section 5.3.2

of [31] for a proof.

Theorem 2.2.26 (see, e.g., [31]). If the convex program in (2.5) satisfies Slater’s condition,
then strong duality holds and the dual optimal is attained with zero duality gap.

2.2.3.2 Karush—Kuhn—Tucker Conditions

The following is the well-known Karush-Kuhn-Tucker (KKT) conditions in optimization.

(Primal feasibility) filx) <0 Vi=1,...m and h;(x)=0 Vj=1,...,p,
(Dual feasibility) Ai) >0 Vi=1,...,m,
(Complementary slackness) A(i)fi(x) =0 Vi=1,...,m,
m p
(Lagrangian optimality) V fo(x) + Z AV i(x)+ Y v(i)Vhi(x) =0,
i=1 j=1



The following proposition says that KKT conditions are both necessary and sufficient for
a convex program to attain strong duality. Note that convexity is not required for the

necessity.

Proposition 2.2.27. Suppose fo, f1,. .., fm are all conver and differentiable functions over
an open domain D, then there exist x* € D, \* € R™, v* € RP that satisfy KKT conditions
if and only if there exists an primal optimal solution x* to (2.5) and a dual optimal solution
(X", v*) to (2.7) that attain zero duality gap.

Proof. We first prove the necessity. If x* is an optimal solution of the primal problem and
(\*,v*) is an optimal solution of the dual problem, then the primal feasibility and dual
feasibility conditions are automatically satisfied. By the zero duality gap assumption, it

follows that

fo(x*) = g(A\*,v") = irellf)L(x, A v
- Xlg%{ )+ NS Z }
+Z/\* (i) fi(x +Zu (2.8)

< fO(X*>7

where the last inequality follows as A*(7) fi(x*) < 0 and h;(x*) = 0 by the feasibility of x*
and (\*, v*). Thus, the two inequalities should hold with equality.

In particular, the last inequality is an equality implies that A*(i) f;(x*) = 0 for all i € [m]
due to the feasibility of x* and A\*, thus the complementary slackness condition holds. The
second last inequality being an equality implies that x* minimizes the function L(x, \*, v*)
over the open domain D. The minimizer of L(x, \*, v*) over an open domain, x*, should
satisfy

VAL 0) = Vo) + 3N QTG + 30 (0)Thi(x) =0,

=1
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Thus, x*, \*, v* also satisfy the Lagrangian optimality condition.

Then, we prove the sufficiency. Assume that there exist x* € D, \* € R™ v* € RP
that satisfy KKT conditions. The primal and dual feasibility conditions ensure that x* is
feasible to the primal problem and (A*,*) is feasible to the dual problem. Since \* > 0,
fos fi,- .., fm are convex and hy,...,h, are affine, the Lagrangian function L(x, \*,v*) is
convex in x. The Lagrangian optimality condition says that V,L(x*, A\*, v*) = 0, thus x* is
a minimizer of L(x, \*, v*) over the convex domain D by Corollary 2.2.23. Thus, it follows
that

g(\*,v*) = inf L(x, \*,v") = L(x*, \*,v")

xe€D
m p

= foX) + DN + D v () (x7) = folx),
i=1 j=1
where the last equality follows by primal feasibility that h;(x*) = 0 for all j € [p] and

complementary slackness condition that \*(i) f;(x*) = 0 for all i € [m)].

Hence, x* and (\*, v*) attain zero duality gap, and they are primal optimal and dual

optimal solutions separately. O

If the primal convex program (2.5) satisfies Slater’s condition, then strong duality holds,

and thus Proposition 2.2.27 implies the following theorem.

Theorem 2.2.28. Suppose fo, fi,..., fm are all convex and differentiable functions over
an open domain D, and the primal convex program (2.5) satisfies Slater’s condition. Then,
x* € D is an primal optimal solution of (2.5) if and only if there exist \* € R™ v* € RP,
together with x*, satisfy KKT conditions.

When the convex optimization problem contains only affine equality constraints, the
Slater’s condition is satisfied, and the following fact is a direct consequence of Theo-
rem 2.2.28.

Corollary 2.2.29. Suppose fy is a differentiable convex objective function and there are
only affine constraints of the form Ax = b with A € RP*? and b € R? in problem (2.5).
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Then, x is an optimal solution to the primal problem (2.5) if and only if there exists v € RP
such that
Vi(x)+A'v =0 and Ax=b.

For those problems with nondifferentiable objective or constraint functions, Proposi-
tion 2.2.27 and Theorem 2.2.28 cannot be applied. The subdifferential theory for convex
functions [126, 76] can deal with those nondifferentiable functions. However, in this thesis
we do not need to use the full strength of the advanced background. The following special

treatment of Proposition 2.2.27 suffices for our application in Chapter 8.

Proposition 2.2.30. Suppose fo, fi,..., fm are functions over a domain D. If there exist
a primal optimal solution x* to (2.5) and a dual optimal solution (A\*,v*) to (2.7) that
attain zero duality gap, then x*, \* and v* satisfy the primal/dual feasibility conditions
and the complementary slackness condition. Furthermore, for some direction d € RY, if
the directional derivative f!(x*;d) exits in D for all i = 0,1,...,m, then the following

condition holds.

m

p
folx'sd) + Y N @D FI(x s d) + Y v h(x d) = 0.
i=1 j=1
Proof. The necessity of the primal/dual feasibility and complementary slackness condi-
tions follows from exactly the same argument as in the proof of Proposition 2.2.27. The
only difference is the implications of the inequality (2.8) being a equality. Recall that
this means x* is a minimizer of the function L(x, \*,v*) over the domain D. By the as-
sumption that fi(x*;d), fi(x*;d),..., fl (x*; d) exist in D, we know that L'(x*, \*, v*) also
exists in D (with L(x, \*,v*) being a function in x). The proposition follows by applying
Lemma 2.2.21. O

2.3 Graphs and Laplacian Matrices

Let G = (V, E) be an undirected graph with edge weight w(e) > 0 on each edge e € F.

The number of vertices and the number of edges are denoted by n := |V| and m := |E|.
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For a subset of edges I’ C E, the total weight of edges in F'is w(F) := > ., w(e). For
a subset of vertices S C V, the set of edges with one endpoint in S and one endpoint
in V — S is denoted by §(S). For a vertex v, the set of edges incident on a vertex v is
d(v) :== §({v}), and the weighted degree of v is deg(v) := w(d(v)). The expansion of a set
S and expansion of a graph G are defined as
[6(5)] .
S) = ——+ d G) = 9).
o(5) 5] an ¢(G) o, ()
The symbol ¢ is usually used for graph conductance. However, we will not use graph

conductance in this thesis, thus we save ¢ for expansion.

The adjacency matriv A € R™™ of the graph is defined as A(u,v) = w(uv) for all
wv € E, and A(u,v) = 0 otherwise. The Laplacian matriz L € R™*" of the graph is defined
as L = D — A where D € R™" is the diagonal degree matrix with D(u,u) = deg(u) for all
uw € V. Similarly, the signless Laplacian matriz LT € R™*™ is defined as L™ = D + A. For
each edge e = uv € E, let b, := X, — X, where y, € R" is the vector with one in the u-th
entry and zero otherwise. The Laplacian matrix of G with respect to edge weight w can
also be written as

Ly =Y wle)-bb/ =BWBT,
ecE

where W = diag(w) and B € RV*E is the n-by-m matrix with b, being the e-th column.

Let A1 < Xy < ... < )\, be the eigenvalues of L with corresponding orthonormal
eigenvectors vi, vo,..., v, so that L =3 " A\ -y v,". Tt is well-known that the Laplacian
matrix is positive semidefinite. It is also well-known that A\; = 0 with v; = \/Lﬁl as the

corresponding unit eigenvector. The second smallest eigenvalue Ay is known as algebraic
connectivity, and Ay > 0 if and only if GG is connected. The pseudoinverse of the Laplacian

matrix L of a connected graph is defined as
LT — i l -V V-T
. = A o

which maps every vector b orthogonal to v; to a vector y such that Ly = b. We write L

as the square root of L.
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The following fact is useful for eigenvalue maximization and imposing eigenvalue lower

bounds. The proof is similar to the one of Lemma 2.2.14, with an additional observation

1

\/ﬁl for any w > 0.

that L, ’s first eigenvector vy =

Lemma 2.3.1 (see, e.g., [69]). A2(Ly) is a concave function with respect to w for w > 0.

2.4 Electrical Flow and Effective Resistance

In this section, we introduce the notions of electric network, electrical flow and effective
resistance. An undirected graph G = (V, E) with edge weights w € RE can be interpreted
as an electric network, where each edge e € F is treated as a resistor with resistance

1
Te = %

To define an electrical flow on graph G, we start with defining a unit s-¢ flow on an
undirected graph G = (V| E)). We first fix an orientation of the edges of G arbitrarily. Let
B € RV*F be the matrix defined in Section 2.3 that is consistent with this orientation,
i.e. for an edge e = wv € E oriented from u to v, B(u,e) = 1, B(v,e) = —1, and zero
otherwise in the e-th column of B. A unit s-t flow f : E — R is an m-dimensional vector

that satisfies flow conservation constraints:

1 V=35
Bf = b,; or equivalently Z f(e) — Z fle)=< -1 v=t

e=uv : u€IT(v) e=uv : u€d™ (v) 0 otherwise
)

where by := X5 — Xy, and 67 (v) and 0~ (v) are the set of outgoing and incoming neighbours
of v with respect to the fixed orientation. Note that positive f(e) indicates the flow on e

is in the same direction as the orientation of e, while negative f(e) indicates the opposite.

The unit s-t electrical flow is a unit s-t flow f that also satisfies the Ohm’s law: There

exists a potential vector ¢ € RV such that for all e = uv € E oriented from u to v,

fe) = w(e) - (p(u) = ¢(v)).
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Given a potential vector ¢, we will use the orientation where all edges are pointing from
the high potential endpoint to the low potential endpoint, so that f(e) is nonnegative for
all e € E in the rest of this thesis. Notice that the constraints imposed by Ohm’s law can

be written as a linear system in f and ¢
f=WB"g, (2.9)

where W € RF*F is a diagonal matrix with w(e) in the (e, e)-th entry, and B € RV*F is
defined in Section 2.3 with signs of the e-th column defined according to the orientation of
edge e. Combining the flow conservation constraint and the Ohm’s law, we can check that

the potential vector ¢ € RY of the unit s-t electrical flow is a solution to the linear system

BWB'o=by = L, @©=by.

Note that if G is connected ¢ = LI b,; is a solution, and any solution is given by ¢ +c- 1
for ¢ € R. Thus, the electrical flow f satisfying (2.9) is uniquely defined. Furthermore, the

effective resistance between s and ¢ in G can be uniquely defined as

Reffg(s,t) == @(s) — ¢(t), (2.10)

which is the potential difference between s and ¢ when one unit of electrical flow is sent
from s to t. When s and ¢ are disconnected in the underlying graph, we can not send
electrical flow from s to t. In this case, Reffg(s,t) is defined to be +00. The s-t effective
resistance can be interpreted as the resistance of the whole graph G as a big resistor when

an electrical flow is sent from s to t.

We describe some notational conventions for effective resistance in this thesis. The
subscript G in Reff¢(s, t) is dropped when G is clear from the context. We write Reff,, (s, t)
to emphasize that the underlying graph has edge weights w. We also need to frequently

refer to the s-t effective resistance as a function of w. In this case we write

Reffs(w) := Reff,, (s, ).

2.4.1 Formulas for Effective Resistance
For series and parallel electrical circuits, effective resistances are easy to compute.
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Fact 2.4.1 (resistance of series and parallel circuits). Let s, t be two designated vertices.

e If s andt are connected by a series of k edges, each with resistance rq, ..., g, then the

s-t effective resistance is Reff(s,t) =1y + -+ + rg.

e If s and t are connected by k parallel edges, each with resistance r1,...,ry, then the

s-t effective resistance is Reff(s,t) = (L + -+ l)_l,

1 Tk

For general graphs, one can write the effective resistance in terms of the Laplacian
matrix. When G is connected and ¢ is the potential vector satisfies the Ohm’s law,
@ = LI by + ¢ - 1 by the discussion above the definition (2.10). Thus, we can write

Reff,, (s,t) = v(s) — p(t) = b;rtL]:Vbst.

In general, the above expression also applies to s-t connected graphs. Given edge
weights w € Rf, we say w is s-t connected if s and t are connected in the subgraph
spanned by those edges in the support of w, i.e. {e € E | w(e) > 0}. The set of all s-t
connected edge weights can be formally defined by

Dy :={weRY | w(§(S)) >0, forall SCV withse Sandt¢g S} (2.11)

Note that Dy is the intersection of some halfspaces, which is a convex set.

Then, we observe that Reff(w) coincides with b),L! by, over those w € D.

Fact 2.4.2. w € Dy, if and only if by lives in the range of L, i.e. (I — L, Ll )by = 0.
Furthermore, Reff;(w) = bl.LI by for any w € Dy, and Reff 4(w) = +oo otherwise.

Proof. When w € Dy, s and t are in the same connected component S C V. The matrix L,
is in a block form with blocks corresponding to S and its complement S (could be empty),
ie. L, = <LOS L(; ) Let by be also in a block form with by = <b§t> where b3 € R®. Then,

Lol 0 bS LsltbS 0
LWLIvbst = oS t ") = s = bst7
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where the last equality follows as S is a connected component, the null space of Lg is
spanned by Ig, and b5 is orthogonal to Ig. This also implies bJ,Ll by = (bS)TLLBS.
Since restricting to the component S does not change effective resistance, thus we have
Reff(w) = b LI by

When w ¢ D, we assume s is in a connected component S and ¢ € S. Clearly,

Reff(w) = +o0 by definition. We show that by is not in the range of L,,. Note that by
XS
-Xs
s restricted to S and X7 is similar. Thus

LsLl, 0 X5 LsLExS 0
Lyllby={ 79 . =17 i g | # b

where the last inequality follows as, Ig spans the null space of Lg for connected S and X? is

is in the following block form by = ( ), where XJ € {0,1}* is the indicator vector of

not orthogonal to Ig, which implies that LSLEX;q # X7 after the projection onto the range
of Ls. ]
2.4.2 Thomson’s Principle and Rayleigh’s Monotonicity Principle

The effective resistance can also be characterized by the energy of a flow. The energy of
an s-t flow f is defined as

Ef) =Y ':52)2 =3 "r - fle)®

ecE ecF

Thomson’s principle [84] states that the unit s-¢ electrical flow is the unique unit s-t flow

that minimizes the energy.

Theorem 2.4.3 (Thomson’s principle [84]). Let f* be the unit electrical s-t flow in an s-t
connected graph G. Then

Reffo (s, t) = mfin{é’(f) | fis a unit s-t flow in G} = E(f").
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Proof. If there is any edge with weight w(e) = 0, the edge has resistance co and any energy
minimizer f sends 0 unit of flow on e (otherwise the energy is unbounded). Thus, we can
assume that w > 0 by removing all zero-weight edges without loss of generality. We rewrite
the energy minimization problem in the following form (the rescaling does not affect the
optimizer).

1
minimize - - f' diag(w)f
fERE 2

subject to Bf = b.
This is an optimization problem with a quadratic objective function and linear equality
constraints. The optimizer of the convex program is unique due to the strict convexity of
the objective function. By Corollary 2.2.29, a flow f is the unique optimizer if and only if

there exists ¢ € RV such that
1
Bf = by and V¢ (5 fT diag(w)lf) — BT = diag(w)"'f —BTp=0.

The second equality implies f(e) = w(e) - (p(u) — ¢(v)) for each edge e = uv € E oriented
from u to v according to B, and the first equality guarantees f is a unit s-t flow. The
unique optimizer f satisfies Ohm’s law with respect to potential vector ¢, and hence is

equal to the unit s-t electrical flow f*.

To see that the energy is equal to the effective resistance, note that the flow value on edge
e = uv in the unit s-t electrical flow satisfies f*(e) = w(e) - (p(u) — p(v)) = w(e) - b LT by
and thus

E(F) = wle)- (b L,by)* = b} L], <Z w(e) - bebj> LT by,
eckE eckE
= bJLl, Ly Ll by = b, LI, by = Reff(s, 1),
where the second equality follows as (b LT by)? = b),LT b.b] LT b,;. O

A corollary of Thomson’s principle is the following intuitive fact known as the Rayleigh’s

monotonicity principle.
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Theorem 2.4.4 (Rayleigh’s monotonicity principle). The s-t effective resistance cannot

increase if the resistance of an edge is decreased.

Proof. Let w € Rf be the original edge weights. We increase the edge weight of the e-th
entry (or equivalently decrease the resistance) to make a new vector w’ for an arbitrary

edge e € E. Let f be the unit electrical flow with respect to w. Then, it follows that

Reffu(5,1) =3 7;52) >2 :/(2) > il 2 iv(z) = Reff (,9),

eeE

where the first inequality follows as w’ > w, and the last equality follows by Thomson’s

principle Theorem 2.4.3. O

2.4.3 Convexity and Differentiability of Effective Resistance

We will also use the convexity of effective resistance to write convex programming relax-

ations for problems with effective resistance objective function (or constraints).

In [70], Ghosh, Boyd, and Saberi showed that s-t effective resistance is convex with
respect to the edge weights w over the domain where the support of w spans the whole
graph. We can extend the domain to Rf by a continuity argument. In the following, we
slightly extend the proof of [70] (or the one in Example 3.4 of [31]) without invoking the

continuity argument.

Lemma 2.4.5. The s-t effective resistance on a graph G = (V, E;w) is a convez function

with respect to the edge weights w on the domain RY.

Proof. For any given w, w’ € Rf and A € [0, 1], if w is s-t disconnected, then the inequality
Reffo(Aw + (1 = A\)w’) < AReff o (w) + (1 — ) Reff o (w') always holds, as Reffg(w) = +00
by Fact 2.4.2. Thus, it suffices to consider the restricted domain D,. We claim that the

following is an equivalent characterization of the domain D,;.
Dy={weRY | (I - L,L)by =0} ={weRY | (I - L,L)by =0, L, = 0}.
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The first equality follows from Fact 2.4.2. For the second equality, note that the condition

L, 3= 0 is redundant given w € R¥, but it will be useful in the following characterization.

To prove Reffg(w) is convex on the domain w € Dy, according to Lemma 2.2.7, it

suffices to show that the following epigraph of the s-t effective resistance is convex:

epi(Reffy) = {(w,u) € R™™ | w € Dy, b] L1 by < u}

W’
(w,u) € R™ | w e RE (1 — L, L)by =0, L, = 0, b},LI by < ul,

{
{

where the second equality follows by the equivalent characterization of Dy. By the Schur

complement characterization of semidefiniteness in Lemma 2.1.7, it follows that

LW bS
WGRE» <bT ut> >f_0}.
st

For any (wy, uy), (wa, uz) € epi(Reffy) and X € [0, 1], we can check that the convex combi-

epi(Reffy) = {(W,’LL) c R™H!

nation (w,u) = A(wy, u) + (1 — X)(we, ug) satisfies

Ly b, L, b Lu, b
w=w +(1—Nw, >0 and e T -0 ™ ) =0,
by u by, w bl, uy

where both inequalities follow by the fact that (wy,u;), (wo, us) € epi(Reffy). O

Finally, we consider the differentiability of Reffs(w). It is not difficult to verify that
if w > 0, then Reffs(w) is differentiable at w, We also have discussed that Reff(w) has
finite value when w € Dy,. Can we say Reffs(w) is differentiable over the whole domain
Ds? The answer is no, because there are many points w € ]Rf contain zero entries and
lay on the boundary of Dy;. Reffg(w) is undefined when w contains negative edge weights,
thus Reff;(w) is differentiable at w if and only if w € R¥, . Nevertheless, we still can show
that partial derivatives of Reffy(w) exist at w € Dy with respect to those coordinates
with w(e) > 0.

Lemma 2.4.6. Given any w € Dy, if w(e) > 0, then 0. Reffy(w) exists in Dy and
O. Reff g (w) = —(bLLI b.)2.
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Proof. By the definition of directional derivatives in Section 2.2.1,

ff — Reff
O Reff s (w) = lim Reffor(w + AXe) — Re 5t<W>.
A—=0 A
We consider the term Reffs(w + AX,). For small enough A (could be negative), w + AX, is
still s-t connected. By Fact 2.4.2,
Reff(w) = b LI by and  Reffy(w + AX.) = bLLY | by = bT, (L, + Ab.b])' by.

wtAxe 7S

Since w(e) > 0, b, lives in the range of L,. For small enough A, 1+ Ab] LI b, # 0. Thus,
by Corollary 2.1.14, for small enough A we have

(Lw + Abb])' = L] A

l, — ————— LL,b.b L],
1+ Ab] LL,b.

which implies
A(bLLT b.)?
Reff ;(w + AX.) = Reff,(w) — —=2Lw =/
o ) = ABT L, b,

Thus,

bl.Lt b.)?
0. Reff 4 (w) = lim (bbb —(bLLI b2 O
X501 4 AbT Ll b, s

2.5 Spectral Sparsification

In the study of combinatorial graph algorithms, a natural yet powerful idea is to use a
sparse object as the representative of the input graph to help solve the original problem
more efficiently [57]. Various notions of sparse representatives have been proposed and
studied in the literature. Among them, the cut-sparsifier that approximately preserves
values of all cuts [82, 83| is one of the most well-studied notions. In an influential work,
Bencztr and Karger [23| showed that every graph admits a cut-sparsifier of size O(%)
that preserves values of all cuts up to a (1 £ ¢) factor, and furthermore the cut-sparsifier
can be constructed in nearly linear time. Later, Spielman and Teng [133] introduced a

more general notion, spectral sparsification, which is defined as follows.
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Definition 2.5.1 (Spectral Sparsifier). Given an undirected graph G = (V, Eg; w) with
edge weights w € REG, an undirected graph H = (V, Eg; w) on the same vertez set V' with
edge weights w € RY" is a (1 + ¢)-spectral sparsifier of G for some € > 0 if the following
holds

(1+e) x"Lax <x'Lgx < (1 +¢) - x' Lgx, for all x € RV,

where Lg and Ly are Laplacian matrices of the edge-weighted graph G and H.

When we restrict the constraints to those vectors x € {0,1}", then the above definition
is exactly the same as that for cut sparsification. This shows spectral sparsification is a

strictly stronger notion than cut sparsification.

Spielman and Teng [133] gave the first algorithm to construct a (1+¢)-spectral sparsifier
of size O(”lz#) (for some large constant ¢) in nearly linear time, and the constructed
spectral sparsifier is a reweighted subgraph of the input. Spectral sparsification was a
key ingredient in Spielman and Teng’s first nearly linear time Laplacian linear system
solver [134]. Since then, spectral sparsifers have found many applications in designing fast
algorithms, e.g., faster solver for Laplacian linear systems and generalizations [89, 88, 90|,
computing maximum flow [44, 109, 120], fast random spanning trees sampling [115, 54, 128],

measuring edge centrality [103], etc.

Besides numerous applications, spectral sparsification has became an interesting re-
search topic in itself. The techniques that developed to attack spectral sparsification led
to a solution to the famous Kadison-Singer problem [110, 111]. In the remaining of this
section, we briefly survey several important developments about constructing spectral spar-

sifiers.

We start with reducing the problem into a nicer form by a preprocessing step. Let Lg =
D ecrs w(e) - b.b! be the Laplacian matrix of the input graph. Without loss of generality,
we assume the graph G is connected, so that Lg is of rank n—1 with a null space spanned
by the all-one vector 1. Let Lg = >_7, \i-u;u = UAUT be the eigendecomposition of Lg,
where A € R"=Dx("=1 ig a diagonal matrix with A(i,7) = \;, and U € R™(™1) contains

the i-th eigenvecotr u; at the i-th column. We consider the following linear transformation

1
Ve :=UTLZb, e R™™  forall e € Fg. (2.12)
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Note that the squared vector length ||ve||3 = b LLb, is exactly the effective resistance

between the two endpoints of edge e in the input graph, and

S wle) - vy = UTLé( 3 w(e)- bebZ) AU = UTLELGLAU = UTU = 1,

ecEq ecEqg

as the columns of U are orthonormal. Thus, we have transformed the construction of
spectral sparsifier into the following nicer form, where we only need to ensure that the
maximum and minimum eigenvalue of the solution are close to one. After solving the
following problem, we can easily turn the solution into a solution of the original problem

by reversing the preprocessing step.

Problem 2.5.2. Suppose we are given vectors vy, ..., vy, € R" and weights w € R such

that Y7, w(i) - viv;” = I,. For some given £ > 0, find a reweighting w € R such that
(1+e) ', < Z w(i) - vivy < (14e)l, and [{i € [m] : w(i) # 0}] is small.

=1

2.5.1 Effective Resistance Sampling

Spielman and Srivastava proposed a randomized algorithm in [132] to construct a (1 + ¢)-
nlogn

2 ) in nearly linear time, which matches and extends Bencztr

spectral sparsifier of size O(
and Karger’s result for cut sparsification [23]. The algorithm is a very simple and elegant

sampling algorithm.

Effective Resistance Sampling

nlogn

1. Initialization: Z < 0 and 7 <~ O("2%").
2. Fort < 1tor7do
(a) Independently sample a vector i; =i € [m] with probability
P [is = i] oc w(i) - [[will5

(b) Let Ay :== —2—v, V;—, and update Z; < Z;_1 + A;.

7llvi, I3
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The term w(i) - Hleg in the sampling probability is known as the leverage score of
vector v;. In the graph setting, it is the effective resistance of an edge when the input

graph is unweighted. The size of each update 4A; is bounded by H T”V"—HQ “V, V,IHOp =2, and
1112
n

-1 = 1/,, where we need to use the
i | T
¢ 112

the expected update of each iteration is E[ -V, VJ
fact that 32 w(i) - ||v||5 = n. By matrix concentration inequalities (e.g., matrix cher-

noff bound Theorem 3.4.1, matrix Bernstein’s inequality Theorem 3.4.3, see Section 3.4 for

nlogn
=2

more details), after 7 = O( ) iterations the resulting subgraph is a (1+¢)-spectral spar-
sifier with high probability. Note that with the independent effective resistance sampling
approach, the logn factor cannot be improved, since Q(nlogn) iterations are required to

guarantee that no isolated vertex exists when the input is an unweighted complete graph.

2.5.2 Barrier Function Methods

Batson, Spielman, and Srivastava designed a new deterministic algorithm to construct
a (1-+¢)-spectral sparsifier of size O(%) in polynomial time [21]. We will refer to the
algorithm by BSS in this thesis. This result is quite remarkable in several aspects. It
beats the independent random sampling, and the dependence of ¢ in the bound O(%) is
tight up to a constant factor. Furthermore, the barrier function idea led to a solution to

Kadison-Singer problem, which we will explain more in Section 2.6.

To illustrate the idea of the BSS algorithm, we first consider a naive plan as follows.
Through an iterative process, we maintain an upper barrier u; and a lower barrier [,
to ensure the whole spectrum of the current solution is located within the range of the
barriers [l;, us]. In each iteration, we select a vector v;, from the input and add an update
Ay =cvy, VZ-I with appropriately chosen reweighting ¢; > 0. Then, we increase a nontrivial
amount in both barriers such that the gap between the barriers u; — [; is approximately
preserved and the spectrum of the new solution is still contained in [l;, u;]. After certain
number of iterations, when I, is large enough (in the order of Q(“=%)), the condition
number of the solution is bounded by 7+ =1+ “tl—zlt =1+0(e).

However, as the maximum and the minimum eigenvalue are very sensitive to the solution

update, it is not easy to control how much we should shift the barriers algorithmically.
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Thus, instead of controlling the maximum and the minimum eigenvalue directly, Batson,
Spielman, and Srivastava introduced two barrier potential functions which are more robust

to the solution updates
®“(Z) =tr ((ul —2)7") and N(Z)=tr((Z—-1)7"), (2.13)

where Z is the current solution. Intuitively, when I/ < Z < wul, the barrier potential
functions measure how far the eigenvalues of Z are from the barriers. In particular, if any
of the eigenvalues of Z approaches a barrier, the corresponding potential function will blow
up dramatically.

Thus, the key task of the algorithm is to add an appropriately reweighted vector v
such that ®“Ho(Z, + w') < ®“(Z) and d"*(Z, + w') < ®"(Z,) (with significant
shifts of d,, 0; where 0, = ;). With an averaging argument, they showed that there always
exists a vector from the input that can be reweighted to satisty all the desired properties.
With appropriately chosen parameters, it only takes O(%) iterations to return a (1 4 ¢)-
spectral sparsifier. Moreover, they showed that this is the optimal dependence in e by

using Ramanujan graph as a tight example.

2.5.3 Regret Minimization Reformulation

Allen-Zhu, Liao, and Orecchia 7] proposed an algorithm for spectral sparsification based on
a general regret minimization framework (which is well-known to the online optimization
community). There are several advantages of their algorithm. For example, there is no
need to explicitly maintain the shift of the barriers, and the algorithm analysis can be done

in a more principled way within a general mirror descent framework.

They recovered the optimal approximation guarantee of BSS using the same poten-
tial function. By introducing a generalized potential function in the regret minimization
framework, they managed to improve the running time to almost-quadratic time (a naive

implementation of the BSS algorithm takes Q(n*) time).

As a key tool in this thesis, we will have a comprehensive review of the regret mini-

mization framework in Chapter 4.
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2.5.4 Potential Function Guided Adaptive Sampling

The barrier potential functions in the BSS algorithm provide a nice way to control the
eigenvalues of a solution, which is the key ingredient in achieving the optimal approximation
guarantee. However, the choice of the parameters looks a bit mysterious. In particular,
the existence of a good vector and the appropriate reweighting in each iteration in the BSS
algorithm is guaranteed by an averaging argument. The relation between the reweighting
and the shift of the barriers is not explicit. Also, we may get the impression that there are

very few good vectors and we need to pick a good vector very carefully in each iteration.

To design a fast algorithm for spectral sparsification, Lee and Sun [101] combined the
random sampling approach in [132] with the potential function approach in [21]. The
algorithm provides an explicit description of how we shall reweight the edges. Moreover,
their algorithm shows that we have much more flexibility in choosing vectors and assigning
reweightings in each iteration. In particular, they proved that choosing a random vector
following an approximate probability distribution would work, and there is no need to

maintain that the potential value is non-increasing.

Lee and Sun first combined the two potential functions in the BSS algorithm into a

single one

0"1(Z) = tr ((uly = 2)7") + tr ((Z = 18)7),

and they introduced a sampling procedure based on this single potential function.

Potential Function Guided Adaptive Sampling

1. Initialization: Z; < 0, [; < —g, U g, and 7 < O(%).
2. Fort <1 to 7 do
(a) Let W, <— ®“!*(Z,) be the current potential value.
(b) Sample a vector i; =i € [m] with probability

i = VIV/[(/? (v (ke = Z)7N 4 (vivi' S (Ze = k)7
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(c) Let Ay + p“) Vi, V, u , and update Z;,1 < Z; + Ay.

(d) Ut4-1 — Uy + = Wt and lt-i—l — lt + 1+W

We make some brief remarks about the algorithm description. First, the expected

change of solution in each iteration SEA] =" w(i) vy =1,

Second, the two terms
(v;v,", (ugh, — Z,)™%) and (v;v;", (Z; — l;1,) 1) in the sampling probability can be treated as
“relative effective resistance”. Flnally, the above description of the algorithm is not exactly

the same as the one in [101], however it captures all the essential elements.

When the potential value W} is not too large, the change of the potential value (before
shifting the barriers) is bounded by
(A, (uehy — Z)7%) B (A (Ze — 1) 72)
1—-W; 14+ W,
Hence, given the current solution Z;, the expected change of the potential value can be

bounded by

Ul (Z, + Ay) < @M (Z) +

tr((ut/n — Zt)_2) B tr((Zt — lt/n)_2)
1-W; 1+ W,
1 0 1 0

1-— Wt (9ut t’lt( t) 1+ Wt alt

E[®""(Z, + A,)] — @“(Z)

N

(I)ut,lt (ZL‘)

Notice that if we increase u; by ﬁ and [; by %‘/Vt’ then the potential value approximately

increases by

1 0 1 0
1-— Wt aut 1+ Wt alt

This means that we can shift the upper barrier u; 1 ~ u; +

— U (Z,) + — Ul (Z,).

- Wt and the lower barrier
liyn = I + 57 +W to maintain that the potential value is not increased in expectation.
Therefore, if we start with small enough potential value, then we can maintain that the
potential value is small and the gap between u; — [; is approximately preserved. If we
select a vector deterministically to preserve small potential value in each iteration, then a
similar argument as in BSS would go through and the algorithm will return a linear-sized

sparsifier.
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One of the main advantages of this randomized approach is that we can do batch update
for the sampling probabilities. Together with a different but related potential function
suggested in [7], Lee and Sun managed to improve the running time of the algorithm to
almost-linear time. In a followup work, Lee and Sun [100] finally improved the construction
time of spectral sparsifier to nearly-linear time. The key ingredient of the followup work
is a completely new potential function, and a SDP-based one-sided sparsifier construction.
We are not going to discuss more technical details of this work, as it is beyond our focus
in this thesis.

Going back to the potential based adaptive sampling process, the potential value W;
is a random variable. Thus, analyzing the final value of u, and [, requires more work.
However, with a more careful analysis, one can show that u, and [, are highly concentrated
around their expectations, and the expectations give the desired condition number. We will
discuss more details of the analysis of adaptive sampling based algorithm in Section 4.3, and
provide an algorithm unifying the regret minimization algorithms in |7] and the adaptive

sampling algorithm in [101].

Finally, we remark that our iterative randomized rounding algorithm for spectral round-

ing was inspired by the adaptive sampling idea in [101].

2.6 Interlacing Polynomials

In Chapter 5, we will apply a result from discrepancy theory [91] to the two-sided spectral
rounding problem. The result in [91] is based on the method of interlacing polynomials.

For completeness, we review some background of interlacing polynomials in this section.

To motivate the techniques of interlacing polynomials for the problems in this thesis,

we consider the connections between spectral sparsification and Weaver’s conjecture.

Conjecture 2.6.1 (Weaver’s Conjecture KSy [141]). Given vectors uy, ..., u,, € R? such

that S\ wiu = Iy and ||ui||3 < € for some € € (0,1) for all i € [m], there exists a subset
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S C [m] and a constant &' > 0 (independent of m and d) such that
<——5> ZuZ < —|—5>-/.

Comparing with spectral sparsification (Problem 2.5.2), Weaver’s conjecture considers

a setting where we are not allowed to reweight the vectors, i.e. the output vectors are
unreweighted. Another difference is the short vector assumption ||u;||3 < e for all i € [m)].
To see the assumption is necessary, suppose there is a vector with ||u;||5 > 1 — &, then the
partition contains ¢ would have maximum eigenvalue > 1 — § and the other partition that

does not contain ¢ would have minimum eigenvalue < 4.

Weaver [141] showed that the above discrepancy theoretical statement is equivalent to
the Kadison-Singer problem, a famous problem in functional analysis with its origin from
quantum physics [81]. In 2013, Marcus, Spielman and Srivastava [111] resolved the problem

affirmatively using interlacing polynomial techniques and a barrier function argument.

2.6.1 Solution to Kadison-Singer Problem

To solve the Kadison-Singer problem, Marcus, Spielman and Srivastava proved a proba-
bilistic statement summarized in the following theorem.

Theorem 2.6.2 (Theorem 1.4 in [111]). Let vy, . .., v, € R? be independent random vectors
with finite support such that

Zvin-T] =1y and [HVZH | <e forallie[m],

then

m

E Vi ViT

i=1

P < (14++v2)?*| >0.

op

Weaver’s conjecture can be derived from Theorem 2.6.2 using the following reduction.

Let uy,...,u, € R? be the input vectors satisfying the conditions in Conjecture 2.6.1.
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We define independent random vectors vy, .. € R?@ such that v; is chosen uniformly
at random from the set {( 2“b) : (\/gu)} We can verify that E[>7" vv;,'| = kg and
l|u;|2 < 2¢ for all i € [m]. Thus, Theorem 2.6.2 implies that there exists an outcome of
v;'s, or a subset S C [m], such that

23 L uul
E ViVZ-T < ZZES r

=1

< (1+V2e)%

-
o ' 22 jgs “J'“j) o»
Since Y- | u;u = Iy, this implies (53 — O(V2)) - s < D ieg Uity < (3 4+ O(\/2)) - lg, which

confirms ConJecture 2.6.1.

In the following, without giving rigorous proofs, we describe some key ideas and tech-
niques used in proving Theorem 2.6.2. To establish Theorem 2.6.2, Marcus, Spielman

and Srivastava considered the expected characteristic polynomial of the random matrix
Yoy e E [ [Z:”l vz-vz-T} (x)}, where X[M](z) := det(zl; — M) is the characteristic
polynomial of matrix M.

The plan of proving Theorem 2.6.2 in [111] consists of two steps:

e Step 1: Show that there exists an outcome of v;’s with the largest root of the charac-
teristic polynomial (i.e. Anax(Y_ie; vi;')) upper bounded by the largest root of the
expected characteristic polynomial

max-root (det (a; - i v vf)) < max-root (E [X {i Vi vj} (x)} > .

i=1 i=1

e Step 2: Bound the largest root of the expected characteristic polynomial by

max-root (]E [x{i vl-viT} (x)D < (1+ e

i=1
Interlacing Argument for Step 1

Marcus, Spielman and Srivastava [111] gave an equivalent way to describe the expected

characteristic polynomial, which is crucial in both Step 1 and Step 2.
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Theorem 2.6.3 (Theorem 4.1 in [111]). Let vi, . .., v, € R? be independent random vectors
with finite support, and A; = E[v;v,"] fori=1,...,m. Then, it holds that

E[x{;m; viviT] (m)} = ulAr, ... Anl(z),

where . .
1A, Anl(x) = (H (1 - azi)) det <a:/ + inAi)
=1 i=1 x1=0,...,xm=0
1s referred as the mixed characteristic polynomial of Aq, ..., An..

To get some intuition about the theorem, we consider a simpler setting, where there is
a deterministic invertible matrix B and a random vector v such that E[ww '] = A. It holds
that

E[det(B—w')]| = E[det(B) (1 —tr (B~ va))} = det(B)(l —tr (BflA)>,

where we used Lemma 2.1.11 for the first equality, and the last equality follows by linearity

of expectation and trace. Then, we consider a univariate polynomial in z,
d

det(B + zA) = det(B) det(/ + 2B~ A) = det(B) - [ [(1 + x\)
i=1

where A, ..., \q are the eigenvalues of B~'A. We apply the operator (1 —9,) to the above
polynomial, and then set x = 0, it follows that

d
(1 —0,)det(B + zA) |,—0= det(B) <1 - Z )\i> = det(B) (1 —tr (B*lA)>.
i=1
Thus, we have established that, for invertible B, it holds that
E[det(B—w')] = (1—9,)det(B+zE[w']) |, -

The key observation here is that, when A is rank-one, det(B+xA) is a affine-linear function
in . By a continuity argument, we can show the conclusion still holds for singular B. The-
orem 2.6.3 follows by applying this argument repeatedly together with the independence

of v;’s. The following is a simple observation based on a similar argument.
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Lemma 2.6.4. Let A; = E[v,v,'] for all i € [m]. The mized characteristic polynomial
plAL, Ag, o Anl(z) ds a convexr combination of {u[wiw,, Ag, ... Anl(2)}w,, where wy €

support(vy).

The mixed characteristic polynomial characterization is important as it connects the

expected characteristic polynomial with a key notion called stable polynomials.

Definition 2.6.5 ((Real) Stable Polynomials). A multivariate polynomial p(z1, ..., Ty) is
stable if p(z1,...,%m) has no root in the region {(z1, ..., %) : Im(z;) > 0 for alli € [m]}.

p(x1, ..., xy) is real stable if p is stable and all the coefficients of p are real.

The definition directly implies a univariate polynomial is real stable if and only if it is

real-rooted. The following is an important example of real stable polynomial.

Lemma 2.6.6 (Proposition 2.4 in [26]). The polynomial p(x1,...,xm) = det(d 1", x:A:)
15 real stable for Ay, ..., Ay = 0.

Many operations can preserve real stability. Here are two related examples.

Lemma 2.6.7 (see, e.g., [139]). Let p(x1,...,xy) be a real stable polynomial with m vari-
ables.
o (Restrictions): For any a € R, p(a,xs, ..., x,,) is a real stable polynomial with m—1
variables.

e (Differentiation): For anyt € R, (14 t0,,)p(z1,...,%m) is a real stable polynomial

with m variables.

Using the above facts, the mixed characteristic polynomial p[Ag,..., Ay|(z) is real
stable (or real-rooted) for positive semidefinite matrices Ay, ..., A,,. Note that the state-
ment works for any choices of PSD matrices Ay,...,A,,. Therefore, fixing the outcome
of vi,..., v being wy,...,w; for some k£ € [m], the mixed characteristic polynomial

plwiwy' o wewy A, . Agl(z) is also real-rooted. Together with Lemma 2.6.4, the
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real-rooted polynomial p[A;, ..., Ay,](x) is a convex combination of real-rooted polynomi-
als {u[wiw,, Ag, ..., Anl(2)}w,, Where wy’s come from the support of v;. Therefore, the
following lemma implies that there exists an outcome of vi, say w, such that the largest

root of ulww ', Ay, ..., A,l(z) is upper bounded by plA, ..., Ay](x).

Lemma 2.6.8 (see, e.g., [61, 49, 45]). Let p1(x),...,pr(x) be univariate real-rooted poly-
nomials of the same degree with positive leading coefficients. For Ai,..., A\, = 0 and
Zle Ai = 1, if the convex combination p = Zle Aip; 1S also real-rooted, then there exists

an i € [k] such that the largest root of p; is at most the largest root of p.

Apply the same argument inductively, we can show that there exists outcome v;’s
such that the largest root of ulviv{', ..., vy ](z) = det(xzl — 7" v;v") is at most the
largest root of plAi, ..., An](x). This finishes the high level description of the proof of
Step 1. Marcus, Spielman and Srivastava introduced a new notion “interlacing family of
polynomials” to formally prove Step 1, see [111] for more details. Notice that Step 1 is not
constructive, as we don’t know how to evaluate the largest root of a mixed characteristic
polynomial efficiently in general. In each level, we can only guarantee that there exists a

polynomial in the next level having a smaller root, but cannot efficiently identify it.

Multivariate Barrier Argument for Step 2

Marcus, Spielman and Srivastava [111] generalized the barrier potential function argument

in [21] to bound the largest root of the mixed characteristic polynomial u[A, ..., Ay,](x).

We start with defining a sequence of polynomials with m+1 variables x, z1, ..., .

k m
Pz, x1,...,20) = (H (1 — 6%)) det (x/ +inA’)’ forall k=0,1,...,m.
i=1

i=1
Note that P, (z,0,...,0) is exactly the mixed characteristic polynomial u[A, ..., Ay](z).

The plan is to inductively prove that some z, = (2§ 2F,... 2F) € R™ is above

the roots of Py(z,x1,...,%y), le. P(z) > 0 for any z > z,. We denote the set of all
points above the roots of p by Ab,. The final goal is to prove that z, = (2*,0,...,0)
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is above the roots of P, (x,z1,...,x,), which is enough to show the largest root of the
p[A1, ..., Anl(z) is upper bounded by z*. We remark that this plan is slightly different
from the original presentation in [111]. We follow the presentation in [91] in order to make

the later comparison more clear.

The candidate choice of z, is

zr=(t+0,0,...,0,—0,...,—0) for some t > 0 and 0 > 0.
—_—— —— ——

k zeros  (m—k) of —d’s

For the base case, it is easy to verify that for any y = (y,y1,...,ym) = 0,

m

Py(zo + y) = det ((t +0+y)l+ i(yz — 5)Ai) = det (Z(t +y+ yi)Ai> > det(tl) > 0,

i=1
where we used >_7" | A = > " Elvv,'] = I and all Ay,..., A, = 0. Thus, the base case
holds. To proceed by induction, we need to quantify the impact of the operator (1 — d,,)
on the upper barrier z, i.e. how much do we need to shift the upper barrier. This was
done by introducing a notion of multivariate barrier function. Let p(z1,...,z,,) be a real
stable polynomial, and z € Ab,. Define the barrier function of p at the direction 7 at z as
0,p(2)

p(z)
The key property of this multivariate barrier function (see [111] for a proof) is that, when

®!(z) := 0y, logp(z) = (2.14)

the polynomial p is real stable and z € Ab,, then the univariate function

CI);(Z +tej) : t — R is non-negative, non-increasing, and convex for ¢ > 0.

Let’s consider a simple example to get some intuition. Let A € S? be a symmetric

matrix with eigenvalues A\; > ... > Ay, and let p(z) = det(zI — A) = [[_,(z — \;) be the
d 1
i=1 z—X\;

is exactly the barrier potential function used in [21]. This function is non-negative, non-

univariate characteristic polynomial of A. Then, the barrier function ®,(z) = )

increasing and convex for x > Ay the largest eigenvalue of A. In particular, the value of
the barrier function blows up when x is approaching the boundary of Ab,. This intuition
carries over to the multivariate barrier function. If we can keep the value of d);(z) small,
then z is far away from the boundary of Ab, in the i-th direction, we have more flexibility

to modify the polynomial p.
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Lemma 2.6.9 (Lemma 5.9 and 5.10 in [111]). Suppose p(xy,..., ) is real stable, z €
Ab,, and 0 > 0 satisfies ®)(z) <1 — 07" for some j € [m]. Then, for all i € [m], it holds
that @;_8sz(z + de;) < ®i(z). Furthermore, z + de; is above the roots of (1 — 0y, )p.

The above lemma in [111] says that, if the barrier function of p at the direction j
at z is small enough (measured in terms of 0), i.e. z is far away from the boundary of
Ab, in the j-th direction, then moving the upper barrier z by ¢ in the j-th direction
suffices to maintain a valid upper barrier and also to guarantee the barrier functions of
(1 — 0., )p are not increased in all directions. The proof of this lemma crucially relies on
the monotonicity and convexity of the multivariate barrier function, which are guaranteed

by the real stability of polynomials F, ..., P,,.

Thus, it remains to set the parameters ¢t and ¢ such that ¢ 4+ ¢ is as small as possible
and the induction proof based on Lemma 2.6.9 can go through. By setting ¢t = ¢ 4+ /¢
and § = 1+ /€, we can make sure that ®} (z) < 1— 67" for all ¢ € [m]. Thus, applying
Lemma 2.6.9 repeatedly, we can finally conclude that ¢ + 6 = (1 + /¢)? is larger than any
root of the mixed characteristic polynomial u[Ai, ..., Ay,](x), and establish Step 2.

2.6.2 Kyng, Luh and Song’s Extension

Kyng, Luh and Song proved the following theorem in [91].

Theorem 2.6.10 (Theorem 1.4 in [91]). Let vy, ..., v, € RY, and &4, ..., &y be independent
random scalar variables with finite support. There exists a choice of outcomes €y, ..., €y N

the support of &1, ..., &y such that

1
m m 2

ZE €] - ViVl'T - Zﬁi : ViViT

i=1 =1

<4

Z Var(¢|(viv;')?

op op

The above theorem does not directly generalize Theorem 2.6.2 since the rank-one ran-
dom matrices involved in Theorem 2.6.10 always have a rank-one expectation, while the

rank-one random matrices can have arbitrary PSD expectation in Theorem 2.6.2. However,
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the above theorem is sufficient to prove Weaver’s Conjecture. Let vy, ..., v, € R? satisfy
the conditions in Conjecture 2.6.1, i.e. >-7 v;v," = I and ||v;||3 < &. Let & be independent
uniform random variable over {£1} for all i € [m]. Then, Theorem 2.6.10 implies there
exists ¢; € {1} for all i € [m] such that

m 1/2 m 1/2
€ ViV Var[¢;](viv, 4 ||max ||v; 2. Var|&|v; viT < 4y/e,
> 135 vart ol 3 Varte v
=1 op op =1 op
where the last inequality follows as Var[§] = 1, vv,' < el and >;" viv,) = . This

further implies the existence of the partition required by Conjecture 2.6.1, with slightly

worse constant than [111].

While Theorem 2.6.2 requires a normalized expectation /;, Theorem 2.6.10 allows the
sum of rank-one random matrices to have expectations in arbitrary forms. This gives us
some more flexibility in applications, e.g., the two-sided spectral rounding in Chapter 5.
Theorem 2.6.10 also allows us to have a refined control of the deviation from the expectation

by incorporating individual Var[;] and ||| into the upper bound.

In the following, we denote o2 HZZ , Var[&](vv, H , and p; = E[¢§] and 7; =
v/ Var[§] for all i € [m)].

To prove Theorem 2.6.10, Kyng, Luh and Song followed a similar two-step framework as
in [110, 111] with several new ideas. The first challenge is that the framework in [110, 111]
cannot deal with the largest and smallest eigenvalues simultaneously. A simple and nice
idea in |91] to overcome this difficulty is, instead of reasoning the characteristic polynomial

of > (& — pi)viv;', they reason about the polynomial

det (ﬁ/-(i(fi—m)wvj)z) = det (x/—zmj(g — Vi )det (x/+z —13)ViV, )

=1 =1

where the largest root is exactly the operator norm of > ;" | (& — w;)v;v;' . The expectation

of the above polynomial has the following form.

Proposition 2.6.11 (Proposition 3.3 in [91]). Let vy,..., v, € RY, let & be independent
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random variable with mean p; and variance 2, then

det (1 - (i@ - u>T>)]

m m 2
— (H (1 - %aﬁ)) det (g;/ + Za;mvivg)
=1

i=1

E

(2.15)

r1="=Tm=0

A key observation here is that (1 — 9%) = (1 + 9,)(1 — 9,) is also a real stability
preserving operation. Thus, the expected polynomial in (2.15) is real stable. With similar
interlacing argument in Step 1 of the proof for Theorem 2.6.2, there exists an outcome ¢;
in the support of & for all i € [m] such that ||>7" (e; — pi)viv,

A Hop is at most the largest
root of (2.15).

To upper bound the largest root of (2.15), again we define some intermediate polyno-

mials with m—+1 variables x, z1, ..., Z,,.
k 1 m 2
Pz, x1, ..., 2) = (11 (1 — 5@)) det (w/ + Z;xmv,vi ) , for all i € [m].
The goal is to show, for all k =0,...,m,
Zo = (40,0, ...,0, —0ps1, -, —0m) (2.16)
k

is above the roots of Py, inductively, where d; = 2 ||v;||2 for all € [m]. In particular, if this

is true for £ = m, then we can conclude that the largest root of (2.15) is upper bounded
by 4o.

The induction proof works similarly as Step 2 in the proof of Theorem 2.6.2. Kyng,
Luh and Song used the same multivariate barrier functions defined in (2.14) to guide the
induction steps. The key difference is that they need to deal with the operator 1 — %8;
instead of 1 — 0,,.

This operator has been studied by Anari and Oveis Gharan [8] for another variant of
Theorem 2.6.2, where the random vectors v;’s are associated with an underlying strong

Rayleigh distribution. As observed by Anari and Oveis Gharan, informally, the effect of
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(1 — 0y,) is up shifting the barrier by 1+ ©(4;), and the effect of (1 + 9,,) is down shifting
the barrier by 1 —©(d;), thus the total effect of (1—02) = (1 —9,,)(1+95,) is shifting the
barrier by at most £0(d;). Note that the multivariate barrier function analysis in [111]
cannot tolerant any shift smaller than 1. This shows that the operator (1 — 92)) is crucial

to enable the small shift §; of the barriers z; in (2.16).

Using a similar analysis in [8], Kyng, Luh and Song proved an analog of Lemma 2.6.9.

Lemma 2.6.12 (Lemma 5.3 in [91]). Suppose p(x1,...,Ty) is real stable and z € Ab,,.
If ®i(z) < V2, then z € Ab(i_142 y,- Further, if 671 (z) + 3PI(2)? < 1 for some 6 > 0,
then (I)élféaij)p(z + de;) < @ (z) for alli € [m)].

This lemma guarantees that a similar induction as Step 2 in the proof of Theorem 2.6.2
goes through for the choices of upper barriers z;’s in (2.16), which suffices to establish
Theorem 2.6.10.
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Chapter 3
Concentration Inequalities

In probability theory, concentration inequalities aim at analyzing the probability of a ran-
dom variable deviating from certain value (typically its expectation). In this thesis, we
crucially rely on concentration inequalities to analyze several randomized algorithms in
Chapter 4, Chapter 5, Chapter 7, and Chapter 8. In this chapter, we introduce those

concentration inequalities that will be used.

We start with an elementary yet useful inequality.

Fact (Markov’s Inequality). Let X be a nonnegative random variable. For any § > 0,

When we take § = ¢ - E[X] for some ¢ > 1, the probability of X deviating from the

expectation by a factor of ¢ can be bounded by %

Markov’s inequality could be tight in general. However, when X has some nice prop-
erties, we can derive stronger, even exponential, tail bounds. A generic approach to derive
an exponential tail bound is based on the following observation,

E I:eAXi|
er

P[X}é}:lp[e’w}em] <



for any A > 0, where the inequality follows from Markov’s inequality. By optimizing over

A > 0, we get a tail bound known as Chernoff inequality,

P[X > 6] < inf {e ™ E[eM]}. (3.1)

A>0

The term E [e)‘X ] can be treated as a function in A, which is known as moment gener-
ating function of the random variable X. Bounding the moment generating function is a

key step in deriving a good tail bound.

3.1 Sum of Independent Random Variables

One of the most well-studied and well-understood setting in concentration inequalities is
X being the sum of independent random variables, i.e. X = > | X, where X,..., X,
are independent random variables. In this setting, due to the independence, it suffices to
consider the moment generating function of each random variable X; separately, as the

moment generating function of X can be written as

n

E[M] =]]E []. (3.2)

i=1
Different approaches in bounding E [e)‘Xi] provide different (sometimes incomparable)
tail bounds. For example, when X;’s are i.i.d. 0-1 random variables, we can bound E [e)‘Xi}

by
E [ = (1-E[X)]) +E[X)]-e* =1+ (¢* — 1) E[X;] < exp((e* — 1) - E[X}]), (3.3)

where we used 1+ p < eP for any p € R for the last inequality. Based on the above bound,

we can derive the well-known Chernoff bound.

Theorem 3.1.1 (Chernoff Bound, see, e.g., [27]). Let X1, ..., X, € {0,1} be i.i.d. random
variables. Let X =" | X; and p = E[X], then for any 6 > 0,

e’ z
m) fOT 0 >0, and
e \H

P[X>(1+5)u]<(
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Proof. By independence of X;’s and (3.3), for any A > 0 it holds that
B < exp (64 - 1)+ BN ) < expl(e = 1))
i=1

By Chernoff inequality (3.1),

PX > (14 6y < inf{e 4 E[eM]} < inf e HOmt(E=Dp,
A>0 A>0

Optimizing A over the function (e* —1 — A(1 + §))u, we obtain the first bound in the
theorem by taking A = In(1+¢§). With a similar argument, for any § € [0, 1], we can prove

the second bound in the theorem. OJ

In a more general setting, Hoeffding’s lemma addresses the case where each X; is

bounded with a slightly more sophisticated argument than (3.3).

Lemma 3.1.2 (Hoeffding’s Lemma, see, e.g., [27]). Let X be a real random variable such
that a < X < b, then for any A > 0

E [exx] < eAIE[X]Jré-)\Q(bfa)Q'

Based on Hoeffding’s Lemma, the following widely applied Hoeffding bound is just
a simple consequence, which can be proved with a similar treatment as in the proof of
Theorem 3.1.1.

Theorem 3.1.3 (Hoeffding’s Inequality, see, e.g., [27]). Let Xi,...,X,, € [0,R] be n
independent random variables. Let X =% " | X;, and p = E[X], then for any é > 0,

252,,2

PIX > (1+0)u] <e i,

As another example, Bernstein’s inequality bounds the term E[e*¥i] using the the vari-
ance of X; explicitly, which produces a different tail bound. Usually, Bernstein’s inequality
has the assumption |X;| < R, we learnt the idea of relaxing the lower bound X; > —R
from [137]. We provide a proof for Bernstein’s inequality in a more general setting in the

next section (see Theorem 3.2.3).
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Theorem 3.1.4 (Bernstein’s Inequality, see, e.g., [27]). Let Xi,..., X, be n independent
random wvariables such that E[X;] = 0 and X; < R for some R > 0, Vi € [n]|. Let
X =" X;and o® =31 E[X?], then for any § >0

52/2

P[X > 6] <e 77+r/s,

We may notice that Hoeffiding bound and Bernstein’s inequality are not comparable,
i.e. we cannot say one is strictly better than the other. When the sum of variance 0 ~ nRk?,
then Hoeffiding bound is better. When 0 < nR? and t is not too large, then Bernstein’s

inequality is better.

3.2 Martingales

Many of the concentration inequalities for sum of independent random variables can be
extended to the setting where the random variables are weakly correlated. One particular

useful and well-studied setting is about martingales.

Definition 3.2.1 (Martingale). A sequence of random variables Y1, ...,Y;, ... is a martin-
gale with respect to a sequence of random variables Zy, ..., Z;, ... if for all t > 0, it holds
that

1. Y, is a function of Zy, ..., Z;_1;
2. E[|Yi]] < oo

3. ]E [Y;H-l - Y2|Z1, ey Zt—l] - O
The sequence {X; =Y, — Y;_1}4 is known as the difference sequence of martingale {Y;},.

Note that if the difference sequence {X;}; is formed by independent random variables

with finite expectation then {Y;}, is a martingale. An important observation to generalize
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the techniques used in concentration inequalities for sum of independent random variables
to the martingale setting is that

E[e* S X] = E[GAZZ;EXt Bl X, X ] (3.4)

Therefore, if we can bound the conditional expectation E[e**t | X, ..., X; 4], then we will

still be able to bound the tails using Chernoff inequality (3.1).

Based on this observation, several concentration inequalities for the sum of independent
variables have their counterparts in martingale settings. Freedman’s inequality is one of
the most frequently used martingale inequalities, which generalizes Bernstein’s inequality
Theorem 3.1.4.

Theorem 3.2.2 (see, e.g., [63, 137]). Let {Yi}:+ be a real-valued martingale with respect to
{Zi}i, and {X; =Y, — Yi_1}4 be the difference sequence. Assume that Xy < R determinis-
tically for allt > 1. Let Wy := 22:1 E[X?|Zy, ..., Zj_1] for t > 1. Then, for all 6 > 0 and
02 >0,
P(Ht}l:iﬁ}éanthé(ﬂ)éexp(ﬂ).
o2+ R6/3

Informally, Freedman’s inequality says the martingale {Y;}; deviates from 0 (the expec-
tation) only when the difference sequence accumulates large enough “energy” (i.e. variance)
in the random process. Note that, in Theorem 3.2.2, W, is the sum of conditional variances
of X,’s, which is a random variable. To prove the exact statement (i.e. 3t > 1) in Theo-
rem 3.2.2, we need to invoke some martingale specific stopping time argument. However,
in this thesis we mainly care about the deviation of Y, at some fixed time step 7. Thus,
instead of proving the original Freedman’s inequality, we provide a proof for the following

simplified version, which is sufficient for our applications.

Theorem 3.2.3. Let {Y:}: be a real-valued martingale with respect to {Z}¢, and {X; =
Y; — Y 1} be the difference sequence. Suppose we are given some fized R > 0 and o2 > 0
for1 <t < 7. Assume X; < R and E[X?|Z1, ..., Zy_1] < o? deterministically for 1 <t < 7,
and further assume that o* := "] 07 > 0. Then, for all § >0,

—46%/2
P[Y; > 6] <exp (r}%m) :
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Proof. For any A > 0 and t € [7],

e)‘zféf)\:r x#o
MU= 1NN+ (X)) - X2, where fi(z):={ 7

A2 _n
=5 x=0

We prove that fy(z) is monotone increasing in = by showing the derivative f{(z) > 0
for all x € R. Note that,

A T4 1)—2(e” — 1
AO) =35>0 and  fi@) = wet+1) _ =D s £0.
! T
Let g(z) := xz(e* + 1) — 2(e* — 1). To prove fy(x) is monotone increasing, it suffices to

show that g(z) > 0 for all x > 0 and g(z) < 0 for all z < 0. Since ¢g(0) = 0, it is enough
to show that ¢'(z) > 0 for all = # 0. This follows from

>0, whenz >0
g (0)=0 and ¢"(z)=ze" :
<0, whenz <0

Thus, we have established the monotonicity of f}(z).

In the following, we denote E,[-] as E[- | Z1,..., Z;_;] for simplicity. Since X; < R and
E:[X;] = 0, it holds that

LT+ AX, + fA(R) - X7
= EJ[eM] <1+ A(R) - EfXT] < exp(fa(R) - E[X7]) < exp(fa(R) - o7),

where the second last inequality follows by 1+ p < eP for all p € R, and the last inequality
follows by the assumption E;[X?] < o2.

Applying the observation (3.4) repeatedly, we have

E[eM] =E|eM 1 B [M7]| S E[eM] - ehor < L eh ot = eh(B)e?,
Then, by Chernoff inequality (3.1),

P[Y; > 6] < inf exp (=Ad + fa(R) - 0?).

A>
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Optimizing A over the function —A§+ fy(R) - 02, we take A = % In(1+ 2%) (notice that
> 0 by our assumption). It follows that

2 2
P[Y; > 0] <exp (—}%ln <l—|—%> +%<5R —In (1+5—R>)) :e*%-h(%),

SR
0-2

o2

where h(z) := (1 + x)In(1 + z) — z. We can verify that h(z) > f(z) = 2(%1/3) for
x > 0 by a similar argument at the beginning of the proof. More specifically, we can check
n'(x) — f"(z) = 14%::: - % > 0 for all x > 0. This shows h/(z) — f'(z) is monotone
increasing when z > 0. Since h'(0) = f/(0) = 0 and h(0) = f(0) = 0, h(x) — f(z) is
also monotone increasing and nonnegative for all x > 0. Therefore, we finish the proof by

observing that

o2 8%
PlY, > 4] < efﬁ'h(%) —e o2+5;/3_ =

3.3 Concentration Inequality for Self-adjusting Random

Process

Recently, some variants of Freedman’s inequality for martingales have been applied to
obtain algorithmic discrepancy results [18, 17]. For the applications in this thesis, we
prove another variant which applies to non-martingales with a “self-adjusting” property,
that if Y} is (more) positive then E[Y;;1] —Y; is (more) negative and vice versa. With this
self-adjusting property, intuitively Y; cannot be too far away from zero, and the following
theorem provides a quantitative bound that is similar to that in Freedman’s inequality.
Although the proof of the theorem follows from relatively standard techniques, to the best
of our knowledge, we are not aware of similar inequalities in the literature. The theorem

will be a key tool in analyzing the algorithm for the spectral rounding problem in Chapter 5.

Theorem 3.3.1. Let {Y;}; be a sequence of random variables, and X; :=Y; — Y;_1 be the
difference sequence. Suppose that there exist R,o > 0, B,, 6 = 0 and v, € (0, %),’}/2 >0
with v, < 2/ R such that the following properties hold for all t > 1:
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1. (Bounded difference:) | X;| < R with probability one.
2. (Self adjusting:) —nY, .1 — 6 < E[X; | Yo, ..., Y 1] < =Y 1 + Ba.
3. (Bounded variance:) E[X? | Yy, ...,Yi 1] < %Y1 +o.

4. (Initial concentration:) For any a € [—4, %], the initial random variable Y, satisfies
E [ano] < ed’o/m

Then, for anyn > 0 and any t > 0, it holds that

o] <o i)

" 4(a /2 + Bu/7) + 21
and )
p[yt _@_n} exp< M)
T 4o /v2 + 1

Proof. The proof is by computing the moment generating function of Y; and applying
Markov’s inequality, which is standard in concentration inequalities as we have seen. In

the following, we write the conditional expectation as E;[-] := E[-|Yq, ..., Y;_1] for simplicity.

Upper Tail: We start with the proof for the upper tail. For any a € [0,7;/72], the

conditional moment generating function of X; with any given Yy, ..., Y, is

> lxl
E X

=0

X? (aR)
14+ aX, + ﬁz i

1=2
e®_1—aR
R2

E aXt

=1+ aE[X,] + B[ X7] -
1 —|— O,Et[Xt] + Q2Et [th]
1 —anYo +aBy, + a*yY, + d’o

NN N

exp (a°0 +afy — (n1 — aya)aYia),

where the first inequality is by the bounded difference property that |X;| < R always, the
second inequality is by aR < 1 for a € [0,71/72] because 71 < 72/R and the inequality
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< 1+ p+p?for p < 1, the third inequality is by the self-adjusting property and the
bounded variance property and a > 0, and the last inequality uses 1 + p < e? for p € R.

Then we can bound the moment generating function of Y; as
EYO .... Y, [ant} = EY07-~-7Yt—1 [antA - E, [eaXtH
0+ afu+ (1= (1 —ayz))aY,1)

( ]
exp (a’0 +afy) - By,...vi, [exp (a (1 — (31 — av2)) Yio1)]
) EYO,---,Yt 1 Xp (f(a) : }/t—l)] )

< Eyovi [exp (0
<

= exp (a2a + apB,

where we define f(a) := a(l — (1 — a72)). Note that, v1 — ays € [0, 1] for a € [0, v1/72],
which implies f(a) € [0,a]. Define the sequence a@y = a and agy = f(aq-1)) for i > 1.
Apply the same argument inductively, it follows that

t—1
1, ] <o 3 (s o)) B o)
i=0
t—1 2
azyo
< exp (Z (a%i)a + a(i)ﬁu) + (;) > ,
i=0 !

where the last inequality follows from the initial concentration property of Yy for an) <
< 71/72 < 1/R. To bound the moment generating function, we use the following claim

whose proof follows from the definition of the sequence {a}:.

Claim 3.3.2. The sequence {a }izo is decreasing and dominated by the geometric sequence
{ar'}i=o with common ratio v :== 1 — (v, — a7ye). The sequence {a%i)}i is also decreasing
and dominated by the geometric sequence {a?r*}i>o with common ratio r?. Furthermore,

r? <r <1 whena€[0,v1/7)-

Using Claim 3.3.2, when a € [0,7;/72), we can upper bound the moment generating
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function by

-1 2 .t
. a’or
Ev,,..v: [€*] exp(aa—l—aﬂu ’+ ;)
i=0
1—7rt  a?ort
= exp aa+aﬂu 1 r+ 5
— 1
_ (aa+a5u 1_r)+a2art>
Y1 — av2 ga!
2
<exp(w)7
Y1 — a2

where the last inequality uses a € [0,71/72). By Markov inequality, for any a € [0,71/72)
and any 1 > 0,

77777

< e (a2o—+aﬁu _a<@ +77>)

P {Y;f > b + 77] =P [e“yt > €a<"/1+n):| < By, .y, [¢™] 'efa(,%w)

Y1 — aY2 M
2
— exp (CL (U + 72ﬁu/71) _ an)
Y1 — a2
2
— exp (a (0/72+ Bu/7) 6”7)
/72 —a

To prove the best upper bound, we optimize over a and set

I o /72 + Bu/m :ﬁ(l_ u)
Y2 (0/v2 4 Bu/n) +n Yo vtmn)’

where we use v := /72 + ,/71 as a shorthand. Notice that a € [0,71/72) as ,72,m7 > 0

and 3, > 0, so the above probability bound applies. Putting this choice of a back into the

exponent on the right hand side, the exponent is

a2<a/72+ﬁu/vl>_ang(<1— u/<u+n>>2-u_(1_ v )n>

/Y —a 7 v/(v+n)

-~

(%)
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Simplifying the second term on the right hand side,
v v
1+ -2 Arviv+n)—(1-— .
= ( v v+n> ) ( v+n) !

=\/v(v+n) +u1/ —21/—77—|—?7
y—|—77
=—2uv+n) +2/v(v+n)

= —(2v+n) +(2v+n)? -

n?
=—2v+n)+ (2v+ l—
(2v +mn) + (2v +n) G+ 7)°
2
<_ 77/27
2v+n

where we used /1 —p < 1—p/2 for p € [0, 1] in the last inequality. Therefore, we conclude
that

(0/12 + Buf 1) ) ( *n/% )
PYe 2 ) < exp < /72 —a - P Ao /v + Bu/m) +2n) "

which completes the proof for the upper tail.

Lower Tail: The proof for the lower tail is quite similar to that for the upper tail. The

_a}/t]

main difference is that we work with the moment generating function E[e , instead of

E[e™?]. For any a € [0,71/72], the conditional moment generating function of —Xj is

S <—a>’X§] B,

il
1=0

o0

X? (aR)!
1—aX¥+ﬁ5§: 7

1=2
e —1—aR
R2

]Et [e_aXt] = Et

=1 — aEy[X,] + E[X7] -
g 1 — aEt[Xt] + aQEt[XtQ]
<1+anYii +af +a*ywYi i + d’o
<

exp (a’0 + afy + (n1 + avz)aYsy),

where the first inequality is by the bounded difference property | X;| < R and a > 0, the
second inequality is by aR < 1 for a € [0,71/72] because 71 < 72/R and the inequality

66



e? < 1+ p+ p? for p < 1, the third inequality is by the self-adjusting property and the
bounded variance property and a > 0, and the last inequality is by 1 + p < e? for p € R.

Then we can bound the moment generating function of Y; as

Ev, v [e_ayt] =Ey, v, [e_ay“l - Ky [e‘“XtH
< Ey,...vi exp (a0 +af — a(l — (m + a12))Yio1)]
<exp (a’c 4+ afy) - Ey,,.vi, [exp (—a (1 = (1 + ay2)) Yie1)]
— oxp (%0 + a) - By, [exp (—g(a) - Yir)]
where we define g(a) := a(1 — (71 + ay2)). By the given condition v, € (0, 1), it holds that
Y1 + ays € [0,1] for a € [0,71/72] which implies g(a) € [0, a].

Define the sequence a() = a and agy = g(ag—1)) for @ > 1. Apply the same argument

inductively, it follows that

—1
] 20§ ) Bl
i=0
t—1 2
azno
< exp <Z (a?i)a + a(i)ﬁl) + :) ) ;
i=0 !

where the last inequality follows from the initial concentration property of Yj for a¢) <
a < /v < 1/R. To bound the moment generating function, we use the following claim

whose proof follows from the definition of the sequence {a}:.

Claim 3.3.3. The sequence {a(; }izo is decreasing and dominated by the geometric sequence
{ar'}iso with common ratio v :== 1 — (1 + ay2). The sequence {a%i)}i is also decreasing
and dominated by the geometric sequence {a*r*}i~o with common ratio r*. Furthermore,

r € (0,1) for a € (0,71 /2] with v € (0, %) and o > 0.

Using Claim 3.3.3, when a € [0,71/72], we can upper bound the moment generating
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function by

.....

1 . a’ort
CL o+ CLﬁl r'+
- g

:exp( a J—i—aﬁl :7:+a20rt)

I
e
[

o)

a’o + a‘o +af azart)
. r
’71 + avz gt
a’oc +a a’ort
ﬁl (1 =1+ )

< exp

< oxp (aa_ﬂﬁz) 7
84!

where we used ay, > 0 and r € (0, 1) in the second last inequality.

By Markov inequality, for any a € [0,71/72] and any n > 0,

P [Yt < —% — 7]} =P [e_“Yf > e“(%*”)] <Ey,..v [e—aYt} ,6fa(q+n)
1

When n < 20/7,, we set a = (n71)/(20) € [0,71/72), so the above probability bound

applies and gives
2 2
P [Yt < B T} < exp (_u> < exp (_M) |
M 4o do/v2+m
When 1 > 20 /72, we simply set a = 71 /7., and the above probability bound gives
2
P [ytg _ﬁ_n} < exp (ﬂ. (z_n» < exp (_M)
7 Yo \ 72 4o /72 +1

where the last inequality holds by the assumption that n > 20/~2. This finishes the proof
for the lower tail and thus the proof of Theorem 3.3.1. O
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3.4 Matrix Concentration Inequalities

All the previously mentioned concentration inequalities in Section 3.1 and Section 3.2
have their counterparts in matrix settings. In this section, we briefly survey these matrix
concentration inequalities, which were used to analyze the effective resistance sampling
algorithm in Section 2.5. Since we will not use these matrix concentration inequalities
further in this thesis, we only give a high level overview without getting into technical
details, most of the contents can be found in [137, 138].

For the matrix concentration inequalities, the main setting of the studies is as follows.

Given a sequence of random matrices X; in S?, bound the following tail probability

P [Ama,((Zi Xi> > 5] .

Similar to the scalar random variables case, for any § > 0 we can bound by Markov’s

inequality that
]P) [Amax(z XZ) 2 5:| < ]P) [eeArrlax(zi Xl) > 666] < 6_96 . E |:€9>\max(zi Xz):| .

Notice that .
O Amax (22 Xi) < Z (i Xi) — (ezi 9Xz‘),
k=1
for any fixed symmetric matrices X;’s. Thus, we can derive an analog of Chernoff inequal-
ity (3.1) as follows

B (w30, 28] <t {0 [ wr (2%)] |

However, controlling the term E[tr (e2:?%))], i.e. the trace of the matrix moment
generating function, is very challenging, which requires powerful tools. To demonstrate

the idea, we assume X;’s are independent in the following discussions.

Ahlswede and Winter [2] dealt this term with Golden—Thompson inequality (see, e.g.,
[24] for a proof)
tr (eA+B) < tr (eA . eB).
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With Golden-Thompson inequality, the trace of the matrix moment generating function
can be bounded as follows

E[tr (er;l 9Xi)} < E[tr (GZZZf 0X; | €9Xn)] — tr ((E€Z?;11 Gle) . (Eeexn))

S tr (Eezygf GXi) ’ )‘max (Eeexn)v

where the equality follows by independence of X;’s and linearity of trace and expectation.

Repeatedly applying Golden-Thompson inequality, we have
E[tr (eZi exi)} < tr(ly) - H Amax (]Eeaxi) < d-exp <Z )\max(log Eeexi)). (3.5)

In [138], Tropp used another powerful tool Lieb’s theorem [104] to deal with the trace
of matrix moment generating function, and managed to improve the above bound. Lieb’s
theorem says, for a fixed matrix M € S?, the function X — tr [exp(l\/l +log X )} is concave
on Si +- With Lieb’s theorem, we can deal with the trace of matrix moment generating
function as follows. Let Ei[-] denotes E[- | Xi,...Xg_1]. It holds that

E, [tr (¢ZH106)] = B, [ tr (eZi5 0XHose™ )] g (DI 0XcHogBale ]

— tr (GZ?;E 6X;+log E[e‘)xn})

Y

where the inequality follows by Jensen’s inequality Lemma 2.2.6 for the concave trace
function in X, (by Lieb’s theorem), and the last equality follows by the independence of
X;’s. Then, we consider X,,_1,

Epi B, [tr (eX19%)] < B,y | (ez;;l oo e
E,_

tr
1 |: tr (62?;12 0X;+log E[e®Xn]+6X,,_1 )]

N

tr (CZ?;P 0X;+log E[e?Xn]+1og E[e/Xn—1] )

where the last inequality follows by the same argument as previous step. Repeat the same
argument for X,,_», ..., X; one by one, it follows that

E|tr (e D] < tr <eXp (ZZ log]E[eQXi])> < d-exp (Amax<zi logE[eOXiD). (3.6)
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It is not hard to see the bound in (3.6) is always better than the one in (3.5). Although
the two bounds give the same result in the worst case, Tropp pointed out that (3.5) can
be worst than (3.6) by a factor of d in many situations [138|.

Using (3.6), Tropp proved the following generalization of Chernoff bound, Hoeffding

bound, and Bernstein’s inequality for sequences of independent random matrices [138].

Theorem 3.4.1 (Matrix Chernoff Bound [138]). Let {X;}; be a sequence of independent

random matrices in Si. Assume Amax(Xi) < R for each i deterministically. Let fipi, :=
Amin(Q_; E[X]) and pimax = Amax(O_; E[Xi]). Then

66 ) Mmax/R

B s (32, %) 2 (14 O] < (7 5705
-5

P [ Ain (30, %) < (1= )t < - <#)”mi“m for 6 € [0,1].

for d >0, and

Theorem 3.4.2 (Matrix Hoeffding Bound [138]). Let {X;}; be a sequence of independent
random matrices in S®. Let A; be a sequence of deterministic matrices in S®. Assume

E[X;] = 0 and X? < A? for each i deterministically. Then, for any 6 > 0

P [)\max(zi Xi) > (5} <d- 6_86722 where 02 = ”Zl A?

Theorem 3.4.3 (Matrix Bernstein’s Inequality [138]). Let {X;}; be a sequence of indepen-

op

dent random matrices in ST. Assume E[X;] = 0 and Amax(X?) < R for each i determinis-

tically. Then, for any § > 0

P [)‘max(zi Xz’) > 5] <d- 67%&/3 where o 1= HZIE[XE]

op

When the sequence of random matrices are not independent but form a matrix mar-

tingale, Tropp proved a generalized Freedman’s inequality using Lieb’s theorem in [137].

A sequence of random matrices Yi,..., Y;, ... is a matriz martingale if

ElYiri — Y| Yi,..., Y] =0 and IE[H\QHOP} < 400 forall ¢t > 1.
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Theorem 3.4.4 (Matrix Freedman’s Inequality [137]). Let {Yi}: be a matriz martin-
gale, where each matriz Y, € S®. Let {Xi}: be the difference sequence, and denote W, :=
Z;ZIE[XJZ | Yi,..., Y] fort > 1. Assume Amax(Xi) < R deterministically for some
R > 0. Then, for any § >0 and o* > 0,

52/2

P |3t >1: Aa(V) 2 6 and Wi, < 0—2] <d-e TR

Finally, we remark that the matrix Chernoff bound, matrix Bernstein’s inequality,
and the matrix Freedman’s inequality (except matrix Hoeffding bound) can be applied
in the analysis of the effective resistance sampling algorithm for spectral sparsification in

Section 2.5.
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Chapter 4
Regret Minimization Framework

In this chapter, we review the regret minimization framework for spectral sparsification
and one-sided spectral rounding |7, 6], and derive several slightly more general statements
than those in [7, 6]. Based on the regret minimization framework, we design a new ran-
domized algorithm to construct linear-sized spectral sparsifiers, which unifies the regret
minimization based algorithm in [7] and the potential function guided adaptive sampling
algorithm in [101]. The randomized adaptive sampling idea used in this new variant will

be repeatedly used in later chapters (e.g., Chapter 5 and Chapter 7).

The regret minimization framework is for optimization in an online setting. In each
iteration ¢, the player chooses an action matrix A, from the set of density matrices A? :=
{A eS| A= 0,tr(A) = 1}, which can be understood as a probability distribution over
the set of unit vectors. The player then observes a feedback matrix F; and incurs a loss of

(A, Fy). After 7 iterations, the regret of the player is defined as

R. =3 (A.F)— Biélade<B’ Fi) = > (A ) - )\min<z Ft>7
—1 t=1

t=1 t=1

which is the difference between the loss of the player actions and the loss of the best fixed
action B, that can be assumed to be a rank one matrix vw'. The objective of the player

is to minimize the regret. A well-known algorithm for regret minimization is Follow-The-
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Regularized-Leader (FTRL), which plays the action

t—

1
A; = argmin g aa {w(A) +a- ) (A Fl>} for all t > 1, (4.1)
0

1=
where w : R”? — R is a convex differentiable (on S ) regularizer and « is a parameter
called the learning rate that balances the loss and the regularization. We remark that,
similar to [6], our setting allows us to have a nonzero initial feedback matrix Fy which is

given before the game starts. This will give us more flexibility in some applications.

Different choices of regularization give different algorithms for regret minimization. A

popular choice is the entropy regularizer
w(A) = (Alog A—1).

Entropy regularizer gives the well-known matrix multiplicative weight update algorithm
(see Remark 4.1.19).

For the purpose of spectral sparsification, however, the ultimate goal is not to control
the regret, but instead to control the objective value of the best offline action matrix
infgena >, (B, F). For this task, it turns out that the ¢,_1-reqularizer

q

w(A) = _qfltr (A7)

introduced in |7] is more effective. The (1-regularizer with ¢ = 2 is already sufficient to
provide an optimal algorithm for spectral sparsification. The ¢,_i-regularizer with large
constant ¢ can be used to improve the running time of the algo;ithm [7, 101]. As the
running time is not our main concern, we will be focusing on K%—regularizer throughout
this thesis.

Organization

In this chapter, we will review the FTRL algorithm for regret minimization and show how

to apply the framework to construct spectral sparsifiers.
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We first review the mirror descent method, an equivalent description of the FTRL
algorithm in Section 4.1. Then we derive a generic regret bound with general feedback
matrices in Section 4.2. Finally, with the machinery from regret minimization, we present
an alternative randomized sampling algorithm for spectral sparsification that unifies known
algorithms in [7] and [101] in Section 4.3.

4.1 FTRL Algorithm and Mirror Descent Method

As we have mentioned, there is an equivalent description of the FTRL algorithm using the
mirror descent method framework. In this section, we formally prove the equivalence. We
start with introducing an important notion. Given a (strictly) convex function w : D — R
which is differentiable on the interior of the domain int(D), the Bregman divergence with

respect to w is defined as

Dy (x,y) := w(x) —w(y) = (Vw(y),x = y), (4.2)

where x € D and y € int(D). For example, for the entropy regularizer w(X) = (X, log X—1/)
for X = 0, with the gradient given in Fact 2.2.5, the Bregman divergence can be written

as

Dy(X,Y)=(X,logX — 1) —(Y,logY — 1) — (log Y, X — Y)
=tr(Y — X) 4+ (X,log X —log Y)

for X = 0 and Y > 0. For the {;-regularizer w(X) = —2tr(X2) for X = 0, with the

gradient given in Fact 2.2.4, the Bregman divergence can be written as

Dy(X,Y) = —2tx(X2) + 2tr(Y2) + (Y 2, X — Y)

) . , (4.3)
= (Y72, X) +tr(Y2) — 2tr(X2)

for X = 0 and Y > 0. More properties of Bregman divergence will be discussed in
Section 4.1.1.

Then, we formally describe the mirror descent method for regret minimization.
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Mirror Descent Method for Regret Minimization

1. Ay < argmin, aa{w(A) + a(A, Fo)}.

2. For t < 2,3,... do the following

Z\t — argmin{Dw(A, A1) + oA, Ft_l)}, (4.4)
A=0

A, « argmin{D,(A, A)}. (4.5)
AceAd

We remark that we set the initial action matrix to ensure that the mirror descent

method is equivalent to the FTRL algorithm (see Section 4.1.4 for more details).

Informally, Bregman divergence measures the “distance” between two points with re-
spect to the convex function w. The mirror descent method first returns a PSD matrix
Zt that has a small loss with respect to the new feedback matrix F;_;, but also does not
deviate too much from the previous action matrix A;_;. Then, it projects Zt back to the

space of action matrices (density matrices).

This subsection is organized as follows. In Section 4.1.1, we first review some properties
of Bregman divergence, which will be useful in the later analysis. Then, we discuss some
desired properties of the regularizers in Section 4.1.2 and use these properties to show
the mirror descent method is well-defined in Section 4.1.3. Finally, in Section 4.1.4, we
formally prove the equivalence between the FTRL algorithm and mirror descent method

for those regularizers with the desired properties.

4.1.1 Bregman Divergence

Since Bregman divergence is a key notion in the mirror descent method, we first review

several classical properties of Bregman divergence which will be useful in further analysis.
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Lemma 4.1.1. Let w : D — R be a (strictly) convex function that is differentiable on

int(D). Then, the Bregman divergence associated with w satisfies the following properties.

o Giveny € int(D), x — Dy, (x,y) is a (strictly) convex function with gradient Vw(x)—
Vuw(y) for x € int(D).

e Non-negativity: Given any x € D and any y € int(D), it holds that D, (x,y) = 0.

e Three-point-equality: Given any x, y € int(D) and any z € D, it holds that D, (z, x)+
Dw<X7y) - Dw<z7y) = <VU)(X> - Vw(y)7X - Z>‘

Proof. The (strict) convexity of the function D, (-, y) follows from the (strict) convexity of
w and the fact that D, (x,y) is equal to w(x) plus a linear function in x (see (4.2)). The
gradient of D, (-, y) follows directly from the definition.

Given x € D and y € int(D), w is differentiable at y. By the first order condition
Lemma 2.2.9; w(x) > w(y) + (Vw(y),x — y). Rearranging the terms, the nonnegativity

follows.

The three-point-equality can be checked from the definition.

Dy(z,x) + Dy(x,y) = w(z) — w(x) — (Vw(x),z — x) + w(x) —w(y) — (Vw(y),x — y)
+ (Vw(y),z — x) — (Vw(x),z — x)
_l’_

= Du(z,y)
(z,y) + (Vw(x) = Vw(y), x — z). O

'le7

Given a point x € D where f is differentiable at x and a closed convex set C C D, the

Bregman projection of x onto C with respect to w is defined as
x* = argmin, . D (z, x). (4.6)
We recall a simple fact about strictly convex functions.

Fact 4.1.2. Let f be a strictly convex function on a convexr domain D. If there exists a

minimizer of f over D, then it is unique.
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Proof. Assume there exists two distinct minimizer x # y € D with f(x) = f(y) =
minep f(z). We consider the function value of the mid-point between x and y, i.e. *3£.
By strict convexity of f, it holds that
X+yy _f)+fy)
H(57) <= i)

Since D is convex, we find a point ”Ty € D with strictly smaller value than the minimizer

over D, contradiction. O

Therefore, when w is strictly convex (D, (-, x) is also strictly convex by Lemma 4.1.1),
the Bregman projection in (4.6) is uniquely defined since C is a closed set. Bregman
projection generalizes the notion of orthogonal projection. To see this, we can take w(x) =

Ix||3 and verify that D, (x,y) = [|x — y|[5-

Finally, we show that the Bregman divergence satisfies a generalized Pythagorean the-

orerml.

Theorem 4.1.3 (Generalized Pythagorean Theorem, see, e.g., |7, 35]). Suppose w : D — R
18 a strictly convex function that is differentiable on D, and C C D s a closed convex set.
Let x € D and x* = argmin, ., D, (z,x) be the Bregman projection of x onto C with respect

to w. Then, for any y € C, it holds that
Dy(y,x) = Dy(y, x*) + Dy(x*, x).

This further implies Dy, (y,x) = Dy(y, x*) due to the nonnegativity of Bregman divergence.

Proof. By the three-point-equality in Lemma 4.1.1,
Dy (y,x*) 4+ Dy(x*,x) — Dy(y, x) = (Vw(x*) — Vw(x), x* — y).
Thus, it suffices to show (Vw(x*) — Vw(x),x* —y) <0 for any y € C.

Let f(z) = D, (z, x) for the given x, which is a strictly convex function by Lemma 4.1.1.
Since x* = argmin, ., D,,(z, x) = argmin,, f(z) is the minimizer of the convex function f

over the convex set C, by Lemma 2.2.22 it implies
(VIx"),y=x") 20 VyeC — (Vw(x") = Vu(x),y —=x") 20 VyeC,

78



where we used VD,,(x*,x) = Vw(x*) — Vw(x) for a fixed x by Lemma 4.1.1. O

Remark 4.1.4. Note that, in the above theorem, we assume that w s differentiable over the
whole domain. However, some regularizers are not differentiable on boundary points. Thus,
the term D, (y,x*) is not defined for this type of reqularizers if x* lays on the boundary.
In Section 4.1.2, we will introduce some restrictions on the reqularizers to ensure that it

does not happen.

4.1.2 Choices for Regularizers

Consider the definition of Bregman divergence D, (x,y) in (4.2), if y is on the boundary
of D (which is not differentiable), then D, (x,y) is undefined. Thus, in the mirror descent
steps (4.4) and (4.5), we need to guarantee that A,_; = 0 and A, = 0. Furthermore, the
domain of computing Z\t is unbounded, thus we also need to make sure that the minimum
in step (4.4) is attained. Finally, a not crucial but naturally desirable property is that the
minimizers in both (4.4) and (4.5) are uniquely defined. To summarize, we would like to

choose regularizer w such that

1. The minimizers of (4.4) and (4.5) stay away from the boundary, i.e. A, A; = 0.
2. The minimizer A, of (4.4) is attained.

3. The minimizers of (4.4) and (4.5) are uniquely defined.

The first and the third point depend on the properties of the function D,(-,y) for
a given y € int(D). After throwing away those terms that do not depend on the first
variable x in the Bregman divergence, minimizing D, (-, y) is equivalent to minimizing
w(-) — (Vw(y),-). Thus, the objective functions in the two steps (4.4) and (4.5) essentially

have the same form, i.e. w(x) — (c, x).

For the first point, one option is to choose w(x) to be a barrier function, which blows
up when x approaches the boundary. However, this requirement is too restrictive. For

example, both the entropy regularizer and ¢,_1i-regularizer do not meet this requirement.
q
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Potentially, this might also exclude many good solutions. Another option is to require
that, when the solution approaching the boundary from some direction, the directional
derivative of w in that direction blows up. As we will show later, this requirement can

effectively prevent the minimizer from staying on the boundary.

As for the second point, the property does not solely depend on the regularizer w. It
also depends on the feedback matrix F;_;. Thus, we need to make further assumption on

Fi_1 to guarantee the minimizer of (4.4) is attained.

If w is a strictly convex function, we can guarantee the uniqueness in the last point
easily by Fact 4.1.2.

We will formally prove the mirror descent steps (4.4) and (4.5) are well-defined in Sec-
tion 4.1.3. In the remaining of this subsection, we formally introduce the desired properties

of the regularizers, and analyze those properties for further use.

Desired Properties of the Regularizers and Implications

In the following discussions of this subsection, we do not restrict the domain to Si, instead

we consider a general closed domain D C R” in a finite dimensional Euclidean space R™.

Definition 4.1.5 (Legendre Function). A convex function w : D — R is a Legendre

function (or a convex function of Legendre type), if w satisfies the following conditions.

1. (Interior Differentiability:) w is differentiable on int(D), where int(D) # .
2. (Interior Strict Convexity:) w is strictly convex on int(D).

3. (Boundary Barrier:) For any x € D\ int(D) on the boundary and any y € int(D) in
the intertor, it holds that
lim (Vw(x +t(y —x)),y — x) = —o0,

t10

where t | 0 denotes t approaching 0 from the side larger than 0.

80



Remark. Legendre functions have many nice properties, especially in terms of their convex
conjugates. In this thesis, we will not get into the details of conjugate duality theory. We
refer the interested readers to the text of Rockafellar (Chapter 26 in [120]) for a nice

treatment of this topic.

We first consider a useful fact about strictly convex functions.

Fact 4.1.6. Let [ be a strictly convex function on a convex domain D. If f is differentiable
at two distinct points x # y € D, then V f(x) # V f(x).

Proof. By the first order condition Lemma 2.2.9, for x # y € D, it follows that

f)>fy) +(Vfy),x—y) and  f(y) > f(x) +({Vf(x),y —x).
If Vf(x) = Vf(y), then adding the two inequality up gives f(x) + f(y) > f(x) + f(y),

contradiction. O

A direct consequence of the Fact 4.1.6 is that V f is a one-to-one mapping from the

differentiable points of f to their gradients.

Corollary 4.1.7. Let f be a strictly convex function on a convexr domain D, and let S C D
be the set of differentiable points of f. Then, there exists a one-to-one mapping from S to
Vf(S), i.e. we can define an inverse map (Vf)™' such that (V)" (Vf(x)) = x for any
x €S, and VI((Vf) () = y for any y € VI(S).

Next, we show that if the regularizer w satisfies the interior differentibility and boundary
barrier conditions in Definition 4.1.5, then the minimizer of the function w(x) — (¢, x) (if
exist) should not stay on the boundary. Note that the function w(x) — (c, x) is closely
related to the objective function in (4.4) and (4.5), and we do not need strict convexity for

this lemma.

Lemma 4.1.8. Let w be a convex reqularizer satisfying the interior differentibility and
boundary barrier conditions in Definition 4.1.5. Let ¢ be an arbitrary vector in R™, and
C C R” be a conver set such that CNint(D) # 0. If the minimizer x* = argmin, .prc{w(x)—
(c,x)} ewists, then x* € int(D) NC.
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Proof. For the sake of contradiction, suppose there exists a feasible minimizer x* ¢ int(D)N
C (thus x* lays on the boundary D\ int(D)). Fix any y € int(D) N C, we consider the
function g : [0,1] — R defined by

g(t) = w(x* +t(y — x7)) — (¢, x" +t(y — x7)).

Note that x*+¢(y —x*) € int(D)NC for ¢t € (0, 1] by convexity of D and C. Since w satisfies
the interior differentiability condition in Definition 4.1.5, ¢ is differentiable on (0, 1] with

derivative

g(t) = (Vulx" +ty —x"),y = x") = (c,y —x).

Since (c, y —x*) does not depend on ¢, the boundary barrier condition in Definition 4.1.5
implies limy | ¢'(t) = —oo. By the convexity of ¢ (induced by the convexity of w) and the
first order condition Lemma 2.2.9, we have ¢g(0) > ¢(¢t) — tg’(t). Thus, for small enough
t > 0, it holds that g(0) > g(¢). This implies w(x*) — (c,x*) > w(z) — (c,z), where
z; = x* +t(y — x*) € int(D) N C for some small enough ¢ > 0. This contradicts to the

assumption that x* is a global minimizer on D NC. O]

Then, we show that if w is a Legendre function (Definition 4.1.5) subject to some

restrictions on ¢, then the minimizer of w(x) — (c, x) behaves nicely.

Lemma 4.1.9. Suppose we are given a Legendre function w and a vector ¢ € R%. There
is a unique minimizer x* = argmin p{w(x) — (c,x)} if and only if ¢ € Vw(int(D)).

Furthermore, the unique minimizer x* = (Vw)~!(c) € int(D).

Proof. As w is a Legendre function (Definition 4.1.5), we can apply Lemma 4.1.8 with
C = R" and conclude that if x* exists then it must be in int(D). Therefore, instead of
the whole domain D, we can equivalently optimize fy(x) = w(x) — (c, x) over the interior
int(D), i.e.

WR ) = i) o)
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Since w is strictly convex on int(D), if x* exists, then it is necessarily unique by Fact 4.1.2.
Thus, it suffices to show that the minimum of min,einypy fo(x) is attained if and only if
¢ € Vuw(int(D)).

As int(D) is open and w is differentiable over int(D) by the interior diferentiability
condition in Definition 4.1.5, x € int(D) is an optimal solution if and only if Vfy(x) =
Vw(x) — ¢ =0 (by Corollary 2.2.24).

Thus, if the minimizer x* exists, then ¢ = Vw(x*) € Vw(int(D)). On the other hand,
as w is strictly convex on int(D), we can apply Corollary 4.1.7 to show Vw is invertible
on int(D). Therefore, if ¢ € Vw(int(D)) then there exists a unique x* € int(D) such that
Vw(x*) = ¢, i.e. x* = (Vw)~*(c), which attains the the global minimum of fy on D. [

Remark. Given a convex function w : D — R, we can define Fenchel conjugate of w
as w*(c) = —infyep{w(x) — (c,x)}. The relationship between w and its conjugate in
Lemma /.1.9 can be generalized to general convex function settings in terms of subdif-
ferentials. To keep the exposition simple, we do not introduce the new notions and refer

interested readers to [126, 76] for more details.

It is easy to verify whether a univariate function is Legendre or not. For a function
with matrix domain, it is less trivial to verify it. However, there is a nice way to lift a
univariate Legendre function to a function with matrix domain that are unitary-invariant
and symmetric with respect to the eigenvalues of the input matrix (see [22] and [102] for

more details). In particular, by lifting the univariate Legendre functions xlogz — = and

—_49
q—1
g > 1) are both Legendre functions. We include an elementary but not so insightful proof

xl_%, one can show that the entropy regularizer and the general ¢, 1-regularizer (for
q

for ¢ 1 -regularizer in Appendix A.3.

Lemma 4.1.10 (see, e.g., [22| and [102]). The entropy regularizer w(X) = (X,log X — I)
and {,_1-reqularizer w(X) = — 43 tr(Xlﬁ) (for ¢ > 1) are Legendre functions.
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4.1.3 Mirror Descent Method

In this subsection, we formally prove that the two steps (4.4) and (4.5) in mirror descent

method are well-defined when the regularizer w is a Legendre function.

The first step (4.4) is an easy consequence of Lemma 4.1.9.

Lemma 4.1.11. Suppose the reqularizer w : S* — R is a Legendre function. For t > 2 in
step (4.4), if Ai_y = 0 and V(A1) — aF_y € Vw(S2,), then the minimizer in (4.4) can
be uniquely determined as A, = (V)™ (Vw(A1) — aFi_1) = 0.

Proof. By the definition of Bregman divergence (4.2),
Dy(A A1) = w(A) —w(Ais1) — (Vw(Ai_1),A— A1)
= w(A) = (Vw(Ai1), A) — (w(A-1) — (Vw(Ai1), A)).
As the second part does not depend on A, the optimization in (4.4) is equivalent to
argming,_o{ Dy (A, A1) + (A, F_1)} = argmin,_o{w(A) — (Vw(Ai—1) — aF_1, A)}.

Since Vw(A;_1) — afi_1 € Vw(S1,) and w is a Legendre function, we apply Lemma 4.1.9
with ¢ = Vw(A;—1) — af;_1 and conclude that Z\t = (Vw) Y (Vw(Ai_1) — aF;_1) = 0 is the

unique minimizer for (4.4). O

Before we deal with the second step (4.5) of mirror descent method, we prove the

following lemma which is also useful for the analysis of FTRL algorithm.

Lemma 4.1.12. Suppose the regularizer w : ST — R is a Legendre function and is con-

tinuous on the set of density matrices A®. For any symmetric matriz C € S,

min {w(X) — (C,X)} (4.7)

XeAd

has a unique minimizer defined as
X* = (Vw) (C+c-ly) =0,
where ¢ € R is a unique scalar such that C 4+ c- Iy € (Vw)~H(S%,) and tr(X*) = 1.
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Proof. 1t is well-known that the infimum of a continuous function over a closed and bounded
set is attained (see, e.g., [127]). As w(-) — (C,-) is continuous on A by the assumption
on w and A? is closed and bounded, there exists at least one X* € A? that attains the
minimum. It remains to show the uniqueness and derive the expression for the minimizer
X*.

As w is a Legendre function, we can apply Lemma 4.1.8 with D = S% and € = {X €
S4 | tr(X) = 1}, and conclude that the minimizer X* of (4.7) must stay in the interior of
S¢, i.e. X* = 0. Thus, the optimization in (4.7) is equivalent to

min{w(X) = (C.X)} = min {w(X) = (C.X)} (4.8)

As w is strictly convex over on S% +, the uniqueness of the minimizer X* follows from

Fact 4.1.2.

To derive the expression for X*, we note that the objective function is differentiable
over the open domain S‘i + and there is only one linear constraint. By Corollary 2.2.29, X*

is an optimal solution if and only if there exists a ¢ € R such that
Vwu(X*)—C—c-1;3=0 and tr(X*) = 1.

As Vw is invertible on S?_ by the strict convexity of w (Corollary 4.1.7), it holds that
X* = (Vw)™(C + c- l;) = 0. The uniqueness of ¢ follows from the uniqueness of the

minimizer X*. O

In the second step of mirror descent method, given an Z\t > 0, we would like to project
it onto the closed and bounded set A? according to the “distance” defined by the Bregman

divergence.

Lemma 4.1.13. Suppose the regularizer w : Si — R is a Legendre function and is con-
tinuous on the set of density matrices AY. For t > 2 in step (4.5), if Z\t > 0, then the

minimizer in (4.5) can be uniquely determined as
A= (Vw) ™ (Vw(A) + 10+ la) = 0,

where r; is the unique value such that Vw(/z\t) +r-ly € Vw(S‘_iH) and tr(A;) = 1.
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Proof. Similar to the proof of Lemma 4.1.11, the optimization in (4.5) is equivalent to

argmin . na{ D (A, Ar)} = argmin 4o pa{w(A) — (Vw(A;), A)}.

Thus, the lemma follows by applying Lemma 4.1.12 with C = Vw(A,). O

Remark. We make the continuous assumption of w to guarantee that the optimal of the
convez program (4.8) is attained. We may want to use strong duality of (4.8) to achieve
the same goal. However, the strong duality that follows from the Slater’s condition only
quarantees that the dual optimal is attained. Consider a simple example inf,~qx™1, the

optimal is not attained.

Nevertheless, we remark that the continuous assumption of w can be replaced by the
assumption that w is a closed proper convex function, which is part of the definition of
Legendre function in [126]. In general, based on the Bregman divergence induced by a Leg-
endre function, the projection of an interior point onto a closed convez set (not necessarily
bounded) is unique and staying in the interior (of the general domain). As Lemma 4.1.153
is already enough for our application, we decide to keep the exposition simple and not to
prove the general statement and refer the readers to Bauschke and Borwein’s work [22] for

more details.

From the proof Lemma 4.1.13, we see that if the regularizer w is a Legendre function,
then the Bregman projection of any X € S, onto A? with respect to w, i.e. X* =
argmineaa Dyy(A, X), is in ST, . Thus, w is differentiable at X*. This resolves the issue
mentioned in Remark 4.1.4. Thus, we can avoid the non-differentiable issue and derive the
following corollary of the generalized Pythagorean theorem (Theorem 4.1.3), which will be

used later.

Corollary 4.1.14. Suppose w : S — R is a Legendre function. Let X € S%. and
X* = argming aa D,y(Z, X) be the Bregman projection of X onto A% with respect to w.
Then, for any Y € AY, it holds that D, (Y, X) = D,(Y,X*).

Finally, we notice that if the initial action matrix A; is a positive definite matrix, then
applying Lemma 4.1.11 and Lemma 4.1.13 repeatedly shows the mirror descent method is

well-defined for each subsequent iteration ¢ > 2.
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4.1.4 Equivalence of FTRL Algorithm and Mirror Descent Method

Now, we are ready to formally prove the equivalence of FTRL algorithm and mirror descent
method. We first derive the expression for the action matrices of the FTRL algorithm

without any assumptions on the feedback matrices.

Lemma 4.1.15. Suppose the regularizer w : ST — R is a Legendre function and is con-

tinuous on the set of density matriz AY. The FTRL algorithm returns a unique minimizer

of (4.1)

t—1

At:(Vw)l(—aZFi+lt‘/d)>O forallt >0,

1=0

where I, € R is the unique scalar such that —a 31—} F;+1; - I € Vw(S%,) and tr(A,) = 1.

Proof. The lemma follows by applying Lemma 4.1.12 with C = —a« Z?_i F;. m

1=

With some additional assumptions on the feedback matrices, we show the equivalence
of the FTRL algorithm and mirror descent method.

Proposition 4.1.16. Suppose the reqularizer w : S‘i — R is a Legendre function and is
continuous on the set of density matriz A?. If the feedback matrices F;’s satisfy Vw(A;) —
af; € Vw(SL,) for all t > 1, then both the mirror descent method and FTRL algorithm
play the following action matrix

t—1

At—(Vw)_l(—ozZFi+lt-/d)>0 forallt >1

1=0

where l; € R is the unique scalar such that —a Zﬁ;é Fi+1l-1; € Vw(S‘_iH) and tr(Ay) = 1.

Proof. By Lemma 4.1.15, the FTRL algorithm will play the action matrices claimed in the
proposition, even without the assumption on F,’s. In the following, we prove by induction

the claim that mirror descent method also plays the same sequence of action matrices.

Take t = 1 as the base case, the claim follows by the initial setting of the mirror

descent method. Furthermore, Lemma 4.1.15 guarantees A; > 0. Thus, we can apply
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Lemma 4.1.11 and Lemma 4.1.13 inductively. Assume the claim is true for the first ¢t — 1
iterations. We consider the ¢-th iteration. By the induction hypothesis, A;_1 = (Vw)_l( —
0422;3 Fi+1;_1- /d) > 0. Together with the assumption Vw(A;,_1) — aF_; € Vw(SﬂlrJr),

we can apply Lemma 4.1.11 and find a unique minimizer of (4.4)

t—1
A= (V) Y (Vw(Ay) — aFiy) = (Vw)™! ( —a) Fi+l- /d> - 0,
i=0
where the last equality follows by the induction hypothesis on A, ;. Then, we apply
Lemma 4.1.13 and conclude that

t—1
A= (Vw) Y (Vw(A) + 7 Ig) = (Vw) ™ ( - az Fi+1liq-lg+m- Id) =0,
i=0
where 7, € R is the unique scalar such that —a Zf;é Fi+ (li—1 + 1) - Iy € Vw(SL,) and
tr(A;) = 1. Due to the uniqueness of [;_; and [; (for the FTRL algorithm), we must have
lt = lt,1 -+ 74 ]

Remark. Notice that we do not make any assumption on the initial feedback matrixz Fy.
This will give us more flexibility in applications (e.g., in Chapter 5). This is exactly the
reason that we set the initial action matrix for mirror descent method from iteration t = 1
instead of t = 0.

Remark. As mentioned by Allen-Zhu, Liao, and Orrichia in [7], for the equivalence in
Proposition J.1.16, the assumption on the feedback matrices, i.e. Vw(A;) —aF, € Vw(S2,)
forallt > 1, can be removed if we use a one-step mirror descent update that combines (4.4)
and (4.5). More specifically, using Ay = argmingcna{Dy(A, Aim1) + a(F_1,A)} in the
marror descent method is exactly equivalent to the FTRL algorithm. However, we focus on

the two-step description as it is crucial in the analysis of the regret bound.

After proving the equivalence of the FTRL algorithm and the mirror descent method
for general regularizers that are Legendre functions, we consider the special cases of ¢ 1-

regularizer and entropy regularizer.
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Corollary 4.1.17. For the 6% -reqularizer w(A) = —2 tr(A%), if the feedback matrices F;’s
1
satisfy A, 2 +aFy = 0 for allt > 1, then both FTRL algorithm and mirror descent method

play the following action matrix

t—1 —2
A = (az F—1, - /d> for all t > 1, (4.9)
i=0
where l; is the unique scalar such that A, = 0 and tr(A;) = 1.

Proof. For A = 0, Vw(A) = —A~z by Fact 2.2.4. Thus, (Vw) *(A) = A2 for A = 0
and Vw(S%,) = {X < 0}. The condition Vw(A;) — af; € Vw(S%,) is equivalent to
At_% +afF; = 0. We have checked that éé—regularizer is a Legendre function in Lemma 4.1.10,
and it is obvious that ¢ 1 -regularizer is continuous on A¢. Therefore, the corollary follows

from Proposition 4.1.16 directly. O

Corollary 4.1.18. For the entropy regularizer w(A) = (A,log A—1y), both FTRL algorithm

and mirror descent method play the following action matrix
t—1

A, = exp <lt Ay — az FZ-) forallt > 1, (4.10)

=0

where I, is the unique scalar such that A, = 0 and tr(A;) = 1.

Proof. For A = 0, Vw(A) = log A by Fact 2.2.5. Thus, (Vw) }(A) = e for A = 0 and
Vw(Si )= S¢. Therefore, we do not need to impose any restriction on the feedback matri-
ces F;’s. Since entropy regularizer is a Legendre function (Lemma 4.1.10) and the entropy

regularizer is continuous on A¢, the corollary follows from Proposition 4.1.16 directly. [

Remark 4.1.19. Note that the scalar l; in (4.10) is used to normalize the matriz to a

density matriz, thus A; can be rewritten as
exp ( -« Zf;(l) Fi>
tr (exp ( —aY) E))

This is exactly the action matriz used by the matriz multiplicative update method (see, e.g.,

At:

Arora, Hazan, and Kale’s survey [11] for more details).
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4.2 A Generic Regret Bound with General Feedback

Matrices

In this section, we first derive a regret bound (Lemma 4.2.1) with respect to a general
regularizer that is a Legendre function. Then, we start to focus on the E%—regularizer and
derive a generic regret bound with general feedback matrices (Theorem 4.2.6). This generic
bound will be used later in Section 6.3. With this generic bound, we derive some corollaries
with feedback matrices of specific forms (e.g., rank-one matrices and rank-two matrices).

These corollaries will be used in Section 4.3 in this chapter and in Chapter 5.

We start with a regret bound for general regularizers.

Lemma 4.2.1. Suppose we are given a reqularizer w : Sﬁlr — R which is a Legendre
function. Let Fy, ..., F, be the feedback matrices. We run the mirror descent method on
these feedback matrices. Let Z\g, e ,Z\r+1 be the intermediate matrices defined in (4.4), and
A1, ..., A; be the action matrices defined in (4.5). We further assume the feedback matrices
and action matrices satisfy Vw(A;) —aF, € Vw(St,) for allt > 1. Then, for any U € A,
the regret with respect to U can be bounded by

T

R (U) = Z(FtaAt - U) < L (Dw(UaAl) + ZT:Dw(AtaZ\tH))-

t=1 a t=1

Proof. For any given t > 1, Vw(A;) — aF, € Vw(SL,) by the assumption. Thus, Ay =
(Vw) Y (Vw(A;) — af;) = 0 by Lemma 4.1.11, which implies

Vuw(A) — V(A1) = oF,.
Therefore, the regret (rescaled by a factor «) at iteration ¢ > 1 is given by

(aFy, A — U) = (Vw(A) — Vw(Aw), A — U)
D, (U, A) + w(AuZtH) - Dw(U,ZtH)
Dy(U,A) — Dy(U, Aq) + Dw(At,Z\tH)a

D
D

N
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where the second inequality follows from the three-point-equality in Lemma 4.1.1, and
the last inequality follows by the corollary of the generalized Pythagorean theorem in
Corollary 4.1.14.

With a telescoping sum over all ¢ > 1, it holds that

T T

Z(aFtaAt — U> < Dw(U>A1> — Dw(U,A7—+1) + ZDw(Atv”at-ﬁ-l)
—1 t=1
< Dy(U A)) + ZDw(At7Zt+1>7
t=1

where the last inequality follows as D, (U, A.+1) > 0 by the non-negativity of Bregman

divergence in Lemma 4.1.1. O

Remark. We make some remark about the assumption Vw(A;) —aF, € Vw(St,). As we

mentioned before, without this assumption, the FTRL algorithm is still well-defined.

However, the following example shows that this assumption is important anyway in
order to get a good regret bound. Consider the case where Fo = 0, then A; = %l/d for both
entropy and 6% -reqularizers. When 7 = 1 and U is the rank-one projection onto the top
ergenspace of F1 and F; < 0, then

1
(Fi, Av—=U) = (F,A) + |Al,, = Etr(/ﬁ) + 1 Fillop -

The error term ||Fyl|,, is much larger than the loss (Fi, A1) when Fy is rank-one.

Nevertheless, it is still interesting to see whether we can bypass the two-step mirror

descent analysis and directly analyze the FTRL algorithm.

In the remaining of this section, we specialize to the K%—regularizer.

Proposition 4.2.2. Let Fy,..., F, be the feedback matrices. We run the mirror descent

method on these feedback matrices. Let 7\2, ..., A1 be the intermediate matrices defined

n (4.4), and Ay,..., A; be the action matrices defined in (4.5). We further assume the
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_1
feedback matrices and action matrices satisfy A, > + afy = 0 for allt > 1. Then, for any
U € AY, the regret with respect to U can be bounded by

T T T

Ro(U) =S (R A= U) < S(FLA) + é > (w (2\;1) _ (At>> + w.

t=1 t=1 t=1

The regret bound further implies

(Z Ft> s IS (A —w (D)) - 2 ).

t=1

Proof. Let w(A) = —2tr(A?) be the (1-regularizer. Then, Vuw(A) = —A~2 by Fact 2.2.4,

and Vw(S?,) = {X < 0}. Thus, A, > +af; > 0 is equivalent to Vw(A;) —aF; € Vw(SL,).
We can apply Lemma 4.2.1 and show that for any U € A,

T

ZU—'“A?& -U) < 1 (Dw(U,A1) + ET:Dw(AuZtH))'

t=1 a t=1

Then, we consider each Bregman divergence term in the summation
Du(Au, Avy1) = <7\;§1, A+t (7\§+1) o4 (AE)
— (AT £ aF, A +tr (At+1> 2t (AE)
= (aFy, A) + tr (Zil) —tr <A§>,
where we used (4.3) for the first equality. To prove the second last equality, we notice that
At = (V) (Vw(A) — aF) = (A2 —aF) ™2 = (A% + aF) 2, (4.12)

where the first equality follows by Lemma 4.1.11, and the second equality follows as
Vuw(X) = —X"2 and (Vw)™L(X) = X2 by Fact 2.2.4.

Therefore, with K%—regularizer, the regret with respect to U € A? can be bounded by
d U,A)

> (R A—U) < i(Ft,A» + é Z (tr (Z\m) _— (At>> + %. (4.13)

t=1 t=1 t=1
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Then, we move on to prove the lower bound for the minimum eigenvalue of Y [ F. Let

U be a rank-one projection on the minimum eigenspace of ) /_, F;. We will show that

Dow(U, A)) < (aFy, U) +2Vd — admim(Fo). (4.14)
Note that
Dy (U, A1) = (AT?, U) + tr(A]) — 2tx(U%) (by (4.3))
< tr (A%) + (Al_%, U) (since U 3= 0)
— tr <A1> + {aFy — L1, U) (by (4.9) for A,)

<Vd + (aFy, U) — 1y,

where the last inequality follows by the fact that both A;, U are density matrices and
Claim 2.1.10. It remains to lower bound ;. Since Fy = Apin(Fo) - la, tr(A;) = 1 and A; > 0,
it holds that

B tr(ly) B d
1=tr(A) < (Mmin(F;ﬂ)_ll)Q R = I > amin(Fo) — Vd. (4.15)

Thus, we established (4.14). The lemma follows from (4.13) by plugging in the upper
bound (4.14) of D, (U, A;). O

Proposition 4.2.2 shows that the term

tr (7\§+1) Ctr <A§ ) (4.16)

is crucial in controlling the minimum eigenvalue of ), F;. This term was handled with
respect to feedback matrices F;’s in some special forms in the literature. For example,
Allen-Zhu, Liao and Oreicchia [7] considered the cases where F;’s are rank-one matrices,
positive semidefinite matrices or negative semidefinite matrices. Later, Allen-Zhu, Li, Singh
and Wang [6] considered the cases where F,’s are rank-two matrices with both positive and

negative eigenvalues.
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In the remaining of this section, we show that the techniques in [7, 6] can be easily
generalized to handle feedback matrices in general form. More specifically, we consider

feedback matrices of the form
_1
F, = PP — NN/  and satisfying A, > +aF, = 0,
where P, € R4 and N, € R¥>?% for some di,d, > 0. Note that, this form is general
enough to capture all symmetric feedback matrices.

To bound (4.16), we start w1th Con81der1ng the matrix AtJrl Since A, 2 —|— af, = 0 by

assumption and A; = 0, both A, 2 and A, : + aF; are invertible. By Woodbury matrix
identity Lemma 2.1.15,

1 -1 1 T -
-3 T T -3 Idl Pt
A = (A7 +aPP] —aNNT) = (A7 +a (P M) :

_Id2 Nt

~1
1 1 I P’ PT\ 1
— A} —aA? (P N,) <<d » ) +a (NT> A7 (P Nt>) (N;) A?.
2 t
(4.17)

To spectrally control this matrix, we need the following technical lemma, which is a gen-

eralization of Claim 2.10 in [6].

Lemma 4.2.3. Let E = (ldl "y ); and suppose X € RU4xd 'y ¢ Rbxdz gpg 7 ¢ Rdrxdz,
2
[f( ) =0 and 2Y < lz,, then we have

) )

We note that the matrix E + (ZXT 5) may not be positive definite, otherwise the lemma

is easy to prove. We defer the proof to the end of this section.
With the above technical lemma, we are ready to control the spectrum of Z\%H and
tr(A) — (A7),
Lemma 4.2.4. Suppose we are given P € R>*4 N € R gnd A € S‘ij_ If2NTATIN <
la,, then it holds that A+ PPT — NNT = 0 and

(A4 PPT — NNT) ™' g A — A" P(ly, +2PTAP) ' PTA™ A ' N (1, —2NT AN) ' NT A,
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Proof. By the assumption 2NTA™IN < I;,, apply Claim 2.1.8 with X = Aand Y = N, it
follows that A+ PPT — NNT = 0. We can apply Woodbury matrix identity Lemma 2.1.15

and derive

(A+PPT —NNT) ™' — A7

—1
I PTA-1Pp PTA-IN pT
=-A'pP N ! + AL (4.18
( )(< —/d2> (NTA—1P NTA-IN NT (4.18)

For A > 0, we can verify that

PTA-'P PTAIN B pPT A1 (P N) 0

NTA-'P NTAIN) \NT o
Together with the assumption 2NTA™IN < [, we can apply Lemma 4.2.3 with X =
PTA'P, Y = NTA7'N and Z = PTA"!N to conclude that

—1 -1
I, PTA-IP PTAIN Iy, +2PTA-IP
+ > :
— 1y, NTATLP NTA-IN INTA-IN — [,

The lemma follows by applying the above inequality to (4.18) and rearranging the terms.
O

We mention a direct consequence of Lemma 4.2.4 which is useful in applications in
Chapter 7. By specializing Lemma 4.2.4 into rank-two updates and using Fact 2.1.9, we

have the following lemma (which was implicitly contained in the proof of Lemma 2.5 in [6]).
Lemma 4.2.5. Let A€ R4 = 0 and v,u € R%. If2(w', A1) < 1, then it holds for any
X =0 that

(X, A"tw T A7L) B (X, A tuuTATL)
1—2(wT A 1+2(wul A1)

X, (A=w' + uuT)_1> (X AT +

Finally, we are ready to present the main generic regret bound in this section.
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Theorem 4.2.6. Suppose the action matriz A, € R is of the form of (4.9) for some
a > 0. Suppose the initial feedback matriz Fy € S is a symmetric matriz, and for all
t > 1, each feedback matriz Ft is of the form Pt/-"tT — NtNtT for some P, € R4 N, ¢ Rixd2
(dy,ds > 0) such that oz‘ NN A
regret with respect to U can be bounded by

< —. Then, for any density matriz U € A?, the

1
S <2a</vt/vf A || A N A
R.(U) < 7 T
= 1 — 20 ||Af NN A
op
1
20(PP], A) - | Al PP A
PPy, Ar) t At op) Do (A, U)
+ . + .
1+2a} PTAI a
op

The above regret bound implies that

mln (Z Ft) = Z ( <PtPtT’At> B <Nt/\llt—r,At> 1 )_2\6{8+/\m1n(F0>

1+2a( 1P,PT AT 1—2a) TN, NTAD

op op

—2

~ _1 _1 -2
Proof. Recall that (4.12) says A;yq = <At 2+ oth> = (At 2+ aP P — OéNtNtT> - By

1 1 1
Lemma 2.1.1, the matrices A N;N," A} and N,” A? N; have the same nonzero eigenvalues.
1 1
NN AL

1

Thus, the assumption « ‘ < % implies aN," A? N; < Iy, which further implies
op

A, 2 — aNN,” = 0 by Claim 2.1.8. Thus, Z\t+1 = 0 is well-defined.

Applying Lemma 4.2.4 with A = A, 2, P = y/aP;, N = \/aN,, and then take trace on

both sides, we have

tr (A ) = tr (A7) < alNT AN, (1, — 20T AF N~ = (PP, (o, +20P A7)

Note that
Ly, — 20N AZ N, (1 —204} 2N, > I, and ) 2, ( NI AR
op op op
1 1 1 1 1
I, +2aPTAZP, < (1 1 2al|PTAZP, ) ly and ||PTAZP, ‘ ip,PT Al
op op op
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Thus,

)

R g YRS
1= 20 || AT NNT A} 1+ 20| |AF PP A

op op

< % The theorem follows by plugging

where we used the assumption a‘

1 1
AT NN A/
op

the above bound into Proposition 4.2.2 and rearranging the terms. O

Remark. We remark that, if the feedback matrices are either positive or negative semidef-
inite, then the constant factor 2 in the denominators can be removed by applying Woodbury

matrix identity directly instead of applying Lemma /.2./.

Recovering Results in Special Settings

When we specialize into rank-two feedback matrices, we have the following theorem, which

recovers the bound in [6], and will be used in Chapter 5 and Chapter 7.

Theorem 4.2.7. Suppose the action matriz A, € R is of the form of (4.9) for some
a > 0. Suppose the initial feedback matriz Fy € S is a symmetric matriz, and for all
t > 1, each feedback matriz F, is of the form v;,v.| — v;,v,| for some v;,,v;, € R? such that

Jt
.
alv,v;,

. . Vi A Vi s A 2
A Z £ > Z (Vj, v, , Ar) (Viovi, » Ar) )= Vd + Amin(Fo).-
=0 T T At§> (6%

— -
t=1 \1+2a(v;v; ,A?) 1—2a(v,v,

Jt i )

1
AZ) < . Then the minimum eigenvalue of > ;_o Fy is bounded by

When we specialize into rank-one positive/negative semidefinite matrices, we have the
following theorem, which essentially recovers the bound in [7, 5|, and will be used in
Section 4.3.

Theorem 4.2.8. Suppose we are given vectors v;, € R? for t > 1 and a learning rate

parameter o > 0. Let the initial feedback matriz Fy = 0, and the action matriz X, € R4
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be of the form of (4.9) with respect to feedback matriz F, = v;,v; fort > 1. Then the

manimum eigenvalue of > ;| v;, vz-t 15 bounded by

Amin <i VitVJ> > i (viviy , X) B 223.

t=1 =1 14 20(v;,v;) , X2 >

Let the action matriz Yy € R4 be of the form of (4.9) with respect to feedback matrix
1
Fr = —v, VJ fort > 1. Suppose the vectors v;,’s further satisfy a(v;, VZI, Y?) < % for all

t > 1, then the mazimum eigenvalue of Y, v, VZI 15 bounded by

Amax (ZT: Vi, vJ) < ZT: (Vi ViIa Yi) n Qf.

T
t=1 =1 1 —2a(v;,v;], Y}?)

When Allen-Zhu, Li, Singh, and Wang applied Theorem 4.2.7 i in [6] and Theorem 4.2.8
in [5], a key technical issue is to bound the term (Z;, A;) and (Z, A ), where Z, := S22V F,
is the partial solution at time t. Since Z; and A; have the same eigenbasis due to the closed-
form (4.9), we can control the two terms by the following lemma (Claim 2.11 in [6]), which

will be used in Chapter 5 and Chapter 7. We include the proof here for completeness.

Lemma 4.2.9 (Claim 2.11 in [6]). Let Z = 0 be an d x d positive semidefinite matric
and A = (aZ — 11)72 for some o > 0 where [ is the unique constant such that A = 0 and
tr(A) = 1. Then

d
(Z,A) < % + Amin(Z) and a<Z7A%> <d+ a\/a.)\min(z>'

Proof. Since A and Z have the same eigenbasis, without loss of generality, we can assume
both A and Z are diagonal matrices to bound (Z, A). Let Aq,..., A\; be the eigenvalues of
Z, it holds that

d d

Z /\_l _1 O‘A’_l Z< o :tr(A)+é<ﬁ+/\min(Z),

« a\; —1)? a\; —1)? o
i=1 1=1

where the last equality holds as tr(A) = 1 and A > 0 implies a\; —{ > 0 for all i € [d], and
the last inequality holds as tr(A%) < V/d (Claim 2.1.10 and tr(A) = 1) and | < aApin(2)
since aApin(Z) —1 >0 (A > 0).
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By a similar argument, for the second inequality in the lemma, it holds that

d d

A z

AZ AB) =Y =Y ——— <d+1-VA<d+aVd w(2). O
i=1 " i=1 "

4.2.1 Deferred Proof of the Technical Lemma

Proof of Lemma 4.2.5. We first show that both E 4+ (% Z) and E + (2X,, ) are indeed
invertible. By the assumption ( ZXT \Z,) = 0, we have X = 0, which implies /;; + 2X > 0.

By the assumption 2Y < I, we also have —/l;, +2Y < 0. This verifies that E + (2X,, )

V4

v ) For the sake of contradiction, we

is invertible. Then, we consider the matrix E + ( ZXT

assume there is a non-zero vector () such that

X z " (L, + X)vy + Zvy = 0
E+| - : =0 = - .
Z Y Vo Z V1+(Y—/d2)V2:0

It further implies that 0 = vy’ ZTv; + vy (Y — Ip)ve = —v{ (g, + X)vi + vy (Y — Iy, ve.
This contradicts with I, +X > 0 and —/z, + Y < 0 (which follows from our assumption
X,Y =0and 2Y < Iy,). Thus, E + (ZXT 5) is also invertible.

X Z
ZTy

X Z o T Ql
(ZT Y)—QQ —<Q2> (er of).

where Q € R(itd)xr @ c Rhx"  Q, € R2*" and r is the rank of the matrix (ZXT 5)

We write the positive semidefinite matrix ( ) as

Then, notice that we also have

. X -z
00T — (_052) (oF &) - <_ZT Y) - 0.
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Now, we consider the difference between (E + ( & )Z,))*l and (E+ (X ,, )"
x z2\\' 2X B

(7)) = ()

2X - 2X -
— — 007 _
(T a) @) (e ()

2X B 2X T\ 2X -
_ 0 _NT N N7
(=) el =) o) e ()

where the last equality follows by Woodbury matrix identity Lemma 2.1.15, note that we
have already verified that both E + ( 5 £) and E + (2X,,) are invertible.

For any given A € R@1+d2)x7 and B € S, if B % 0 then ABAT = 0, as we can verify
that x'ABA"x = y"By > 0 for any x € R%“*9 and y = ATx. Therefore, to prove the

lemma, it suffices to show

-1
I —QT <E+ <2X 2y>> Q= 0.

By the condition 2Q,Q, = 2Y < Iy, it holds that

. 92X T (U +2x) Q
Q <E+ ( 2Y>) Q= (Ql _Q2) ( (2Y— Id2)1> (-Qg)

= Q' (I, +2@:1Q)) Q1+ Q; (2Q:Q) — la,) ' Qe
< Q/ (I, +20:Q) Q..

It remains to show that Q (I, +2Q:Q])™'Q; < /.. Apply Woodbury matrix identity

Lemma 2.1.15,

Q (g, +2Q1Q) '@ = Q (ly, —2Qi (1 +2Q/ Q) Q)@
=Q/Q —2Q (L +2QQ)'Q Q.
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Let @ = UAVT be the singular value decomposition of @;, where A € R™" is a diagonal
matrix, U € R"*" and V € R™" are column orthonormal matrices. Thus, it holds that

Q (s, +2@,Q) '@ = VA2VT —2VA2V T (I +2VA2V ) tVAZYT
= VA2V —2VA%(I, + 2A%)7TA%VT
=V (A* = 27A%(], + 2A%) 'A% VT,

-

M

where the second equality holds as V € R™" is a column orthonormal matrix, which
implies V'V = W' =/, and (I, + 2VA2V 7)™ = V(I + 2A%) 7'V

Note that matrix M is a r-dimensional diagonal matrix with diagonal M(i,i) = Aii)”

1+2A(i1)2
at the (1,1)- Tios > 0, it follows that M < [, and
Q (I, +2@,Q )~ lQl < I. as desired. 0

4.3 Regret Minimization Based Randomized Sampling

for Spectral Sparsification

In this section, we demonstrate how to apply the regret minimization framework to design
a randomized sampling algorithm for spectral sparsification. This randomized approach is

the main theme in this thesis.

We first recall the general version of the spectral sparsification problem.

Problem 2.5.2. Suppose we are given vectors vy, ..., vy, € R" and weights w € R such

that ", w(i) - v;v;,' = I,. For some given ¢ > 0, find a reweighting w € R"? such that

(1+¢e), f: w (i < (L+¢)l, and {i € [m] : w(i) # 0}| is small.

=1

To apply the regret minimization framework on spectral sparsifiaction, the sparsifier

construction algorithm will act in the role of adversary in the online game setting, and it
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plays against two sequences of action matrices ({X;}; for controlling the minimum eigen-
value and {Y;}; for controlling the maximum eigenvalue). In the ¢-th iteration, the algo-
rithm picks a vector v;, from the input. With some appropriate reweighting ¢; > 0, the
algorithm uses F; = ¢; - v, vT as a feedback matrix for the action matrix X; and uses —F;
as a feedback matrix for the action matrix Y;. Both {X;}; and {Y;}; use the FTRL algo-
rithm /mirror descent method with the ¢ 1-regularizer. For the sequence of {Xi}+, it follows
from Theorem 4.2.8 that

(Sr) 55 2

t=1 =1 1+ 2a(F, X2)

For the sequence of {Y;};, Theorem 4.2.8 implies

(SR> 3 RN

t=1 =1 14+ 2a(—F, Y;?)

Note that Apin(—A) = —Amax(A) for A € S?. Thus, the above lower bound is equivalent to

e (SR) X0 o

=1 1 —2a(F, V)

Therefore, we can control both the maximum /minimum eigenvalues of the final solution.

The deterministic algorithm in [7] essentially follows the above plan but deviates slightly
by using different reweightings for the two sequences {X;}; and {Y;};. In particular, it picks
a vector v;, in each iteration, and maintains two sequences of action matrices X; and Y;
such that

-1 -2 -
Vi, V; Vi Vs
Xf( > l»é‘“'") e (ut' _O‘Z B >%> |
=1

V’ll ” ) VZ[ 1{[ ) n

The two sequences of action matrices are connected by the restriction that the selected vec-
tor v;, in the ¢-th iteration should satisfy (v;, v\, Xi) = (v;,v;|, Yi). When (v;,v;] , X;) is large,

Vi V—r

1t iy
(vi, Vinz)%
We have similar explanation for large (vzt , Yi). Thus, intuitively, this restriction says we

the vector v;, has large contribution to the lower eigenspace of the matrix 21:1

want to find a vector v;, that can move lower eigenvalues more than the higher eigenvalues.
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The existence of such a vector v;, follows by an averaging argument as both X; and Y; are

i v
density matrices. Finally, the algorithm returns »";_, — il after at most T = O(n/e?)

(Vi V;7Xt>§

iterations.

Connections to BSS Algorithm

We make some observations about the connections between the barrier function based
BSS algorithm and the regret minimization framework based algorithm. We consider the
action matrix X; for controlling the minimum eigenvalue as an example. As the action
matrix X; > 0, [, naturally serves as a lower bound of the minimum eigenvalue of the
current solution. Then, we recall a key quantity in controlling the eigenvalues via the
regret bound, i.e. (4.16),

) ) t—1 -1 t—1 -1
tr (>~<E+1> “tr (xg) — tr ((aFt +a;5 . zt/n) ) Ctr ((a;/:l - ltln) ) ,

where F; is the feedback matrix for the sequence of X;. The function tr(Xt%) has very similar
form as the lower barrier potential function in BSS algorithm, and tr()?fﬂ) corresponds to
the value of potential function after adding the solution update F; but without shifting the
current lower barrier. The difference in the two algorithms is that BSS maintains the two
barriers and the potential values explicitly, but the regret minimization based framework

adjusts the barriers implicitly and adaptively by requiring tr(X;) = 1.

Based on the above observation, we translate the potential function guided adaptive
sampling algorithm in [101] (see Section 2.5 for a more technical discussion about the

algorithm in [101]) into the regret minimization framework.

4.3.1 Unifying Regret Minimization and Potential Function Sam-
pling
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Regret Minimization Based Randomized Sampling Algorithm

Input: vectors vy, ..., v, € R" and weights w € R such that > ;" w(i)-v;v;" = I,.

[

1. Initialization: Z; + 0, a < ¢ and 7 = n/e2.

2. Fort+ 1to7 do

(d)

(e)

Compute X; := (aZ;—Il¢h,) "% and Y; := (u¢h, —aZ;) 2, where I; is the unique
scalar such that X; > 0 and tr(X;) = 1, and wu; is the unique scalar such that
Y; = 0 and tr(Y;) = 1.

1
2

1
Set W, +— tr (X;?) +tr (Y;2).
Sample a vector i; = ¢ with probability

1

w(? 1
bi == WL,} ’ <<ViViT’Xt2> + <Vivz‘T7 Yt2>>

Set

w (i) T
t pit\/ﬁ Vtvzt

Zt+1<_Zt+At andt<—t+1

3. Return Z, as the solution.

Remark 4.3.1. We make some remark on the implementation of Step 2(a), which was
handled in [7] with a binary search. The key here is to find the unique scalar l; and u;. As
the calculations of l; and u; are similar, we only consider l; here. First, we observe that
li < admin(Z) as Xy = 0. Then, with a similar argument as in (4.15), we can show that
li > aAmin(Z:) — /1, which implies that l; lays in an interval of length v/n. Thus, we can

N

compute I, up to £5 precision within O(log ¥5*) binary search iterations, which suffices for
all the applications in this thesis. Therefore, we ignore the numerical issue and assume we

can find the exact value for l; and u; throughout the thesis.
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Notice that we have a y/n factor in the denominator of the reweighting for the solution
update A;. The following simple observation explains the reason of using the y/n factor.

1

Claim 4.3.2. For allt > 1, it holds that W; < 2v/n and (A, X2), (A, Y,2) < 2.

[N

1
Proof. Since X; and Y; are density matrices, tr(X?), tr(Y;?) < +/n by Claim 2.1.10. Thus,
W; < 24/n. Then, we consider (A, Y?).
1 W, it T, Y%
<At7\/t2>:_t' <VLV“ t> <2’

VI LX) + (vl V)

where we used W; < 24/n that we have just proved, and X; > 0. Similarly, we have
1

(A, X?) < 2. O

D=

From the above proof we see that the motivation of introd}lcing the /n 1fauctor in A; is
to cancel the term W; (i.e. the potential value) so that (A, X;?) and (A, Y;*) can be kept
small. Therefore, when a < I, we have 2a(A,, Yt%> < 1 for all t > 1. Thus, we can apply
Theorem 4.2.8 with feedback matrix F, = A, for action matrix X; and feedback matrix

F; = —A; for action matrix Y; for ¢ > 1, which gives

§ 5 Ay, X 2
Amin ( Z At) > Z (B ) — — v and
=1 =1 1+ 2a(Ag, X?) @

Amax(iAt)gij Bo i) | 20
t=1

1
=1 1 —20(Ay, Y}?)

(4.19)

We denote the change of the lower bound on the minimum eigenvalue and the upper

bound on the maximum eigenvalue in each iteration as

Ft_ — <At7Xt>

ALY,
= T and rf= (A, ¥i)
14 2a{A, X2)

_ _
1 - 2a(A,, V)

We consider the conditional expectation of I'; and T'}. We denote E[T'}] as the con-

ditional expectation of I') given Ay, ..., A;_; and X;, and write E;[["; ] similarly.
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Lemma 4.3.3. Let o < }1. For each 1 <t < 7, it holds that

1 1 1

1 +
T A A R N )

Proof. The expected change of the spectral lower bound is

<E [T}

) Sy BT S i ]
el ] = i - == 1
i=1 14+ 2a- (At,Xté> Vi = 400 (A, Xté)

Note that the denominator 1 + 2a(A;, X;?) < 1 4 4a by Claim 4.3.2. Together with
S ow(i) - vy = I, and tr(X;) = 1, it holds that

as desired. The bounds on E,;[T'}] follows by similar calculations.

mo E YY) 1 O w 3
WiV i) (vv; , Xi)
B[] = pi 2 VS
i=1 1—2a- <At, YtQ> i=1 1 —2a - <At, Yt2>

1
Now, the denominator 1 — 2 - (A4, ¥;?) > 1 — 4a > 0 by Claim 4.3.2 and the condition
o < %. Together with Y7, w(i) - v;v;" = I, and tr(Y;) = 1, it holds that

7

. T — 1
STdvn 20 = g

i=1

In expectation, the spectrum of the final solution lays in the range of g—? + @(‘/75) after
n/a? iterations (according to (4.19)). This implies a 1 + ©(a) condition number of the

final solution, as desired.
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With Freedman’s inequality Theorem 3.2.3, we show that the behavior of the expec-
tation is indeed typical, i.e. the sum of I'; and I') are highly concentrated around the

expectation.
Lemma 4.3.4. For a < % and any 6 > 0, it follows that

[T T T 52

P -irg < iﬂ-«zt[r;] — 5| <exp <—Q(T/\/5_—;+6>) .

Proof. We first deal with the sum of I';". We define a martingale as follows.
t

Xy =T/ —EJ[f] and Y:=) X, VI<t<r
=1

Then, we upper bound I’} deterministically.

<At’ Yt> o <Vitvzj7 Yt>

1 -2« At,Y% np;, [w(is) — 2a(v;, v, Y2
t t t iy t
_ <Vit Vi—trv Yt> < <Vitvi—tr7 Yt> < 2

1 n 1= n 5y 1-— 7
(\/Wf - 20{)<Vz‘tViT> Yi?) + I\//V_:<Vz‘tViT7Xt2> (\/WZ - 204)<Vz‘tVJ7 Yi?) Lo

rf =

-

NG

where we used o < £, W, < 2y/n and (v;,v;], ;) < (v;,v;)

i Yi) (since 0 < Yy < /) in the

last inequality.
Since I';” > 0, we can also bound the second moment of T} by

2
1 -4«

: Et[rj] = O(%)

where the last inequality follows by Lemma 4.3.3. Thus, we have

E,[(I))7] <

2
X, <

ST =00 ad (X <E[T)Y=0(

) vt e [1].

Si-
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Apply Freedman’s inequality Theorem 3.2.3 with R = O(1), 0? = O(—=) for all t € [7],

n

and 0® = O(=), we have

P[Y; >8] < exp (—Q(#:M))

The first probability bound in the lemma (about the deviation of sum of I';") follows by
observing Y, > 4 is equivalent to >, I'f > Y7 E,I'/] + 4. The second probability
bound in the lemma about the deviation of sum of I', follows from essentially the same

proof. n

Finally, we are ready to show the Regret Minimization Based Randomized Sampling

Algorithm returns a (1 4+ O(g))-spectral sparsifier with high probability.

Theorem 4.3.5. For 7 = n/e* and a = ¢, the Regret Minimization Based Randomized

Algorithm returns a (1 + O(g)) spectral sparsifier of size at most n/e? with probability at
least 1 — exp(—Q(y/n)).

Proof. By Lemma 4.3.3,
-

;Et[rj] < m-

Together with (4.19), the event

T 3v/n d 24/n g 3v/n
>\max ZT > FJr - > >\max ZT > E FJr -
D> mat e = ;ﬁa (Z:) ;t[tHa

Take 7 = n/e? and a = ¢, we have

Vi 3v/n N VI
> < > —
P (2 > g2qgm o | <P ;Ft /;Et[rt]"‘ -

n/e*
<ow (-0( 7))
< exp(—Q(v/n)).
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where the second last inequality follows by applying Lemma 4.3.4 with 6 = /n/e. Similarly,
we can bound the probability of having small minimum eigenvalue,
Vn 3v/n
P )\min Z’T < - < - .
Therefore, with probability at least 1 — exp(—Q(y/n)), the condition number of Z, is
bounded by

Vvn 3v/n
)\max(ZT (1—4¢e)e? + €
< = .
)\min(Z7-> S NG _ NG 1 +O(€) O
(144¢)e? €

Discussions

We make some remarks about the Regret Minimization Based Randomized Sampling Al-
gorithm which unifies the regret minimization framework and barrier potential function

guided adaptive sampling algorithm.

The algorithm in [7] uses different reweightings for the two sequences of action matrices.
The choices of the reweightings are not very intuitive and the analysis of the algorithm is
more involved. The reweightings in the Regret Minimization Based Randomized Sampling
Algorithm were intuitively designed such that the expected update is proportional to the
identity matrix. The analysis of the algorithm is also very straight forward. One disad-
vantage of the Regret Minimization Based Randomized Sampling Algorithm is that it does

not seem easy to derandomize the algorithm to give a deterministic algorithm.

As in BSS algorithm, the potential function guided adaptive sampling algorithm in [101]
maintains the barriers explicitly, and there are more parameters that need to be kept track
of, e.g., the initial potential value, the step size of the solution update, the upper/lower
barrier shifts, etc. In contrast, using the machinery from regret minimization, the algorithm
we proposed in this section is more principled with only one parameter « to adjust. We can
perform the algorithm analysis within a single framework. In particular, we do not need
to worry about how to shift the upper/lower barriers in the analysis, as they are handled
by the regret minimization framework (with the requirement that each action matrix is a
density matrix). Furthermore, the potential value of each iteration can be easily bounded

as in Claim 4.3.2, thus the analysis of the eigenvalue bounds also becomes simpler.
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Finally, we remark that the most important advantage of using the random sampling
idea (as in [101] and this section) is that we can find solutions that satisfy many differ-
ent properties simultaneously due to the concentration properties of the algorithm. For
example, the algorithm can return a sparsifier that maintains the cost of the input graph.
We will demonstrate this idea with more concrete examples in Chapter 5, Chapter 6, and
Chapter 7.
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Chapter 5

Spectral Rounding

In this chapter, we study the spectral rounding problem, which is the central problem in

this thesis. We recall the problem statement in Chapter 1.

Question 1.1.1 (Spectral Rounding). Suppose we are given vectors v, ..., v, € R and
x € [0,1]™ such that 7" x(i) - v;v;' = I, where Iy is the d-dimensional identity matriz.
Given a non-negative “cost” vector ¢ € R, find z € {0,1}™ such that
z(i) vy =1y and  {c,z) =~ {c,x).
i=1

This problem is similar to the spectral sparsification problem introduced by Spielman
and Teng [133] (see Section 2.5). In spectral sparsification, the goal is to find a sparse non-
negative vector y € R’ to approximate the spectral properties of a given fractional vector
x. Spectral rounding is different in that we want to find an integral vector z € {0,1}™ to

approximate the spectral properties of x and preserve the cost simultaneously.

To approximate the spectral properties of a fractional vector, we will consider two

different settings.

e One-sided spectral rounding: Find z € {0, 1} such that
z(i)- vy, 2 1;  and (c,z) ~ {c,x).
=1

)
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e Two-sided spectral rounding: Find z € {0,1}" such that

z(i) - vy =y and (c,z) ~ (c,x).
i=1

Organization

We present the previous work about both settings of spectral rounding and state our

main results in Section 5.1. Then, we present our one-sided spectral rounding algorithm

in Section 5.2. We present our non-constructive two-sided spectral rounding bound in

Section 5.3. Finally, we gave some tight examples about one-sided spectral rounding in
5.

3.
Section 5.4.

5.1 Previous Work and Our Contributions

The most relevant works for spectral rounding are from spectral sparsification and discrep-
ancy theory. There are two previous theorems that imply non-trivial results for spectral

rounding.

One-Sided Spectral Rounding

Allen-Zhu, Li, Singh, and Wang [6] formulated and proved the following spectral rounding
theorem, using a regret minimization framework for spectral sparsification [7] (see Chap-
ter 4).

Theorem 5.1.1 (Theorem 2.1 in [6]). Let vi,vo,..., v, € RY x € [0,1]™ and k =
S x(i). Suppose Y x(i) - vivi” = Iy and k > 5d/e* for some € € (0,5]. Then there is
a polynomial time algorithm to return a subset S C [m] with

S| <k and ZviviTk(l—Sg)-/d.

i€S
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Theorem 5.1.1 can be understood as a one-sided spectral rounding result, where the
fractional solution x is rounded to a zero-one solution while the budget constraint is satisfied
and the spectral lower bound is approximately satisfied. Through a general reduction, this
theorem implies near-optimal approximation algorithms for a large class of experimental

design problems (see Section 7.2).

Two-Sided Spectral Rounding

The techniques in spectral sparsification have been extended greatly to prove discrepancy
theorems in spectral settings [111, 9, 91|. The following recent result by Kyng, Lubh,
and Song [91]| provides the most refined formulation in the discrepancy setting, using the
method of interlacing polynomials and the barrier arguments developed in [110, 111, 9]

(see Section 2.6 for a more detailed survey).

Theorem 2.6.10 (Theorem 1.4 in [91]). Let vy, ..., vy, € RY, and &, ..., &y be independent
random scalar variables with finite support. There exists a choice of outcomes €y, ..., €y, in
the support of &1, ..., &y such that

N

ZE &) viv| — Zei vyl <4 ZVar[@](viviT)2
i=1 i=1 op i=1 op

We note that Theorem 2.6.10 implies the following two-sided spectral rounding result,
which is very similar to Corollary 1.7 in [91] but with a weaker assumption, where we only
need [|31" ) x(i) - viviTHOp < 1 instead of |30, vivl-T”Op < 1 asin [91]. The proof will be

presented in Section 5.3 in a more general setting.

Corollary 5.1.2. Let vy, ..., v, € R? and x € [0,1]™. Suppose > i", x(i) - v;v;' = Iz and
|Vill2 < € for all i € [m]. Then there exists a subset S C [m] satisfying
(1=0() la<x Y vivi' < (1+0(e)) - lu.
i€S

Comparing to Theorem 5.1.1, the advantage of Corollary 5.1.2 is that it provides a two-
1.

5.
sided spectral approximation. On the other hand, Corollary 5.1.2 requires the assumption
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that all vectors are short, and it has no guarantee on the size of S. Also, it is important to
point out that the proof of Corollary 5.1.2 does not provide a polynomial time algorithm
to find such a subset.

5.1.1 Our Contributions

We extend the previous results on spectral rounding to incorporate non-negative linear con-

straints, which can satisfy the requirements for network design problems (see Section 6.1).
Our main result for spectral rounding considers one-sided spectral rounding.
Theorem 5.1.3. Suppose we are given vy, ..., v, € R? and x € [0,1]™ such that ;" x(i) -

viv,' = lg. For anye € (0, %), there is a polynomial time randomized algorithm that returns

a solution z € {0,1}™ such that

Zz(@) vy =y

with probability at least 1 — exp (—Q(d)). Furthermore, for any ¢ € R, the solution z
satisfies the upper bound

15d ||| o

(c,z) < (14 6¢){c,x)+ -

with probability at least 1 — exp(—$2(d)), and the solution z satisfies the lower bound
(c.z) 2 (¢, x) —dd | c[[
with probability at least 1 — exp (— (min{ed, 6%} - d)) for § > 0.

The main advantage of Theorem 5.1.3 over Theorem 5.1.1 is that we can prove (c, z) is
not too far from (c, x) for an arbitrary vector ¢ € R with high probability. Note that the
guarantee on linear constraints can be applied to up to exponentially many constraints.
This allows us to incorporate multiple linear constraints in applications to network design

(see Chapter 6) and experimental design (see Chapter 7).
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We note that there are examples showing that the additive error term O(d ||c||, /¢) in

Theorem 5.1.3 is tight up to a constant factor (see Section 5.4).

For two-sided spectral rounding, we show that Corollary 5.1.2 can be extended to

incorporate one given non-negative linear constraint.

Theorem 5.1.4. Let vy, ..., vy, € RY, x € [0,1]™ and ¢ € RT. Suppose Y i-, x(i1)-v;v;" = Iy,
|vil| <& <3 forallie[m] and |c|., <e*(c,x). Then there exists z C {0,1}™ such that

(1—8e)- Zz <K (1+8)-1ly and (1—8c)(c,x) < (c,z) < (14 8e)(c,x).

Note that the linear constraint ¢ in Theorem 5.1.4 is required to be given as part
of the input, while it is not required so in Theorem 5.1.3. Theorem 5.1.4 is useful in
bounding the integrality gap for convex programs for network design problems, showing
strong approximation results when the assumptions are satisfied (see Section 6.1.4). Also,
we will show in Section 6.3 that it can be used in the study of additive unweighted spectral

sparsification [20], proving an optimal existential result.

Technical Overview for the One-Sided Spectral Rounding Algorithm

Our algorithms for one-sided spectral rounding is based on the regret minimization frame-
work developed in |7, 6] for spectral sparsification and experimental design. Let us first
review the previous work. To prove Theorem 5.1.1, Allen-Zhu, Li, Singh, and Wang [6]
analyzed a local search algorithm where they start from an arbitrary subset Sy of k vectors,
and in each iteration ¢ > 1 they find a pair of vectors ¢ € S;_; and j ¢ S;_; so that roughly
speaking Amin(D e, |- it VIV ) > Amin(Qies, , ivi "), and then they set S; = S;_1 —i;+Jji.
Using the framework of regret minimization, with the ¢ 1 -regularizer introduced in [7], they
proved that the task of finding a pair to improve the minimum eigenvalue can be reduced

to finding a pair i; € S;_1 and j; ¢ S;_1 so that

Vi V. 7A i T7A
Moo A (v A — > A >0, (5.1)
1+ 2a(v;, ]t,A ) 1—=2a(v,v,  AZ)
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where A; is the action matrix defined in (4.9) based on the current solution S;_;. Us-
ing a delicate argument, they proved that if i, € S;_; (subject to the restriction that
2a(viviT,At%) < 1) is chosen to minimize (v;v;", Ay)/(1 — 2a{wyv, T,At%>) and j; ¢ S;_1 is
chosen to maximize (v] AN/ (1 + 20y, ,Al)) then this pair i, j; satisfies the above
inequality with A = £ as long as Anin(D_jcq, , VIV, ") <1 — 3e. This implies, by the regret
minimization framework, that the local search algorithm will succeed to find a solution S,
with Amiﬂ(ZleST vlvlT) > 1 — 3¢ within 7 < g iterations. See Chapter 4 for more details

about the regret minimization framework.

To incorporate non-negative linear constraints, our idea is to turn the deterministic
local search algorithm into an iterative randomized rounding algorithm. In this randomized
rounding algorithm, we first construct an initial solution Sy by adding each ¢ into Sy with
probability x(i) independently. This will ensure that ¢(Sy) =~ (c, x) with high probability.
In each iteration ¢ > 1, based on the current solution S;_;, we construct a probability
distribution to sample a vector v;, to be removed from S;_;, and a probability distribution
to sample a vector v;, to be added to S;—;. To maintain ¢(S;) ~ (c, x), the basic idea is
to remove a vector v; with probability proportional to 1 — x(i) and add a vector v; with
probability proportional to x(j), but doing so may not satisfy the spectral lower bound
with good probability. Instead, we prove that if we recompute the sampling probability so
that a vector v; is removed with probability proportional to (1 — x(3)) - (1 — 2a(v, v,", At%))
and a vector v; is added with probability proportional to x(j) - (1 + 2a(v;v; ,A )), then
(5.1) is satisfied with expected progress E[A] > £ as long as Amin(D_jcq, , vV, ) <1 — 2.
Informally, a vector pointing to a direction that is not well covered by the current solution
is more likely to be added and less likely to be removed, to ensure that the spectral lower
bound will be satisfied. However, this changes the expectation on the linear constraint,
but we can bound the error by the additive term O(d”C” ). Note that there are examples
showing that this additive error is unavoidable if our goal is to satisfy the spectral lower
bound exactly (see Section 5.4), so our analysis is tight up to a constant factor. Compared
to the deterministic approach in [6], this randomized approach uses the fractional solution
x more crucially in the rounding procedure, and we note that it can be used to give a

simpler proof of the deterministic local search algorithm in [6] (see Remark 5.2.5).

The advantage of the randomized approach is that we can prove that the random
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variables are concentrated around their expected values, so that we can handle multiple
non-negative linear constraints simultaneously. Since the sampling probabilities change
over time based on the previous samples, the random variables that we consider are not a
sum of independent random variables and thus Chernoff type bounds cannot be applied.
For the spectral lower bound, we will define a martingale and use Freedman’s inequality to
prove that the total progress we make in (5.1) is concentrated around its expected value.
For the non-negative linear constraints, we show that they satisfy an interesting “self-
adjusting” property, such that if ¢(S;) — (¢, x) is (more) positive then E [c(Si+1)] — c(St)
is (more) negative and vice versa, so intuitively c(S;) =~ (c, x) with high probability for
any t. This sequence of random variables is not a martingale and so Freedman’s inequality
cannot be applied. Instead, we prove a new concentration inequality (see Section 3.3) for
this self-adjusting process that provides a quantitative bound similar to that in Freedman’s
inequality. We note that the iterative randomized rounding algorithm does not even need
to know the linear constraint ¢ in advance in order to return a solution S with ¢(5) ~
(c,x). This property is quite similar to that of a recent rounding algorithm by Bansal [16]

combining iterative rounding and randomized rounding as we will discuss in Section 6.1.5.

We remark that our approach to turn a deterministic algorithm into a randomized
algorithm is inspired by the fast algorithm for spectral sparsification by Lee and Sun [101],
where they turned the deterministic algorithm by Batson, Spielman and Srivastava [21] into
a randomized algorithm that recomputes the sampling probabilities in different phases (see
Section 2.5 for more details). In their algorithm, the advantage of the randomized algorithm
is to sample many vectors in parallel instead of carefully choosing one vector at a time as
in [21]. In our algorithm, the advantage of the randomized algorithm is to approximately
preserves many linear constraints simultaneously using arguments about expectation and
concentration, while it is not clear how to modify the proofs in the deterministic local
search algorithm in [6] to prove that there is always a pair of vectors v;, v; which makes
enough progress in (5.1) and at the same time c(j) — c(4) is small, even if there is only one
constraint ¢ and it is given in advance. We believe that this probabilistic approach will be

useful in designing algorithms using the regret minimization framework.
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5.2 Constructive One-Sided Spectral Rounding

In this section, we first present our iterative randomized rounding algorithm for one-sided
spectral rounding and state the main technical result, a bicriteria approximation theorem,
in Section 5.2.1. Then, we prove the bicriteria approximation theorem by analyzing the
probability of approximately meeting the spectral requirement in Section 5.2.2 and ana-
lyzing the probability of approximately satisfying the linear constraint in Section 5.2.3.
Finally, we prove our main result for one-sided spectral rounding Theorem 5.1.3 in Sec-

tion 5.2.4.

5.2.1 Iterative Randomized Rounding Algorithm

We modify the deterministic local search algorithm in [6] to an iterative randomized round-
ing algorithm so as to approximately satisfy arbitrary non-negative linear constraints. In
this randomized algorithm, we first construct an initial solution Sy by adding each vector
v; into Sy with probability x(7) independently. In each iteration ¢t > 1, based on the current
solution S;_1, we construct a probability distribution to sample a vector v;, to be removed
from S;_;, and a probability distribution to sample a vector v;, to be added to S;_;. The
basic idea is that a vector v; is removed with probability proportional to 1 — x(i) and a
vector v; is added with probability proportional to x(j), but the probability is also adjusted
based on the vector’s contribution to the minimum eigenvalue of the current solution. We
remark that it is possible that no vector is removed and/or no vector is added in an itera-
tion. The algorithm stops when the minimum eigenvalue of the current solution is at least

1 — 2e. The following is the formal description of the algorithm.
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Iterative Randomized Swapping Algorithm

Input: vy, ..., v;y € R%and x € [0,1]™ with " | x(7)-v;v;" = Iz, and an error parameter

v €(0,3)
Output: a subset S C [m] such that Y, s viv;' = (1 —27)l; and ¢(S) =~ (c, x) for any
¢ € R with high probability.
1. Initialization: Sy < 0, o \/73, k <+ m + 2aVd.
2. Add i into Sy independently with probability x(i) for each i € [m].

3. Let Zy + >...q v;v;l and t < 1.

i€So
4. While \yin(Z) <1 —27v do
(a) Compute the action matrix A; < (aZ; —I;l3) ™2, where [; € R is the unique
value such that A, > 0 and tr(A,) = 1.!
1
(b) Define S;_; :={i € Sy : 20wy, A7) < 3}
(c¢) Sample i; from the following probability distribution:

1 1
Pliy = 1] = E(l —x())(1 = 2a(v;v,", A?)) forie€ S|,

and Piy; =0] =1— ZieS;,l P[i; = 1].
(d) Sample j, from the following probability distribution:

Plic = 1= 1+ 200y ) for j € m\Si

and P[j; = 0] =1~ Zje[m]\st,l Pj: = j].
(e) Set St — St,1 U {jt}\{lt}a ZtJrl — ZiESt ViViT, and t + ¢ + 1.

5. Return S = S;_; as the solution.
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Before we state the main result of this algorithm, we first check that the algorithm is
well-defined.

Claim 5.2.1. The probability distributions in each iteration of the iterative randomized

swapping algorithm are well-defined.

Proof. To verify that the probability distribution for sampling #; is well-defined, we need

to show that P [i; = i] > 0 fori € S;_; and Ziesg_l P[i; =] < 1. Since A; > 0, x(7) € [0, 1]
1

and 20(v;v;", A?) < & for i € Sj_y, it follows that for ¢ € S;_; we have

0<Pli =i = %(1 — x(0))(1 = 2a{vivT, AP)) <

)

| =

and this implies that ), o

t—1

Pli, = 1] < = < 7 < 1 by the definition of k.

Next we verify that the probability distribution for sampling j; is well-defined. It is
clear that P[j, = j] > 0 as A; > 0 and x(j) € [0, 1]. We claim that

Y. PLi=j1< ) Pli=j)<1

JE[M\St—1 JEIm]

as

=

m
Z 1+20‘<VJ L AE)

wlr—k

> Plii=

J€m]

(Zm:x )+ 2atr(A )>
m 4+ 2@\/@ =1,

wl»—t wli—

where the second equality is by the assumption that Z;n:l x(7)- vj = Iy, the last equality

is by the definition of k, and the inequality uses that x(j) € [0, 1], and the bound that
1

tr(A?) < v/d from Claim 2.1.10. O

The following is the main technical result for one-sided spectral rounding.

1Step 4(a) can be implemented with a binary search step as mentioned in Remark 4.3.1.
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Theorem 5.2.2. Suppose we are given vi, ..., vy, € RY, x € [0,1]™ such that Y7 x(i) -
v;v," = ly. For any~ € (0, %), the iterative randomized swapping algorithm returns a subset
S C [m] satisfying

Z viviT =(1—=27y) Iy

ics
within % iterations with probability at least 1 — exp (—Q(qﬂ)) for q = 2. Furthermore,
for any c € R and any 6, € [0,1], d € [0,1] and 05 > 0, the probability that the returned

solution S satisfies the cost upper bound is
15d 01d
Plc(S) < (14 01)(c,x) + %] >1—exp {—Q <%)} ,

and the probability that the returned solution S satisfies the cost lower bound is
Plc(S) = (1 —d2)(c,x) — dad||c]|..] =1 —exp [— Q(min{d>d3, 753} - d)}

Remark. If we set 6 = do = v and 63 = %, then Theorem 5.2.2 states that the returned

solution S satisfies

dlc 15d ||c
(1 =) - W < c(5) < (14 7)) + 20l
Y Y
with probability at least 1 — exp(—$2(d)) for any c € R'. We introduce 61, 82,03 to have a
more refined control of the failure probability of the lower bound, and this will be relevant

in showing that linear covering constraints can be almost satisfied.

As a corollary of Theorem 5.2.2, we can also satisfy the linear constraint ¢(S) < (c, x)

exactly when (c, x) is large by sacrificing a little bit in the spectral lower bound.

Corollary 5.2.3. Let vi,...,v, € R? and x € [0,1]™. Let ¢ € RT and C = (c,x).
Suppose it x(i) - viv;' = Iy and C > % for some v € (0,3). Then, there is a
randomized polynomial time algorithm that returns an integral solution z € {0,1}™ such

'3
that (c,z) < C and 7" z(i) - viv;" = (1 — 47)ly with probability at least 1 — exp(—Q(d)).
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Proof. The idea is to scale down x then apply Theorem 5.2.2. We let n = 1 — 2 and set

y :=nx and u; : which implies

\/>7

(e.y)=nlex)=nC and Y y(i)-uu =Y x(i)-viv =lo
i=1 i=1
We apply Theorem 5.2.2 on uy, . .., uy, and y, ¢ with &; =, ¢ = v/d to obtain z € {0,1}™
so that

Zz =1-29) = Z = (1 —29) g = (1 —49) 1y

and
15dHCH

(¢,2) < (L +7){c,y) + SA+7)A=29)C+1C <

15d||¢|l o
2

where we use the assumptions that < C. The failure probability is at most

exp(—Q(d)). O

5.2.2 Analysis of the Minimum Eigenvalue

In this subsection, we first show that the minimum eigenvalue of the current solution Z,
reaches the target 1 — 2y within polynomial time with high probability in Section 5.2.2.1.
This establishes the first part of Theorem 5.2.2.

Then we show that, if we continue the randomized swapping process after reaching the
minimum eigenvalue target, the minimum eigenvalue of Z; can be maintained at a relatively
high level for a period of time with high probability in Section 5.2.2.2. We do not need
the bounded minimum eigenvalue property for the results in this chapter. However, it is
a key property in the analysis of the improved rounding algorithms for D/A-design (see
Section 7.3).

5.2.2.1 Reaching the Minimum Eigenvalue Target

We first prove that, during the execution of the iterative randomized swapping algorithm,

the probability of the minimum eigenvalue of Z; is less than 1 — 2+ for all the first 7 = qu

122



iterations is at most exp(—Q(¢v/d)) for ¢ > 2

We will bound the minimum eigenvalue of the solution using the regret minimization
framework (see Chapter 4). The initial feedback matrix is Fy = Z;, which is constructed
randomly using x. In each iteration ¢ > 1, after computing the action matrix A;, the
algorithm responds with the feedback matrix F; = v;, ]T Vi,V T . Note that Z,,; = Z;O F;.
Define

<V]tV]t t> A; - <VtV“, t> T and A;:= A;r - A; (52)

1+ 2a(vj, Jt,A > 1 —2a(v, v, ,AZ)

A=

Note that 2a(v;,v;, ,A ) < L < 1fort > 1 by the definition of S/ ;, and so A; is well-
=

2
defined for ¢t > 1. We also note that Fy >= 0, thus Theorem 4.2.7 implies that

)\min (ZT+1) = )\min ( Z > Z At I — —|' )\mm Fo Z At — 2’}/ (53)

t=0

To lower bound the minimum eigenvalue, we will prove that >"; | A; > 1 with high prob-
ability. In the following, we bound the expected value of > /_; A4, and then use Freeman’s
martingale inequality to bound the probability that >, | A, deviates significantly from
its expected value. In the remaining of this section, we write E;[-] := E[- | Si_1] as the

expectation conditional on the set S;_;.

Lemma 5.2.4. Let 7 > 7 > 0 be two time steps in the iterative randomized swapping

algorithm. Let A\ := max,—y<; Amin(Z;). Then

S BBz Y (- @) s (1= Y ),

o k
t=1'+1 t=1'+1

Proof. We first consider the expected gain of adding the vector j;. By the definition of the
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probability distribution of j;,

1 1 viv) A
RISt = 3 ) (200 A vt A
1+ 2a(v;v,, A?)
1
=% Z At> (5.4)
J€[m]\St—1
1 .
(1= 3 xUwy) ,At>),
JESt-1
where the last equality is by 7", x(j) - vjv; = Iz and tr(A;) = 1 by the definition of A;.

Then we consider the expected loss of removing the vector 7;,. By the definition of the

probability distribution of i,

_ 1 T A3 (viv,", Ap)
E| A/ ] = 1—x 1 —2alvy; ,AZ)) - T
[A7] ig{:l 7 (9)( ( ) | 2atwT AL
S DICEROARVS
: €S (5.5)
<E Z (1 —z)(viv;', Ay)
1€St_1

< %()\mm(zt) + g - X(Z) <V1V7,T7 At))’

where the first inequality is because x(i) € [0, 1] and (v;v,", A;) > 0 as A; = 0, and the last
inequality follows from Lemma 4.2.9 that (Z;, A;) < \/Tg + Amin(Z2).

The lemma follows by combining (5.4) and (5.5) and summing over ¢ and using A =

maxy )\min(Zt) . O
Remark 5.2.5. If we sample i, with probability

(1= x())(1 — 2a{wviv,T, A?)) |
Syes (1= x())(L = 2a(vv] A7)

Pli, =] = for i € S, 4,
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so that Ziesg_l Pi; = i] = 1 and define probability of sampling j; likewise. We can main-
tain the size of Sy unchanged. Thus, we can start with a solution with | := Y"1 x(i)+O0(2)
vectors and guarantee that the solution at each iteration still has exactly | vectors. A sim-
ilar statement about the expected progress as in Lemma 5.2.4 can be proved. This implies
that there exists a good pair iy € S;_1 and j; & Si;_1, which gives a solution set of size |
satisfying the spectral lower bound approximately. Together with a preprocessing step as in
Section 5.2./, this gives a simpler proof of the deterministic algorithm of [6]. We use this
idea to design a combinatorial algorithm for E-design without solving a convex program.
When the input vectors to the combinatorial algorithm are normalized by the optimal frac-

tional solution, the algorithm recovers the result in [6]. See Section 7.4.3 for more details.

Lemma 5.2.6. Let 7 > 7 > 0 be two time steps in the iterative randomized swapping

algorithm?. Let N := max, <t<r Amin(Z;). Then, for anyn > 0,

(o n*ak/2
se p( (T_T/)(1+A+¢E/a)+nk/3> |

T

Z Ay < Z Et[At]—U

t=7"'4+1 t=7'4+1

Proof. We define the following sequences of random variables where

t
Xp=EfA] = A, Y= Y X, forallt>7+1, and Y, =0.
I=7'+1
Observe that {Y;}; is a martingale with respect to {S;};. We use Freedman’s inequality to
bound P[Y; > n]. To apply Freedman’s inequality, we need to upper bound X; and E;[X?].
Note that - T
0< AF = (Vi vy Ar) < (vj, jt7At> < i’
1+ 20(vv] AP) 20yl A7) 20

where the last inequality holds as 0 < A; < /. Also,

A A
0< At_ _ <V’Lt Vie s t> < <VZt Vi, > < i7

T X 9
1_205<Vitvz‘—:7AtQ> 1_205<Vitvz‘—:7AtQ> @

2We introduce an arbitrary starting time step 7/ for flexibility in later applications.
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where the second last inequality is by 0 < A; < I, and the first and last inequality are
because i; is chosen from the set S} | := {i | 4a(y; :,Aé) < 1}. (We remark that this
upper bound on A; is exactly the reason for the definition of S;_;.) As these lower and
upper bounds on A+ and A; hold with probability one, we have the deterministic upper
bound X; < R := = as

1
Xi =EA] — AL < Et[Aﬂ +A; < > = R.
Next, we upper bound

E[X/] S EIAY] < R-EJAJ < - (B(A7] + E[A7])

%<1+A+£j)

where the last inequality follows from (5.4) and (5.5) that E,[A[] < 1 and E,[A;] <
%. Applying Freedman’s inequality Theorem 3.2.3 with R = é ol = % for all
7 <t<7,and 0? = (T_T/)(l;r]jJr\/E/a), it follows that®
P(Y; > n) <exp (—#) = exp (— T ak/2 > :
o?+ Rn/3 (1 — 7)1+ A+ Vd/a) +nk/3
The lemma follows as Y, > n is equivalent to >/} Ay <D0 EA] — 1. O

We are ready to prove that the algorithm terminates in a polynomial number of itera-
tions with high probability.

Theorem 5.2.7. Let 7 > 0 be the first time such that the solution set S, of the iterative
randomized swapping algorithm satisfies » . ics, ViV = (1 —2v) - lg. Then, the probability
that 7 < fm" q > 2 is at most exp(—Q(q\/d)).

Proof. Let 7 = ﬁ Suppose A = maxg<i<ri+1 Amin(Z;) < 1 — 2. Then, since o = \/787 apply

Lemma 5.2.4 Wlth 7/ = 0 gives that

3Recall that the sequence {Y;} starts from Y./, instead of Yj.
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and the regret minimization bound in (5.3) implies that

1 =27 > Apin(Zr41) 2 < At) -2y = ZAt <1

t=1 t=1
Therefore,
T+1 T T
P [ﬂ ()\mm(Zt) <1-— 27)] <SP A <) EBA] - (g 1)]
=1 t=1 t=1

[ (¢ —1)%ak/2
S P ( (gh/7) (1 + (1= 29) + Vd/a) + (g = Dk/ 3)
< exp(—Q(qVd)),

where the second inequality is by Lemma 5.2.6 with n = ¢ — 1 and 7 = %, 7/ =0 and the

last inequality is by the assumption that ¢ > 2 and o = \/78. O

So, for example, the probability that the algorithm does not terminate in % iterations

is at most exp(—(v/d)) and the probability that it does not terminate in %‘2 iterations
is at most exp(—(d)).

5.2.2.2 Maintaining the Minimum Eigenvalue

We show that, once the minimum eigenvalue of the current solution Z; reaches the target
1 — 27, the minimum eigenvalue of Z; can be maintained being at least a constant for a
period of time. We do not need this property to solve the one-sided spectral rounding
problem, but it will be useful in applications to experimental design (see Section 7.3 for
details).

Proposition 5.2.8. Suppose 0 < v < %. Assume there is no termination condition in
the iterative randomized swapping algorithm, and the minimum eigenvalue hit the target
Amin(Zr) = 1 — 27 at some time step 11, then the probability that A\yin(Z;) = }l for all the

next T steps 7 <t <1 4+ 7 is at least 1 — 72 - e~ VD,
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Proof. Consider the bad event that there exists a time t € [r, 71 + 7] with A\uin(Z) < %.
As the initial solution Z, satisfies A\pin(Z-) = 1 — 27, there must exist a time period
[to, t1] C [11, 71+ 7) such that Apin(Zy,) = 1—27, Amin(Zy,41) < }l, and Apin(Z) € [i, 1—27)
for all ¢ € [to+ 1,t1].

We show that the decrease of the minimum eigenvalue from #; to ¢; implies that the

sum of A; defined in (5.2) has decreased significantly. Let Fy, = Z,, and F, = v;, v} — v;,v;)

it

1
for all ¢ € [to + 1,t1]. Note that a(v;,v,], A7) < 1 holds for for any ¢ > 1. So, it follows
from Theorem 4.2.7 with a = ‘/73 that

1 3
= > Ain(Zig1) = Z At——+>\mm (Zy) > Z Ajtl—dy = Z Ay < dy—=.

4 4
t=to+1 t=to+1 t=to+1

On the other hand, A, is expected to be positive when A\yin(Z;) < 1 — 2. The expec-
tation bound in Lemma 5.2.4 with 7/ = to, 7 = t;, A < 1 — 2y and a = v/d/v implies
that

t1

> EA] > (h— o)y,

k
t=to+1

So, the sum has a large deviation from the expectation, i.e.
t1
L (t—to)y
> s Y mia- (§-us L500),
t=to+1 t=to+1

We can apply the concentration bound in Lemma 5.2.6 with n = 3 — 4y 4 1=ty to T and
A < 1 — 27 to upper bound this probability by

P[i A < Z Et[At]_<Z§L_4V+@>]

t=to+1 t=to+1
< — 4y + tizto)y t“ ) ak/2
< *xp (t t 3 (t1i— tO
L —to)(14+1—2y+Vdja) + (3 — 4y + L7 k3
< exp (—Q(\/&)) )
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where the last inequality follows as the denominator is in the order of O(k + t; — ty) for
o = Td and 0 < v < %, and the numerator is in the order of (1+ (t“ktoh + (“*Zg)w) .%3 —

Q(% +t —to) - Vd for o = ‘/7‘7 and 0 < v < %. The proposition follows by applying the

union bound over the at most 72 possible pairs of ¢, and ¢; from time 7 to 7, + 7. O

5.2.3 Analysis of the Linear Constraint

For an arbitrary non-negative linear constraint ¢ € R, the goal in this subsection is
to prove that c(S;) ~ (c,x) with high probability for any ¢ by using the concentration
inequality for self-adjusting random processes (Theorem 3.3.1) in Section 3.3. We recall
that c(S;) := e, (i) is the “cost” of the solution at time ¢. We first bound the expected

change of the cost in an iteration.

Lemma 5.2.9. Suppose Anin(Z;) < 1. Then

%((C,X> — c(St_l)) < Eilc(ji) — cliy)] < %((c,x> —(Sia) + 14dic||°o>-

Proof. We first bound the conditional expectation of ¢(j;). By the probability distribution

0f.jt7
. 1 N 1
Ele()l =7 Y. e+ 20y A))
JEM\St—1
1 ) : . . 1
—i(len = X i xS ety AN
JESt—1 JE[MI\St—1
Note that
0<20 Y clixU) vy AZ) < 2alcll Y x() vy} A?)
JE[M]\St—1 Jj=1

1 2d
— 20 lc|l tr(aF) < 24l
Y

129



where the equality holds as 37" | x(j) - v;v;” = Iz and the last inequality is by Claim 2.1.10
and a = { Therefore,

%((C,x)— 3 c(z’)x(i)) < Ec()] < %((c,x>— 3 c(i)x(iH%), (5.6)

’iESt_1 1€St_1

Next we bound the expectation of c¢(i;). By the probability distribution of 4,

Bilcti)) = 1 Y c()(1 - x(0)(1 - 2a(uy A))
:%(E; c(d)(1 — x(7) —2046; (1 — x(i (vl-viT,At%>>
- %(qsﬂ) - (; c(i)x(z’)) - Zesz\:s c(i)(1 - x(3))

We would like to bound the last two terms of the right hand side. Recall that S] ; :={i €
Si1 | dalvv,” A ) < 1}. This implies that

1S;—1\ S;_4| < Z 4alvyv A?) < 4a Z vy, A?
iGSt71\S£71 1€St_1
<4(d+ avVd- \uin(Z)))
8
<=
~

Y

=[S

where the second last inequality uses Lemma 4.2.9 and the last inequality is by a =
and the assumption that Apnin(Z;) < 1. Since x € [0,1]™ and ¢ > 0, it follows that the
second last term is

. . , 8d||c||
0< S @ —x() < llel - IS\S| < el

’iGStfl\Séil

130



Similarly, for the last term,

0<2a Y c(i)(1—x(@) (v, A7) < 2llcll, - > (v, A7)
1€S]_, 1€St—1
< 2|ello, (d + aVd - Ain(Z0))
e,
Y

<

Plugging back these upper and lower bounds for the last two terms, we obtain

%(cwt_l) (X o) - %) <Bfei)] <  (el5i-) = 3 clixti)
1€S_1 1€St_1

(5.7)

The lemma follows by combining the bounds for the expectations of ¢(i;) and c(j;) in (5.6)

and (5.7). O

To bound the difference between ¢(S;) and (c, x), we consider the following sequences

of random variables where
Y :=c(S;) —(c,x) fort 20 and X;:=Y;—Y, 1 =c(j)— c(iy) for t > 1. (5.8)

Note that Lemma 5.2.9 shows that the sequence {Y;}; has the “self-adjusting” property
that if Y; is (more) positive then E[Y;y; | Yi] — Y; is (more) negative and vice versa, so
intuitively Y; cannot be too far away from zero. The sequence {Y;}; is not a martingale,
and so we cannot apply Freedman’s inequality to prove concentration. Instead, we will
use Theorem 3.3.1 to prove that the absolute value of Y; is small with high probability.
To apply Theorem 3.3.1, we need to bound the conditional second moment of X; and the

moment generating function of the initial solution Sj.

Lemma 5.2.10. Suppose Apin(Z;) < 1. Then

Ei[(c(je) — c(ir))’] < HClL'OO ' <<C,x> +c(Si-1) + a H’yCHOO>-
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Proof. Since c(i) > 0 for all 1 <i < m,

Eil(c(ii) = c(ie)’] < max|c(je) = c(ia)] - Ball (i) - c(ie)l]

< el - Etle(Gr) + c(it)]
c 2d ||c
¢ leba (v ety - 20k,
where the last inequality is by (5.6) and (5.7). O

We use the fact that the initial solution Sy is generated randomly to bound its moment

generating function.
Lemma 5.2.11. Fora e [— |||}, |lcll2 ],

E [e2%] < e@lelloten)

Proof. Let X; be the indicator variable where X; = 1 if ¢ € Sy and X; = 0 otherwise. Since
the algorithm constructs Sy by sampling each vector independently with probability x(7),
it follows that

E [e50)] = E [eazzilxic@] — TTE[e™<] = T] (1 = x(5) + x(i)e*?).
i=1

=1

Note that ac(i) < 1asa € [ — ||c[2), el ] and ¢(i) < |/c|., and thus e*@ < 1 +
ac(i) + a*c(i)? as e’ < 1+ p+ p? for p < 1. Therefore,

E [¢"<(50)] <H (1 + ac(i)x(i) + a2c(i)?x(i)) <exp (Z (ac(z’)x(z’) +a*|cll, C(i)x(i))>

=exp ((a+a*|c|){c.x)),

where the second inequality uses 1+ p < e? for p € R and ¢; < ||c||, for 1 <i < m. The
claim follows as Yy = ¢(S5y) — (c, x). O

We are ready to apply the concentration inequality Theorem 3.3.1 to bound the cost.
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Theorem 5.2.12. Suppose the solution set S; of the iterative randomized swapping al-
gorithm satisfies Amin(Y_;cq, vivi' ) < 1 for all 0 < t < 7. Then, for any ¢ € R} and
61 € [07 1];

i [c(sg <(1+8)(c,x) + %1 >1—exp {_Q(%d)} .

Also, for any 65 € [0,1] and 63 > 0,
IP’[C(ST) > (1 - 8)(c, x) — d ||c||oo] >1—exp ( — Q (min{6,05, 762} - d) )

Proof. We will apply Theorem 3.3.1 on the sequences {X,}; and {Y;}; as defined in (5.8).
Firstly, note that | X;| < [|c||, by definition for all t > 1. Secondly, as E,[X;] = E[(c(j:) —
c(i¢))] and Y;—1 = (c(Si—1) — (¢, x)), Lemma 5.2.9 implies that

tinllela _ _Yior | 14l

1
EfX] < 1 ((6%) = c(Sin) + . p o

k

and

c 2d ||c
E,[X?] < ” ]L|°° <<c,x) + c(Si-1) + —”fy ||°°>
c 2||c dlc
ey 2l A1l
Finally, Lemma 5.2.11 states that E[e®] < exp(a?||c||,, (¢, x)) for a € [ |[c|}, el ]-
By setting
1 el 14d |c]] 2] dcll
R = ) = 7> = 007 u:—oo7 :07 :—OO( ) —Oo>7
R R S il BRSSPI

we can check that all the conditions of Theorem 3.3.1 are satisfied, including the conditions

on the range of parameters (in particular, v; € (0, %),72 > 0 and 7; < 1»R'). Applying
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Theorem 3.3.1 with n = d;(c, x) + % for 6, € [0, 1],

P|c(S) = (1+(51)(c,x>+%} =P {Yt > @jtn}

v 4!
2
°Y1/%2 }

<Lexp |—

- A(o/v2 + Bu/m) + 21
oo | 7/ lcllo }
= exp

| 8(c,x) +64d ||cl| /v +2n
< exp —Q<5l—d)],

i v

where the last inequality is because n = O({c, x) + %) and thus the denominator is
O((c,x) + %), and the numerator is (note that é; € [0, 1])

2

e o dlicloy - dby dllc]
= Silc,x) + ——e ) > (e x) 4 —1 oo )
el = e (e + =) = S (teon) + )

Similarly, for the cost lower bound, we apply Theorem 3.3.1 with n = d2(c, x) +dsd ||c||
for 6o € [0,1] and d3 > 0 to obtain

Ple(S)) < (1 8,)(c,x) — dadlcl] ] = P [m < —% - n]
1
2
n ’71/72
<e _
P L 40/’72 +77]
ol el ]
TSe+dlel. )
I d3d(d2(c, x) + dsd | c|| ) ﬂ
<exp |- ( >
(o) + dllell. /7 1 o |1l

< exp [—Q (min{6,65,702} - d)] |

where the second last inequality is by similar calculations as in the previous case. O]

5.2.4 Exact One-Sided Spectral Rounding

Theorem 5.2.2 follows directly from Theorem 5.2.7 and Theorem 5.2.12. This shows that

the iterative randomized swapping algorithm will return a solution S with >, ¢ v; v,' =
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(1—2y)

-l and ¢(S;) ~ (c, x) with high probability for any ¢ € R}

To prove Theorem 5.1.3 where the goal is to return a solution S with Zie Vi vl-T = 1y,

our idea is to scale up the fractional solution x and then apply Theorem 5.2.2. The following

is the detailed description of the algorithm.

Exact

Input:

Output:

One-Sided Spectral Rounding

Vi, ooy Vi € RTand x € [0,1]™ with > | x(i)v;v;' = ls, and an error parameter
e€(0,1).

a subset S C [m] such that >, ¢ v;v,' = Iy and ¢(S) = (¢, x) for any ¢ € R}
with high probability.

. Define y(i) = 29 and u; == V1—2 - v, for i € [m]. Note that

2 y(i) - =1

Let Spig := {i € [m] : y(i) > 1}, Ssman := {i € [m] : 0 < y(i) < 1}, and

Lyig = Ziesbig y(i) - UiUiT'

Define w; := (Id—Zbig)’%ui for each i € Sgpan, so that Eiessman y(i)-ww, = 1%

)

. Apply the iterative randomized swapping algorithm with v = ¢ and {w; | i €

C Ssmall

mall =

Seman} and {y(i) | ¢ € Ssman} as input to obtain a solution set S
with ), o ) ww; = (1 —2¢) - Iy

Return S := Spig U S, .1 @s the solution.

Theorem 5.1.3. Suppose we are given vy, ..., v, € R® and x € [0,1]™ such that ;" x(i) -

viv,' = 1Iy. For any e € (0, %), there is a polynomial time randomized algorithm that returns

Aaf Iy — Zyig is singular, we first project the vectors to the orthogonal complement of the nullspace

before applying the transformation. We can add dummy coordinates to keep the vectors to have the same

dimension d for simplicity of the analysis.
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a solution z € {0,1}™ such that

Zz(z) . viviT =1

i=1
with probability at least 1 — exp (=Q(d)). Furthermore, for any ¢ € R, the solution z
satisfies the upper bound

15d |||

(c,z) < (14 6¢)(c,x) + .

with probability at least 1 — exp(—$2(d)), and the solution z satisfies the lower bound
(c.z) 2 (¢, x) —dd | c[[
with probability at least 1 — exp (—$ (min{ed, 6%} - d)) for § > 0.

Proof. We first analyze the spectral lower bound. Applying Theorem 5.2.2 with v = ¢
and ¢ = V/d to Step 4, we find a solution set S’

small =

C Sgman with probability at least
1 — exp(—Q(d)) in polynomial time such that

Z W; W, (1-2) -l = Z v, = (1 —2¢) - (I — Zpig)

€S’ €S’

small small

§ ViV, = Zblg

IS

small

For the vectors in Sy, as x(i) € [0, 1],

Z AR Z x(i) - vy = Z y(i) - vy = Zig.
iESbig iESbig iesbig
Therefore, it follows that

Z V; ViT = Z ‘|’ Z ViV, = Zb1g) + Zblg la-

€S €S’ ZESblg

small
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Next, we prove that c(S) =~ (c,x) with high probability for any vector ¢ € R7. Let
(€, X)sman = D ies,, . €(0) - x(i) and (¢, X)pig = D e, (i) - x(i). For the vectors in Sy,

as y(i) > 1 for i € Sy, and y(i) = f:(;)e for all i € [m], it follows that

<C>X>big
1—2¢°

<C7X>big < C(Sbig) < <C7.y>big -

For the vectors in Sgyan, applying Theorem 5.2.2 with §; = € and v = ¢, the returned set

S.an i Step 4 satisfies the cost upper bound

S

15d flell, (1 +2)(e X 150 ]l
= +
1—2¢ €

C( s/:mall) < (1 + €)<C7y>small +

with probability at least 1 — exp(—(d)), which implies that for € € (0, 1),

1+¢

15d ||c|| o
1—2¢

C(S) = C(‘Sbig) + C( ;mall) < 3

(<C7 X>big + <C7 X>Small) +

15d ||c
< (14 6¢)(c,x) + %
Similarly, by Theorem 5.2.2 with v = ¢, §3 = € and d3 = § for some ¢ > 0, the returned set
S. . in Step 4 satisfies the cost lower bound
1—¢
1—2¢

with probability at least 1 — exp(—§(min{ed, €6} - d)), which implies that

(Siman) 2 (1=&)(¢, y)sman —0d || c]|, = (€, X)sman —dd || e[| = (€, X)sman — 0 [[c]|

c(5) = c(Sbig) + c(Siman) = (€, X)big + (€, X)sman — 0 [[¢][ = (¢, x) —dd[[c[,. O

5.3 Non-constructive Two-Sided Spectral Rounding

In this section, we show that the two-sided spectral rounding result in Theorem 2.6.10 can
be extended to incorporate one non-negative linear constraint that is given as part of the

input.

There is a standard reduction used in [48] to construct spectral sparsifiers that sat-

isfy additional linear constraints. Suppose Corollary 5.1.2 were to work for rank two
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matrices, then we can simply incorporate the linear constraint to the input matrices
as A; = (VigiT C(Z.)/O<C7X>> so that 7" x(i) - Ai = lzy1, and any z € {0,1}" so that
Yo z(i) - Ai = lgy1 would have (c,z) = (c,x). But the rank one assumption is cru-
cial in the proof of Theorem 2.6.10 and it is an open problem to generalize it to work with

higher rank matrices.

Our idea is to use the following signing trick, suggested to us by Akshay Ramachandran,
to essentially carry out the same reduction using only rank one matrices. We state the

T

results in a more general form, where Y " | x()-v;v;' is not necessarily equal to the identity

matrix, so that we can also apply them to additive spectral sparsifiers in Section 6.3.

Lemma 5.3.1. Suppose we are given ¢ € RT, and w1, ..., v, € R?, x € [0,1]™ such that
>0 x(4) - Vin’T“Op <A and ||v|ly, < U for 1 <@ < m. There exists a signing s € {£1}™
Vi

such that if we let u; 1= ( »
s(i)v/e(

c W<C,X>> € R then [ (1) - wial |, < A+IVA

Proof. By the definition of wu;,

c(@)x(i)A
{ex)

ST ) v S s(ix(i) | S )

0 c(z))\
<z;“1x< ) v o) . ex)”
B 0 A A
X2 s(0x(i) %
The operator norm of the second matrix is bounded by HZZ .S ?EZ)X’; Vi
7 2’
follows from triangle inequality that ||>°7"; x(i) - u;u; HO A+ ’ (1)x(17) ?ﬁll’;

We show that there is a signing s € {£1}"™ such that




and this will complete the proof. Take a uniform random signing and consider
2

Eocqsipm Zs(i)x(i) E:CEZL/;V

= DB s Pl 7] + DD s v Y
i—1 i#J 7

= SR H“C QZACCX = I

where the last line uses that s(1)? = 1, E[s(i)s(j)] = E[s(7)] - E[s(j)] = 0, and x(i) € [0, 1],

|Vill, <1 in the inequality. This implies that there exists such a signing. ]

We apply the signing in Lemma 5.3.1 to incorporate one non-negative linear constraint

into the two-sided spectral rounding result of Kyng, Luh and Song [91].

Theorem 5.3.2. Suppose we are given ¢ € RT, and vy, ..., vy € RY x €[0,1)™ such that
>0 x(4) - vZ-viTHOp < A and ||vi|l, <1 for 1 <i<m. Suppose further that ||c|| %
and | < V'X. Then there exists z € {0,1}™ such that
. T . T
x(1) - vy, — z(1) - vy, <8V and c,x)—{(c,2)| < —=(¢,x
;() ;() Op\ [{c;x) = ( >|\\/X< )
Proof. Let u; = (s(i) (v))\/ o) > for 1 <1i < m, where s € {£1}™ is the signing promised
by Lemma 5.3.1. By the assumption that H [ <CX it follows that ||u]|> = ||| +

?g% < 202, Let & be a zero-one random variable with probablhty x(i) being one. Applying

Theorem 2.6.10 on uy, ..., Uy, and &, ..., &y, there exists z € {0, 1}™ such that

[N

<4 Varlg](uu)?
i=1

op

o
T

N |=

<4 (Y x(0) uilly vy,

Ms

=1 op

<4/ 22(A + IV,
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where we use that Var[¢;] = x(i)(1 — x(i)) < x(), ||u]|5 < 20% and 1> x(4) - uiuT”Op <

%

A+ (VX by Lemma 5.3.1. By looking at the top left d x d block, this implies that

Zx(z) vy — Zz(z) vy || <A 22N+ V) <8IV
i=1 i=1

where we use the assumption that < v/\. By looking at the bottom right entry, we have

SR <422 (0 + VX)) < 8IVA,

which implies |(c,x) — (¢, z)| < W<C’X>’ O

op

This proves Theorem 5.1.4 that incorporates one non-negative linear constraint into

Corollary 5.1.2; by plugging A = 1 and [ = ¢ into Theorem 5.3.2.

5.4 Tight Examples

We provide two examples showing the tightness of Theorem 5.1.3.
First, consider the following simple example, which shows the d||c|| additive error

term is necessary.

Example 5.4.1. There are m = 2d vectors vi1, V12, ..., Va1, Vaz € RY, a vector x € [0,1]™, a

vector ¢ € R, and a parameter €. They are defined as follows
x(il)=1, vai=vV1—c-¢, c(il)=0 and

x(i2) =¢, vio=¢, c(i2)=]|cl., Vie{l,..d}.

Note that (c,x) = ed||c||., and Y0 3" 1, x(if) - vijv,) =

ij

lg.

Claim 5.4.2. For any constant o > 1, any z € {0, 1}™ satisfying the spectral lower bound
in Example 5.4.1 must have (c,z) = afc,x) + Q(d||c||.)-
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Proof. Note that the only vector z € {0, 1}"™ that satisfies the spectral lower bound exactly
is z = I,,. This implies that (c,z) — a(c,x) = d|c||,, — ced||c||, = (1 —ac)d|c]|,

any o > 1, there exists € such that (c,z) — a(c, x) is at least say d”C” O

Next, we modify an integrality gap example in [118] to show that, even if ¢ = I and
we are allowing integral-solution instead of zero-one solution, the additive error O(d”C” )

in Theorem 5.1.3 is best possible.

Example 5.4.3. The example contains m = (g) vectors vi,...,vym € R"7L a wvector
€ [0,1]™ and a vector ¢ = 1,,. Let U € R"VX" be q matriz where the rows form
an orthonormal basis of the (n — 1)-dimensional subspace orthogonal to 1,. Given some

parameter k, we define

n—1 . 2k

Note that (c,x) = k and Y, x(ij) - vijv;; = l—1 and x has the smallest ||x||, among all

vectors satisfying > x(ij) - vi; VJ =l,_1.

We will use the following result from [118].

Theorem 5.4.4 (Theorem 7.2 in [118]). Let G = (V, E) be a graph with average degree

2m

davg = =%, and let Lg be its unnormalized Laplacian matriz. Then, as long as dayg is large

enough, and n is large enough with respect to dayg,

AQ(LG) < davg —p davg7

where Ao(Lg) is the second smallest eigenvalue of Lg, and p > 0 is an absolute constant.

Furthermore, the upper bound for \y(Lg) still holds for graphs with parallel edges.

Using the above theorem, we can prove the following lemma.

Lemma 5.4.5. Let {v;;}, ¢, x be defined as in Example 5.4.3. For any z € ZT}, if it satisfies

Zl<z<j<n (Z,]) Vz] z;r >r- In—l, then we ha/U@
(c,z) = k+ Q(VEkn +n).

141



Proof. Given any z € Z1, let G, be the multi-graph corresponding to z with Laplacian

matrix

L, = Z z(ig) (X — X5)(Xi — Xj)T

1<i<j<n

2k .. 2k
— ULzUT = ( Z Z(Z]) . Vijvlijl'r> % m n—1,

n—1 —
1<i<g<n

where the last inequality holds by the assumption on z. Since U is the projection onto the

(n—1)-dimensional subspace that orthogonal to the minimum eigenvector 1,,, Ao(L,) > %

2|zl
n

On the other hand, since the average degree of G, is dayg = , we apply Theo-

rem 5.4.4 with properly chosen n, for some constant p we have

2|z 21z
)\Q(Lz) < dan - ,0 davg —_— )\2(L2> < % _ p HnHl

Combining with As(L,) > nQ—fl, we have

2k 2|z 2|z
<2l 20l 2k < 2|z, — pr/2n |12,
n—1 n n

For the quadratic inequality 2y — pv/2ny — 2k > 0, we know that the nonnegative solution

for y should satisfy

y> pV2n + \/2p*n + 16k
= 4 .

Therefore, letting y = \/||z||,, we have

(c,2) = |lzll, > (pV2n + \/2p%n + 16k)* /16
= p*n/4 + k+ p\/4p*n + 32kn/8
> k+ pV2kn/2 + p*n/4
> k4 Q(WVkn +n). O
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Suppose we set the parameter £k = ¢n for ¢ > 16 in Example 5.4.3. If we apply
Theorem 5.1.3 to the vectors vy, ..., v, € R" ' and x € [0,1]™ defined in Example 5.4.3
with e = y/n/k < 1/4, then there exists a z € {0,1}"™ such that

157 ¢l o
£

Z z(ij) - vi;v, J P and (c,z) < (14 6¢){c,x) + =k +O(Wkn),

1<i<j<n

where the last equality uses (c,x) = k. Note that if the additive error term O(e(c, x) +

%) has a better dependency on €, then we can set £ accordingly such that the cost upper

bound will contradict with the lower bound in Lemma 5.4.5. For example, if Theorem 5.1.3

were improved to (c,z) < (1+6¢)(c,x) + 15”\“;”* then we could set ¢ = (k)% which would

imply that (c,z) < k+O(k3n3), contradicting with the lower bound (c, z) > k + Q(vkn)
when k is large enough. This shows Theorem 5.1.3 is tight up to a constant factor in the

o). C
additive error term %
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Chapter 6

Applications of Spectral Rounding to
Graph Problems

In this chapter, we show the applications of spectral rounding techniques to various graph
problems. We first show that spectral rounding significantly extends the scope of the well-
studied survivable network design in Section 6.1. Then, we apply spectral rounding to
some spectral network design problems in Section 6.2. Finally, we show applications of

spectral rounding to additive spectral sparsification in Section 6.3.

6.1 Generalized Survivable Network Design

In this section, we show that the spectral rounding results provide a new approach for
the survivable network design problem. The main advantage of this approach is that it
significantly extends the scope of useful properties that can be incorporated into survivable

network design.
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6.1.1 Previous Work on Network Design and Our Main Results

In network design, we are given a graph G = (V, F') where each edge has a cost c¢(e), and the
objective is to find a minimum cost subgraph that satisfies certain requirements. In surviv-
able network design [71, 79|, the requirements are pairwise edge-connectivities, that every
pair of vertices u, v should have at least f,,, edge-disjoint paths for u,v € V. This captures
several classical problems as special cases, including minimum Steiner tree [32], minimum
Steiner forest [1, 73|, and minimum k-edge-connected subgraph [67]. Jain introduced the
iterative rounding method for linear programming to design a 2-approximation algorithm
for the survivable network design problem [79]|. His proof exploits the nice structures of
the connectivity constraints to show that there is always a variable x(e) with value at least
% in any extreme point solution to the linear program. His work leads to many subsequent
developments in network design [62, 43, 66, 67, 42|, and the iterative rounding algorithm
is still the only known constant factor approximation algorithm for the survivable network

design problem.

Motivated by the need of more realistic models for the design of practical networks,
researchers study generalizations of survivable network design problems where we can in-
corporate additional useful constraints. One well-studied problem is the degree-constrained
survivable network design problem, where there is a degree upper bound d, on each vertex
v to control its workload. There is a long line of work on this problem [122; 125, 72, 93,
56, 64, 96| and the iterative rounding method has been extended to incorporate degree
constraints into survivable network design successfully. In the general setting [93, 106, 96],
there is a polynomial time algorithm to find a subgraph that violates the cost and the
degree constraints by a multiplicative factor of at most 2. For interesting special cases
such as finding a spanning tree [72, 130] or a Steiner tree [95, 96|, there is a polynomial
time algorithm that returns a solution that violates the degree constraint by an additive

constant.

More generally, one can consider to add linear packing constraints and linear covering
constraints into survivable network design 25, 19, 119, 105], but not as much is known
about how to approximately satisfy these constraints simultaneously especially when the

linear constraints are unstructured.
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Another natural constraint is to control the shortest path distance between pairs of
vertices, but unfortunately this is proved to be computationally hard [53| to incorporate

into network design.

In [38], together with our coauthors, we propose to incorporate the effective resistance
metric (see Section 2.4 for a definition) into network design, as an interpolation of shortest
path distance and edge-connectivity between vertices. Incorporating effective resistances
can also allow one to control some natural quantities about random walks on the resulting
subgraph, such as the commute time between vertices [39] and the cover time [112, 52]. We
note that effective resistances have interesting connections to many other graph problems,
including spectral sparsification [132]|, maximum flow computation [44], asymmetric trav-
eling salesman problem [9], and random spanning tree generation [115, 128]. We believe

that it is a useful property to be incorporated into network design.

There are many other natural spectral constraints that could help in designing bet-
ter networks, including total effective resistances [70], algebraic connectivity (and graph
expansion) [69], and the mixing time of random walks [30]. These constraints are also
well-motivated and were studied individually before (without taking other constraints to-
gether into consideration, e.g., connectivity requirements), but not much is known about
approximation algorithms with nontrivial approximation guarantees for these constraints
(see Section 6.2).

Convex Relaxation for Generalized Survivable Network Design

It would be ideal if a network designer can control all of these properties simultaneously
to design a good network that suits their need. We can write a convex programming
relaxation for this general network design problem incorporating all these constraints.

In the following, the input graph is G = (V, E) with |V| = n and |E| = m. The

fractional solution is x € R™ where the intended solution is to set x(e) = 1 if we choose
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edge e and x(e) = 0 otherwise. The convex program can be written as follows.

mxin (c,x)
x(6(9)) = f(S) VSCV connectivity constraints)
x(0(v)) < d, YveV degree constraints)
Ax < a AeRE™ a2 e RE (linear packing constraints)
Bx>b

Reff,(x) < 1 Yu,v €V
Ly =M M =0

effective resistance constraints)
spectral constraints)

(
(
(
B eRY™ beRL (linear covering constraints)
(
(
(algebraic connectivity constraint)
(

A
0<x(e) <1 Vee & capacity constraints)

Let us explain the constraints one by one. For the connectivity constraints, we have a
connectivity requirement f,, that there are at least f,, edge-disjoint paths between every
pair u,v of vertices. For each subset S C V, we let f(S) := maxy yuesv¢s fuo and write
a constraint that at least f(S) edges in (S) should be chosen, where x((S)) denotes
Y e 5(5) x(e). By Menger’s theorem, if an integral solution satisfies all these constraints,
then all the connectivity requirements are satisfied. For the degree constraints, each vertex
has a degree upper bound d, and we write a constraint that at most d, edges in §(v) can be
chosen, where x(6(v)) := >~ 5,y x(€). For the linear packing and covering constraints, all
the entries in A, B, a, b are nonnegative, and we assume that A, B have at most a polynomial
number of rows in n, m. For effective resistance constraints, we have an upper bound 7, on
the effective resistance between every pair u,v € V. As in Section 2.4, we write Reff,,(x)
as the effective resistance between u and v in the fractional solution x where each edge
e has conductance x(e). In the spectral and the algebraic connectivity constraints, we
write L, := > .pX(e) - L as the Laplacian matrix of the fractional solution x where L. is
the Laplacian matrix of an edge as defined in Section 2.3. In the spectral constraint, we
require that L, = M for a positive semidefinite matrix M. One could have polynomially
many constraints of this form (just as linear packing and covering constraints), but we only
write one for simplicity. In the algebraic connectivity constraint, we require the second

smallest eigenvalue of the Laplacian matrix of the solution is at least A, which is related
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to the graph expansion of the fractional solution as described in Section 2.3.

This convex program can be solved by the ellipsoid method in polynomial time in n
and m. There are exponentially many connectivity constraints but we can use a max-flow
min-cut algorithm as a polynomial time separation oracle for these constraints (see, e.g.,
[79]). Other linear constraints can easily be checked efficiently, as we assume there are
only polynomially many of them. Next we consider the non-linear constraints. For the
effective resistance constraints, it is known (see Lemma 2.4.5) that Reff,,(x) is a convex
function in x. For the algebraic connectivity constraint, it is known (see Lemma 2.3.1)
that A\ is a concave function in x. For the spectral constraint, the feasible set is a positive
semidefinite cone and is convex in x. So the feasible set for these non-linear constraints
form a convex set. Also, these non-linear constraints can all be checked in polynomial time
using standard numerical computations. Therefore, we can use the ellipsoid algorithm to
find an e-approximate solution to this convex program in polynomial time in n and m with

dependency on € being log(2).

Statements of Main Results

Our first result for network design is the following approximation algorithm for this general

problem. We remark that the degree constraints are not handled in the following result.

Theorem 6.1.1 (Informal, see Theorem 6.1.5 for a formal statement). Suppose we are
given an optimal solution x to the convex program (CP). There is a polynomial time ran-
domized algorithm to return an integral solution z to (CP) that simultaneously satisfies all
the connectivity constraints, the effective resistance constraints, the spectral constraints, the
algebraic connectivity constraint and the capacity constraints exactly with high probability.

The objective value of the integral solution z is
(c,z) (14 0(e))-cp+ 0O (%)

with high probability, where n is the number of vertices in the graph and ||c||, is the
mazximum cost of an edge. Furthermore, the linear packing constraints and the linear

covering constraints are satisfied approximately with high probability.
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We remark that the one-sided spectral rounding theorem in [6] (i.e. Theorem 5.1.1)
can be modified to prove similar but more restrictive results for network design when
the objective function c¢ is the all-one vector and there are no linear covering and packing
constraints. This already extends the scope of unweighted network design significantly, but
this connection was not made before. For network design, it is desirable to have different
costs on edges, and these weighted problems are usually more difficult to solve than the
unweighted problems (e.g., minimum k-edge-connected subgraphs [67] vs [79], minimum
bounded degree spanning trees [65] vs [72], etc.).

Theorem 6.1.1 provides a (1 + O(e))-approximation algorithm if cp 2> %, and a
constant factor approximation algorithm if cp 2 n||c||,. We remark that, for surviv-
able network design, the (1 4+ O(g))-approximation algorithm does not improve on the
2-approximation algorithm of Jain’s result, as Jain’s algorithm always returns a solution

with cost at most cp + 2n ||c|| .

The main advantage of the spectral approach is that it significantly extends the scope
of useful properties that can be incorporated into network design, while previously there
were no known non-trivial approximation algorithms even for some individual constraints.

We demonstrate the use of Theorem 6.1.1 with one concrete setting.

Example 6.1.2. Suppose the connectivity requirement satisfies fu, = k for all u,v € V
(e.g., to find a k-edge-connected subgraph). Assume the cost c(e) of each edge e satisfies
1 < c(e) < O(k). Then Theorem 6.1.1 provides a constant factor approrimation algorithm
for this survivable network design problem. To our knowledge, the only known constant
factor approximation algorithm even restricted to this special case is Jain’s iterative round-
ing algorithm. The algorithm in Theorem 6.1.1 provides a completely different spectral

algorithm to achieve constant factor approximation in this special case.

Furthermore, the constant factor approrimation algorithm can be achieved while incor-
porating additional effective resistance constraints (e.g., to upper bound commute times
between pairs of vertices), spectral constraints (e.g., to dominate another graph/topology
in terms of the number of edges in cuts), algebraic connectivity constraint (e.g., to lower

bound graph expansion). Also, additional linear packing and covering constraints can be
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satisfied approximately, even when they are unstructured. See Section 6.1.3 for an in-depth

discussion.

Recently, Bansal [16] designed a rounding technique that achieves the guarantees by
iterative rounding and randomized rounding simultaneously, and he showed various inter-
esting applications of his techniques. However, he left it as an open question whether there
is an O(1)-approximation algorithm for survivable network design while satisfying some
concentration property of the output. Theorem 6.1.1 provides some progress towards his
question (e.g., in the setting in Example 6.1.2), as the guarantees on the linear packing and
linear covering constraints satisfy some concentration property as shown in Theorem 6.1.5.
We defer to Section 6.1.5 for details.

Our second result for network design is a strong upper bound on the integrality gap of
the convex program that incorporates degree constraints as well, assuming the fractional

solution x satisfies some additional properties.

Theorem 6.1.3 (Informal). Suppose we are given a solution x to the convex program (CP).
Assume that Reff,(u,v) < &2 for every wv € E and |||, < €*(c,x) for some e € [0,1].
Then, there exists an integral solution z that approximately satisfies all the connectivity
constraints, degree constraints, effective resistance constraints, spectral constraints, alge-

braic connectivity constraints, and capacity constraints with (c,z) < (1 + O(¢g)){(c, x).

We remark that Theorem 6.1.3 does not provide a polynomial time algorithm to find
such an integral solution, as it is proved using the non-constructive results in discrepancy
theory. Also, we note that Theorem 6.1.3 does not handle linear covering and packing
constraints. The assumption Reff,(u,v) < €2 for every uv € E may not be satisfied in
applications, and we will explain in Section 6.1.4 when it will be satisfied and show that it

1s not too restrictive.

The organization of remaining of this section is as follows. We begin by explaining
how the spectral rounding results can be used to find a solution for this general survivable
network design problem in Section 6.1.2. Then we will see the implications of Theorem 5.1.3

to network design in Section 6.1.3 and of Theorem 5.1.4 to network design in Section 6.1.4.
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Finally, we discuss how these new results make some progress towards Bansal’s question [16]
of designing an approximation algorithm for survivable network design with concentration

property in Section 6.1.5.

6.1.2 Implications of Spectral Rounding

Suppose we are given an optimal solution x to the convex programming relaxation (CP).
To design approximation algorithms, the task is to round this fractional solution x into an
integral solution z so that z satisfies all the constraints and (c, z) is close to (c, x). There
are many different types of constraints and it seems difficult to handle them simultaneously.
In the spectral approach, the main observation is that if we can find an integral solution
z such that > _pz(e)le = Y . px(e)L. and (c,x) = (c,z), then all the constraints can
be (approximately) satisfied simultaneously. We state this observation in the following

lemma.

Lemma 6.1.4. Let x € R be a feasible solution to (CP). For e € [0, %], any z € L1

satisfies
z(0(S)) = (1—¢)f(S) forall SCV
Reff, (u,v) < (1 4 2¢)ry, for all u,v € V

(
;z<e>-LeH1—e>EEZEX<€>'LE — N Ls(-9-m
)

For e € [0,1], any z € Z7 satisfies

Zz(e) Lex(1+¢) Zx(e) L = z(6(v)) < (1+4¢e)d, forall ve V.

eckE eelr

Proof. Let L, := > .px(e)le and L, := > _pz(e)L.. We start with the connectivity
constraints. For any S C V', let Xg € R™ be the characteristic vector of S with Xg(i) = 1

if 7 € S and zero otherwise. It is well-known that

X:S'FLZXS = X:S’r (Z Z(€>Le> Xs = Zz(e)ngexS = Z Z<€) = Z((S(S))

ecE eckE e€d(S)
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and similarly X§ L, Xs = x(8(5)). So, if L, = (1 — )Ly, then for all S C V we have
2(8(8)) = XgL:Xs > (1 = e)XgLXs = (1 = €)x(3(S)) = (1 — ) f(5).

For the effective resistance constraints, since L, = (1 — ¢)L,, it implies that L] < (1 —
e)'LL < (14 2¢)L] for € € [0, 3], and thus

Reff, (u,v) = b} Lib,, < (14 2)b, Ll b,, = (14 2¢)Reff,(u,v) < (1 + 26)7y.

uv —z uv —Xx

The statements about the spectral lower bound and the algebraic connectivity constraint
follows directly from the assumption that L, = (1—¢)L,. Finally, for the degree constraints,

suppose we are given L, < (1 + ¢)L,, then it follows that
z(0(v)) = X} LXy < (1 + )X, LXy = (1 +)x(6(v)) < (1 +¢€)d,. O

Lemma 6.1.4 says that if z satisfies the spectral lower bound L, = L., then the solution
z will simultaneously satisfy all connectivity constraints, effective resistance constraints,
spectral constraints, and the algebraic connectivity constraint exactly. Moreover, if z also
satisfies the spectral upper bound approximately, then the solution z will approximately
satisfy all degree constraints as well.

6.1.3 Applications of One-Sided Spectral Rounding

We apply Theorem 5.1.3 to design approximation algorithms for network design problems

that significantly extend the scope of existing techniques.

cp ::min (c,x)

x(6(9)) = f(S) VSCV (connectivity constraints)
Ax < a AeRY™ aeRE (linear packing constraints)

x > b B € RT™ beR% (linear covering constraints)
Reffm(x) Tw Yu,v €V (effective resistance constraints)  (CP1)
L, =M M =0 (spectral constraint)
Ao(Ly) = A (algebraic connectivity constraint)
0<x(e) <1 Vee I/ (capacity constraints)
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In network design, a zero-one solution corresponds to a subset of edges where each
edge is used at most once (satisfying the capacity constraints). The following theorem is a

consequence of Theorem 5.1.3.

Theorem 6.1.5. Suppose we are given an optimal solution x to the convex program (CP1).
For any ¢ € (0, %), there is a polynomial time randomized algorithm to return a zero-one
solution z € {0,1}™ to (CP1) satisfying all the constraints exactly with probability at least

1 —exp(—Q(n)) except for the linear constraints. The solution z has objective value

15
(c,z) < (14 6¢)cp + %

with probability at least 1 — exp(—2(n)), and satisfies

15m ||A(%, :
<A(27 :)7Z> < (]. + 68)3(2) —+ M
with probability at least 1 — exp(—S2(n)) for each linear packing constraint, where A(i,:) is

the i-th row of A, and satisfies

(B(4::),2) 2 b(3) = on B, )|l »

with probability at least 1 —exp(— min{ed, €6°}-Q(n)) for any § > 0 for each linear covering
constraint, where B(j,:) is the j-th row of B.

Proof. We assume without loss of generality that the graph G = (V, E; x) formed by the
support of the fractional solution x is connected, and so L, has rank n — 1. Then, we apply

a transformation similar to (2.12).

Let L, = Y% N\ - yu] = UAUT be the eigendecomposition of L,, where A =

=2 7
diag(Ag, ..., A,) is a diagonal matrix that contains the n — 1 nonzero eigenvalues of L,, and

the columns of U € R™*("~1) are the corresponding eigenvectors. We define

1
ve:=U"L2b,, forallec E. (6.1)
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Note that each v, € R*'. Then

1 t toot
> x(e) - vev, = UL (Zx(e)bebj> L2U=UTL2L LU =, ).
ecekE ecE
For any ¢ € (O,%), we apply Theorem 5.1.3 to x € [0,1]¥ and {v.}eep to find a zero-
one solution z € {0,1}* such that >, _pz(e) - vev, > l,_; with probability at least
1 — exp(—Q(n)).

Since the columns of U are the eigenvectors (y;’s) of L, which span the (n — 1)-
dimensional subspace orthogonal to I,,, it holds that
1 1
1 LZUUTLE = Ly,
w'=1,—-11" = . :

" LZUUTLE = |,

i T
Thus, Y,.pz(€) - vev,” = l,—1 is equivalent to UTLZ (ZeeE z(e)- beb;r> L2U = I,_1, which
further implies

1 1 1 1 1 1
LZUUT L2 (Zz(e) : beb;r> LZUUTLE = LZUUTLE = ) z(e)- beb) = L. (6.2)

eck eck

Therefore, the zero-one solution z satisfies all the constraints in (CP1) except for the

linear constraints by Lemma 6.1.4.

Theorem 5.1.3 also guarantees that with probability at least 1 — exp(—£2(n)) the ob-
jective value of z is at most

15n [[el

(c,z) < (14 66¢)(c,x) + .

The guarantees for the linear packing constraints follow the same way as for the objec-

tive function, and the guarantees for the linear covering constraints follow from the lower
bound part of Theorem 5.1.3. n
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We demonstrate the use of Theorem 6.1.5 in some concrete settings. The first example
shows that Theorem 6.1.5 provides a spectral alternative to Jain’s iterative rounding algo-
rithm to achieve O(1)-approximation for a fairly general subclass of the survivable network

design problem.

Example 6.1.6. Theorem 6.1.5 is a constant factor approximation algorithm as long as
nlcll, = O(cp). Suppose that in our network design problem the average degree is at least
dave and the costs on edges are positive integers with ||c|| . = O(davg) (e.g., in the minimum
k-edge-connected subgraph problem every vertex has degree at least k and 1 < c(e) < O(k)
for e € E, or the solution requires a connected subgraph and 1 < ¢, < O(1) fore € E,
etc). Then cp = Q(dagn) = Q||c||, 1) and Theorem 6.1.5 provides a constant factor

approximation algorithm.

The additive error term n ||c||, is the reason that we could not achieve constant factor
approximation in general, but this term is unavoidable in the one-sided spectral rounding
setting when we need to satisfy the spectral lower bound exactly. See Section 5.4 for
examples showing the limitations. Heuristically, we can compute cp and if n ||c||, = O(cp)

then we know Theorem 6.1.5 will provide good approximate solutions.

The second example shows that Theorem 6.1.5 returns good approximate solution to

survivable network design while incorporating many other constraints simultaneously.

Example 6.1.7. Suppose the connectivity requirement is to find a k-edge-connected sub-
graph, or more generally fu, =k for all u,v € V. Assume the cost c(e) of each edge e is
at least one. Then cp = Q(kn).

When the cost function satisfies ||c||., = O(k), then Theorem 6.1.5 implies that there
1s a polynomial time randomized algorithm to return a simple k-edge-connected subgraph
satisfying all the constraints in (CP1) except for the linear constraints (with some non-
trivial guarantees), and the cost of the subgraph is at most a constant factor of the optimal

value.

When the cost function satisfies ||c||,, = O(1), then Theorem 6.1.5 implies that there is

a polynomial time randomized algorithm to return a k-edge-connected subgraph satisfying
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all the constraints in (CP1) except for the linear constraints, and the cost of the subgraph
1

s at most 1 + O(\/LE) factor of the optimal value by setting € = @(\/_E)
The third example shows when the linear packing and covering constraints can be

satisfied up to a multiplicative constant factor. See also Section 6.1.5 for a related question
asked by Bansal [16].

Example 6.1.8. For linear covering constraints, suppose they are of the form Y . x(e) =
b; for some subset ' C E where b; > n, then the returned solution z will almost satisfy
this constraint as ), . z(e) = b(j) — on||B(j,:)|l = (1 = 8)b(j) for some 6 > 0. So,
these unweighted covering constraints with large right hand side can be incorporated into
survivable network design, even though they can be unstructured. By a similar arqument,
any unweighted packing constraints with large right hand side will be only violated by at most
a multiplicative constant factor with high probability. It was not known that Jain’s iterative

rounding can be adapted to incorporate these linear covering and packing constraints.

We will present more applications of Theorem 6.1.5 in Section 6.2, where they can
be used to design approximation algorithms for network design problems with spectral
requirements. These problems were studied in the literature before but not much is known

about approximation algorithms with performance guarantees.

6.1.4 Applications of Two-Sided Spectral Rounding

If we can achieve two-sided spectral rounding in network design, then we can also approx-
imately satisfy the degree constraints by Lemma 6.1.4. However, to apply Theorem 5.1.4,
we need to satisfy the assumption that the vector lengths are small. It is known that the
vector lengths in the spectral rounding setting corresponds to the effective resistance of the

edges in the fractional solution x. In the following, we describe when two-sided spectral
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rounding can be applied, and discuss what are the implications for network design.

cp := min (c, x)

x(0(9)) = f(S) VSCV (connectivity constraints)

x(6(v)) < d, YoeV (degree constraints)

Reff,o(x) < 1w  Yu,v €V (effective resistance constraints) (CP2)
Ly =M M =0 (spectral lower bound)

Aa(Ly) = A (algebraic connectivity constraint)

0<x(e) <1 Veec E (capacity constraints)

Theorem 6.1.9. Suppose we are given an optimal solution x to the convex program (CP2).
For any € € [0,1], if Reff,(u,v) < &2 for every wv € E and ||c|,, < €*(c,x), then there

exists a zero-one solution z € {0,1}™
(1-0(@)ly x L, g (1+0(e))Lxy and (1 —0(e)){c,x) < {c,z) < (14 O(e)){c,x)

This implies that all the constraints of (CP2) will be approzimately satisfied by z (e.q.,
z(0(9)) = (1—=0(e)) f(S) for all S CV and z(6(v)) < (1+ O(g))d, for allv € V') and the
objective value of z is at most (14 O(e))cp.

Proof. We apply the same transformation as in (6.1) to obtain vector v, for each edge
e € E such that Y, _px(e) - vev, = l,_; as in the proof of Theorem 6.1.5. Using the
assumption that Reff,(7,7) < &2 for every edge ij € E, it follows that

1 1 1
lvisl|2 = b L2 (/n - —11T)LX2 by = b:Liby; = Refl,(i, j) < & for all ij € E,
n

ij X

and thus the assumption in Theorem 5.1.4 is satisfied. We can then apply Theorem 5.1.4
on {v.}. and c to conclude that there exists z € {0, 1}¥ such that

(1= 0E)h-1= Y z(e) - vev, K(1+0(E)hy  and  (c,2) < (14 0(e))(c,x).

eck

By the definition of v,’s, this implies that

(1-0@E)Lex L= z(e) - bb] < (1+0(e))Ls.

eckE
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By Lemma 6.1.4, the zero-one solution z satisfies all the constraints of (CP2) approxi-

mately. O]

In the following, we compare Theorem 6.1.9 to Theorem 6.1.5.

1. Approximation guarantees: When Theorem 6.1.9 applies, it can handle degree
constraints as well and basically preserves all properties of the fractional solution
(e.g., upper bound and lower bound on every cut). It also gives strong approxima-
tion guarantee for the objective value, getting arbitrarily close to the optimal value.
However, the constraints are only approximately satisfied, while in Theorem 6.1.5
they are exactly satisfied. Theorem 6.1.9 can only handle one linear constraint,
which is used for the objective function, while Theorem 6.1.5 can handle many linear

constraints simultaneously with an additive error term.

2. Assumptions: Theorem 6.1.5 apply without any assumptions, but Theorem 6.1.9
only applies when Reff,(u,v) < €% for all wv € E and ||c||, < €%(c,x). The as-
sumption about the cost is moderate, as it only requires the maximum cost of an
edge is at most €2 fraction of the total cost of the solution, which should be satis-
fied in many applications with small €. The main restriction is the first assumption
about effective resistances, which may not be satisfied in network design applications,
and we would like to provide some combinatorial characterizations under which the
assumption will hold. Let Reffgium = max,, Reff(u,v) be the effective resistance
diameter of a graph; note that the maximum is taken over all pairs (not just for
edges as required in Theorem 6.1.9). For example, it is known that [39] a d-regular
graph with constant expansion has Reffg.n < O(é). So, if the fractional solution
x is close to a d-regular expander graph, then Theorem 6.1.9 can be applied with
€= \/Lé' It is proved in [4] that a much milder expansion condition guarantees small
effective resistance diameter. For example, in a d-regular graph G, as long as for
some 0 <7 < %,

azn

1 1
16(S)] = Q <(d|5|)5+’7> foral SCV =  Reffgam <O ( > :
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Note that a d-regular graph with constant expansion satisfies the much stronger
assumption that |§(S)| = Q(d|S|). Informally, the above result only requires |§(.5)]
to be roughly the square root of d|S| to show that the graph has a small effective
resistance diameter (e.g., 3-dimensional mesh). So, as long as the fractional solution
x is a mild expander as defined in [4], the assumption in Theorem 6.1.9 will be
satisfied with small e. As another example, if the algebraic connectivity Aa(Ly) of the
fractional solution is at least say %, then we have Reff giam < €2 so that Theorem 6.1.9
can be applied. Heuristically, if one could add the constraints that Reff,,(x) < &
for uv € E so that the convex program (CP2) is still feasible without increasing the
objective value too much, then one could then apply Theorem 6.1.9 to bound the

integrality gap of the convex program.

3. Algorithms: There are polynomial time algorithms to return the solutions guaran-
teed in Theorem 6.1.5, while the proof of Theorem 6.1.9 is non-constructive. In net-
work design, Theorem 6.1.5 give us approximation algorithms, while Theorem 6.1.9
only gives us integrality gap results for the convex programming relaxation (that
there exists a zero-one solution almost satisfying all the constraints with objective

value close to the optimal value).

6.1.5 Concentration Property in Survivable Network Design

Recently, Bansal [16] designed a rounding technique that achieves the guarantees by it-
erative rounding and randomized rounding simultaneously. Suppose there is an iterative
rounding algorithm for a problem satisfying some technical assumptions. Bansal’s algo-
rithm will satisfy essentially the same guarantees of the iterative rounding algorithm, and
simultaneously the following concentration property with 8 = O(1) with respect to linear

constraints as if the algorithm does independent randomized rounding.

Definition 6.1.10 (S-concentration). Let § > 1. For a vector valued random variable
X = (Xy,..., X)), where X; are possible dependent 0-1 random wvariables, we say X is
B-concentrated around the mean x € R™ where x(i) = E[X;], if for every a € R" with

M = max; |a(i)|, (a, X) is well-concentrated and satisfies Bernstein’s inequality up to a
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factor of B in the exponent, i.e.

t2/6 )
Pi(a,X)—(a,x) >t <exp|— — , , - .
(o020 = 07> ] o (st s
Bansal showed various interesting applications of his techniques, with x being the frac-
tional solution to the linear programming relaxation and X being the zero-one solution
output by the approximation algorithm. However, he left it as an open question whether
there is an O(1)-approximation algorithm for survivable network design (the guarantee

achieved by Jain’s iterative rounding algorithm) with O(1)-concentration property.

Our iterative randomized swapping algorithms satisfy similar but weaker concentration
properties. Let x € [0,1]™ be the fractional solution to the one-sided spectral rounding
problem. The algorithm in Theorem 5.1.3 will output a vector-valued random variable
X € {0,1}™ such that for any a € R} with M := max; a(i),

nM

El[(a, X)] < (1 +O(¢))(a, x) + O(T) and

P[(a, X) — E[(a, X)] > 1] < exp [—Q (#Mn)] ,

where n is the dimension of the problem (i.e. the dimension of the vectors) and o* =
O(M ({a,x)+nM/e)) is a term related to the variance of the randomized swapping process.
In other words, the random variable (a, X') is concentrated around the expected value
E[(a, X)], but the expected value E[(a, X)] could deviate from (a, x) by O((a, x) +nM/ec)
and the concentration property is weaker than the one required in [-concentration, as
the upper bound of o? we can obtain is larger than the term > ;" a(i)%x(¢)(1 — x(4))
in the [-concentration definition. We note that both Bansal’s proof and our proof use
Freedman’s concentration inequality or its variant. Using Theorem 6.1.5, we made some

progress towards Bansal’s question.

Corollary 6.1.11. Let x € [0,1]™ be an optimal fractional solution to the survivable net-
work design problem (i.e. (CP1) with only connectivity and capacity constraints). Suppose
nlcll, = O(c,x)). Then there is a randomized polynomial time algorithm to return a so-

lution z € {0,1}™ to the survivable network design problem so that (c,z) < O({c, x)) with
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probability at least 1 —exp(—§2(n)). Furthermore, for any a € R and 6 € (0, 1) it holds that
(a,x)—on||al|, < (a,z) < O((a,x)+n | all, ) with probability at least 1 —O(exp(—(6n))).

We remark that one can add linear constraints a to the convex program in our framework
before we apply the rounding, so that we have some control over (a, x) of the fractional
solution x and hence some control over (a,z) of the zero-one solution z. But it may
not be possible to add linear constraints to the relaxation in Bansal’s setting, as adding
constraints may make the underlying iterative rounding algorithm stops working (e.g., we
do not know of an iterative rounding algorithm for the survivable network design problem
with additional linear packing or covering constraints). See Example 6.1.8 for a related
discussion. Our results suggest that the spectral approach is perhaps more suitable for

achieving concentration property for survivable network design.

6.2 Spectral Network Design

There are several previous work on network design problems with spectral requirements.
In this section, we will see that these problems are special cases of the general network
design problem in Section 6.1, and our results provide improved approximation algorithms
for these problems and also generalize these problems to incorporate many additional

constraints.

6.2.1 Maximizing Algebraic Connectivity

Ghosh and Boyd [69] study the problem of choosing a subgraph that maximizes the al-
gebraic connectivity (the second smallest eigenvalue of its Laplacian matrix) subject to a

cost constraint. The problem is formulated as follows:

Aopt 1= Eé%}é A2 (Z x(e) - beb6T>

ecE

subject to Z c(e) - x(e) < C, (6.3)

eckE

x(e) € {0,1},Ve € E,
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where c(e) is the cost of edge e for e € F and C' is the given cost budget. As mentioned
in [69], the algebraic connectivity is a good measure on the well-connectedness of a graph,
as

S, 18S)]

ISI[S] S “odisiga [8]

where the first inequality is proved in [59]. Thus, any graph with large Aop has no sparse

Aa(Lg) < min

cuts, which also implies that the mixing time of random walks is small.

Ghosh and Boyd show that if the constraint x(e) € {0,1} is relaxed to x(e) € [0,1],
then the relaxation is convex and can be written as a semidefinite program. They proposed
a greedy heuristic based on the Fiedler vector for the zero-one cost setting (where c(e) €
{0,1} for all e), but they do not provide any approximation guarantee of their heuristic

algorithm.
Kolla, Makarychev, Saberi and Teng [86] provide the first algorithm with non-trivial

approximation guarantee in the zero-one cost setting. Using subgraph sparsification tech-
niques, they give an algorithm that returns a solution which violates the cost constraint
by a factor of at most 8 and having algebraic connectivity at least Q(A2,./A) where A is

the maximum degree of the graph.

We observe that if we project the vectors b, onto the rank n — 1 subspace orthogonal
to the all-one vector, then the objective function of (6.3) is simply the reciprocal of the
objective function of the E-optimal design problem (see Chapter 7). This immediately
implies that the result of Allen-Zhu, Li, Singh and Wang [6] (Theorem 5.1.1) can be
applied to give a (1 + €)-approximation algorithm for the unweighted problem as long as
C >5n/ 2, although this connection was not made before.

The one-sided spectral rounding results in Chapter 5 imply the following approximation

result for general non-negative cost functions.

15n||c||

Theorem 6.2.1. Suppose C' > === for some ¢ € (0, ;

,3)- There is a polynomial time
randomized algorithm which returns a zero-one solution z € {0,1}¥ for (6.3) with with

probability at least 1 — exp(—$2(n)) such that

Ao (Z z(e) - bebj> > (1-0()Aope and > cle) - z(e) < C.

eckE e€R
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Proof. We apply the same transformation as in (6.1) to obtain vector v, for each edge
e € E such that >, x(€) - vev,” = l,_1. Then, apply Corollary 5.2.3 with v = ¢ on {v.},
x and c to find a z € {0,1}¥ such that

Zz(e) VeV, = (1 —4e)h, and (c,z) < C

c€E
with probability at least 1—exp(—£2(n)). The theorem follows by the reverse transformation
of v.’s in (6.2). O

As shown in Section 6.1, the constraint Ao(3" .. x(e) - beb. ) = Aopt can be incorporated
into network design, and so Theorem 6.1.5 implies the following result.

Theorem 6.2.2. There is a polynomial time randomized algorithm which returns a zero-
one solution z € {0,1}™ with probability at least 1 — exp(—(n)) such that

A2 <ZZ<€) . beb;r> = >\opt and Zc(e) 'Z(e) < (1 +O(E))C+O(HHCHOO)

eclk eckE €
Furthermore, this can be done while incorporating other constraints (e.g., connectivity con-

straints) as described in Theorem 6.1.5.

6.2.2 Minimizing Total Effective Resistance

Ghosh, Boyd and Saberi [70] study the problem of designing a network that minimizes the

total effective resistance. The problem is formulated as follows.

. 1
Ropt := min B Z Reff,,(x)

z€RIE] u,veV
subject to Zx(e) < k, (6.4)
ecl

x(e) € {0,1},Ve € E.
They showed that if the constraint x(e) € {0,1} is relaxed to x(e) € [0,1], then the

relaxation is convex and can be written as a semidefinite program. They did not provide

any result for the discrete optimization version in (6.4).
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Ghosh, Boyd and Saberi |70] also show that the total effective resistance is a useful
measure in different problems, e.g., average commute time, power dissipation in a resistor
network, Elmore delay in a RC Circuit, total time constant of an averaging network, and
euclidean variance. Furthermore, they established a connection between (6.4) and the A-
design problem described in Chapter 7. To see this, note that the objective of (6.4) can

be written as

% S Reff, (v, v) :% S bl Liby, = <LL,% 3 bwb;,>

u,veV uF#veV uF#veV
= <Li,n/n — 1n1nT> =ntr (Li) ,

where the last equality follows as L! is orthogonal to 1,. Hence, minimizing total effective
resistance is equivalent to minimizing tr(LL) = tr (3,5 x(e)beb))T), which is the same as
the A-design objective function after we project the vectors onto the subspace orthogonal

to the all-one vector.

With this connection, all the recent algorithms for the A-optimal design can be applied
to solve (6.4). For instances, the regret minimization algorithm in [6] gives a (1 + €)-
approximation algorithm when k& > Q(n/e?), and the proportional volume sampling in [118§|

achieves (1 + ¢)-approximation with weaker assumption k > Q(n/e).

With a same reduction as in Theorem 6.2.1, we obtain the following approximation
result for the more general weighted setting, where every edge has a cost c(e) and we are

given a cost budget C as in (6.3).

Theorem 6.2.3. Suppose C' > % There is a polynomial time randomized (1+O(¢))-

approximation algorithm for the weighted version of (6.4).

The assumption of C' can be improved to C' > Q(%) by a refined analysis of the

iterative randomized rounding algorithm (see Corollary 7.1.7).

As shown in Section 6.1, the effective resistance constraints can be incorporated into

network design, and so Theorem 6.1.5 implies the following result.
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Theorem 6.2.4. There is a polynomial time randomized algorithm which returns a zero-
one solution z € {0, 1}™ with probability at least 1 — exp(—Q(n)) such that
1 n o
5 Z Reff,(u,v) < Rope and Z c(e)-x(e) < (1+0(e)C + O(T)
u,veV eck
Furthermore, this can be done while incorporating other constraints (e.g., connectivity con-

straints) as described in Theorem 6.1.5.

6.2.3 Network Design for Effective Resistances

Using similar reduction as in Theorem 6.2.1 and Theorem 6.2.3, we can handle network
design problems with a budget constraint and the objective function being the sum of mul-

tiple pairs of effective resistances. We can obtain similar guarantees as in Theorem 6.2.3.

However, we would like to point out that when the budget C' is small, e.g., sublinear
in n, the spectral rounding technique cannot provide good approximation guarantee. This
is unavoidable as suggested by the tight examples of spectral rounding (see Section 5.4).
In Chapter 8, we consider a special case in this regime, and manage to find a constant

approximation algorithm without using spectral rounding in special settings.

We leave it as an open problem that whether the spectral techniques can help to design

good approximation algorithm in this regime.

6.3 Unweighted Spectral Sparsification

We show that the spectral rounding results can also be applied to the study of unweighted

spectral sparsification.

6.3.1 Previous Work

Batson, Spielman, and Srivastava [21] proved that any graph has a (1 4 ¢)-spectral spar-
sifier with only O(n/e?) edges, by carefully reweighting the edges of the original graph
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where different edges may have different weights (see Section 2.5 for more details). If we
require all the edges to have the same weight, then there are simple examples (e.g., barbell
graphs) showing that linear-sized spectral sparsification is not always possible. In a recent
paper [20], Bansal, Svensson and Trevisan asked whether there is a non-trivial notion of
unweighted spectral sparsification with which linear-sized spectral sparsification is always
possible. They study a notion suggested by Oveis Gharan.

Definition 6.3.1 (Additive Unweighted Spectral Sparsifier). Given a graph G = (V, E)
with n vertices, m edges and maximum degree dy., a subgraph G = (V, F) with m edges

is an additive spectral sparsifier with error € € [0,1] if

m
_5dmaxln < TL@ - LG < é‘dmax/'m
m

Bansal, Svensson and Trevisan [20| prove that sparse additive unweighted spectral
sparsification is always possible, and they provide both deterministic and randomized al-

gorithms for constructing these sparsifiers.

Theorem 6.3.2 (Randomized Construction [20]). Given a graph G = (V, E) with n ver-
tices, m edges, maximum degree dy.y, and e € (0,1), there is a polynomial time randomized
algorithm that finds a subset of edges F C E with size m = |F| = O(ne?log(1/¢)?) such
that G = (V, F) satisfies

m
_5dmaxln < TL@ - LG < gdmax/n-
m

Theorem 6.3.3 (Deterministic Construction [20]). Given a graph G = (V,E) with n

vertices, m edges, maximum degree dyay, and € € (0,1), there is a polynomial time deter-
23

ministic algorithm that finds a multi-set F' of edges with size m = |F'| = O(Z%) such that

G = (V, F) satisfies

27 Dg; — 2D — eduae] < = Lg — Lo < dimal,
m m

where Dg is the diagonal degree matriz of G and Dg s the diagonal degree matriz of G.
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The proof of Theorem 6.3.2 is by Lovasz local lemma and the converse of expander
mixing lemma by Bilu and Linial. The proof of Theorem 6.3.3 is by the regret minimization
framework of Allen-Zhu, Liao and Orecchia [7].

Note that Theorem 6.3.3 has a slightly weaker spectral lower bound guarantee than
Theorem 6.3.2. Also, Theorem 6.3.3 can only return a multi-set solution where some
edges can be used more than once, and so the sparsifier is integer weighted rather than

unweighted where every edge has the same weight.

6.3.2 Nonconstructive Spectral Rounding and Unweighted Spec-

tral Sparsification

We show that the existence of a linear-sized additive unweighted spectral sparsifier follows
from the two-sided rounding result in Theorem 5.3.2. The idea is to view the original graph
as a fractional solution where every edge e has x(e) = m/m, and then use Theorem 5.3.2 to
round this fractional solution to a zero-one solution while preserving the spectral properties
of the original graph. The additional linear constraint in Theorem 5.3.2 allows us to bound

the number of edges in the sparsifier.

Theorem 6.3.4. Suppose we are given a graph G = (V, E) with n vertices, m edges, and
mazimum degree dp.. For any e € (0,1], there exists a subset of edges F C E with
|F| € [(1 —4v2e)m, (14 4v/2¢)m| where m = % such that

_8\/§€dmax/n < LG - @ Z beb;r =< 8\/§5dmax/n~
m

ecF

Proof. The plan is to apply Theorem 5.3.2 with v, := b,, x(e) := % and ¢ := 1,,. We will
first define the parameters A and [ and check that the assumptions I < v/ and ||c|| %
in Theorem 5.3.2 are satisfied. Note that

Z x(e) - vev,

ecE

2 dmaxm

I

ILcllop < and ||| =V2forallec E.

op
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So we define )\ := % and [ := /2. We check that \ = W = 2dn > 6% >2=10% and

T &2m
l2 <C,X> — 277L — m
A 2dmaxm/m dmax

that there exists a subset of edges F' C E (corresponding to the zero-one solution z) such

that

> 1=||c||l,- Therefore, we can apply Theorem 5.3.2 to conclude

dmax~
Zx(e) ey, — Z vev, || <16 T and
ecll ecl op m
Zx(e)c(e) - Z cle)| <8 dmZLXﬁ”L (¢, x).
eck ecF
Plugging in x(e) = % and ¢ = 1 and m = 7, the first statement implies that

m m Amaxm
Lo — = E v || = E vy, — — E vev || <164 2=
m m m
ecl op eeFE eeF op
2
E2dmaxm
=16 mT < 8v2ed max,

dmaxm

where the last inequality uses m < “2x* as the maximum degree is dpay. Finally, the

second statement implies that

2
SN m < A2, 0

|m —|F|| <8

max

Note that Theorem 6.3.4 improves Theorem 6.3.2 slightly by removing a factor of
log®(1/e) in the number of edges of the sparsifier. This confirms the existence of unweighted

additive spectral sparsifiers with O(Z%) edges, which was not known before. More generally,
lle

i L to obtain a sparsifier
max

we can use the same proof with a cost function ¢ with ||c||_, <

with m = & and
€

m
Lo— =) vV, || <8V2edmu and
G mZvve V2e an

(1-4v22) Y cle) < % S cle) < (1+4v20) Y cle).
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We remark that the same reduction in [20] can be used to replace dmax! by Dg + davg!

where D¢ is the diagonal degree matrix of G' and d,y, is the average degree in G.

The main disadvantage of Theorem 6.3.4 is that it does not provide a polynomial time
algorithm to find such a sparsifier. It is a major open problem to make the method of

interlacing polynomials used in [110, 111, 91] constructive.

6.3.3 Constructive Spectral Rounding and Unweighted Spectral

Sparsification

For the determinstic algorithm, using similar techniques in [5, 6] which proves Lemma 4.2.9,

we can strengthen Theorem 6.3.3 by returning a subgraph with no parallel edges.

Theorem 6.3.5. Given a graph G = (V, E) with n vertices, m edges, mazimum degree

dyax, and € € (0, %), there is a polynomial time deterministic algorithm that finds a subset

F of edges with size m = |F| = O(%) such that G = (V, F) satisfies

m m
Q%Dé —2Dg — O(&)dmaxh < %Lé — Lg =< O(&)dmax -

The algorithm is a slight modification of the algorithm in [20], which is a greedy al-
gorithm based on the regret minimization framework. The analysis of the algorithm is
also slightly different from the one in [20] that we apply the generic regret bound in Theo-
rem 4.2.6 with feedback matrices in general form (do not need to be positive semidefinite

or negative semidefinite). In particular, the feedback matrices are of the following form

+

Lg —mL,
Fo=0 and F = G m
Lé

for some e € K and t > 1,
—mlL}

where Lg is the Laplacian matrix of the original graph, L. := Dg + Ag is the signless-
Laplacian of the original graph, and L. and LI are the Laplacian and signless-Laplacian
matrix of a single edge e. Note that we always have F; < 2dyaxh, as Lg <X 2dmaxl, and

L < 2dpaxly, for a graph G of maximum degree dyyax.
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Greedy Additive Spectral Sparsification

Input: An error parameter ¢ € (0,1), and a graph G = (V, E) with n vertices, m > i—’;

edges and maximum degree d,.x.
Output: A subgraph G of G with m = O(Z) edges satisfying

m m
QTD‘” - 2D - O dmaxln '\< TL" - L '\< O dmax/n-
e G (€) MG T ke (e)

1. Initialization: Set Sy <=0, Fy <= 0, 7 <= %, and a < T

2. Fort=1to 7 do

(a) Compute the action matrix A, = (« Z;;B F;+1h,) 2, where [, € R is the
unique value such that A; > 0 and tr(A;) = 1.

(b) Select an edge e; € E\S;_1 such that

A LG—mLet >—2\/ﬁ:—€d
s LJGr—mL:; = am max-*

(c) Set

LG —mLet
Ft — ( Lé B mL;) and St < St—l U {et}.

3. Return G = (V, S;) as the solution.

Note that we can assume m > 3—7; = 271, as otherwise we can simply return G=0aG
as our solution. The only difference with the algorithm in [20] is in Step 2(b), where we
insist on choosing an edge e; € E '\ S;_; to guarantee that the returned solution is a simple

subgraph. If there is no such restriction, then a simple averaging argument in |[20] shows

1Step 2(a) can be implemented with a binary search step as mentioned in Remark 4.3.1.
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that there is an edge e € F with the inner product in Step 2(b) being non-negative. With
this restriction, we will use the closed-form of the action matrix and Lemma 4.2.9 to show
that there is still an edge with the inner product in Step 2(b) being not too small. The

following lemma is the new ingredient for the proof of Theorem 6.3.5.

Lemma 6.3.6. Foreachl <t<71anda = \/dljm’ there always exists an edge e € E\S;_4
such that

A Lg—mLe >—2\/ﬁ>—5d
15 Lg—ij = T = max:*

Proof. The sum of the inner product over all edges in E\S;_; is

S(A (T )

6€E\5171
. Lg—mLe Lg—mLe
=30 (A (7 e )) = 30 (A (T )
eckE ecSi_q

mLg—m Le Lg—mLe
= <At7 < ¢ ZGEE ng_mzeeE L;‘r)> - <At7 Z < ¢ LE—mL:>>
Log—mL,
:_<At, S (- Lg_mg)>,

e€ESt—1
where the last equality follows from > L. = Lg and Y., LY = L{. Let
LG — mLe
e€Si_1 LG - mLe

and let the eigenvalues of Z; be A1, ..., Ag,. Note that A\pin(Z;) < 0 as tr(Lg) = tr(L) = 2m
and mtr(L.) = mtr(L}) = 2m which imply that tr(Z;) = 0.

Observe that A; = (Ithy, + @Z;)™? and so A; and Z; have the same eigenbasis, and the
i-th eigenvalue of A; is (I; + a);)~2. It follows that

2n omn om
= Ljo 13 L+a)
- A ,Z = _—_— [
(A, Zy) ; (I + a);)? ; (I, + aX)?  « ; (I, + a);)?
3 1
_ b tr(A?) > () — tr(A?) > _ﬁ
«

Q
Q
Q



where the first equality in the second line is because tr(A;) = 1 and (I; + a);) "' is the i-th
1
eigenvalue of A2, the second last inequality is by A; > 0 which implies that {; > —aAyin(Z),
1
and the last inequality is by Apin(Z;) < 0 and tr(A?) < v/n from Claim 2.1.10.

Since |E \ S;_1| = m —t + 1, an averaging argument shows that there exists an edge
e € E\S;_1 such that

L, (te—mL RV
b Lt —mlL} “ alm—t+1)7  am’

G

where the last inequality is because m —t+1 > m — 7+ 1 > m/2 by our assumption

£

—r m 3 i
T = = S 9 Flnally, when a = m,

WVn 2 fdwan o pa— g
e

X
am m

where the first inequality is by our assumption 7 = % < %, and the second inequality

follows from dp.cn > m > i—? which implies € > di. O

Given Lemma 6.3.6, the rest of the proof is similar to the one in [20], the main difference
is that we apply the regret bound in Theorem 4.2.6 instead of the one in [7]. The following

lemma bounds several crucial terms in the regret bound in Theorem 4.2.6.

1
Lemma 6.3.7. Let Py := (LG Lg)Z and Ny := (mLet Lt )2 such that PP — NN = F.

If a = Jchiﬁ’ then

1 1
<Pt'DtT7At><2dmax7 05‘AtZlDtlDt—l—AtZ

<e¢ and
op

< 3e.
op

(NNT, A < (24 )dans @ ‘ AF NN AF

Proof. Since 0 < Lg, L, < 2duaxhy, it follows that 0 < PP = (LG " ) < 2dyanlon. The
density matrix A; has trace one, thus (PP, A;) < 2dmax.
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Since the feedback matrices F; have a block diagonal structure, by the closed-form

solution of the action matrix in (4.9), A; also has the same block diagonal structure

B
At:<t C), where 0< By, G < 1.
t

= Imax
op

where the last inequality follows by 0 < Lg, ng < 2dpaxl, and 0 < B;, G < 1,. For
it holds that 04‘ IP,PT A

Therefore,

F i

|aippT A HC‘*L*Ci

op

} < 2dmax, (6.5)

< e. Note that this is pretty loose bound.

op

O = T’
Then, we consider the term (N;N,", A;). The choice of edge e; and Lemma 6.3.6 guar-

antee that
(PRI AY — (NNT AY = (A (7)) > e

As we already proved that (PP, A;) < 2dpax, it follows that

(NN ALY < (24 €)diax. (6.6)
Finally, we consider the term « ‘ SNNTAM . Similar to (6.5), it hols that
op
1 T 1 1 1
op op op

We will just bound the first term, as the second term can be bounded the same way.

Let B =Y | \i - yiy;' be the eigendecomposition of B;, and let w = v/m - b, so that

ww' = mL,, and ||w|, = v2m. Then

o =w' Bw = Z \/)‘_z (w,y:)®

\/Z (w, ;)2 \/Z (w, yi)?
= lwll, - VW Biw
= V2m - \/m(8B, L),
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where the inequality is by Cauchy-Schwartz, and the last equality follows from w'Bw =
m(B, Le,). Notice that m(B;, L.,)+m(C, L) = (N;N,", A;) and both (B,, L.,), (G, L) >0,
thus it follows from (6.6) that m (B, Le,) < (2 + €)dmax, which implies

< 2\/(1 + E)dmaxm.
op 2

1 1
The same arguments gives the same upper bound on m||C* LS C||. Therefore, for

1

BiL, Bf

m L

a= = ‘;m with € € (0, 1),
a‘AiNN A% <—/—-2 <1—|——>dm m < 3¢ [
R P Vdmaxm 2 s

We are ready to prove Theorem 6.3.5 with Theorem 4.2.6.

Theorem 6.3.5. Given a graph G = (V| E) with n vertices, m edges, mazimum degree
Ayax, and € € (0, %), there is a polynomial time deterministic algorithm that finds a subset

F of edges with size m = |F| = O(%) such that G = (V, F) satisfies

m m
27D~ - 2D - O dmaxln '\< TL" - L '\< O dmaxln-
e G (€) MG TG (€)

1 1
Proof. Let P, := <LG Lg)Q and N; := (mLet i ) ° By Lemma 6.3.7, when o = T;Xm

with small enough ¢ (e.g., ¢ € (0,5)), it follows that a||Af NN, Al || < 3e < 3 for all ¢.
Therefore, we can apply Theorem 4.2.6 and get

min t ] = 1 1 — 1 I — .
= = \14+ 20 ’ AjP,PTAI 1-2a ‘ AT NN A a

op op

1 1 1 1
AfP.PIA; Af NN, A/

< 3¢ by Lemma 6.3.7, it follows that

<5anda‘
op

Since o ’
op

T " ((PPTA)Y (NNTA) 2\/n
)\min F 2 - -
(; t) ;( 1+ 2 1— 6¢ a

¥ (PPl — NN ALY — 6e(PPTA) — 2e(N, N, A) - 24/
t=1

(14 2¢)(1 —6¢) a
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By Lemma 6.3.6 (PP, — N;N,", A;) > —edpay, and by Lemma 6.3.7 (PP, A;) < 2dpmax

and (NN, A) < (2 4 €)dmax- Thus for a = -—=—, 7 = 2, and ¢ € (0, 15) it holds that

TLg— XT: mLet T 2 /dmax
)\min ( =t T ) - )\min Z Ft 2 _O(E)Tdmax_—?nn > _O(g)Tdmaxa
TLE—3 mLd, P €

where the last inequality holds as dma.cmn < d2, .n? = e*d?, 2.

max max

Let m:=7and Lz =), , L.,. From the first block, we have
- m
La — Le = -0 dmaxln 7L~ —L < dmaxln-
Tle ;m t (e)7 = =lg—Le<0()

From the second block, we have

T m m
TLg — ;mL; = —O(g)Tdmax/n — %Lé - LG s 2%Dé - 2DG o O(g)dmaxlna

where we used that L}, = 2Dg — Lg and Lg =2Dg — Lg. O
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Chapter 7

Applications of Spectral Rounding to

Experimental Design

7.1 Introduction

In experimental design problems, we are given vectors ui,...,u, € R? and a parameter
b > d, and the goal is to choose a (multi-)subset S of b vectors so that Y, ¢ u;u;" optimizes

some objective function. The most popular and well-studied objective functions are:

=

e D-design: Maximizing (det (3, gt )) 7.
e A-design: Minimizing tr ((ZiES u; uiT)fl).

e E-design: Maximizing Apin (Zies u; uZT)

Two settings are studied in the literature. One is the “with repetition” setting where each
vector is allowed to be chosen multiple times, and the other is the “without repetition”
setting where each vector is allowed to be chosen at most once. By making b copies of each
vector, we can reduce the with repetition setting to the without repetition setting easily.

All the results in this chapter apply in the more general without repetition setting.
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These problems of choosing a representative subset of vectors have a wide range of

applications.

Experimental design is a classical topic in statistics with extensive literature [60, 13,
121, 74], where the goal is to choose b (noisy) linear measurements from wuy, ..., u, €
R? so as to maximize the statistical efficiency of estimating an unknown vector in
R,

In machine learning, they are used in active learning [10], feature selection [29], and

data summarization [114, 34].

In numerical linear algebra, they are used in column subset selection [15], sparse least
square regression [28|, and matrix approximation [50, 51].

In signal processing, they are used in sensor placement problems [80], and optimal
subsampling in graph signal processing [37, 40, 41].

In network design, the problem of choosing a subgraph with at most b edges to min-
imize the total effective resistance [70, 98] is an A-design problem, and the problem
of choosing a subgraph with at most b edges to maximize the algebraic connectiv-
ity [69, 86, 98] is an E-design problem.

We refer the interested readers to [140, 131, 108, 118, 6] for more discussions of these

applications and further references on related work.

7.1.1 Our Results

We present both rounding algorithms and combinatorial algorithms for experimental design

problems. A main contribution in this chapter is to show that these two types of algorithms

can be analyzed using the same local search framework. Using this framework, we match

and improve all known results and also obtain some new results.

7.1.1.1 Rounding Algorithms for Convex Programming Relaxations

There are natural convex programming relaxations for the D/A /E-design problems. The

best known rounding algorithms for these three problems are all quite different, i.e. approx-

177



imate positively correlated distributions for D-design [131], proportional volume sampling
for A-design [118], and regret minimization for E-design [6]. Although the one-sided spec-
tral rounding result in [6] provides a general solution for a large class of experimental
design problems including D/A /E-design, this only works under the stronger assumption

that b > Q (6%) and it was unclear how to unify the best known algorithmic results.

Surprisingly, the iterative randomized swapping algorithm in Section 5.2 not only
matches the best known result for E-design, but also matches and improves the previous
results for D/A-design with slight modification. Moreover, the new algorithmic framework
can extend previous results to handle multiple knapsack constraints. To match and im-
prove the best known results for D/A-design, we bypass the one-sided spectral rounding
problem. Instead, we perform a refined analysis for the iterative randomized swapping
algorithm, in which the minimum eigenvalue of the current solution plays an unexpectedly
crucial role for D/A-design as well. This provides a unified rounding algorithm to achieve
the optimal results for the natural convex programming relaxations for these experimental

design problems.

In D/A/E-design problems with knapsack constraints (we refer to them as weighted
experimental design problems), we are given vectors uy, ..., u, € R?, knapsack constraints
iy .., Cm € R} and budgets by, ..., b, > 0. The goal is to find a solution z € {0, 1}" with
(cj,z) < bj for 1 < j < m to optimize the D/A/E-design objective value. Consider the
following natural convex programming relaxations for D /A /E-design.

min — fp(X) or fa(X) or fp(X)

d d
x€R ,XeS++

subject to X = ZX(Z) : uiuiT7

— (7.1)
(cj,x) < by, for 1 <j<m,
0<x(4) <1, for 1 <i<n,

where fp(X) = det(X)a, fa(X) := tr(X7Y), and fe(X) := (Amm(X))! are objective
functions for D/A /E-design respectively.

The convexity of f4 follows by Fact 2.2.18. The convexity of fp and fg follow by the
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concavity of det(X)a (Fact 2.2.16) and Amim(X) (Lemma 2.2.14), and then applying the

following well-known fact with h(z) = 27!

Fact (see, e.g., Section 3.2.4 in [31]). Let g : S, — Ry be a concave function, h : Ry —
R be a convex nonincreasing function over R, . Then, the composition function f = hog

is a convex function over S% .

Remark. The authors of [6] claimed that fr(X) = det(X)™a is not convex. Hence, they
considered another convex function fp(X) = —é log det(X) instead. Although this does not
make a difference for the results in [6] and this chapter, we can show that det(X)™ 4 is

actually indeed convex as mentioned above.

The above convex program can be solved by the ellipsoid method to inverse exponential
accuracy which is sufficient for the rounding algorithm. Using the iterative randomized
swapping algorithm from Section 5.2, we prove the following theorem that matches and

generalizes the known results in [6].

Theorem 7.1.1. Suppose we are given an optimal fractional solution x € [0,1]™ to convex
programming relazation (7.1) of the weighted experimental design problem. For any fized

1, 15d| ;|
€ g 5 Zf b] 2 2

£2
that returns an integral vector z € {0,1}" such that

= for all j € [m], there exists a polynomial time randomized algorithm

f (iz(z) : UiUiT> <(1+0(e) - f (ix(z) : Ui“;) ,  where f = fp or fa or [,

i=1 =1

d)

with probability at least 1 — e~U9 . Furthermore, each knapsack constraint (cj,z) < b is

satisfied with probability at least 1 — e~

Remark 7.1.2. More generally, the above theorem holds for any convex objective function

f satisfying the following conditions that were suggested in [6].
e Monotonicity: For any A,B € S, if A< B, then f(A) = f(B).
e Reciprocal sublinearity: For any A € S, andt € (0,1), it holds that f(tA) < %f(A).
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We can verify that all fp, fa, and fg satisfy the above conditions.

By slightly modifying the iterative randomized swapping algorithm from Section 5.2,

we achieve the following improved results for D/A-design.

Theorem 7.1.3. Let x € [0,1]" be an optimal fractional solution to the convex program-
ming relazation (7.1) for D/A-design with knapsack constraints. For any ¢ < 5, if
%, then there is a randomized ex-
change algorithm which returns in polynomial time an integral solution Y., z(i) - u;u;

with z(i) € {0,1} for 1 <i < n such that

det (zn:z(z') - uiuiT)}i > (1-0(c)) - det (zn:x(i) - uiuiT) " for D-design,

i=1 =1

tr ((zn:z(i) : uiu;r) 1) <(1+e)-tr ((Zn:x(@') : uiuiT) 1) for A-design

=1 =1

each knapsack constraint budget satisfies b; =

=

with probability at least 1 — O (5—; . 6*9(‘/3)> where k = O(d* + m). Furthermore, each
knapsack constraint (c;, z) < bj, j € [m] is satisfied with probability at least 1 — e~ ).
Note that D/A-design with a cardinality constraint is the special case when there is
only one cost constraint (m = 1) and ¢ = 1. In this special case, Theorem 7.1.3 im-
proves the previous results in [131, 118] by removing the term O (e%log (%)) from their
assumption b > 2 (g + 8% log (%)), and this achieves the optimal integrality gap result for
D-design [131] and A-design [118]. In the general case with knapsack constraints, Theo-
rem 7.1.3 improves the result of Theorem 7.1.1, which requires a stronger assumption that
b; = <%> to obtain the same approximation guarantee. The knapsack constraints
can be used for incorporating fairness constraints in experimental design, which we will

discuss in Section 7.1.1.3.

7.1.1.2 Combinatorial Algorithms

The Fedorov’s exchange method [60] starts with an arbitrary initial set Sy of b vectors, and

in each step ¢t > 1 it aims to exchange one of the vectors, S; <— S;_1 —u;+u; where u; € S;_
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and u; ¢ S;_1, to improve the objective value, and stops if such an improving exchange is
not possible. The simplicity of this algorithm and its good empirical performance [47, 113,
116] make the method widely used [14]. The approximation guarantee of this method is
only analyzed rigorously in a recent work [108|, and we extend their analysis in multiple
directions. We remark that we only consider the unweighted experimental design problems

with a single cardinality constraint in the discussions of combinatorial algorithms.

For D-design, it was proved in [108] that Fedorov’s exchange method gives a polynomial
time approximation algorithm for all inputs in the with repetition setting, and we extend

their result to the without repetition setting.

Theorem 7.1.4. The Fedorov’s exchange method is a b_dT_l

-approximation polynomial
time algorithm for D-design in the without repetition setting. In particular, this is a (1—¢)-

approximation algorithm whenever b > d + 1 + g for any € > 0.

For A-design, it was shown in [108] that there are arbitrarily bad local optimal solu-
tions for the Fedorov’s exchange method. Interestingly, we prove that Fedorov’s exchange
method works well as long as there exists an almost optimal solution with good condition
number. This provides a new insight about when the local search method works well, and
this condition may hold in practical instances. As a corollary, this also extends the anal-
ysis of Fedorov’s exchange method in [108] when all the vectors are short to the without
repetition setting (see Section 7.4.2).

Theorem 7.1.5. Let X := > x(i)-uu with Y i x(i) =bandz; € [0,1] for1 <i < n
be a fractional solution to A-design. For any e € (0,1), the Fedorov’s exchange method
returns an integral solution Z =1 | z(i) - wu; with Y. z(i) < b and z(i) € {0,1} for
1 < i< n such that

tr(Z7") < (1+¢e)-tx(X™")  whenever b= Q(d+ ‘ tr()e() tr (X_1)>.

In particular, let k = Ama"(X:)) be the condition number of an optimal solution X*, then the

Amin(x
Fedorov’s exchange method gives a (1+ ¢)-approximation algorithm for A-design whenever
b>Q <(1+\/E)-d

£

), and the time complexity is polynomial in n,d, %, K.
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For E-design, there are no known combinatorial local search algorithms, and there
are examples showing that Fedorov’s exchange method does not work even if there exists
a well-conditioned optimal solution (see Section 7.4.3.2). Using the regret minimization
framework in [7, 6], however, we prove that a modified local search algorithm using a
“smoothed” objective function for E-design works as long as there exists an almost optimal

solution with good condition number.

Theorem 7.1.6. Let X := > 1" x(i) - wu;” with Y1 x(i) = b and x(i) € [0,1] for 1 <
i < n be a fractional solution to E-design. For any e € (0, 1), there is a combinatorial local
search algorithm which returns an integral solution Z = " z(i) - wu, with "1 z(i) < b
and z(1) € {0,1} for 1 < i < n such that

Amin(Z) 2 (1 = O(€)) - Amin (X)  whenever b > Q(% %)’

where Agyy(X) = tr(dx) is the average eigenvalue of X.

)\max(X*)
)\min(X*)
then the combinatorial local search method gives a polynomial time (1 — €)-approximation

algorithm for E-design whenever b > 2 (daif), and the time complexity is polynomial in

In particular, let Kk = be the condition number of an optimal solution X*,

n,d, X k.

) e

A combinatorial “capping” procedure was used in [108] to reduce the A-design problem
to the case when every vector is “short”, for which Fedorov’s exchange method works. This
capping procedure, however, crucially leveraged that a vector can be chosen multiple times.
We do not have a preprocessing procedure to reduce A-design and E-design in the without
repetition setting to the case when Theorem 7.1.5 and Theorem 7.1.6 apply. We leave it
as an open problem to design a fully combinatorial algorithm for A-design and E-design in

the general case.

7.1.1.3 Some Applications

We discuss some applications of our results in specific instances of experimental design

problems.
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Fair and Diverse Data Summarization: In the data summarization problem, we
are given n data points uy, ..., u, € R? and the objective is to choose a subset of b data
points that provides a “fair” and “diverse” summary of the data. For diversity, the D-design
objective of maximizing determinant is a popular measure used in previous work [114, 34].
For fairness, the partition constraints [117, 34] for D-design are used to partition the set
X of data points into p disjoint groups X; U---U X, and to ensure that b; data points are
chosen in X; where Y 7 b, =b.

We believe that Theorem 7.1.3 for D-design with knapsack constraints provides an al-
ternative solution for this problem. The main advantage is that the knapsack constraints
are more flexible in that they do not require the groups to be disjoint. For instance, we can
have knapsack constraints on arbitrary subsets X1, ..., X, € X of the form | e, x(j) < b;
to ensure that at most b; data points are chosen in group X;, so that we can handle con-
straints of overlapping groups such as race, age, gender (e.g., at most 50% of the chosen
vectors correspond to men/women), etc. Also, the approximation guarantee in Theo-
rem 7.1.3 is stronger than the constant factor approximation for D-design with partition
constraint [117], and the convex programming relaxation used in Theorem 7.1.3 is simpler

and easier to be solved than the more sophisticated one used in [117].

Minimizing Total Effective Resistance: Ghosh, Boyd and Saberi [70] studied the
problem of choosing a subgraph with at most b edges to minimize the total effective re-
sistance, and showed that this is a special case of A-design (see Section 6.2.2 for more
background about the problem). The proportional volume sampling algorithm by Nikolov,
Singh and Tantipongpipat [118] achieves a (1 + ¢)-approximation for this problem when
b > Q2+ 6% log %) where n is the number of vertices in the graph. In Section 6.2.2, we
considered the weighted problem of choosing a subgraph with total edge cost at most b to
minimize the total effective resistance, and gave a (1 + ¢)-approximation algorithm when
b>Q (%) where c¢ is the cost vector of the edges. Theorem 7.1.3 improves these two

results.

Corollary 7.1.7. For any 0 < & < 1, there is a polynomial time randomized (1 + ¢)-

approximation algorithm for minimizing total effective resistance in an edge weighted graph

whenever b > () (%)
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Maximizing Algebraic Connectivity: Ghosh and Boyd [69] studied the problem of
choosing a subgraph with total cost at most b that maximizes the algebraic connectivity,
i.e. the second smallest eigenvalue of its Laplacian matrix. Kolla, Makarychev, Saberi and
Teng [86] provided the first algorithm with non-trivial approximation guarantee in the
zero-one cost setting. In Section 6.2.1, we observed that this is a special case of E-design
and gave a (1 —¢)-approximation algorithm when b > (%) where c is the cost vector

of the edges.

All previous results are based on convex programming. Theorem 7.1.6 provides a com-
binatorial algorithm for the unweighted problem, where the goal is to choose b edges to
maximize the algebraic connectivity, and shows that it has a good performance as long as

the optimal value is large.

Corollary 7.1.8. For any 0 < & < 1, there is a polynomial time combinatorial (1 —
e)-approzimation algorithm for maximizing algebraic connectivity in an unweighted graph

whenever b > 2 (ﬁ) , where N is the optimal value for the problem.

7.1.2 Technical Overview

Rounding Algorithm for Weighted Experimental Design: In [6], Allen-Zhu, Li,
Singh, and Wang observed that the experimental design problem with a general convex
objective function satisfying conditions in Remark 7.1.2 and a single cardinality constraint
can be reduced to the one-sided spectral rounding problem with uniform cost. More specif-
ically, they first solve the natural convex programming relaxation for experimental design
with a cardinality constraint, and obtain a solution x € R". After performing a normaliza-
tion transformation to turn the input vectors u;’s into v;’s such that >°1" | x(2) - v;v;" = 1,
they reduce the problem to one-sided spectral rounding problem with uniform cost. They
use a deterministic greedy algorithm to prove Theorem 5.1.1 to solve the problem (see

Section 5.1 for more details).

To solve the experimental design problem with multiple knapsack constraints, we use
the same reduction. We first obtain an optimal solution x to the convex programming

relaxation (7.1). Then reduce the problem to the one-sided spectral rounding problem with

184



general cost. Finally, we use the iterative randomized swapping algorithm in Section 5.2 to
solve the problem. We remark that the random sampling idea for the rounding is a key to
satisfy the knapsack constraints and achieve good approximation guarantee simultaneously.

See Section 7.2 for more details about the reduction.

Improved Analysis for D/A-Design: For the rounding algorithm for D/A-design with
knapsack constraints, surprisingly we prove that a minor modification of the iterative
randomized swapping algorithm in Section 5.2 would work with improved approximation

guarantees! Essentially, we just use the same algorithm but only require that the solution

3
4

phase, using the results in Section 5.2, we show that the randomized exchange algorithm

to have minimum eigenvalue < rather than 1 —e. Our analysis has two phases. In the first

will find a solution with minimum eigenvalue at least % in polynomial time with high
probability whenever b > () (g) (rather than b > Q (6%) in order to achieve minimum
eigenvalue at least 1 — ¢). In the second phase, we prove that the minimum eigenvalue
will maintain to be at least }1 with high probability when € is not too tiny, and then
the objective value for D-design and A-design will improve to (1 4 ¢) times the optimal
objective value in polynomial time with high probability. The condition that the minimum
eigenvalue is at least % is used crucially in multiple places for the analysis of the second
phase. Interestingly, it is used in showing that the same sampling probability distributions
in the iterative randomized swapping algorithm (which aim at improving the E-design
objective) are also good for improving the objective value for D-design and A-design.
Moreover, it is crucially used in the martingale concentration argument, e.g., to show that
the martingale is bounded and to prove upper bounds on the variance of the changes. For
the martingale concentration argument, we also use the optimality conditions for convex
programs to prove that the vectors with fractional value are “short” in order to bound
the quantities involved. Overall, the analysis for the rounding algorithm is quite involved,
but it provides a unifying algorithm to achieve the optimal results for the natural convex
relaxations for D/A /E-design. Please refer to Section 7.3 for a more detailed outline of the

analysis.

Analysis of Combinatorial Algorithms: In the last part of this chapter, we use the
randomized approach in Section 5.2 to analyze combinatorial algorithms. For combinatorial

local search algorithms, one difference from the previous analysis in [108] is that we compare
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the objective of the current integral solution to that of an optimal fractional solution.
When the objective value of the fractional solution is considerably better than that of the
current integral solution, we use the fractional solution to define appropriate probability
distributions similar to that in the iterative randomized sampling algorithm to sample 7,
and j; so that the expected objective value of S; <— S;_1 — u;, + u;, improves, and this would
imply the existence of an improving pair in Fedorov’s exchange method. One advantage of
this approach is that this allows us having the flexibility to compare the current integral
solution to a fractional solution with smaller budget which still has its objective value close

to the optimal one.

Our analysis is arguably simpler than that in [108] which uses a dual fitting method
while we only do a primal analysis. More importantly, our analysis shows that if the optimal
fractional solution is well-conditioned (e.g., i, x(i) - y;u; = 1), then the Fedorov’s ex-
change method indeed performs as well as the best known rounding algorithms. This gives
us a new insight that the only important step in rounding algorithms for the unweighted
experimental design problems is the ability to first transform the optimal fractional solu-
tion to the identity matrix. For E-design, simply doing Fedorov’s exchange method on the
objective function Ami (Y;cq, Uit ) would not work (see Section 7.4.3.2), and instead we
apply the Fedorov’s exchange method to the potential function in the regret minimization
framework, which is morally the same as the potential function tr ((3,cq vty — lls)™")

used by Batson, Spielman and Srivastava for spectral sparsification [21].

7.1.3 Previous Work

The D/A/E experimental design problems are NP-hard [33, 142] and also APX-hard [136,
118, 33]. Despite the long history and the wide interest, strong approximation algorithms
for these problems are only obtained recently.

D-design: Singh and Xie [131] designed an (1 — ¢)-approximation algorithm for D-

Q?d, and in the without repetition setting

design in the with repetition setting when b >
when b = ) (g + 5% log é) Their algorithm is by rounding an optimal solution to a natural

convex program relaxation using approximate positively correlated distributions.
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Madan, Singh, Tantipongpipat and Xie [108] analyzed the Fedorov’s exchange method
and proved that it gives an (1—e&)-approximation algorithm for D-design as long as b > d—l—g,
which improves upon the above result. However, they only provide a polynomial time
implementation of the local search algorithm to achieve this guarantee in the less general

with repetition setting.

A-design: Nikolov, Singh and Tantipongpipat [118] designed an (1+ ¢)-approximation
algorithm for A-design in the with repetition setting when b > d + g, and in the without
repetition setting when b = € (g + Eig log %) Their algorithm is by rounding an optimal
solution to a natural convex program relaxation using proportional volume sampling. Their

algorithm also works for D-design with the same guarantee.

Madan, Singh, Tantipongpipat and Xie [108] also analyzed the Fedorov’s exchange
method for A-design, and showed that there are arbitrarily bad local optimal solutions.
On the other hand, they proved that Fedorov’s exchange method works when all the input
vectors are “short”, and they designed a “capping procedure” to reduce the general case to
the case when all vectors are short. As a result, they obtained a combinatorial (1 + ¢)-
approximation algorithm, without solving convex programs, for A-design when b > €2 (;%)

in the with repetition setting.

E-design: Allen-Zhu, Li, Singh and Wang [5, 6] designed an (1 — ¢)-approximation
algorithm for E-design in the with and without repetition settings when b > 2 (;%) Their
algorithm is by rounding an optimal solution to a natural convex program relaxation using
the regret minimization framework, which was initially developed for the spectral sparsifi-
cation problem [7]. They formulated and solved a “one-sided spectral rounding problem”
(see Section 5.1), and showed that experimental design with any objective function satis-
fying some mild regularity assumptions, including D/A /E-design, can be reduced to the
one-sided spectral rounding problem. Their algorithm for one-sided spectral rounding can
be viewed as a local search algorithm, and this was the starting point of the current work

in this chapter.

Nikolov, Singh and Tantipongpipat [118] showed that the assumption b > (;%) is
necessary to achieve (1 — ¢)-approximation for E-design using the natural convex program,

and in Section 5.4 we showed that the assumption b > €} (E%) is necessary for the one-sided
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spectral rounding problem. These suggest that the regret minimization framework may
not be used to match the results for D/A-design, but we bypass the one-sided spectral

rounding problem to prove Theorem 7.1.3.

Experimental design with additional constraints: Using more sophisticated con-
vex programming relaxations, Nikolov and Singh [117] designed an approximation algo-
rithm for D-design under partition constraints. Recently, Madan, Nikolov, Singh and Tan-
tipongpipat [107] designed an approximation algorithm for D-design under general matroid

constraints.

Organization

We first show how to use the one-sided spectral rounding to solve weighted experimental
design problems in Section 7.2. Then, we present slightly modified rounding algorithms and
analysis for D/A-Design in Section 7.3. Finally, we present our results about combinatorial

algorithms in Section 7.4.

7.2 Rounding Algorithm for Weighted Experimental De-
sign
In this section, we use a simple black box reduction to reduce the weighted experimental

design problems to the one-sided spectral rounding problem and prove Theorem 7.1.1.

Theorem 7.1.1. Suppose we are given an optimal fractional solution x € [0,1]™ to convex
programming relazation (7.1) of the weighted experimental design problem. For any fized

€< %, if bj > % for all j € [m], there exists a polynomial time randomized algorithm
that returns an integral vector z € {0,1}" such that

i (Zz@ v ) <(1+0()- f (Zx@) uu] ) ~where f = fp o fa or f.

i=1 =1
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with probability at least 1 — e~U D). Furthermore, each knapsack constraint (cj,z) < bjis

satisfied with probability at least 1 — e~ D),

Proof. Let X := " x(i) - uzu] = 0. We do the following transformation
vii=X"zu;  foralli€ [n],

so that 7 x(i) - v;v;" = I

Then, the idea is similar to the one in the proof of Corollary 5.2.3, where we scale down

x and apply Theorem 5.2.2. Let n =1 — 2¢ and set y := nx and w; := \/Lﬁvl- such that

m m

Zy(z) Sww; = Zx(z) vy, =1y and (¢, y) = n{c;,x) <nb; forall j € [m].

i=1 i=1
We run the iterative randomized swapping algorithm and apply Theorem 5.2.2 on the
vectors wy, ..., Wy, and y with §; = v =, ¢ = v/d to obtain a z € {0,1}™ so that
z(i) - vy, = (1 —2e)ly = (1 —4de)ly

)

z(i) - wiw; = (1 —-2e)l; =

=1 i

NE

1

z(i) - wuy = (1 —4e)X

NE

—
1

(2

The failure probability of this event is at most e~*(@. Since the objective function f satisfies
the monotonicity and the reciprocal sublinearity conditions mentioned in Remark 7.1.2; it

follows that

f (ZZ(@') ' Uz'uiT) S fA(1=46)X) < (1+0(e)) - f (ZX(’Z’) ' UzUiT> :

i=1 =1

For each knapsack constraint ¢; € R with b; > %, Theorem 5.2.2 implies that

15d [|¢;l o

(c;jyz) < (1+¢)(cj,y) + < (T+e)(1 —2e)b; +¢b; < by,

where we used (c;,y) < nb; and the assumption that % < b; for all j € [m]. The

failure probability is at most e =%, O

189



7.3 Improved Analysis for D/A-Design

In this section, we propose the following randomized exchange algorithm to solve the D/A-
design problems with knapsack constraints and improve the approximation guarantee in
Theorem 7.1.1.

Randomized Exchange Algorithm

Input: n vectors uy, ..., u, € RY an accuracy parameter ¢ € (0,1), and m knapsack
constraints ¢; € R’} with budgets b; > % for all j € [m].

1. Solve the convex programming relaxation (7.1) for D-design or A-design and
obtain an optimal solution x € [0, 1]" with at most d? + m fractional entries,
ie. [{i€n]|0<x(i) <1} <d*+m. Let X =" x(4) - wu .

)

2. Preprocessing: Let v; < X~ zu; for all i € [n], so that 327 x(i) - v;v,| = I,.
3. Initialization: Sy < 0, o < 8V/d, and k < 16d + d? + m.
4. Add i into Sy independently with probability x(i) for each i € [n].

5. Let Zy = Y .o vivi and t < 1.

IS
6. While the termination condition is not satisfied and ¢ = O(g) do the following,
where the termination conditions for D-design and A-design are respectively

det(Z)7 >1—10e and (X5 Z7Y) < (1+e)tr(X7D).

(a) S; < Exchange(S;—1).

(b) Set Zyy1 + > .o viv, and t <+ t+ 1.

1E€St

7. Return S;_; as the solution.

The exchange subroutine is described as follows.
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Exchange Subroutine

1.

. Let SL« {i € Sy | 2a(vy,

Compute the action matrix A; < (aZ; — I;/)72, where Z, = D ieSs

is the unique scalar such that A, = 0 and tr(A;) = 1.
1
A7) < 3}

[

Sample i; € S;_; from the following probability distribution

1— x(i 1
Pliy = 1] = ka . (1 — 20¢<viviT,Af>> , fori e S, ; and
1— x(i 1
Plip =0 =1- > TX(Z) - (1 . 2a<viviT,At2>> .
1€S]_,

Sample j; € [n]\S;_1 from the following probability distribution

Pl = j] = % : <1 + 2a<vjva,Af>> , for j € [n]\S;—1 and
Blio=0=1- > Y (1120, 4h)
J€MN\St—1

. Return St <— St,1 U {jt}\{zt}

Remark 7.3.1. The randomized exchange algorithm is almost the same as the iterative
randomized swapping algorithm in Section 5.2. There are only two differences. One is that
o — 8Vd instead of o ‘/7a in Section 5.2. The other is that the termination condition

Amin(Zy) = 1 =27, is replaced by the termination condition for D-design or the termination

condition for A-design.

The parameter « is used to control the approximation guarantee of the iterative random-
ized swapping algorithm. If the termination condition is Ayin(Z;) = %, then it is proved

in Theorem 5.2.7 that the algorithm will terminate successfully in O(k) steps with high

probability.
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Intuition and Proof Ideas

Based on the above remark, we see that the sampling distribution in the exchange subrou-
tine is actually designed for the one-sided spectral rounding problem (or E-design). It is

quite surprising that it also works for D/A-design.

We will use some other sampling distributions to analyze the combinatorial algorithms
(Fedorov’s exchange method) for D-design and A-design in Section 7.4. It appears at
first sight that those distributions are more natural to use in the exchange subroutine for
D/A-design.

Here, we use D-design to illustrate the difficulty of analyzing the natural distributions
Pli; = 1] x 1 — x; and P[j; = j] « x(j) in Section 7.4.1 and to motivate the modifications
made in the randomized exchange algorithm. By applying Lemma 2.1.12 repeatedly, for
any 7 > 1,

det(Zr11) = det(Z)) - [J (0= vt Z7'va) (1 + v Z7'v;,) -
t=1
Using the natural distributions in Section 7.4.1, Lemma 7.4.1 and Lemma 7.4.2 shows that
there exist i; € S;_1 and j; ¢ S;_1 such that setting S; <— S;_1 — i; + j; will improve the
D-design objective in each iteration. However, if we randomly sample ¢; and j; from these
distributions, we cannot prove that the objective value is consistently improving with good
probability. For D-design, we are analyzing a product of random variables where each
random variable could have a large variance, and existing martingale inequalities are not

applicable to establish concentration of the product.

To bound the variance, one important observation is that when x is an optimal fractional
solution, it follows from the optimality condition of the convex programming relaxation
that any vector v; with x(i) € (0, 1) satisfies ||v;||> < . The current algorithm is motivated
by the observation that if we can also lower bound the minimum eigenvalue of Z;, then
we can upper bound v'Z 'v and this would allow us to establish concentration of the
objective value. So our idea is to use the same algorithm in Section 5.2 to ensure that
the minimum eigenvalue of Z; is at least €2(1) as mentioned in Remark 7.3.1. Surprisingly,

we prove that sampling from the distributions for E-design can also improve the objective

192



values for D-design and A-design, and this is particularly interesting for A-design where
the minimum eigenvalue condition is needed to prove so. Having these in place, we can
use Freedman’s martingale inequality to prove that the objective values for D-design and
A-design will be improving consistently if the minimum eigenvalue of the current solution
is at least Q(1).

Proof Outline and Organization

In the analysis of the randomized exchange algorithm, we conceptually divide the algorithm
into two phases. In the first phase, we show that the minimum eigenvalue of the current
solution will reach % in O(k) iterations with high probability. In the second phase, we prove
that the objective value for D/A-design will be a (1 &+ ¢)-approximation of the optimal in
O (f) iterations with high probability. The following is an outline of the proof steps.

1. In Section 7.3.1.1, we first prove that the randomized exchange algorithm is well-
defined. In particular, we show that a fractional optimal solution to the convex
relaxation (7.1) with at most O(d? 4+m) fractional entries can be found in polynomial
time, and the probability distributions in the exchange subroutine are well-defined
for k = O(d* +m).

2. In Section 7.3.1.2, we prove that the minimum eigenvalue will reach 2 in O(k) iter-
ations with high probability. Furthermore, the minimum eigenvalue will be at least
}1 during the next © (f) iterations with good probability, for which we require the
assumption that € is not too small. The proofs are based on the regret minimization

framework [7, 6] and the iterative randomized swapping algorithm in Section 5.2.

3. In Section 7.3.2 and Section 7.3.3, we prove that the objective value of D-design
and A-design will improve consistently with high probability. These are the more
technical parts of the proof. We use the minimum eigenvalue condition in multiple
places, both in the martingale concentration arguments for D/A-design and in the

expected improvement of the A-design objective.
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4. In Section 7.3.1.3, we prove the main approximation results including Theorem 7.1.3
for experimental design, by combining the previous steps and using the concentra-
tion inequality for the knapsack constraints proved in Section 5.2.3. As a corollary,
we slightly improve the previous results of D/A-design with a single cardinality con-
straint in [131, 118]. We also prove Corollary 7.1.7 as an application of the main
result.

7.3.1 Analysis of the Common Algorithm

The algorithm is identical for D-design and A-design except the termination condition. In
this subsection, we will present the proofs of the common parts and the main results, and
then present the specific proofs for D-design and A-design in Section 7.3.2 and Section 7.3.3

respectively.

7.3.1.1 Sparse Optimal Solution and Probability Distributions in the Ex-

change Subroutine

In this subsection, we first show that we can find an optimal fractional solution to the
convex programming relaxation (7.1) with sparse support in polynomial time. The sparsity
of an optimal solution to the convex program (7.1) was proved and used in [140, 107] for

experimental design problems. The following lemma is proved using similar ideas.

Lemma 7.3.2. Given any feasible fractional solution x to the convex relaxation (7.1),
there exists another feasible fractional solution x with |{i € [n] |0 < x(i) < 1}| < d&* +m
such that

det (Z x(7) - um?) = det (Z x(7) - uiu;) for D-Design, or

i=1 i=1

tr ((gx(z‘) : uiu])_1> = tr ((éx(z) : uiu])_1> for A-Design.

Furthermore, the solution x can be found in polynomial time.
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Proof. Given the feasible fractional solution X, we compute an extreme point solution x to
the following polytope, which can be done in polynomial time.

n

( N
Zx(z) TR Z)?(z) AR
i=1

=1

(c;,x) <bj, forl<j<m,

\ng(i)gl, for1 <i¢<n.

In the extreme point solution x, the number of variables is equal to the number of linearly
independent tight constraints attained by x. Clearly, the number of integral variables in x is
equal to the number of linear independent tight constraints in 0 < x(i) < 1for 1 <i<n
attained by x. So, the number of fractional variables in x is equal to the number of
linear independent tight constraints in Y . x(7) - wyu = >0 %(i) - wu and (¢, x) <
b; for 1 < j < m attained by x. As there are only d* + m such constraints in the above
linear program, there are at most d? 4+ m fractional entries in x. Due to the first matrix

equality constraint of the polytope, x and X have the same objective value. O

Then, we make a simple observation of the randomized exchange algorithm, that only
vectors with fractional entries will be exchanged, as those vectors with x(i) = 1 will always

be in the solution and vectors with x(i) = 0 will always not be in the solution.

Observation 7.3.3. For any t > 0, it holds that i € S; for all i with x(i) = 1 and
J € [n)\S; for all j with x(j) = 0. This further implies that P(i; = i) = 0 for all i with
x(1) € {0,1} and P(j; = j) = 0 for all j with x(j) € {0, 1}.

Proof. The observation follows as all vectors with x(i) = 1 are selected and all vectors
with x(j) = 0 are not selected initially. In each iteration, the probability distributions
in the exchange subroutine guarantee that vectors with x(i) = 1 have zero probability to
be removed from the solution set, and vectors with x(j) = 0 have zero probability to be
added into the solution set. Therefore, the exchange subroutine of the algorithm would

only exchange those vectors with fractional entries x(7)’s. ]
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Finally, we are ready to show that the probability distributions in the exchange sub-
routine are well-defined for k¥ = O(d? +m), which will be used to upper bound the number

of iterations and the failure probability of the algorithm.

Claim 7.3.4. The probability distributions at any t-th iteration of the randomized exchange
algorithm are well-defined for k = 16d + d* + m.

Proof. First, we verify that the probability distribution for sampling 7; is well-defined. We
need to show that P(i; = z) >0 fori e S;_; and Zz’es,g,l P(i; = i) < 1. Since A; > 0 and

€ [0,1] and 2a(v;v," A ) <1/2forie€ S|, it holds for i € S;_; that
1 1 1
2 (1= x(@)(1 - 2a(v;v;", A7) < -
Thus, > ;e Plie =) < zl{i € [n] | 0 < x(i) < 1}| < 1, where the first inequality follows
by Observation 7.3.3, and the second inequality follows by the the choice of k = 16d+d?>+m

and Lemma 7.3.2.

0<P(i, =) =

Next, we verify that the probability distribution for sampling j; is well-defined. It is
clear that P(j; = j) > 0 as A, = 0 and x(j) € [0,1]. Then, we consider

S Pli=i=g Y x0)- (14 200uy] AD)

JEMN\St—1 JEM\St—1
1 1
SE( Z x(7) 4+ 2atr <At2>>,
j€[M\St—1
where the inequality is by 7, x(j) - vjv;' = la. Notice that 37,0 x(7) < [{i € [n] |

0 < x(i) < 1}| < d* + m by Observation 7 3.3 and Lemma 7.3.2. Thus,

Z P(j, =) < k(dz—i—m—l—?atr(At%)) l

: (d* +m +16d) <
J€[M\St—1

1
where the second last inequality is by o = 8V/d and tr (Af) < V/d from Claim 2.1.10, and
the last inequality is by the choice of k. m

Combining Lemma 7.3.2 and Claim 7.3.4, we have shown that the randomized exchange

algorithm is well-defined.
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7.3.1.2 Lower Bounding Minimum Eigenvalue

As discussed above, the minimum eigenvalue of Z; plays a key role in our analysis of the
algorithm. We conceptually divide the execution of the randomized exchange algorithm
into two phases. In the first phase, we show that the minimum eigenvalue of the current

solution will reach % in O(k) iterations with high probability.

Proposition 7.3.5. The probability that the randomized exchange algorithm has termi-

3

nated successfully within 16k iterations or there exists 7 < 16k with Apin(Zy,) = 7 18 at

least 1 — exp(—Q(V/d)).

Proof. As noted in Remark 7.3.1, except for the termination condition, the randomized
exchange algorithm is exactly the same as the algorithm in Section 5.2 with oo = 8V/d. So,

the proposition follows from Theorem 5.2.7 with v = % and ¢ = 2. n

Recall that Proposition 5.2.8 shows that with good probability the minimum eigenvalue

of Z; remains at least }L for a period of time after hitting 1 — 2.

Proposition 5.2.8. Suppose 0 < v < %. Assume there is no termination condition in

the iterative randomized swapping algorithm, and the minimum eigenvalue hit the target
Amin(Zr,) = 1 — 27y at some time step 11, then the probability that A\yin(Z;) > 71 for all the

next T steps 1 <t <1 + 7 is at least 1 — 7% - e~ V)

Apply Proposition 5.2.8 with v = % and 7 = 28 we obtain the following corollary.

e

Corollary 7.3.6. Suppose Amin(Z-,) = % for some . In the randomized exchange algo-
rithm, the probability that Awin(Z;) > i forallm <t<7m+ % is at least 1 — 4%22 e~ UVA),

7.3.1.3 Main Approximation Results

In this subsection, we prove the main approximation results for experimental design, in-
cluding Theorem 7.1.3. We will do so by first assuming the following theorem about the
improvement of the objective value in the second phase, which will be proved in Sec-
tion 7.3.2 for D-design and in Section 7.3.3 for A-design.
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Theorem 7.3.7. Suppose that A\uin(Z;,) > % and Amin(Z;) = % fort > 1. For both D-
dlleill oo

design and A-design, if by > === for all j € [m] for some e < ﬁ, then the probability

that the randomized exchange algorithm has not terminated by time 1 + % 15 at most
-Q(Vd)
e :

First, we prove the following bicriteria approximation result for D /A-design with knap-
sack constraints, by combining the previous steps and using the concentration inequality

for the knapsack constraints proved in Section 5.2.
Theorem 7.3.8. Given ¢ < 155, if bj > % for all j € [m], then the randomized

exchange algorithm returns a solution set S within 16k + % iterations such that
% -1
1
det(ZuiuiT) > (1 —10¢e) - det (X)4 or tr((Zuiu:) ) <(l+e)-tr (X
i€s i€s

for D-design and A-design respectively with probability at least 1—O (’;—2'6_9(\/3)) , where X
is an optimal fractional solution to the convex relaxzation (7.1). Moreover, for each j € [m],

the solution set S satisfies

G (S) < (L4e)b; +120d ||¢;]| . < (1+ O(e))b;

with probability at least 1 — e~ HeD

Proof. We start with defining some bad events for the randomized exchange algorithm.

e B;: the algorithm has not terminated successfully within 16k iterations and 7, > 16k
where 7y is the first time such that Ay, (Z,) > 3.

e By: there exists some 7 <t <7 + 25—’“ such that A\uin(Z;) < 1/4.

e Bj: the termination condition for D/A-design is not satisfied for all m; <t <7 + %

If none of the bad events happens, then either the algorithm has terminated successfully

within 16k iterations or the termination condition for D/A-design will be satisfied at some
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time t < 7 + % < 16k + % So, the probability that the randomized exchange algorithm

has not satisfied the termination condition within 16k + % iterations is upper bounded by
]P[Bl U B2 U B3] S P[Bl] —|— P[BQ N _‘Bl] —|— ]PJ[B3 N _‘BQ N _|B1]

<0 (e_ﬂ(\/a)> +0 (k—z : e_Q(‘/E)) +0 <€—Q(\/E)>
5

k2
<0 (_ : 6—9(\/3))
— 82 ?
where P[By] is bounded in Proposition 7.3.5, P[By N =By] is bounded in Corollary 7.3.6,

and P[Bs N =By N =By is bounded in Theorem 7.3.7.

For D-design, since v; = X *%ui, the termination condition implies the approximation

guarantee as

é
det(ZViviT> >1—-10e = det(ZuiuiT) 2(1—105)-det(X)5.

€S €S

=

For A-design, note that

<X1, (; vivl-T> _1> = <X1, (gxéuiujxé)l> 7
-0 (Zwr) )= ((Zer) )

and so the termination condition also implies the approximation guarantee as

<X-1, (Z Wf) 1> <(1+4e)tr(X™) = tr ((Zuiuj> 1) < (1+4e)tr(X7h.

1€S €S

(7.2)

Finally, we consider the knapsack constraints. Note that the termination conditions of
both D/A-design imply Apuin(Z;) < 1 before the algorithm terminates. So, we can apply

Theorem 5.2.12 with v = % to conclude that the returned solution S satisfies
¢;(5) < (1 +e)(gj,x) +120d || ¢jl| , < (1 +€)b; +120d [|g; [, < (14 O(e))b;
with probability at least 1 — exp(—(ed)), where the last inequality follows from b; >

dlesll, O
3
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We are ready to prove main theorem in this section by turning the above bicriteria

approximation result to a true approximation result using a simple scaling argument.

Theorem 7.1.3. Let x € [0,1]™ be an optimal fractional solution to the convex program-

ming relaxation (7.1) for D/A-design with knapsack constraints. For any e < 2—(1)0, if

each knapsack constraint budget satisfies b; > %, then there is a randomized ex-
change algorithm which returns in polynomial time an integral solution > . | z(i) - u;u;

with z(i) € {0,1} for 1 <i < n such that

1

det (Xn:z(z') : uiuiT)d >

=1

tr <(iz(i) : uiuj) _1) <(1+e)-tr ((ilx(@') - u,-uj) _1> for A-design

=1

n

é
(1—0(g)) - det (Zx(z) : uiuiT) for D-design,
i=1

with probability at least 1 — O (’;—; . 6’9(‘/&)> where k = O(d* + m). Furthermore, each
—Q(ed).

knapsack constraint (c;,z) < b;,j € [m] is satisfied with probability at least 1 — e
Proof. Let by,...,b, be the input budgets for the m knapsack constraints. We scale
down the budget to Z~) = 1+1005 for each j € [m]. Since ¢ < ﬁ and b; > % by
the assumption, the rescaled budget b >

d”CfH‘X’. Therefore, the budget assumptions in

Theorem 7.3.8 are satisfied by all by, ...,b,. In the following, we prove the theorem for

D-design only, as the proof for A-design follows by the same argument.

Let X € [0,1]" be an optimal fractional solution of (7.1) with budget b; for j € {1, ...,m}.
Let X := 3" x(i) - vy, and X = 327 x(i) - v;v;'. We run the randomized exchange
algorithm with budgets bl, <..;bm. By Theorem 7.3.8, with probability at least 1 — O(’;—; .

6*9(‘/3)>, the algorithm returns a solution set S within O(%) iterations such that

=
=

det (Z;uiu;)d > (1 — 10¢) - det(X)# > % det(X)i = (1 — O(e)) - det(X)1,

where the second inequality holds as - X is a feasible solution to (7.1) with budget

1
) ) 1+100s
bi, ..., by,. Furthermore, for each knapsack constraint j € [m], it follows from Theorem 7.3.8
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that

1+e¢

Cj(S) S (1 + S)Ej + 120d”choo S - : bj + 60€bj S bj,

14100
with probability at least 1 — exp(—Q(ed)), where the second inequality follows by the
assumption b; > % and the last inequality follows as ¢ < ﬁ. O

Unweighted D/A-Design: Using the main result, we improve the previous result on
D/A-design with a single cardinality constraint by replacing the assumption in [131, 118],
ie. b >0 (g + 6% log (%)), with b > Q?d, although there is a mild assumption on the range
of e.

Corollary 7.3.9. For any 2—(1)0 > e >0Vl for a small enough constant 9, if b > %d, then
there is a randomized polynomial time algorithm that returns a (1 + O(e))—approm’mate

solution for D/A-design with constant probability.

Proof. We apply Theorem 7.1.3 on the input. The probability that the output is a (1 +
O(E))—&pproximate solution and satisfies the cardinality constraint is at least 1 — e~ (=) —
e~V a5 k = O(d?). When ed = (1), this success probability is at least a constant for
large enough d. Otherwise, this success probability can be lower bounded by

2 2
> = CAn/) AR

where the first inequality is by e=**9 < 1 —Q(ed) for ed = o(1), and the second inequality
is by the assumption £ > exp(—6+v/d) for a small enough ¢ and the fact that we can assume
€ > %d without loss of generality. Therefore, we can amplify the success probability to be
a constant by applying Theorem 7.1.3 at most O (%) times, and the total time complexity

is still polynomial in n and d. O]

Minimizing Total Effective Resistance: We present an application of the main result
to the total effective resistance minimization problem. In this problem, we are given a
graph G = (V, E) with Laplacian matrix Lg = > __p

the edges, and the goal is to find a subgraph H with cost at most b to minimize the sum

b.b! and a cost vector ¢ € R on

of all pairs effective resistances >, Reffy(u,v) =n- tr(LL).
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Corollary 7.1.7. For any 0 < ¢ < 1, there is a polynomial time randomized (1 + ¢)-
approzimation algorithm for minimizing total effective resistance in an edge weighted graph
whenever b > ) (%)

Proof. As observed in Section 6.2.2, total effective resistance minimization can be reduced
to A-design problem with a transformation described in (6.1). Let x* € [0,1]™ be an
optimal fractional solution to the problem and let Ly« := > _p.x*(e) - b.b]. Since b >
Q(%), by Theorem 7.1.3, there is a randomized algorithm that returns a subgraph
H with tr (L}I) < (1+0() - tr (Li) within O(%) iterations with probability at least
1 — O(’;—; . e‘Q(\/ﬁ)) where k = O(n?). Moreover, the cost constraint is satisfied with

e~en) . Since the number of edges m = O(n?), we can assume

probability at least 1 —
ez = Q(%) without loss of generality. The running time is polynomial in the graph
size and the failure probability of the algorithm is at most O(lz—i . 6_Q(ﬁ)) + e~ 8en)

e~ MVn) 4 o= 5 constant bounded away from 1, when n is large enough. O

7.3.2 Analysis of the D-Design Objective

We will prove Theorem 7.3.7 for D-design in this subsection. Let 7 be the start time of
the second phase. For the ease of notation, we simply reset 7, = 1 as the first time step in
the second phase. By assumption, A\yin(Z;) > % and Apin(Z) = }L for all ¢ > 1, which will

be crucial in the analysis.

To analyze the objective value for D-design, our plan is to transform the product of
random variables in Lemma 2.1.12 into a sum of random variables in the exponent as

follows,

T

det(Zr11) = det(Zy) - [T (1 = (vievil . Z71) (L + (vivit. Z71)
t=1

> det(Z,) - exp (Z ((1 —4e) vy, Z7) —(1+5¢) (viyvi!, Z7Y) )) (7.3)

t=1 )
gain g; loss ¢
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where the inequalities 1 —z > e1749% and 1 —z > e~ (59 only hold when z € [0, 4¢] and
e< 2

¢ is small enough such as

ot

G-

So, for our plan to work, we need to bound the gain term (v;, v;, Z; ') and the loss term
(Vievi) Z"). To do so, we prove in Lemma 7.3.13 that in an optimal fractional solution
x, every vector v; with 0 < x(i) < 1 satisfies the condition that ||v;]|> < e. Recall that,
Observation 7.3.3 implies 0 < x(7;),x(j;) < 1 for all ¢ > 1. Therefore, Lemma 7.3.13
implies that ||v;,||3 < & and ||vjt||§ < ¢ for all t > 1. Together with the assumption that
Z, = 3l for all t > 1, we can ensure that (v;, VJI,Z[1> < 4e and (v, v, Z;7") < 4e for all
t > 1, and hence (7.3) holds.

Once this transformation is done and (7.3) is established, we can apply Freedman’s
martingale inequality to prove concentration of the exponent. In the following, we define
the gain ¢, loss [; and progress I'; in the ¢-th iteration as

g =(vv..Z7", L= {vv,Z", and T,:=(1—4e)g — (1 +5e)l.

Jtr Tt it )

In Section 7.3.2.1, we will prove that the expected progress is large if the current solution
is far from optimal. Then, in Section 7.3.2.2, we will prove that the total progress is
concentrated around its expectation, where the minimum eigenvalue assumption is crucial
in the martingale concentration argument. Finally, we finish the proof of Theorem 7.3.7 for
D-design in Section 7.3.2.3, and present the proof of the optimality condition Lemma 7.3.13
in Section 7.3.2.4.

7.3.2.1 Expected Improvement of the D-Design Objective

Here we bound the conditional expectation of progress I';, and show that E,[I';] is large if

the current objective value det(Z,)a is small, where we denote E,[-] := E[ | S;_y].

Before that, we prove a useful lemma which will be used to relate the numerator of the

gain term to the current objective value det(Zt)é.

Lemma 7.3.10. For any given d x d positive definite matrices A, B >~ 0,

=
=

(A, B) > d - det(A)a - det(B)a.
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Proof. Let A = ZZ Laiuu] and B = Z;lzl bjw;w, be the spectral decompositions of A
and B.

. \2 (ug j
. <A, B> = Z aibj . % 2 H (aibj) d

1<i,j<d 1<i,j<d

QU=

where the inequality follows by the weighted AM-GM inequality as ZZ 1 (s w;)? = d,

and the second last equality follows as {u;}{_; and {w;}_, are orthonormal bases. O

We are ready to analyze the conditional expectation of progress I';.

Lemma 7.3.11. Let v > 1. Let S;_1 be the solution set at time t and Z;, = Ziest,l VZ'VZ-T
for 1 <t < 7. Suppose det(Zt)E <A for1<t<7. Then

;E[Ft] > (1 ;45 -~ +55)) -d%.

Proof. Let t € [1,7]. Using the probability distribution for sampling v;, in the randomized

exchange algorithm, the expected gain of adding vector v;, is

x(j 1 -
Edfg] = ) (T (1+2a<vjva,Ag>>.<Vjva,zt 1y
jelm\Se-1
g % (vivj' . Z1)
jem\S:-1
1 — . _
= E(tr(Zt h— Z x(i) - (v, Z, 1>),

1€SE_1

where the last equality uses Z?Zl x(j) - vj va =/
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Using the probability distribution for sampling v;, in the randomized exchange algo-

rithm, the expected loss of removing vector v;, is

B = Y 22X (1= 200wy, A7) - (w7, Z7)

k

€S,

1 . T -1
<1 Y (1 -x) w2

: €S (7.4)
< i (1 - X(Z)) ) <Vsz‘Ta Zt_1>

1€ESE_1

1

__<d_ Z X<i>'<VZVTvzt 1>)>

1
where the two inequalities hold as 1 — 2a(v;v;', A2> 1and (1 —ay) - (vv,Z ") >0 for

all i € [n], and the last equality holds as ) ,.q vV, = Z.
Therefore, the expected progress is
Et[rt] = ]Et[(l — 45)gt — (1 + 5€)lt]
1—4 1
> 1k (tr<z;1> - 3 2 ) - E (0= B x- 2

1€SE—1 1€SE_1

(1 —4e) ) = (1+5¢) - d)

WV

N T ==

=

((
( det Zt)é — (14 5¢) - d)
L /\46 (1+ 55)) : %,

where the second last inequality follows from Lemma 7.3.10, and the last inequality is

=

by the assumption that max; det(Zt)é < A. The lemma follows by summing over all
1<t <. O
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7.3.2.2 Martingale Concentration Argument

Here we show that the total progress is concentrated around the expectation. The proof
uses the minimum eigenvalue assumption and the short vector condition from Lemma 7.3.13

to bound the variance of the random process.

I and ||v,||5 < € and ||v;||3 < & for e < w5 for all

Lemma 7.3.12. Suppose Z, = 1

1<t < 7. Then, for anyn > 0,

r r 2
P ;Ft < ;Et[rt] _77] < exp<— Q(#—_i_m{/,))

Proof. We define two sequences of random variables {X;}; and {Y;};, where X, := E,[I";] —
T, and Y; := >,_, X;. Tt is easy to check that {Y;}, is a martingale with respect to {S;};.
We will use Freedman’s inequality to bound P[Y; > 7).

To apply Freedman’s inequality, we need to upper bound X; and E;[X?]. Note that

0< g =(vv;, Z ") <4e and 0<l = (v, Z ") <4e

gt i)
by our assumptions that Z; = 1/ and ||v;,||3 < & and [|v;,||3 < & for 1 < ¢ < 7. These imply

that
Xt:]Et[Ft]_Ft § (1_4€)Et[gt]+(1+5€)lt < (2+€)45< 105,

where the last inequality holds for € < %

To upper bound E;[X?], we first upper bound E,[g;] and E,[l;]. Note that

Eig:] = Z @ . (1 + 2a(vjva,At%>> . (vjva,Zt_1>

A k

JE€[N)\St-1

1+ 16sVd . _
S/ > x() (v Zh

J€[n\St—1

1+ 16evd
< _'_Tg\/_ -tr(Zt_l)
< 4d + ?{46611'57
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where the first inequality holds as o = 8v/d, A, < | and |v;||3 < & for j € [n] \ Si_; with
x(j) > 0, the second inequality follows as Y, x(¢)-v;v;” = [, and the last inequality follows
from the assumption that Z, > 1/. Note also that E,[l;] < ¢ from (7.4) in Lemma 7.3.11.
So, we can upper bound E;[X?| by

B[] < 106 B{IX) < 202 <(1 — 4e) - Ei[ge] + (1 + 5¢) -Et[lt]> <0 (502.5) :

where the first inequality is by the upper bound on X;, and the last inequality is by the

loose bound that E;[¢;] < O <%5)

Finally, we can apply Freedman’s inequality Theorem 3.2.3 with R = 10e, 02 =
1‘5> for all t € [7], and 0% = O (#) to conclude that

O(z—:dk
BIY, > ] < ewp (- %) :eXp(_Q<57'd1-22——k|r5nk)>'

The lemma follows by noting that Y; > 7 is equivalent to > ;_, I, < > /_ B[] —n. O

7.3.2.3 Proof of Theorem 7.3.7 for D-design

We are ready to prove Theorem 7.3.7 for D-design. Let 7 = % Suppose the second phase
of the algorithm has not terminated by time 7. Then A\ = maxj<;<;41 det(Zt)é <1-—10e.
Thus, Lemma 7.3.11 implies that

ZEtFt /( — e (1+5a))-%>%:2d.

On the other hand, the initial solution of the second phase satisfies Z; = §l which implies
that det(Z;) > (3)d As the knapsack constraints satisfy b, d”CJH‘” for j € [m], we know
from Lemma 7.3.13 that ||v||5 < e for each i with 0 < x(i ) < 1 Note that, in the ran-
domized exchange algorithm, all 4, and j; satisfy 0 < x(4;), x(j;) < 1 by Observation 7.3.3.
Together with the assumption that Z, = 1/ for all 1 < ¢ < 7, we have (v;, VJI, Z7Y < 4de

and (v;,v;], Z, ") < 4e for all 1 <t < 7. Hence, we can apply (7.3) to deduce that

T d T T 4
1 > det(Z;41) > det(Zy)-exp (ZI}) > (2) exp (th) - ZFt < d-lng <d.
=1 =1 =1
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Therefore, we can apply Lemma 7.3.12 with n =d and 7 = % to conclude that

P| max det(Z)7 <1-— 105] <P [Z Ty < ) BTy - d]
t=1 t=1

1<t<r+1
X €X -
o(2)d5 + edk

< exp(—Q(Vd)).

7.3.2.4 Optimality Condition of the Convex Program for D-Design

The following lemma uses the assumption about the budgets to prove that all vectors with

fractional value are short.

Lemma 7.3.13. Let x € [0, 1]" be an optimal fractional solution of the convex programming
relazation (7.1) for D-design. Let X = > x(i) - wu, and v; = X~zu; for 1 <i < n.

Suppose b; > % for 1 < j<m. Then Hleg < e foreach 1 <i<n with0 < x(i) < 1.

Proof. Since both z~a and log z are monotone functions for x > 0, minimizing fp(X) =
det(X)~a on §%, is equivalent to maximizing logdet(X) on S¢,. Thus, the following
convex relaxation of D-design (logdet(X) is concave on S%+ by Fact 2.2.15) would have

exactly the same optimizer and optimal solution characterization as (7.1) for D-design.

max log det (X)

xeR?, XeSd |
n

subject to X = ZX(Z) Cuiu
i=1

<Cj7X> <

ij Vj € [m]>
0<x(1) <1, Vie]n].

As the gradient of Vfp(X) = —2det(X )=2X~! has a more complicated form then that
of Vlog(X) = X~1, without loss of generality, we analyze the above convex program for

D-design for the ease of notations.
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We will use the Lagrangian duality (see Section 2.2.3.1) to investigate the length of
the vectors v;’s. We introduce a dual variable Y for the first equality constraint, a dual
variable p; > 0 for each of the budget constraint b; — (¢;,x) > 0, a dual variable 57 > 0
for each non-negative constraint x(i) > 0, and a dual variable 3;" > 0 for each capacity

constraint 1 — x(z) > 0. The Lagrange function L(x, X, Y, u, 5%, 37) is defined as
L(x, X, Y, u,p%,57) =logdet(X) + <Y, Zx(z) Ul — X>
i=1

3B = o)) + D0 x(@) + D0 B (L= x(0))

Rearrange the terms, we have
LG X, Y, 8%, 87) = logdet(X) — (Y, X) + > b+ > B
j=1 i=1
+) x(i) - <(Y, ) = (i) + B — 6?)‘
i=1 j=1

The Lagrangian dual function is
g(Y, 1, 7, 57) = max L(x, X, Y, p, 87, 7).

It is easy to verify that x = §1 is a strictly feasible solution of the primal program for
a small enough 6. By Theorem 2.2.26, Slater’s condition implies that strong duality holds.
In the primal convex program, we can relax the constraint X > 0 to X = 0 without loss of
generality, as log det(X) blows up to —oo when X approaches the boundary of Si. Thus,
the feasible solution space is closed and bounded, and the primal optimal is attained. Let
x € [0,1]",X > 0 be an optimal solution for the primal program, Theorem 2.2.28 says
there exists a dual optimal solution Y, u, 81,3~ > 0 together with x, X satisfy the KKT
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conditions. In particular, it holds that (we recall Vlogdet(X) = X! by Fact 2.2.2)

(Complementary slackness) ;- x(i) =0, 8 - (1 —x(i)) = 0 Vi € [n],
(Lagrangian optimality) VxL=X"1-Y=0,

V)L =Y, u;y; Z,ujcj —ﬁj =0, Vi € [n].

By strong duality, the primal optimal and the dual optimal attain the same objective
value, i.e. logdet(X) = g(Y,u,87,87) = L(x, X, Y, u, 7, 57). Thus, it holds that

logdet(X) = L(x, X, Y, u, 67, 87) = log det(X) — d+zﬂjbﬁ' +Zﬂi+’

where the last equality holds by Lagrangian optimality, (Y, y;u) = 27:1 wici(i) — B, +
B =0 for alli € [n] and Y = X~L. Since B+ > 0, it further implies

owbi<d = Y pilgll, <e
j=1

where the last implication follows by the assumption b; > === for each j € [m)].

Finally, by the complementary slackness condition, we must have 3;" = 3, = 0 for each
i with 0 < x(i) < 1. Together with the Lagrangian optimality, (Y, u;u") = > ey k(i) —
B + B =0 for all i € [n], for any i € [n] with 0 < x(i) < 1 it holds that

m
Zugcg (Youul) =X uul)=wl; = wE<Y wlgll, <e
=1

7.3.3 Analysis of the A-Design Objective

We will prove Theorem 7.3.7 for A-design in this subsection. Let 7 be the start time of
the second phase. For ease of notation, we simply reset 7, = 1, as the first time step in the
second phase. By assumption, A\, (Z1) > % and A\pin(Zy) > i for all ¢ > 1, which will be

crucial in the analysis.
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To analyze the A-design objective tr ((Ziest_l u;u; )71), we analyze the equivalent
quantity (X~', Z7') after the linear transformation v; = X ~2u; as shown in (7.2). By
Lemma 4.2.5, if 2(v;,v;] , Z7 ') < 1, then the change of the objective value is bounded by

(X7 Z5h) = (XN (2= iy + v D‘1>
<X ! Z Vi Vi Zt_1> <X71,Zt_1Vjth—tth_1>

<X_1,Z_1 -
R e D RS N

In Section 7.4.2, when analyzing the combinatorial algorithm for A-design, we will show

in Lemma 7.4.4 and Lemma 7.4.5 that if we sample i; and j; from the distributions
Pli; = 4] o< (1 — X(Z)) (1 —2(vv; 7Z_1>) and P[j; = j] o< x(j) - (1 +2(vv; ,Zt_l)) ,

then the objective value will improve in expectation when the current objective value is
far from optimal. In the randomized exchange algorithm, however, we sample ¢; and j,
from the E-design distributions. An important observation is that the quantities in these
two distributions can be related to each other when the minimum eigenvalue assumption

holds. The following lemma will be proved in Section 7.3.3.1.

Lemma 7.3.14. If Z, = 11y, then (viv,", Z7") < a - (vv,", A?) < aduin(Zy) - (viv)', Z71)
for1<i<n.

In the exchange subroutine of the randomized exchange algorithm, only those i; with

1
2c - (v, VJ,AE> < % are sampled. So, when the minimum eigenvalue assumption holds,

Lemma 7.3.14 implies that the randomized exchange algorithm only samples i, that satisfies

2(v;,v;l, Z; ') < 1. Therefore, we can apply Lemma 4.2.5 repeatedly to obtain that for any

1t )

T2>1,

XLz Iz XL 2 e 2
X1z < (X~ zhy - Jt _ 4t Vi Vi . (7.5
< 7—+1> < » <1 > ;( 1+2<Vjt ]t,Z > 1 _2<Vzt Z't7Zt 1) ( )

As in Section 7.3.2, we define gain ¢, loss [, and progress I'; in the ¢-th iteration as
follows
(X1, z1 Vi, Vi, rzh ' (X1, Z7 v, i Tz
420,27y 0 T =2, Z Y

gt ‘= and Ft =g — lt.
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In Section 7.3.3.1, we will prove Lemma 7.3.14, and use it to prove that the expected
progress is large if the current objective value is far from optimal. Then, in Section 7.3.3.2,
we will prove that the total progress is concentrated around its expectation, while the
minimum eigenvalue assumption and the optimality condition of the convex programming
relaxation are crucial in the martingale concentration argument. Finally, we complete
the proof of Theorem 7.3.7 for A-design in Section 7.3.3.3, and present the proof of the

optimality condition in Section 7.3.3.4.

7.3.3.1 Expected Improvement of the A-Design Objective

We first prove Lemma 7.3.14, which will be useful in bounding the expectation.

Proof of Lemma 7.3.1/. Recall that A; = (aZ; — l;15)? where I; is the unique value such
that A; > 0 and tr(A;) = 1. Since Z; = A\uin(Z) - g, it follows that

1= tr(At) < (OéAmin<Zt) — lt)72 . tr(/d) > Oé)\min(zt) — lt < \/C_l — lt 2 O,

where the last implication holds as o = 8v/d and Amin(Zy) = }L. This implies that A? =

(aZ, — Iily)~t = a1 Z7 !, proving the first inequality.

For the second inequality, consider the eigen-decomposition of Z, = Z?Zl Ajw; WjT,
where 0 < A\; < ... < \g are the eigenvalues and {w;}; are the corresponding orthonormal

eigenvectors. Then,

1 d (Vi7W">2
(v, A?) 2 -1 F vy A Aj < A1 <\
_ - . X X X N1
(v, Z ) Z?ﬂ W jeld aNj — 1y al =1 ’

where the first inequality holds since a\; —1; > 0 as A; > 0, the second inequality holds

as [y > 0 and the function f(z) = —* s decreasing for x > % when [; > 0, and the last

inequality follows as 1 = tr(A;) > (a\; — I;)~2 which implies aX\; — [; > 1. H

Before analyzing the expectation, we prove another useful lemma, which will also be

used in the analysis of combinatorial local search algorithm later in this chapter.
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Lemma 7.3.15. For any given d x d positive definite matrices A, B = 0,

2 <, (1(B))?
(A B*) > m and (7.6)
(A, B) < \/tr(A) - (A, BY). (7.7)

Proof. Let A = Zle a;u;u; and B = ijl bw; WjT be the eigendecomposition of A and
B. Then,

1
tr(B) = ij = b; -+ (ui, wy)? Z Vaibi(u;, w;) - ﬁwi’ w;)

J=1 1<i,5<d 1<i,5<d
2 2 1 2
> aib (u,wy)? e ) — i, w)
1<, j<d 1<i,j<d

= V(A B2) - tr(A1),

where the second equality and the last equality hold as {u;}¢_, and {W]} _, are orthonormal

bases, and the inequality is by Cauchy-Schwarz. For the second inequality in this lemma,

(A, B) = Z a;bj{u;, w;)? Z a;(u;, wj)? Z aibi {ug, wy)* = \/tr(A) - (A, B2),

1<i,j<d I<i,j<d 1<i,j<d

where the equalities hold as {u;}; and {w;}; are orthonormal bases and the inequality is
by Cauchy-Schwarz. O

The following lemma shows that the expected progress is large if the current objective
value is far from optimal. Note that, in contrast to Section 7.3.2 for D-design, the minimum

eigenvalue assumption is needed in the proof.

Lemma 7.3.16. Let S;_; be the solution set at time t and Z, = Zz‘est,l vz-viT for1 <t <.
Suppose Z, = 21 and (X7, Z7") = X -tr (X7Y) for A > 1 for 1 <t < 7. Then

ZEt > —1)~tr(X_1).
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Proof. The expected gain of adding vector vj, is

<X ! Z VJ J Zt_1>

x(7)
— + 2a(v A2
v%tl b ( o >> 1+2<Vajvzt_l>
x(7 _
> Y e gz
JE[\St—1
1
= E((Xl,th) - <X1,Zt1( > x(i) - vz-viT> Zt1>>,
PESE—1

where the inequality follows from Lemma 7.3.14 and the last equality follows as 3 37, x(j) -

vJ = [. The expected loss of removing vector v;, is

Efu]= 3. 1_TX(Z) : (1 — 2a<viviT,At%>> : <)1<__ 2Z<V VZVZZ>>

i€S;_,
1 . 1 o -
<z 'Z (1—x(@) - (X, Z vy 7Y
i€S]_
1
<o > (X)X Z ez
1€St_1
1
= E(<Xl’ Z7h — <X1, Ztl( Z x(7) - vin-T> Zt1>>, (7.8)
1€St_1

where the first inequality follows from Lemma 7.3.14 and 2a(v;v;", A?) < 3 by the definition
of S;_;, and the last equality holds as } ,.q  viv; = Z.

Therefore, the expected progress is
1
B[] = Eelge] — Eully] 2 Z (X527 = (X7 zZ7).

The term (X~', Z?) can be lower bounded by

<X_17 Zt71>2

—2 . X—l Z—l
tI‘(Xﬁl) A < ) &t >7

(X277 >
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where the first inequality follows from (7.7) in Lemma 7.3.15, and the second inequality

follows from our assumption of this lemma. This implies that
A=1 oy 4 A—1 N _A-1 B
Et[Ft]>T<X 17Zt 1>:Ttr<(esz UZU,LT> )27 tI'(X 1),
1€S—1

where the equality is from (7.2) and the last inequality is because X is an optimal solution.

The lemmas follows by summing over t. m

7.3.3.2 Martingale Concentration Argument

Here we prove that the total progress is concentrated around the expectation. The proof
uses the minimum eigenvalue assumption and the optimality condition in Lemma 7.3.18

in Section 7.3.3.4 to bound the variance of the random process.

Lemma 7.3.17. Suppose Z; = 31 and (X~*, v,v;|) < € -tr(X7Y) and (X1, v;,v]) <

1t Jt

Setr(XT) forall 1 <t < 7. Then, for any n >0,

P tz;:rt ZT:Et T —n] eXp< (grx/ﬁ-tr(x—gzkjank.tr(x—l)»'

Proof. We define two sequences of random variables { X;}; and {Y;};, where X, := E,[I";] —
I' and Y; := ZLI X;. Tt is easy to check that {Y;}; is a martingale with respect to {S;};.
We will use Freedman’s inequality to bound P[Y; > 7).

To apply Freedman’s inequality, we need to upper bound X; and E;X?]. To upper
bound X;, we first prove an upper bound on g; and [;. Note that

-2

X Z7 v Z7Y = (27X 27 v, J>=<Xé( > ujujT> Xé,vitvij>
JESt—1

_/y—1i5-2 T -1 ., T & —1

= (X 2Z X72,v,v, ) <16(X, vy, ) < y Str(XT),
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where the second equality uses the fact that Z, = X~z (Z;est L uju; ) X~2, the first
inequality uses the assumption Z; = il , and the last inequality follows from the assumption
that (X', v, v;|) <% -tr(X~!). This implies that

1t

XLz vl zZrhy 1 X1, Z7 v, vzt 2
< Vjt > < E.tr(X_l) and lt < Vt it <t > 3 E

1+ 2(v;,v], Z7") d 1—2(v;,v, Z7h) d

gt =

where the second inequality holds as 2(v;,v;|, Z; ") < 2a(v, v, ,A ) < 2 by Lemma 7.3.14

and the definition that ¢, € S;_; in the exchange subroutine. Therefore,

48¢ _
Xy =EIy) = Ty < Eylge] + 1 < a0 ~tr(X 1)-
Next, we upper bound E;[X?] by
48e 96¢
E[X7] < v tr(X ™) - Eyf | X5] < v (X7 (Et[gt] + EtUt])-

Using (7.8), we bound the expected loss term by

1 4
7. <X717 Z;l) < E ’ tr(Xil)a

Efl] < 5

where the last inequality follows by the assumption that Z; »= /. Then, we bound the

1
4
expected gain term by

x(7 1 Xtz vz
]Et[gt] — Z (]) . (1—|—20¢<V]V]T,At2>) . < t 1Y <t >

T -1
[n]\St—1 k 1+2<Vjvj th >
1 a<vjvT,A§>} o )
< = - max{ ——=L——" 4. x(j) - (X1, Z Tz
k je[n}{<vjV]T’Zt1> ; (]) < t ViV 4 >
1
< T Amin(Z) - (X7, Z72)
< &\/& St (X7,

where the first inequality follows from the first inequality in Lemma 7.3.14, and the second

inequality follows from the second inequality in Lemma 7.3.14 and Z?Zl x(j) - vv; =1,
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and the last inequality holds as a = 8V/d, Z7% < Aain(Z) 72, and Apin(Z)) > }1 by our

assumption. Therefore,
€ 2
E(XF < O(—x) -t (X7)”
t[ t] k\/a ( )

Finally, we can apply Freedman’s inequality Theorem 3.2.3 with R = 485 ctr(XTY), 02 =

O(==) - tr (X~ )2 for all t € [r], and 0% = O(k%) -tr (X*1)2 to Conclude that

kvd

FlYe > 1] < exp <_$ﬁ7l/3> - <_Q <€T\/3tr(X‘17;22kj enk tr(X‘1)>) '

The lemma follows by noting that Y, > 7 is equivalent to > ,_, I, < > /_ B[] —n. O

7.3.3.3 Proof of Theorem 7.3.7 for A-Design

We are ready to prove Theorem 7.3.7 for A-design. Let 7 = %. Suppose the second phase

of the algorithm has not terminated by time 7. Then A = min; ;<41 % (1+¢).
Thus, Lemma 7.3.16 implies that

Z]Et r) > Ao () s 2 (x7Y).

On the other hand, the initial solution of the second phase satisfies Z; = %/, which implies

that (X', Z7") < 3tr(X™). By the minimum cigenvalue assumption, we know from
1

Lemma 7.3.14 that 2(v, v, , Z, ") < 2a - (v, v, ,AZ) < 2

AR and so we can apply (7.5) to
deduce that

27

tr(X) < (X1, Z71) < Zrt § (X7 =)L

As the knapsack constraints satisfy b; > dle H°° for j € [m], the optimality conditions in

Lemma 7.3.18 imply that (X7 v;v,) < £ tr(X 1) for each 7 with 0 < x(i) < 1. Note
that, in the randomized exchange algomthm, all 4, and j; satisfy 0 < x(i),x(j¢) < 1 by
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Observation 7.3.3. Therefore, we can apply Lemma 7.3.17 with n = g tr(X71) and 7 = 25—’“

to conclude that

P[ min (X7, Z7Y > (1+¢) tr(X‘l)]

1<t<r+1

T T 5 ~
< P [ZFt<ZEt[Ft]—§tr(X 1)
t=1 t=1

< exp(‘9(5<%>m-ttf§)x<—3§ )
< exp <—Q(\/3)>-

7.3.3.4 Optimality Condition for the Convex Program of A-Design

This lemma follows from the optimality condition of the convex programming relaxation

and the assumption about the budgets.

Lemma 7.3.18. Let x € [0, 1]" be an optimal fractional solution of the convex programming
relazation (7.1) for A-design. Let X = """ x(i) - wu, and v; = X~zu; for 1 <i < n.
Suppose b; > el for 1 < j <m. Then, for each 1 <i<n with 0 < x(i) < 1,

)

(X1 vy <

%

Str(XTH.

Proof. We recall the convex relaxation (7.1) for A-design.

min tr (X_l)

x€R4, Xesd

subject to X = 22:1 x(2) - uu;
<Cj7X> < bj’ Vj e [m],
0< x(4) <1, Vi € [n].

The proof is very similar to the one of Lemma 7.3.13. We will use the Lagrangian

duality (see Section 2.2.3.1) to investigate the length of the vectors v;’s. We introduce a
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dual variable Y for the first equality constraint, a dual variable p1; > 0 for each of the
budget constraint b; — (c;, x) > 0, a dual variable ;" > 0 for each non-negative constraint
x(i) > 0, and a dual variable 37 > 0 for each capacity constraint 1 — x(i) > 0. The
Lagrange function L(x, X, Y, u, 81, 57) is defined as

L6 X, Yo B, 87) = (X + <Y, X3 x(i) - wul >
=1

n n

£ 30 my ({6520 = by) = D0 B7x(0) + D2 B (x(0) — 1),

i=1 i=1

Rearrange the terms, we have

LOGX, Y, B, 87) = (X7 + (Y, X) = > by — Y B
Jj=1 i=1

n

=3 xG0)- ((Y,uiuiT> — é/ﬁcj(’i) + 56 _@)'

i=1
The Lagrangian dual function is

g(Y,pu,B85,87) = XH}%L(X?X, Y, u, T, 57).

It is easy to verify that x = d1 is a strictly feasible solution of the primal program
for a small enough §. By Theorem 2.2.26, Slater’s condition implies that strong duality
holds. In the primal convex program, we can relax the constraint X > 0 to X > 0 without
loss of generality, as tr(X~') blows up when X approaches the boundary of S‘i. Thus,
the feasible solution space is closed and bounded, and the primal optimal is attained. Let
x € [0,1]™,X > 0 be an optimal solution for the primal program, Theorem 2.2.28 says
there exists a dual optimal solution Y, u, 87,5~ > 0 together with x, X satisfy the KKT
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conditions. In particular, it holds that (we recall V tr(X~1) = —X~2 by Fact 2.2.3)

(Complementary slackness) f; - x(i) =0, ;- (1 —x(i)) = 0 Vi € [n],
(Lagrangian optimality) VxL=-X24+Y =0,

Ve L = (Y, ui ZMCJ By — B =0, Vi€ nl

By strong duality, the primal optimal and the dual optimal attain the same objective
value, i.e. tr(X™1) =g(Y,pu, 87,87) = L(x, X, Y,u,B,37). Thus, it holds that

(X)) = L(x, X, Y, 1, B, 7) = 2tr(X Zujbj -y B,
7=1 =1

where the last equality holds by Lagrangian optimality, (Y, y;u) = Z;"zl wici(i) — B +
B =0 foralli € [n] and Y = X~2. Since BT > 0, it further implies

Z:ujbj <tr(X7) = Zﬂj I¢ill oo tr(X ),

&Im

where the last implication follows by the assumption b; > == for each j € [m].

Finally, by the complementary slackness condition, we must have 3 = 87 = 0 for
each i with 0 < x(i) < 1. Together with the Lagrangian optimality, ¥ = X2 and
(Y, uu)y = 37" pici(i) — B 4 B = 0 for all 4 € [n], for any i € [n] with 0 < x(i) < 1 it
holds that

_ £
ZMJCJ (Y, uiu]) = (X" vy') = Z:U’] 6l c_l tr(X™H). O

7.4 Combinatorial Algorithms

In this section, we present combinatorial local search algorithms for D/A /E-design prob-

lems. In Section 7.4.1, we show that Fedorov’s exchange method is a polynomial time
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b—d—1
b

to the without repetition setting. In Section 7.4.2, we analyze Fedorov’s exchange method

algorithm to achieve -approximation for D-design, which extends the result in [108]
for A-design, and prove that it works well as long as there is a well-conditioned optimal so-
lution. As a corollary, this extends the result in [108] for A-design to the without repetition
setting, with an arguably simpler proof. In Section 7.4.3, we show that Fedorov’s exchange
method does not work with the minimum eigenvalue objective, and we propose a modified
local search algorithm and prove that it works well as long as there is a well-conditioned

optimal solution.

A common theme in the analysis of all these algorithms is that we compare the current
integral solution S to an optimal fractional solution x. As long as the objective value of
x is significantly better than that of S, we use x to define two probability distributions to
sample a pair of vectors u;, u; so that the expected objective value of S — 4 + j improves
that of S considerably, and so we can conclude that the combinatorial algorithms will find
such an improving exchange pair. One advantage of this approach is that this allows us
the flexibility to compare with a fractional solution with smaller budget (which still has

objective value close to the optimal one), and this makes the analysis easier and simpler.

The following notations will be used throughout this section. Given a fractional solution

x € [0,1]™ and an integral solution S C [n], we denote

n

X ::ZX(i)-uiuiT, Xg ::ZX(Z')-UZ-UZT, x(.9) ::Zx(i), Z::ZuiuiT.
i=1 €S €S €S

7.4.1 Combinatorial Local Search Algorithm for D-Design

We analyze the following version of Fedorov’s exchange method for D-design, where we
always choose a pair that maximizes the improvement of the objective value and we stop

as soon as the improvement is not large enough.
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Fedorov’s Exchange Method for D-Design
Input: n vectors uy, ..., u, € R%, a budget b > d.

1. Let Sy C [n] be an arbitrary set of full-rank vectors with |Sy| = b.
2. Let t <~ land Zy := ) g | U .
3. Repeat

(a) Find i; € S;—1 and j; € [n] \ Si—1 such that

(ig,7¢) = arg max det (Zt — uiu + ujujT>-
(4,§):1€Ss—1,j€[N]\St—1

(b) Set Sy = Si—1 U {je} \ {ie} and Zyyy < Zy — wj,u)), 4 uju) and ¢ <t + 1.
'Unﬁlda(4)<:@.+ﬁ%)daxa_g.

4. Return S;_o as the solution set.

To analyze the change of the objective value in each iteration, note that (u;, UJ JZNY <1

for any t as i; € S;_1, and so it follows from Lemma 2.1.12 that

1t ) Jt?

det(Z;11) = det(Z, — uitug + ujtujTt) > det(Z) - (1 — (u;,u) Z7Y) (1 + (ujtu-T Z7h).
—_—— N —
loss gain
Therefore, in order to lower bound the determinant of the solution, we lower bound the
“gain” term and upper bound the “loss” term to quantify the progress in each iteration.

First, we prove the existence of i; with small loss, with respect to a fractional solution x
with ||x]|, = ¢ < 0.

Lemma 7.4.1 (Loss). For any x € [0,1]" with > x(i) = ¢ < b and any S C [n] with
|S| = b, there exists i € S with
d— <X57 Zﬁl>

(i, 27 < =0

7

222



Proof. Consider the probability distribution of removing a vector u; where each ¢ € S is
sampled with probability (1 — x(2))/ > ies (1 —x(4)), so that the “staying” probability is
proportional to the value x(i). Note that the denominator is positive as x(S) < ¢ < b,
and thus the probability distribution is well-defined. Then, the expected loss using this
probability distribution is

E[(uu], 7)) = 28 (1= x(0) (.27 _d— (X, 27")

>jes (1= x(5)) b —x(5)

where the last equality follows as >, ¢ w;u = Z and |S| = b. Therefore, there must exist

one vector 7 with (u;u", Z=1) at most the expected value. O

Next, we prove the existence of j; with large gain, again with respect to a fractional

solution x with ||x||, = ¢ < b.

Lemma 7.4.2 (Gain). For any x € [0,1]" with > x(i) = ¢ < b and any S C [n] with
|S| = b and x(S) < q, there exists j € [n]\S with

(X.Z7) = (Xs.27)

w22 TGS)

7

Proof. Consider the probability distribution of adding a vector u; where each j € [n] \ S
is sampled with probability x(j)/ Zie[n}\ s X(7), so that the “adding” probability is propor-
tional to the value x(i). Note that the denominator is positive by our assumption that
x(S) < g, and so the probability distribution is well-defined. Then, the expected gain using
this probability distribution is

T 71y 2zictns XU) (wju/, 27 (X, Z7Y) — (X5, Z7))
E({uuf, Z7")] = > et X(0) T x5

Therefore, there must exist one vector j with (u; ujT Z71) at least the expected value. [

The following is the main technical result for D-design, which lower bounds the im-

provement of the objective value in each iteration. In the proof, we compare our current

integral solution S with size b to a fractional solution y with size ¢ = b —d — %
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Proposition 7.4.3 (Progress). Let x € [0, 1]" be a feasible solution to the convex program-

ming relazation (7.1) for D-design with Y. x(i) =b for b > d+ 1. Let Z; be the current

solution in the t-th iteration of Fedorov’s exchange method. Then

b—d—1
b

ul-

det(X)i = det(zt+1)/(1+i).det(zt).

det(Zt) \ 13

Proof. We consider the following scaled-down version y, Y of the fractional solution x, X.

Define
1

_ 4 Ny
qg:=b—d— =, yi=g X Y.—Zy(z) - X.

R

2

Note that det(Y)s = i det(X)a and 1< g <b Let S:= S, be the current solution
set at time t. Note that we can assume x(S) < b and hence y(S) < ¢, as otherwise
det(Z;) > det(X) and there is nothing to prove. Hence, we can apply Lemma 7.4.1 and
Lemma 7.4.2 on Y and S to ensure the existence of i; € S and j; € [n] \ S such that

det(Zp1) > det(Z,) - (1 _ M) . (1 e > éYs, >)

b—y(S) 5)
> det(Z) - (1_ d_b<—y—;(§t)_l>) [ 2 det( y(S )); s >)
S dei(z). (1_ d—b<_y—;(§§l>) L %det(X)% .- Z lc;tg)—d - <YS,Z;1>)
= det(Z)- (1 - d_b<_y—;(§3_1>) e o Tl_;)_dy_(é)y&Zt_l>> ’

where the second inequality follows from Lemma 7.3.10, the third inequality follows from

= 1X and the assumption det(Z)a < ool det(X )a, and the last equality is by ¢ =
b—d— 1
2

To lower bound the improvement, we write a := d — ( Yy, Z; ') as a shorthand, and then
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the multiplicative factor is

(1 Cd- (YS,Z;1>) | <1+ (14 52y)d — (s, Z7 >>

b—y(S) q—y(S)

a ot 5
( b—MSD ( q—y(S)
(b—q)a —a®+ (b—y(S))d _ _ad

2q—1 2q—1

(b—y(9)) - (¢—y(9))

b—q)d
(b—q)a—a?+ 20— jad

(b—y(9) - (¢—y(5)

where the last inequality follows as y(S) < ¢. Let f(z) = —2? + (b — ¢)x — ngl + (gq__q)ld

be a univariate quadratic function in . Note that f”(x) < 0, and thus minge(y, 4] f(2) is

= 1+

> 1+

attained at one of the two ends x = x; or ¥ = x5. Since a = d — (Ys, Z; ) € [0,d], the

numerator of the second term above is lower bounded by

) . . (b—q)d 2qd(b—q—d)
@) min f() > min{f(0), (@)} = win { G0, 20502020

z€(0,d
, (d+3d (b—d-1)d d
= min , = ,
2b—d—1)"2(b—d—1) 4b—d—1)

where the equality in the second line is by plugging in ¢ = b—d — %, and the last inequality

follows the assumption b > d + 1. Therefore, we conclude that

d d
®“4“)>d%u®'(1+4@—d—1Xb—yw»0r—MSD>gmh“4y<?+5¥)£j

The main result in this subsection follows immediately from Proposition 7.4.3.

Theorem 7.1.4. The Fedorov’s exchange method is a b“;_l-appma:imation polynomial

time algorithm for D-design in the without repetition setting. In particular, this is a (1—¢)-

approzimation algorithm whenever b > d + 1+ g for any € > 0.

Proof. Let X* = > x*(i) - wu] be an optimal fractional solution for D-design with

budget b for x* € [0,1]". Let Z; > 0 be an arbitrary initial solution.
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When the combinatorial local search algorithm terminates at the 7-th iteration, the
termination condition implies that det(Z.;1) < (1 4b3) det(Z;). It follows from Propo-
sition 7.4.3 with X = X* that

> % det(X*)a,

Q=
n.\»—-

det(Z;)

and thus the returned solution of the Fedorov’s exchange method is an b_dT_l

-approximate
solution.

Finally, we bound the time complexity of the algorithm. If the algorithm runs for

863 1. det(X*)

T > 2 In 2

of Z., is at least

iterations, then the termination condition implies that the determinant

det(Z41) > (1 + 4;23) -det(Zy) > esb3 -det(Zy) > det(X™),

where the second inequality follows as (1 + %) > 68b3 for 4b3 < i. It was proved in

Appendix C of [108] that In J det Z )) is polynomial in d,b and ¢, where ¢ is the maximum

number of bits to represent the numbers in the entries of the vectors. Specifically, they
proved that det(Z;) > 274D and det(X*) < 244D and so 7 = O(db*nl) iterations
of the algorithm is enough. m

7.4.2 Combinatorial Local Search Algorithm for A-Design

We analyze the following version of Fedorov’s exchange method for A-design, where we
always choose a pair that maximizes the improvement of the objective value and we stop

as soon as the improvement is not large enough.
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Fedorov’s Exchange Method for A-Optimal Design

Input: n vectors ui, ..., u, € R% a budget b > d, and an accuracy parameter ¢ € (0, 1).
1. Let Sy C [n] be an arbitrary set of full-rank vectors with |Sy| = b.
2. Let t +— 1and Zy < Y, g wiu; .
3. Repeat

(a) Find i; € S;—1 and j; € [n] \ S;—; such that

-1
(i1, J¢) = arg min tr ((Zt — i + uju-T) )
(4,5):t€St—1,7€M]\St—1

(b) Set Sy <+ S;—1 U {4} \{i} and Z;11 + Z, — u;, ul-f + uj, ujTt and t «+ ¢t + 1.
Until tr(Z!) > (1 - g) tr(Z74).

4. Return S;_o as the solution set.

To analyze the change of the objective value in each iteration, we apply Lemma 4.2.5
which states that if 2{u;,u;, Z, ") < 1 then

-1 1 (us, “z’Ia Z?) (uj, UjTta Z%)
tr(Z) —tr(Z7) < T -1\ T -1\ °

1- 2(u;,u;,, Z; ) \1 + 2(uj,u5,, Z; >,
lggs gzil

(7.9)

Therefore, to upper bound the A-design objective of the solution, we upper bound the loss

term and lower bound the gain term to quantify the progress in each iteration.

In the following lemma, we first prove the existence of i, with small loss term, with
respect to a fractional solution x with ||z, = ¢ < b — 2d. Note that we only restrict our
choice of i; to those vectors that satisfy 2(u;,u;,Z ") < 1 so that (7.9) applies, clearly
Fedorov’s exchange method could only do better by considering all possible vectors in the

current solution.
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Lemma 7.4.4 (Loss). For any x € [0,1]" with Y, , x(i) = ¢ < b—2d and any S C [n]
with |S| = b, there exists i € S':={j € S : 2(uu} , Z7") < 1} with

(uu Z‘2> < tr(Z7Y) — (Xg, Z72)

7

12wy, 271 = b—x(S)—2d

Proof. Consider the probability distribution of removing a vector u; with probability

(1= x(@) - (1 = 2wy, Z71)
Yjes (L=x(7) - (1 = 2Auuf, Z71))

We first check that the probability distribution is well-defined. Note that the numerator

Pli, = i] = for each i € 5.

is non-negative as 1 — 2(u;u, Z71) > 0 for each i € S’. The denominator is

S (1=x() - (1 =2(wu,Z7N) = (1= x(5)) - (1= 2w, Z71)

jes’ jeS
2E 1—x —22 u]],
JES jES

=b—x(S)—2d > 0,

where the first inequality holds as 1 — 2(uu, Z7') < 0 for j € S\ S, the second in-
equality follows from 1 — x(j) < 1 for each j € [n], and the equality is by |S| = b
and (g uju; T, Z7Y = (Z,Z7') = d, and the strict inequality is by the assumption
b>q+2d > x(S)+2d. Thus, Pli; = 4] > 0 for each i € S’, and clearly ). o, Pliy =] = 1.

The expected loss using this probability distribution is

(), Z~ (1—x(2) - (1 —2(wu,Z71) (wu , Z7%)
1 —2(uu, } ; EJGS/ x(4)) - (1 —2<u] uj,Z- >) 1 —2(uu, Z-1)
_ Z'LES'( (2)) < _2>
ZjeS’( _X(])) (1 2(uju; ’Zil>)
tr(Z7Y) — (Xg,Z7%)
b—x(S)—2d
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where the last inequality follows from the inequality above for the denominator and
Z (1—x(@)) - (yu, Z7%) < Z (1—x(2)) - (yu, Z72%)
ies’ i€s
=(Z,Z7% — (X5, Z7H =tr(Z7") — (X5, Z72)
for the numerator. Therefore, there exists an ¢ € S’ with loss at most the expected

value. =

Next we show the existence of j; with large gain term, again with respect to a fractional

solution x.
Lemma 7.4.5 (Gain). For any x € [0,1]" with > ;. x(i) = ¢ < b and any S C [n] with
|S| = b and x(S) < q, there exists j € [n] \ S with

(uju],Z72) (X,Z7%) — (X5, Z72)
L+ 2(uul, Z71) 7 g —x(8) +2(X, Z271)’

Proof. Consider the probability distribution of adding a vector u; where each j € [n] \ S
is sampled with probability

XG) - (1+ 2], Z7Y)
Yietps X(0) - (L+2(uu, Z71))
Note that the denominator is positive by the assumption x(S) < ¢ which implies that
x([n] \ S) > 0, and so the probability distribution is well-defined.

Pl =j] = for each j € [n] \ S.

The expected gain using this probability distribution is

<ujt UJ—L

1+ 2(uj,u Jt,Z

Z 1+2<Uyga ) _ <UJ]7Z %)

ST ZZE i\ x() (1 +2(uu], Z71) 1+ 2(uju] , Z71)
e XU) - (wu, 272
B Dicpns X(@) - (L+2(uu], Z271))

(X, Z27%) — (Xs,27%)

q = x(S) + X icpps 2x(4) - (uu, Z71)

(X,Z27%) — (Xs,Z7%)
g —x(9)+2(X,Z-1)’
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where the third equality is by > i | x(i) = ¢, and the last inequality holds as >, ¢ x(4) -
usu; < X. Therefore, there exists j € [n]\S with gain at least the expected value. O

We are about ready to analyze when the objective value would decrease. We will use
the following simple claim to lower bound the gain term, whose proof is by checking the
derivatives of f(z) and g(z).

Claim 7.4.6. The functions f(x) = e and g(x) = 52 with ¢1,09,¢3 2 0 are

monotone increasing for x = 0.

The following is the main technical result for A-design, which lower bounds the improve-

ment of the objective value in each iteration. Note that the result depends on tr(X)-tr(X1).

Proposition 7.4.7 (Progress). Let x € [0,1]" be a fractional solution with Y., x(i) = gq.
Let Z; be the current solution in the t-th iteration of Fedorov’s exchange method. For any
e >0, if

tr(Z7) > (T4+e)te(X™Y) and b= q+2d+2(1 4 ) y/tr(X) - tr(X-1),

then
tr(Zh) < (1-7) = (Z7).

Proof. Let S := S;_1 be the current solution set at time ¢. Note that x(S5) < ¢, as otherwise
tr(Z7!) < tr(X~1) and the assumption does not hold. Hence, we can apply Lemma 7.4.5
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to prove the existence of a j; € [n]\S such that the gain term is
(wpwfp, 272 (X Z7%) — (X5, 272
L+ 2w, Z7Y) 7 g —x(5) +2(X, Z7)

<X Z7% — (XS,Z*Z)

WV

q— x(S) +2¢/tr(X) - (X, Z72)
tr(Z=1)2
> t((X ) <X Z- >
q—x(S)+ 2\/tr . t (x
e (@ - <xs,z 2>
q = x(8) + Gy - V/uX) - u(X)
L (+9uE@)- <xs, >
T g —x(8) 4+ 2(1 4 &)y/tr(X) - tr(XT)
< (1+e)tr(Z71) — (Xs, Z72)
- b—x(S)—2d ’
where the second inequality is by (7.7), the third inequality follows from (X,Z72) >
“;((X by (7.6) and an application of Claim 7.4.6 with f(z) = 2~ to establish

monotonicity, the fourth inequality follows from the first assumption that tr(Z=!) >
(1 + &)tr(X~!') and another application of Claim 7.4.6 with g(z) = 2 to estab-

co+tc3x
lish monotonicity, and the last inequality follows from the second assumption that b >

q+2d+2(1+¢e)y/tr(X) - tr(X).

For the loss term, note that ¢ < b — 2d by the assumption on b, and so we can apply

Lemma 7.4.4 to prove the existence of an 7, € S C S such that the loss term is

<u’lt sz > < tr<Z_1) - <X57Z_2>
1—2(uu), 271~ b—x(S)—2d

Since i, € S satisfies 2(u;,u; , Z7 ') < 1, we can apply (7.9) to conclude that

tr(Z24) —tr(Z7) = tr ((Z — wyuy, + wjou))) ™) —tr (Z7)

T 272 o —1
R C L AL N A N (=50 My S I
1—2wul, 27t 1+ 2(uu),Z71) ~ b—x(S) —2d b
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The main result in this subsection follows from Proposition 7.4.7 by a simple scaling

argument.

Theorem 7.1.5. Let X := Y7 x(i)-wu] with Y7 x(i) =b and z; € [0,1] for 1 <i < n
be a fractional solution to A-design. For any ¢ € (0,1), the Fedorov’s exchange method
returns an integral solution Z =1 | z(i) - wu; with Y1 z(i) < b and z(i) € {0,1} for
1 < i< n such that

tr(Z7') < (1+e)-tr(X™")  whenever b= Q<d+ y tr()g() tr (X_1>>.

Amax (X* )
)\min (X* )

Fedorov’s exchange method gives a (1 + €)-approzimation algorithm for A-design whenever

In particular, let k = be the condition number of an optimal solution X*, then the

b> Q(@), and the time complexity is polynomial in n,d, %, K.

Proof. We consider the following scaled-down version y, Y of the fractional solution x, X.
Let

- X.

R

q:=b—2d —2(1+¢)y/tr(X) - tr((X)1), y::%-x, Y::;y(z’)-uiu;:

Note that tr(Y) - tr (Y1) = tr(X) - tr (X!) and so it holds that b > ¢ + 2d + 2(1 +
)y/tr(Y) - tr(Y~-1). Thus, we can apply Proposition 7.4.7 on y to conclude that if the
algorithm terminates at the 7-th iteration such that tr (Z7};) > (1 — %) tr (Z-1) then

(I14+¢e)b
q

where the last inequality follows from the assumption b = Q (% (d++/tr(X) tr(X —1))) which
implies that ¢ > (1 — O(g))b. This proves the approximation guarantee of the returned

tr(Z7') < (1+e) tr (Y =

T

tr (X)) < (1+0(e) - tr (X7,

solution.

Finally, we bound the time complexity of the algorithm. If the algorithm runs for
tr(Z7h)
tr(lel)
of Z,1 is at most

T > gln iterations, then the termination condition implies that the objective value

(Z-4) < (1 _ _>T r(Z7Y) <e T



-1
Note that In E;E)Z(I_I; is upper bounded by a polynomial in d, n and the input size as proved

in [108] (and the corresponding bound for D-design is discussed in the proof of Theo-
rem 7.1.4 in Section 7.4.1). O

As a corollary, we extend the analysis of Fedorov’s exchange method with short input

vectors in [108] to the more general without repetition setting.

Corollary 7.4.8. Let x € [0,1]™ be a fractional solution to the convexr programming relax-
ation (7.1) for A-design with Y7, x(i) = b. If ||u|” < % for each 1 < i < n and
b>Q (g) for some € € (0,1), then Fedorov’s exchange method for A-design returns a solu-

tion with at most b vectors with objective value at most (1+ O(e)) - tr (X™') in polynomial

time.
Proof. Tt follows from the assumption ||u;|* < % that
n 272 272
—1 _ -1 : 2 ~1 b _cb
tr (X71) - tr(X) = tr (X7) -Zx(z) Nz < tr(XT) - e R

=1

Thus, for b > Q (£), it holds that b>Q (g <d+«/52b2/2)> —Q (g (d—h/tr(X) tr(x—l))),
and so Theorem 7.1.5 implies that Fedorov’s exchange method will find a (1 + O(¢))-

approximate solution in polynomial time. O

7.4.3 Combinatorial Local Search Algorithm for E-Design

Unlike D-design and A-design, there are simple examples (see Section 7.4.3.2) showing that
Fedorov’s exchange method does not work for E-design, even if there is a well-conditioned

optimal solution.

Instead, we prove that the rounding algorithm by Allen-Zhu, Li, Singh and Wang [6]
for E-design can be used as a combinatorial local search algorithm as well. The only
difference is that the rounding algorithm in [6] will first compute an optimal fractional

solution x to the convex programming relaxation and then perform a linear transformation
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so that Y7 | x(i) - y;u;' = I, before applying the following combinatorial algorithm. Our
analysis will show that the combinatorial algorithm works well as long as there is an
approximately optimal fractional solution with good condition number, so this tells us
that the only essential use of an optimal fractional solution in the rounding algorithm is

for preconditioning.

The following algorithm assumes the knowledge of the objective value \* of the targeted

fractional solution. We will guess this value in the proof of Theorem 7.1.6.

Combinatorial Local Search Algorithm for E-Optimal Design

Input: n vectors uy, ..., u, € R% a budget b > d, an accuracy parameter € € (0,1), and

a targeted objective value \*.

1. Initialization: Let Sy C [n] be an arbitrary set with [So| = b. Set a « E@ and
t < 0.
2. Repeat

(a) Set t «—t+ 1.

(b) Let Z, := Y ,cq, , iy . Compute A, + (aZ; — I,/)”> where I, € R is the
unique scalar such that A, > 0 and tr(A;) = 1.

(c) Let S|, :={i € S,y : 20{u;u , A;'?) < 1}.

(d) Find i; € S;_; and j; € [n] \ Si;—1 such that

uiul A ul A
(it;jt): arg max (I)<At727j) = < J7J t> —— <UZU,L, t>

1 1 -
(4.9): 1€S;_, JEM\Si—1 L+ 2a(uuf ,A2) 1 —2a(uu, A?)

(e) Set St < St—l U {]t} \ {'Lt}
Until q)(Atyit7jt) < % or Amin<Zt) 2 (]. — 25))\*

3. Return S;_; as the solution set.
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The regret minimization framework developed in |7, 6] bounds the minimum eigenvalue
of the current solution using the potential functions ®(A,4,j) that we are optimizing
in each iteration. Applying Theorem 4.2.7 with feedback matrices Fo = Z; = 0 and

F = ujtujT uu for t > 1, as long as 1 > 2a(u;,u;) ,A ) for all 1 <t < 7, we have

. (ujuj,, Ar) (uiul A 2vVd S 2Vd
)\min ZT > ]t AL - = (A s Uty _—.
(Zr41) ;( Z (At i, Jt) o

1 + 20(uj, ],A ) 1—204<uzt u;, ,A )
g‘a;l l;gs

(7.10)

Therefore, in order to lower bound the minimum eigenvalue of the solution, we upper bound

the loss term and lower bound the gain term to quantify the progress in each iteration.
First, we show the existence of a good i, with small loss, with respect to a fractional

solution x.

Lemma 7.4.9 (Loss). Let S :=S;.1, 5" :=5, |, Z:=2Z, and A:= A,. For any x € [0, 1]"

with > 77" x(i) = ¢ < b—2a(Z, A2), there exists i € S with

(wul A (ZA) - (X, A)
1— 20wl A2) b —x(S) — 20(Z, A%)’

Proof. Consider the probability distribution of removing a vector u; with probability

(1= x(0))(1 — 2a(uu] , A2))
> jesr (1= x(7)(1 = 2au;u], A2))

We check that the probability distribution is well-defined. Note that the numerator is

Pli; = 1] = for all i € S'.

non-negative as 1 — 2a{u;u;" Az 2) > 0 for each ¢ € S’. The denominator is

ST (1= x()) - (1= 20{uu]  AD)) =3 (1= x(5)) - (1 - 20{uju] , AZ))

jes jes
25 (1—X —2045 u]j7
jeS j€eSs

=b—x(3) = 2a(Z, AZ) > 0
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where the first inequality holds as 1 —2a/(u; ujT, A%> < 0for j € S\ 9, the second inequality
follows from 1 — x(j) < 1 for each j € [n], and the equality is by |S| = b, and the strict
inequality is by the assumption b > ¢+ 2a/(Z, A2) > x(S) +2a(Z, Az). Thus, P[i, =] > 0

for each i € ', and clearly ) . ¢ P[i; =] = 1.

The expected loss using this probability distribution is

_ Z (1—x(@)) - (1 = 20(uu, A%>) . (gu] | A)
s (L=x(j) - (1= 20(ujul  AZ)) 1 —2a(uu], Az)
_ Dics (1= x(0)) - (wiu, A)
Y jes (1= x(7)) - (1= 2a(u;u] , A2))
(Z,A) — (Xs, A)
b —x(S) — 20(Z, A)

<uit UT A>

it’

1 — 20wy, u) , Az)

I

where the inequality is from the above inequality for the denominator and
> (1= x(@) - (wu” A < (1= x(D) - (wy], A) = (Z,A) — (X5, A)
ies’ i€s
for the numerator. Therefore, there exists an i € S’ with loss at most the expected

value. O

Next, we show the existence of j; with large gain term, again with respect to a fractional
solution.
Lemma 7.4.10 (Gain). Let S := S;_y and A := A,. For any x € [0,1]" with >, x(i) =
q < b and x(S) < q, there exists j € [n]\ S with
(ol A (XA - (X, A
1+ 2a{uju] , A7)~ g —x(S) + 2a(X, Az)

Proof. Consider the probability distribution of adding a vector u; where each j € [n] \ S
is sampled with probability

. ) x(g) - (1+2a(ujujT,A%>) )
P[j, = j| = : for each n|\ S.
I S s %) (L+ 2a(ul, AR) rebh
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Note that the denominator is positive by the assumption x(S) < ¢ which implies that
x([n]\ S) > 0.

The expected gain with respect to this probability distribution is

(uj,u jt’A> ] - Z x(7) - (14—204<ujuT A%>) . (ujujT,A)
1+ 2a(uj, uy, T Az) oS Dicps X ) (14 20(uu, A2 >) 1+ 2a(uj;u; T Az)
ng[n]\s x(j) - <U‘ ,A)

Dicips X(0) - (1+ 2a(uu], A >)

(X, A) — (Xs,A)
X(S) 420 Y s X(0) (i A2)
A~ (X, A)
x(8) + 20(X, Az)
(
[

(X,

where the third equality is by > i, x(7) = ¢ and the last inequality holds as ;1 ¢ X(7) -

T < X. Therefore, there exist j € [n] \ S with gain at least the expected value. O]

The following is the main technical result for E-design, which lower bounds the im-
provement of the potential function in each iteration. Note that the result depends on the

condition number of the fractional solution.

Proposition 7.4.11 (Progress). Let x € [0,1]" be a fractional solution with >, | x(i ) q.
Let Z; = ziGSt ) u;u;' be the current solution in the t-th iteration. For any 0 <& < % 55 Uf
Vd

d
= TN v\ i < — . .
a & A (X)) Amin(Zy) < (1 —=2¢) - Apin(X), and b > q+2(d—|— >+

2d [ Aavg(X)
/\min (X)

where Agyg (X) = # 15 the average ergenvalue of X, then the value of the potential function
s T T
<ujt us, At> . <uit u;, s At>

o €
(A, ity Ji) = b
1+2a<ujt],A ) 1 —2a(u;,u Z,A )

Proof. Let S := S;_1 be the current solution set at time t, A= A, and Z = Z;. Note that
x(S) < g, as otherwise A\pin(Z) = Amin(X) and the assumption does not hold. Hence, we
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can apply Lemma 7.4.10 to show the existence of j; € [n]\S with gain

<th jt’A> > <X7A> — <XSaA> > <X7A> _ <XSaA>
1+ 20{uj,ul , As) g —x(S) +2a(X, A7)~ g —x(S) + 2a,/tr(X) - (X, A)
Amin(X) = (Xs, A) _ Amin(X) = (X5, A)
"= x(8) +200/6(X) Aan(X) g - x(9) + 2 [2eal)

where the second inequality in the first line is by (7.7) in Lemma 7.3.15, the first inequality
in the second line is by Claim 7.4.6 and the fact that (X, A) > (Apin(X) -1, A) = Apin(X) as

tr(A) = 1, and the last equality is by the choice o = mf(X) and the definition of A,y (X).

For the loss term, we need to check the condition that b > ¢+2a(Z;, A5> before applying
Lemma 7.4.9. It follows from Lemma 4.2.9 and the assumptions of «, A\pin(Z), and b that

1 d 1
a(Z,A2) <d+aVd-Ain(2) <d+ - =  b>q+20-(Z,A),
€
Hence, Lemma 7.4.9 implies the existence of an i, € S with loss

(wug ) (2 A= XA mawﬂﬂ<&ﬂ>

1 —2a(u;,u Zt,A ) b—x(S)—Za(Z,A%> (S)_a ( )
o (1 — &) Amin (X) — (X5, A)

~ Y

Xave (X

where the second inequality is by Lemma 4.2.9 and the inequality above about a(Z, A%>,

and the last inequality is by our assumptions about a, Apin(Z) and b.

Therefore, we conclude that the progress in each iteration is

.. <u'tu—£7A> uizuz—lt—vA 5'/\min X 3
@(A7Zt7]t): L T 1 _1 _; < >A > ( ))\ (X) = g‘)\min(X)a
1+ 2a(uj,uj,, A%) w1 g —x(S) + 2 /25
where the last inequality follows from the assumption about b. O

By guessing the targeted objective value, the main result in this subsection follows from

Proposition 7.4.11 by a simple scaling argument.
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Theorem 7.1.6. Let X := >1"  x(i) - wu” with Y7 x(i) = b and x(i) € [0,1] for 1 <
i < n be a fractional solution to E-design. For any e € (0, 1), there is a combinatorial local
search algorithm which returns an integral solution Z = > z(i) - uu with > z(i) < b
and z(1) € {0,1} for 1 < i < n such that

Amin(Z) = (1 = O(€)) - Auin (X)  whenever b > Q(g i\:%i);)))’

where gypy(X) = tr(dx) is the average eigenvalue of X.

—i::‘&()) be the condition number of an optimal solution X*,

then the combinatorial local search method gives a polynomial time (1 — €)-approximation

algorithm for E-design whenever b > 2 (ﬁ>, and the time complexity is polynomaial in

82
n,d

In particular, let Kk =

1
,E,H.

Proof. We consider the following scaled-down version y, Y of the fractional solution x, X.
Let

A\ 2d [ Aavg(X) q ~ - q
pr— —_ 2 —_ _— — g = = Y = . - . — X
a=b-2(d+2) -2 N A A Zi:l y(i) e =3

Note that \(Y) =2 - )\ (X) for each 1 < < d, and this implies that b = ¢ + Q(d—i- g) +

b
20 [Awa(Y)
€ Amln(y) :
Suppose the combinatorial local search algorithm is running with the accuracy parame-
ter € and \* := Anin(Y') and terminates at the 7-th iteration. If ®(A;,i-, j-) < - Amin(Y),

then we can apply Proposition 7.4.11 on y to conclude that

(1—2¢e)q

Amin(Z) > (1= 22) - Amin(Y) = ——

AunlX) > (1 06) A (X).

where the last inequality is by the assumption that b = Q(Eiﬂ / :\\avg((f())> This proves the

approximate guarantee of the returned solution if the algorithm is run with \* = A\, (Y).

Our final algorithm runs the local search algorithm on different values of A*. Initially, we

start from an upper bound on Ay, (X) by setting \* = Apin (Z?:l u;u;’ ) Then it runs the
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local search algorithm with targeted objective value \*. If the returned solution Z satisfies
Amin(Z) = (1 = O(g)) - A* then it stops and returns Z as our final solution; otherwise, we
set A* <= (1 — &) - A\* and repeat until the first time that the local search algorithm finds
a solution with Ayin(Z) = (1 — O(e)) - A*. For correctness, it is enough to show that the
algorithm will stop when (1 — &) - Apin(X) < A* < )\min(X ). This follows by applying the
mm(X) - X, so that Apin(X’) = A* and then
the returned solution Z’ will satisfy Amin(Z') = (1—0(€)) - Amin(X") = (1=0(€)) - Amin(X).

argument in the previous paragraphs on X’ :=

Finally, we bound the time complexity of the algorithm. Note that 2 ZZ LU s a

feasible solution with objective value & =+ Amin (Z Ui ) This implies that the number
of executions of the local search algorithm is at most O (g log 3). In each execution with
a fixed \*, if the algorithm runs for 7 > g iterations, the termination condition together
with (7.10) imply that

2\/_

(W) — 2N > (1— 20)N",

mln T+1 Z (I) Ata ¢, ]t b

and so it would stop. Thus, the total number of iterations is at most O (E% log %) Each

iteration can be implemented in polynomial time as shown in [6]. [

The following is a corollary in the short vector setting.

Corollary 7.4.12. Let x € [0,1]" be a fractional solution to the E-design problem with
budget b. For any 0 < & < 1, if ||us]|> < €2 Anin(X) for 1 <i<n and b > Q (£), then the
combinatorial local search algorithm for E-design returns a solution with at most b vectors

and objective value at least (1 — O()) - Amin(X) in polynomial time.

Proof. Tt follows from the assumption ||u;]|* < &2 - Apin(X) that

2 . .
tr(X) _ be A;lm(X) . i_;z igg)) < 2?@

Thus, for b > Q(4), it follows that b > Q(¥2) > Q(i jgﬁg) and so Theorem 7.1.6
implies that the combinatorial local search algorithm will find a (1 — O(e))-approximate

solution in polynomial time. O
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7.4.3.1 Maximizing Algebraic Connectivity

b.b!,
and the goal is to find a subgraph H with at most b edges to maximize A\o(Ly). This

In this problem, we are given a graph G’ = (V, £) with Laplacian matrix Lg = Y .5

problem is known as maximizing algebraic connectivity in the literature (see Section 6.2.1
for more background about the problem). It is a special case of E-design and Theorem 7.1.6

bounds the performance guarantee of a simple combinatorial local search algorithm.

Corollary 7.1.8. For any 0 < & < 1, there is a polynomial time combinatorial (1 —
g)-approximation algorithm for maximizing algebraic connectivity in an unweighted graph

whenever b > ) (ﬁ), where X5 is the optimal value for the problem.

Proof. Note that this is an E-design problem by a similar transformation as in (6.1). Let
H* be an optimal subgraph with b edges. Note that A\ye(Lp+) = % < %b, and so

b>Q(#(LH*)) — ‘/529(5% %)

n 2b n [ Aave(Lp+)
b>Q =/ ————— | > Q =/ == 2.
- (52 ”)\2(LH*)) (52 A2 (Lgr) >

Therefore, by Theorem 7.1.6, the combinatorial local search algorithm for E-design returns
a subgraph H with Xo(Ly) > (1 — O(e)) - Aa(Ly+) in polynomial time whenever b >
(i), -

et o (L)

7.4.3.2 Bad Examples for Local Search Algorithms

We first present a simple example showing that Fedorov’s exchange method does not work
with the E-design objective function, even if there is a well-conditioned optimal solution.
The reason is simply that the E-design objective function is not smooth and sometimes it

is impossible to improve it by an exchange operation.

Example 7.4.13. Suppose the input vectors vy, ..., v, are in R% for some d > 3. Suppose

that we have an initial solution set Sy C [n] such that Z, = ZieSo viv,' = 1. For anyi; € Sy

241



and ji € [n]\So, note that Amim(Z1 — vi,v,, + vj,v}) < 1. Therefore, Fedorov’s method
fails to improve the objective value even if there is a well-conditioned optimal solution say
Ney,...,Ney for a large N.

Then, we present an example where all exchanges strictly decrease the minimum eigen-
value, even though the current solution is far away from the well-conditioned optimal

solution.

Example 7.4.14. Let N > 0 be some large scalar. The input contains exactly g copies of

each vi, va, wi, wy € R? defined as follows:

The optimal solution Z* contains g copies of wiwy' and wow, . Suppose the algorithm

starts with the solution Z; containing g copies of v vlT and vy v2T such that

bN b
« 5 , . bN 5 _ b
" = < 2 w) with )\min<Z ) = — Zl = (2 b) with )\min(Zl) = 5

2’ b
2 2

Without loss of generality, we assume the exchange step removes vy and adds wy. After

biN _ 1 N
ZQ — 2 2 .
N b+ N
2 2

We can verify that the minimum eigenvalues of Zy is % VN1 which tends to b*Tl

the exchange, the solution is

when N — oco. Since all other exchanges are symmetric, we conclude that all exchanges

will decrease the objective value by %, and thus Fedorov’s exchange method fails.

Finally, we adopt an example by Madan, Singh, Tantipongpipat and Xie [108] to show
that even we use a smooth objective function from the regret minimization framework,
the combinatorial local search algorithm may return bad solution when there are no well-

conditioned optimal solutions.
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Example 7.4.15. Let N > 0 be some large scalar. The input contains M > b > 3 copies

of each vy, vo, wi, wy € R? defined as follows:

N? 1 N? —1
VlvlT = 1 ) V2V2T = 1 )
1 1

wiw; = g . N4 1 s WoW, = 5 . _N4 1 .

Lemma 7.4.16. The combinatorial local search algorithm proposed in this subsection may

return a solution with an unbounded approximation ratio.

Proof. Note that g copies of wyw, and g copies of wyw, form an optimal solution Z* with

budget b such that
N8
7" = | and Amin(Z7) = 1.

_Vd__
5>\min (Z*)

€

So our algorithm will choose o = \/?& = V2

Consider an initial solution Z containing g copies of viv,' and g copies of wv, such

that
bN? b
Z = ( i) and Amin(Z) = Nz
N2
The approximation ratio between Z and Z* is NTQ, which is unbounded for fixed b when
N — oo.

With Z as the current solution, the action matrix A is

V2bN? —2 g2
A:(aZ—l/)_2: € N ~~ | 20°NY )
eNZ

where the last approximate equality holds when N — oo as tr(A) = 1.

The loss of removing a vector v; (removing v, is similar) from the current solution is

<V1V1T7A> —~ 2bngQ + # S i
T R
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where we used b > 3 and N is large for the last inequality.

The gain of adding vector v, is strictly less than the loss of removing v

(g A wA
1+ 20(vvy , Az) 1 —2a(vv, Az)’

as (vov) , A) = (vivi, A) and (vavy , Az) = (vivy, A2). Also, the gain of adding a vector w,

(adding ws is similar) to the current solution is

(miw,', A) N 6;{:?—!—% g2 N b
L4 2a(wiw, A3) 14 22(E0 4 1) " 4DN? 2N

For fixed b > 3 and ¢ < 1, this gain is always less than the loss when N — oo. Therefore,

the combinatorial local search algorithm will stop and return the initial solution Z. m
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Chapter 8

Network Design for s-t Effective

Resistance

In this chapter, we study a basic problem in designing networks with a spectral requirement

— the effective resistance between two vertices.

Definition (The s-t effective resistance network design problem). The input is an undi-
rected graph G = (V| E), two specified vertices s,t € V, and a budget k. The goal is to
find a subgraph H of G with at most k edges that minimizes Reff i (s,t), where Reff (s, )
denotes the effective resistance between s and t in the subgraph H. See Section 2.4 for the
definition of effective resistance and Section 8.2.1 for a mathematical formulation of the

problem.

The s-t effective resistance is an interpolation between s-t shortest path distance and
s-t edge connectivity. To see this, let f € RI®l be a unit s-t flow in G and define the ly-
energy of f as &,(f) .= (>, |f(e)\p)%, and let &,(s,t) := ming{&,(f) | f is a unit s-¢ flow}
be the minimum /,-energy of a unit s-¢t flow that the graph G can support. Thomson’s
principle (see Theorem 2.4.3) states that Reffg(s,t) = (s, t), so that a graph of small s-t
effective resistance can support a unit s-¢ flow with small ¢s-energy. Note that the shortest

path distance between s and t is & (s, t) (as the ¢1-energy of a flow is just the average path
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length and is minimized by a shortest s-t path), and so a graph with small & (s,t) has a
short path between s and ¢. Note also that the edge-connectivity between s and ¢ is equal
to the reciprocal of £, (s,t) (because if there are k edge-disjoint s-t paths, we can set the
flow value on each path to be %), and so a graph with small £, (s, t) has many edge-disjoint
s-t paths. As ly is between ¢; and (., the objective function Reff(s,t) = E2(s,t) takes

both the s-t shortest path distance and the s-t edge-connectivity into consideration.

A simple property suggests that f;-energy may be even more desirable than ¢; and
l as a connectivity measure. Conceptually, adding an edge e to G would make s and ¢
more connected. For ¢; and /., however, adding e would not yield a better energy if e
does not improve the shortest path and the edge connectivity respectively. In contrast,
the f5-energy would typically be improved after adding an edge, and so fs-energy provides
a smoother quantitative measure that better captures our intuition how well s and ¢ are

connected in a network.

Traditionally, the effective resistance has many useful probabilistic interpretations, such
as the commute time [39], the cover time [112], and the probability of an edge in a random
spanning tree [85]. These interpretations suggest that the effective resistance is a useful
distance function and have applications in the study of social networks. Recently, effective
resistance has found surprising applications in solving problems about graph connectivity,
including constructing spectral sparsifiers [132] (by using the effective resistance of an edge
as the sampling probability), computing maximum flow [44, 109, 120], finding thin trees
for ATSP [9], and generating random spanning trees [115, 128].

Thomson’s principle also states that the electrical flow between s and ¢ is the unique
flow that minimizes the f5-energy (see Section 2.4 for a proof). So, designing a network with
small s-t effective resistance has natural applications in designing electrical networks [55,
70, 78]. One natural formulation is to keep at most k wires in the input electrical network
to minimize Reff(s,t), so that the electrical flow between s and ¢ can still be sent with

small energy while we switch off many wires in the electrical network.

Based on the above reasons, we believe that the effective resistance is a nice and natural
alternative connectivity measure in network design. More generally, it is an interesting di-

rection to develop techniques to solve network design problems with spectral requirements.
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In this chapter, we explore both hardness and algorithmic results of the s-t effective

resistance network design problem.

8.1 Our Contributions

8.1.1 Main Results

Unlike the classical problems of shortest path and min-cost flow (corresponding to the ¢,

and /,, versions of the problem), the s-t effective resistance network design problem is
NP-hard.

Theorem 8.1.1. The s-t effective resistance network design problem is NP-hard.

On the other hand, we would like to design good approximation algorithms for this
problem. As we only want to connect a single pair of vertices, the budget k could be
much less than the number of vertices in the graph. In this regime, spectral rounding,
the main technique in this thesis, cannot provide a good approximation ratio (as discussed
in Section 6.2.3). Thus, we need to go beyond spectral rounding to design a constant

approximation algorithm. The following is the main algorithmic result in this chapter.

Theorem 8.1.2. There is a convex programming based randomized algorithm that returns
an 8-approzimate solution in polynomial time with high probability for the s-t effective

resistance network design problem.

The algorithm crucially uses a nice characterization of the optimal solutions to the
convex program (Lemma 8.2.2) to design a randomized path-rounding procedure (Sec-
tion 8.2.2) for Theorem 8.1.2.

A simple example shows that the integrality gap of the convex program is at least two.
When the budget & is much larger than the length of a shortest s-t path, we show how
to achieve an approximation ratio close to two with a randomized “short” path rounding

algorithm (Section 8.2.5).
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Theorem 8.1.3. There is a (2 + O(¢))-approximation algorithm for the s-t effective re-

sistance network design problem, when k > Qﬁff where dg is the length of a shortest s-t

path.

8.1.2 Other Results

We consider some variants of the s-t effective resistance network design problem, including

the weighted version, the dual version.

There is a natural weighted generalization of the s-t effective resistance network design
problem, where we associate a cost c(e) and resistance r(e) to each edge e of the input

graph.

Definition (The weighted s-t effective resistance network design problem). The input is
an undirected graph G = (V, E) where each edge e has a non-negative cost c(e) and a
non-negative resistance r(e), two specified vertices s,t € V', and a cost budget k. The goal
is to find a subgraph H of G that minimizes Reffy(s,t) subject to the constraint that the
total edge cost of H is at most k. In the following, we may refer to this problem as the

weighted problem for simplicity.

In the weighted problem, the integrality gap of the convex program (Section 8.2.1)
becomes unbounded, even when the cost on the edges are the same (c(e) = 1 for all
e € E). This suggests that the weighted version may be strictly harder. Indeed, we
show stronger hardness result for the weighted problem assuming the small-set expansion
conjecture [123, 124].

Theorem 8.1.4. Assuming the small-set expansion conjecture, it is NP-hard to approxi-
mate the weighted s-t effective resistance network design problem within a factor of 2 — ¢

for any e > 0, even when c(e) =1 for every edge e.

On the other hand, when the cost on the edges are the same, the following approxima-

tion follows from the randomized path rounding algorithm in a black box manner.
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Corollary 8.1.5. There is a convex programming based O(R)-approzimation randomized
algorithm for the weighted s-t effective resistance network design problem when c(e) = 1
for every edge e, where R = max, r(e)/ min, r(e) is the ratio between the mazimum and

minimum resistance.

We also consider the “dual” problem where we set the effective resistance as a hard
constraint, and the objective is to minimize the number of edges in the solution subgraph.

We present similar results as the original problem in Section 8.2.6.

8.1.3 Related Work

In the survivable network design problem, we are given an undirected graph and a con-
nectivity requirement 7, for every pair of vertices u, v, and the goal is to find a minimum
cost subgraph such that there are at least r,, edge-disjoint paths for all v, v. This problem
is extensively studied and captures many interesting special cases |71, 1, 73, 67|. The best
approximation algorithm for this problem is due to Jain [79], who introduced the technique
of iterative rounding to design a 2-approximation algorithm. His result has been extended
in various directions, including element-connectivity [62, 43|, directed graphs [66, 67|, and
with degree constraints |93, 56, 64, 96].

Other combinatorial connectivity requirements were also considered. A natural varia-
tion is to require r,, internally vertex disjoint paths for every pair of vertices u,v. This
problem is much harder to approximate [87, 92|, but there are good approximation algo-
rithms for global connectivity [58, 42] and when the maximum connectivity requirement is
small [36, 46]. Another natural problem is to require a path of length [, , between every pair
of vertices u,v. This problem is also hard to approximate in general but there are better

approximation algorithms when every edge has the same cost and the same length [53].

Spectral connectivity requirements were also studied, including algebraic connectiv-
ity (69, 86] (closely related to graph expansion), total effective resistances [70], and mixing
time [30]. In particular, Ghosh, Boyd and Saberi [70] studied the related problem of

minimizing the sum of effective resistances over all pairs of vertices. They gave a convex
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programming relaxation of the problem but did not provide any result for the discrete opti-
mization setting. Most of the earlier works only proposed convex programming relaxations
and heuristic algorithms, and approximation guarantees are only obtained recently for the
more general experimental design problems. When every edge has the same cost, there is
a (1 4 e)-approximation algorithm for minimizing the total effective resistance when the
budget is at least Q(‘Z—‘ + 5 log 1) [118], and there is a (1+¢)-approximation algorithm for
both maximizing the algebraic connectivity and minimizing the total effective resistance
when the budget is at least Q(%) [6]. For general edge costs, there is a randomized (14 ¢)-
approximation algorithm for both maximizing the algebraic connectivity and minimizing
the total effective resistance when the budget is at least Q(%), where ||c|| is the

maximum edge cost in the input graph (see Section 6.2.1 and Section 6.2.2 in this thesis).

We remark that the one-sided spectral rounding based methods (|6] or Chapter 5)
can only apply to the s-t effective resistance network design problem when k£ > Q(%l)
for the desired precision € < 1. In this chapter, the interesting regime is when k is much
smaller than |V|, where the techniques in [6, 118, 98] cannot guarantee good approximation
(including the spectral rounding technique in Chapter 5). We have developed a set of
new techniques for analyzing and rounding the solutions to the convex program that will

hopefully find applications for solving related problems in the regime when k is small.

8.1.4 Technical Overview

Our main technical contribution is in designing rounding techniques for a convex program-
ming relaxation of our problem. There is a natural convex programming relaxation, by
using the conductance (reciprocal of the resistance) of the edges as variables, and writ-
ing the s-t effective resistance as the objective function and noting that it is convex with
respect to the variables (Section 8.2.1).

We show that optimal solutions of this convex program enjoy some nice properties’.

Given an optimal fractional solution x* and the unit s-t electrical flow f* supported in

'We can also show that there exists an optimal solution such that the fractional edges form a forest,

but this is not included in the paper as we have not used this property in the rounding algorithm.
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x*, we derive from the convex optimality conditions that there is a flow-conductance ratio
a > 0 such that f*(e) = ax*(e) for every fractional edge e with 0 < x*(e) < 1 and f*(e) > «
for every integral edge e with x*(e) = 1. The flow-conductance ratio « is crucial in the

rounding algorithm and the analysis.

The rounding techniques in recent papers on experimental design [6, 118, 98] considered
each edge/vector as a unit. In [6, 98|, a potential function as in spectral sparsification is
used to guide a local search algorithm to swap two edges/vectors at a time to improve
the current solution. In [118], a probability distribution on the edges/vectors is carefully
designed for an independent randomized rounding. These techniques only work in the
case when the solutions form a spanning set so that the “contribution” of each individual
edge/vector is well-defined. This is basically the reason why the results in [6, 118, 98] only
apply when the budget k is at least |V].

Our approach is based on a randomized rounding procedure on s-t paths. Given x*,
we compute the unit s-t electrical flow f* supported in x*, and decompose f* as a convex
combination of s-t paths. The rounding algorithm has 7 = 1/« iterations (recall that « is
the flow-conductance ratio of the optimal solution x*), where we pick a random path P,
from the convex combination in each iteration, and return A := U]_, P; as our solution. One
difference from the previous techniques in the literature is that each unit in the rounding
algorithm is a s-t path, so in particular s and ¢ are always connected in our solution.
Another difference is that our problem has some extra structure, so that we can compute
the electrical flow f* to guide our rounding procedure, where the variables f*(e) are not in
the convex program. These allow us to obtain a constant factor approximation algorithm
for all budget k > dg, the shortest path distance between s and ¢ (note that when k < dg

there is no feasible integral solution).

In the analysis, we prove in Lemma 8.2.6 that the expected number of edges in H
is at most k, and in Lemma 8.2.7 that the expected effective resistance is Reff (s, t) <
2 Reff,«(s,t). To bound the expected effective resistance, we use Thomson’s principle and
construct a unit s-t flow f to show that Reffy(s,t) < Ex(f) < 2Reff,«(s,t). To construct
the unit s-t flow f, we keep the flow-conductance ratio and send « units of flow on each
sampled path P; (i.e. f(e) = a and x(e) = 1). The flow-conductance ratio plays a crucial

role in the proofs of both lemmas. This is because the rounding algorithm is based on
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the flow variables f*(e), and thus the performance guarantees are in terms of f*(e), but
the ratio « allows us to relate them back to the variables x*(e) in the convex program.
Combining the two lemmas give us a constant factor bicriteria approximation algorithm for
the problem. This can be turned into a true approximation algorithm by scaling down the
budget to £ and run the bicriteria approximation algorithm with some additional claims

2
(Section 8.2.4).

The improvement on the approximation ratio when budget k is large comes from two
observations. The first is that if £ is much larger than the length of the shortest s-t path,
then the number of independent iterations in the rounding scheme is large (Lemma 8.2.3).
The second is that we can ignore some s-t paths in the flow decomposition with many
fractional edges without affecting the performance much. Combining these, we can apply
a Chernoff-Hoeffding bound to show that the number of edges is at most (1 + €)k with
high probability. Then it is not necessary to scale down the budget by a factor of 2 and
we can prove a stronger bound that the effective resistance is at most 2 + O(e) times the

optimal value.

Organization

We present the convex programming relaxation and our two rounding procedures in Sec-
tion 8.2. The NP-hardness and small set expansion hardness results are provided in Sec-
tion 8.3.

8.2 Convex Programming Algorithms

In this section, we analyze a convex programming relaxation for our problem. We first
describe the convex program and prove a characterization of the optimal solutions in Sec-
tion 8.2.1. We then present a randomized rounding algorithm using flow decomposition in
Section 8.2.2, and show that it is a constant factor bicriteria approximation algorithm in
Section 8.2.3. Then, we show how to convert the bicriteria approximation algorithm into

a true approximation algorithm in Section 8.2.4, and how to modify the algorithm slightly
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to achieve a better approximation guarantee when the budget k is large in Section 8.2.5.
Finally, we discuss the dual problem of minimizing the cost while satisfying the effective

resistance constraint in Section 8.2.6.

8.2.1 Convex Programming Relaxation

The formulation is for the weighted problem, where each edge has a weight w(e) := % We
introduce a variable x(e) for each edge e to indicate whether e is chosen in our subgraph.
Let Reff(x) be the s-t effective resistance of the graph with conductance x(e)w(e) on edge

e € E. The following is a natural convex programming relaxation for the problem.

minimize  Reffs(x)

xERF
subject to Z c(e) - x(e) <k, (st-CP)
ecl
0<x(e) <1, Ve € F.

This is an exact formulation if x(e) € {0,1} for all e € E. The objective function is
convex in x by Lemma 2.4.5. The convex program can be solved in polynomial time by
the ellipsoid method to inverse exponential accuracy, or by the techniques described in [6]

to inverse polynomial accuracy, which are both sufficient for the rounding algorithm.

8.2.1.1 Integrality Gap Examples

We show some limitations of the convex program for general w(e) and c(e). The following

figure shows a simple example where the integrality gap is unbounded if the cost could be

o . .

Figure 8.1: Integrality gap example with arbitrary cost and unit resistance.

arbitrary.
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In this graph, the top path has length n—2 where each edge has cost ﬁ The bottom
path has two edges with cost 1. The resistance of each edge is 1, and the budget is k = 1.
The integrality gap of this example is Q(n). To see this, the integral solution can only
afford the top path, and the effective resistance is n—2. However, the fractional solution
can set x(e) = % for each of the two bottom edges, and the effective resistance of this

fractional solution is 4.

The following figure shows another simple example where the integrality gap is un-

bounded if the edge costs are the same but the resistances could be arbitrary.

Figure 8.2: Integrality gap example with arbitrary resistance and unit cost.

In this example, the top path has length n—1 with each edge of resistance 1. The
bottom path has only one edge with resistance R. All edges have cost 1 and the budget
k = 2. The integral solution can only afford the bottom path, with effective resistance R.
The fractional solution can set x(e) = % for each edge in the top path, with effective
resistance O(n?). When R >> n?, the integrality gap could be arbitrarily large. Notice
that this example also excludes the possibility of bicriteria approximation via the weighted

convex progranmn.

Even in the unit-cost unit-resistance case, the integrality gap is unbounded if £ is
smaller than the s-t shortest path distance. Henceforth, in view of these observations we

assume the following in the rest of this section.

Assumption 8.2.1. We assume that c(e) = w(e) = r(e) =1 for every edge e € E, which
is the setting of the s-t effective resistance network design problem, and the budget k is at

least the shortest path distance dg between s and t in the input graph.

The integrality gap of the convex program is still at least two with Assumption 8.2.1.

For a simple example, consider a graph with two vertex-disjoint s-t paths, each of length
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g + 1, and the budget is k. Then the optimal integral value is % + 1 while the optimal

fractional value is close to %, and so the integrality gap gets arbitrarily close to two.

We will show that the integrality gap of the convex program is at most 8 with these
assumptions. Note that just to connect s and ¢, then k& must be at least the s-t shortest
path distance. It is interesting that this small additional assumption could reduce the

integrality gap from unbounded to a constant.

8.2.1.2 Characterization of Optimal Solutions

In the case c(e) = w(e) = r(e) = 1 for all edges e € E, we will prove that the electrical

flow f* supported in the optimal solution x* to (st-CP) satisfies a crucial property about
£ (e)

the flow-conductance ratio IOk

Lemma 8.2.2 (Characterization of Optimal Solution). Let G = (V, E) be the input graph
with c(e) = w(e) =1 for all edges e € E. Let x* : E — Ry be an optimal solution to the
convex program (st-CP). Let Er C E be the set of fractional edges with 0 < x*(e) < 1,
and Er C E be the set of integral edges with x*(e) = 1. Let f* : E — Ry be the unit s-t

electrical flow supported in x*. There exists a > 0 such that

f*(e) =ax*(e) Vee€ Ep and f*(e)>a Veec E].

Before starting the proof, we make some remarks. Notice that fEe)

(@ is the potential
difference between the two endpoints of edge e. When s and ¢ are connected in the graph,

we have (igz;)Q = (b.Llby)?. Further, when Reffy(x) is differentiable at x, we have the

partial derivative 0, Reffy;(x) = — (b} LI by)?. Ideally, we want to use KKT conditions The-

orem 2.2.28 to characterize these partial derivatives. However, as observed in Section 2.4,

one subtle issue is that Reffg(x) is not differentiable over the whole domain. For many
instances, we expect that an optimal solution would have many edges with x*(e) = 0.
Those boundary points are not differentiable as Reff;(x) is undefined for nonnegative edge
weights. Thus, we cannot apply Theorem 2.2.28 directly. This issue can be resolved using

the more general subdifferential theory for convex functions [76, 126]. We use modified
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KKT conditions (Proposition 2.2.30) as a necessary condition for optimality to bypass this

issue without invoking the more advanced subdifferential theory.

Proof of Lemma 8.2.2. By Fact 2.4.2, Reff(x) = +o0o when x € Dy, where Dy, is the set
of all s-t connected edge weights x defined in (2.11). Without loss of generality, we can

rewrite the convex program as

minimize  Reffs(x)
x€Dgt

subject to Zx(e) < k,

0<x(e) <1, Ve e F.

Notice that the set {x € R¥ | >~ x(e) < k,x(e) € [0,1], Ve € E} is closed and bounded,
Reff s (x) is continuous over Dy, and Reffy(x) blows up when approaching to the boundary
of Dy, thus there exists an optimal solution x* that attains the optimal value of the above

convex prograin.

Let ;1 be the dual variable for the budget constraint ) . x(e) < k, and A" (e) and
A~ (e) be the dual variables for the upper bound x(e) < 1 and the nonnegative constraint

x(e) = 0 respectively.

By taking x = §1,,, for small enough § > 0, it is obvious that the above convex program
satisfies the Slater’s condition. Thus, strong duality holds by Theorem 2.2.26, i.e. there
exists an optimal dual solution \** \*~ € Rf and p* € R, that attain zero duality gap

together with x*.

Given any optimal solution x* € Dy, for any e € E with x*(e) > 0, 0, Reff(x*)
exists and 9, Reffy,(x*) = —(b},Ll. b.)?> by Lemma 2.4.6. Since all the budget, capacity,
and nonnegativity constraints are affine constraints, they are differerentiable. Applying
the modified KKT necessary conditions Proposition 2.2.30 with direction d = X, for all

e € E with x*(e) > 0, we can show that the complement slackness condition holds

NFTe)=X"(e)=0 Vee Er and X" (e)=0 Vee€ Er. (8.1)
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Furthermore, we also have
—(bLLL b2+ XF(e) =N (e)+pu* =0 Vee ErUE. (8.2)
Combine (8.1) and (8.2) and the fact A** > 0, it follows that

(bLLI.b)? =p* ecEp  and  (bLLL.b)? > p* Vee Ey.

Let ¢ be a potential vector of the electrical flow f* supported in x*. For an edge

e=uwv € FE,

(ZXD)* = (o) - pto))? = (BT LLb)

x*(e)
where the first equality is by Ohm’s law and the assumption that w(e) = 1 for all uv € E,
and the second equality uses that Lo = by as explained in Section 2.4. The lemma then

follows from the above paragraph and writing i as o?. m

The flow-conductance ratio a will be crucial in the rounding algorithm and its analysis.
The following lemma shows an upper bound on « using the budget £ and the shortest path

distance dg between s and ¢.

Lemma 8.2.3. Under the conditions in Assumption 8.2.1, it holds that o® < d,zt < 1.

Proof. Let x* be an optimal solution to (st-CP), and f* be the unit s-t electrical flow
supported in x*. As k > dg, a shortest path is a feasible solution to (st-CP), and thus
Reff,«(s,t) < dg. On the other hand, by Thomson’s principle and Lemma 8.2.2,

Reff (1) = 3 i((ee); S ACEDY C*((ee))z

eclE ecEr ecEp
> E o + E a’x*(e) = a? E x*(e) = ok,
ecEy ecEp ecE

where the last equality holds since we can assume ), x*(e) = k for the optimal solution
x* without loss of generality by Rayleigh’s principle (or otherwise we have an integral

optimal solution). The lemma follows by combining the upper bound and the lower bound.

]
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8.2.2 Randomized Path-Rounding Algorithm

Our rounding algorithm uses the unit electrical flow f* supported in the optimal solution
x* to construct an integral solution. The algorithm will first decompose the flow f* as a
convex combination of flow paths, and then randomly choose the flow paths and return

the union of the chosen flow paths as our solution.

The following lemma about flow decomposition is by the standard argument to remove

one (fractional) flow path at a time, which holds for any unit directed acyclic s-t flow.

Lemma 8.2.4 (Flow Decomposition). Given the unit s-t electrical flow f, there is a poly-
nomial time algorithm to find a set P of s-t paths with |P| < |E| such that the flow vector
f: ]Rgo can be written as a conver combination of the characteristic vectors of the paths in
P, i.e.

f:va-Xp and vazl and v, > 0 for each p € P,

pEP peP
where X, € RE is the characteristic vector of the path p with one on each edge e € p and

zero otherwise.

With the flow decomposition, we are ready to present the rounding algorithm.

Randomized Path Rounding Algorithm

1. Let x* be an optimal solution to the convex program (st-CP). Let f* be the unit
s-t electrical flow supported in x*. Let o be the flow-conductance ratio defined
in Lemma 8.2.2.

2. Compute a flow decomposition P of f* as defined in Lemma 8.2.4.
3. For i from 1 to 7 := [ 1] do

e Let P; be a random path from P where each path p € P is sampled with
probability v,.

4. Return the subgraph H formed by the edge set U]_, P;.
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The following lemma shows that the rounding algorithm will always return a non-empty
subgraph.

Lemma 8.2.5. Suppose the input instance satisfies the conditions in Assumption 8.2.1.
Let x* be an optimal solution to (st-CP) and a > 0 be the flow-conductance ratio as defined
in Lemma 8.2.2. Then

=72 —>0.

lr
DO
o

Proof. Since we assumed that the budget k is at least the length d; of a shortest s-t path,
it follows from Lemma 8.2.3 that o < 1. This implies that

. ]

N | —

1 1 1
—>7=|—| >2maxql,——1 — 1>z7a>2max{a,1—a}>
a a a

8.2.3 Bicriteria Approximation

The analysis of the approximation guarantee goes as follows. First, we show that the
expected number of edge in the returned subgraph H is at most the budget k. Then, we
prove that the expected effective resistance of the returned subgraph is at most two times
that of the optimal fractional solution. Both of these steps use the flow-conductance ratio
« crucially. These combine to show that the randomized path rounding algorithm is a

constant factor bicriteria approximation algorithm.

Let x* be an optimal solution to (st-CP). Let Er and E; be the set of fractional edges
and integral edges in x*. We assume that each edge e € E; will be included in the subgraph

H returned by the rounding algorithm. We focus on bounding the number of edges in Er
that will be included in H.

Lemma 8.2.6 (Expected Budget). Let x* be an optimal solution to (st-CP) when w(e) =1
for all edges e € E. Let X, be an indicator variable of whether e is included in the returned

subgraph H by the rounding algorithm, Then,

Z Xe] < To Z x"(e) < Z x"(e).

ecFEp ecFbp ecEp

E
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Proof. Note that an edge e is contained in P; with probability > vp. By the union

pEP:pde
bound, an edge e is included in the returned subgraph H by the rounding algorithm with

probability

T

P[Xe:1]<2 Z v, =T Z v, =TEF,

1=1 pEP:p3e pEP:pde
where the last equality holds by the property of the flow decomposition P of the electrical

flow f* in Lemma &.2.4.

By Lemma 8.2.2, f*(e) = ax*(e) for each fractional edge e € Er, and this implies that

P[X.=1] < 7f*(e) = Tax*(e) Ve € Ep.

Therefore,
1
erl S B =1 <ra Y x(e) Mazx@\zx@ -
ecEp ecEp ecEp ecEp ecEp

The key step is to show that E [Reffy(s,t)] < 2Reff,(s,t). To prove this, we construct
a unit s-t flow f and show that E [Ey(f)] < 2 Reff,«(s,t), and hence by Thomson’s principle
E [Reffg(s,t)] < E[€x(f)] < 2Reff,«(s,t). To construct the flow f, the idea is to follow

the ratio o in the fractional solution x* and send « units of flow on each path P; selected.

Lemma 8.2.7 (Expected Effective Resistance). Suppose the input instance satisfies the
conditions in Assumption 8.2.1. Let x* be an optimal solution to (st-CP) and f* be the
unit s-t electrical flow supported in x*. The expected s-t effective resistance of the subgraph
H returned by the rounding algorithm s
E [Reffy(s,t)] < <1 21 + i) e (F7) = (1 1 + i) - Reff,+ (s,t) < 2Reff,« (s, t).
T Ta T  TQ

Proof. Consider the flow vector f : RZ defined by sending o units of flow on each path
P, chosen by the rounding algorithm, i.e. the random variable f = Y 7 o - Xp, with
fle)=a-{P|1<i<T,P, > e} for each edge e € E. We would like to upper bound
the expected energy Ex(f) in order to upper bound Reff (s, ).
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Each P, is a random s-t path sampled from the flow decomposition P of the flow vector
f*: Rgo of the unit s-t electrical flow supported in x*, and Xp, € {0, 1}F is its characteristic

vector with expected value
E[Xp] =) v, X, =f".
peEP

Since each edge in H is of conductance one, the expected energy of f in H is

E[E E > fe) [(f, )]
<ZO&'XPZ.,ZOC'XPJ.>] :Z‘ OéQ-EKXp“ij)].

As each path P; is sampled independently, for i # j,

E [(Xp, Xp)] = (E[Xp],E[Xp]) = (F, ) =D £ (e)’

eclk
For i = 7,
E[(Xp, Xp)] =D 00, ) = > 0, ) 1=>" > w,=> f(e),
peEP peP ecp ecE peP:pe eceE

where the last equality follows from the property of the flow decomposition in Lemma 8.2.4.

Combining these two terms, it follows that
E[E —OzTZf* +C¥TT—1Zf*
eckE eck

Thomson’s principle states that the Reff (s, t) is upper bounded by the energy of any one

unit s-t flow. Note that f is an s-t flow of 7« units, and 7« > 0 by Lemma 8.2.5. Scaling
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f to a one unit s-t flow by dividing the flow on each edge by T« gives an upper bound on

E [Reff (s, 1)] < el _ %Z F(e) + (1 . %) Y £ (e)?

7202
ecE eck
1 f*(e)? 1 f*(e)?
Ta x*(e) * (1 a ;) Z x*(e)
eck eckE
= (1 1 + i) cE (FF)

T  Ta
1 1
_— (]_———'__) 'RGHX*(S,t),
T  TQ
where the second inequality follows from Lemma 8.2.2 that le) > o for every edge e € F

x*(e)
and also x*(e) < 1 for every edge e € E, and the last equality is from Thomson’s principle

that Reff,«(s,t) = & (f*). Finally, notice that 1 — 2 + - <2as 1 —1< 2] =7. O

Combining Lemma 8.2.6 and Lemma 8.2.7, it follows from a simple application of
Markov’s inequality that there is an outcome of the randomized path-rounding algorithm
which uses at most 2k edges with s-t effective resistance at most 4 Reff,«(s,t). In the
following, we apply Markov’s inequality more carefully to show that the success probability

is at least Q(a). In the next subsection, we will argue that a can be assumed to be Q(+)

and so the path-rounding algorithm is a randomized polynomial time algorithm.
Theorem 8.2.8 (Bicriteria Approximation). Suppose the input instance satisfies the con-

ditions in Assumption 8.2.1. Let x* be an optimal solution to (st-CP). Given x*, the

randomized path rounding algorithm will return a subgraph H with at most 2k edges and
Reffy(s,t) < 4 Reff,«(s,t) with probability at least Q).

Proof. First, we bound the probability that the subgraph H has more than 2k edges. Let
X, be an indicator variable of whether the edge e is included in the returned subgraph
H. Recall that Er and E; denote the set of fractional edges and integral edges in x*

respectively. We assume pessimistically that all edges in £} will be included in the subgraph
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H returned by the rounding algorithm. Then, by Markov’s inequality and Lemma 8.2.6,

E X, .
P [ZX6>2]<;] <P [Z X, > 2k — |E| [ZeeEF ] < TAY g, X (€) L Ta

< -
S 2%k — Bl T 2%k—|E T 27
eckE BGEF

where the last inequality is by > . x*(e) < k — |Ej].
Next, we bound the probability that Reff ;(s,t) > 4 Reff,« (s, t). By Markov’s inequality
and Lemma 8.2.7,

1 11 11 1
P[Reff (s, ) > 4 Reffe (5,)] < | (1 =4 —> T T ),

~
T  TQ VY eY 4T A1y

where the last inequality is because 7 = Léj <

Q=

To prove the lemma, it remains to show that

T T+ 1

<1 <= 2(ra)*-3(ra)+1=(2ra—1)(ta—1) <0,
2 dro

which follows from Lemma &8.2.5. O

8.2.4 Constant Factor Approximation

We showed that the randomized path rounding algorithm is a bicriteria approximation
algorithm. To achieve a true approximation algorithm, a natural idea is to scale down the

budget from k to % and apply the randomized path rounding algorithm. The following

lemma takes care of the case of g < dg, when the shortest path assumption does not hold
after scaling, by showing that simply returning a shortest s-t path is already a good enough

approximation.

Lemma 8.2.9. When the budget k is at least the length dg of a shortest s-t path, any s-t

shortest path is a (ﬁ)—appmximate solution for the s-t effective resistance network design

problem.

Proof. When k > dg, a s-t shortest path is a feasible solution to the problem with s-¢
2

effective resistance at most dy. To prove the lemma, we will show that Reff,(s,t) > =
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for any feasible solution x to (st-CP), and so an s-t shortest path is already a (d%)—

approximation.

Let G be the graph G with fractional weight x(e) on each edge e € E. To show a lower
bound on Reff,(s,t), we identify the vertices in G to a form a path graph Py as follows:
For each i > 0, let U; be the set of vertices in G with shortest path distance ¢ to s, where
the shortest path distance is defined where each edge in G is of length one. First, for each
0 <i < dg—1, we identify the vertices in U; to a single vertex u;. Then, we identify all the
vertices in U;sq,,U; to a single vertex ug,. The path graph P, has vertex set {ug, ..., uq,,}
and edge set {ab € E | a € U; and b € U;y; for 0 < @ < dg — 1}. For each edge e in P,
its weight x(e) in P is the same as that in G. As an electrical network, identifying two
vertices uv is equivalent to adding an edge of resistance zero between u and v. So, it follows
from Rayleigh’s monotonicity principle (Theorem 2.4.4) that Reffq, (s,t) > Reffp, (ug, uq,,)
as s € Uy and t € Ug,,.

As P, is a series-parallel graph, we can compute Reffp (s, ) directly. For each 1 < i <
dst, let E; be the set of parallel edges connecting u;— and u; in Py, and ¢; = ) . E, x(e)

be the effective conductance between u;_; and u; in Py. Then, by Fact 2.4.1,
dst dst

1 1
Reffp (u; 1,u;) = — and  Reffp, (ug,ua,) = S Reffp, (w1, w) = > —.
eff p, (wi—1, u;) an eff p, (uo, uq,,) Z eff p (wi—1, u;) Zci

: i=1 i=1
Note that Z?jl ¢ = ijl Y eep, X(€) < > cpx(e) <k for any feasible solution x. Using
Cauchy-Schwarz inequality,

d t dst dst
s 1 1
=3 va L[S L < VR R G
i—1 Vei i=1 im1 Ci
Therefore, we conclude that Reffg, (s,t) > Reffp, (ug, uq,,) > dTQt -

We are ready to prove our main approximation result.

Theorem 8.2.10. Suppose the input instance satisfies the conditions in Assumption 8.2.1.
There is a polynomial time 8-approrimation algorithm for the s-t effective resistance net-

work design problem.
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Proof. 1f the budget k¥ < 2d,, then Lemma 8.2.9 shows that simply returning an s-t

shortest path would give a 2-approximation. Henceforth, we assume k > 2d.

Let opt(k) be the objective value of an optimal solution x* to the convex program
(st-CP) with budget k, so Reff(s,t) = opt(k). As 3x* is a feasible solution to (st-CP)
with budget %, by Thomson’s principle,

f
k X
opt (5) < Reff%x* (S, t) = b;l; <Z §b6b2> bst

eckE
T
- 2bsTt(Zx*(e) : bebj) by = 2 Reff,- (s, 1) = 20pt(k).
eclE
Given the original budget k > 2dy;, our algorithm is to find an optimal solution z* to
(st-CP) with budget g > dg, and use the path-rounding algorithm with input z* to return
a subgraph H. By Theorem 8.2.8, with probability Q(«), the subgraph H satisfies

k k
|E(H)| < 222*(6) <2 (—) =k and Reffy(s,t) <4opt <§) < 8opt(k),

2
ecE

and so H is an 8-approximate solution to the s-t effective resistance network design problem.

Finally, we consider the time complexity of the algorithm. The number of iterations
in the path rounding algorithm is O(é), and we need to run the path rounding algorithm
O (é) times to boost the success probability to a constant. This is a randomized polynomial

time algorithm when a = Q(%)

ﬁ, it is easy to obtain a 2-approximate

solution without running the path-rounding algorithm. Let x* be an optimal solution to
(st-CP) with budget k, and f* be the unit s-t electrical flow supported in x*. Let P be

In the following, we show that when o <

the flow decomposition of f* as in Lemma 8.2.4. We call a path p € P an integral path if

every edge e € p has x*(e) = 1; otherwise we call p a fractional path. When a < we

1
am’
simply return the union of all integral paths as our solution H. Clearly, H has at most
k edges as it only contains integral edges. Next, we bound Reffy(s,t) by the energy of

the flow supported in the integral paths. By Lemma 8.2.2, an edge e with x*(e) < 1 has
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f*(e) = ax*(e) < a < 3. This implies that each fractional path p has v, < 4. Since P

has at most m paths (Lemma 8.2.4), the total flow in the fractional paths is at most i,

and thus the total flow in the integral paths is at least %. By scaling the flow supported in

the integral paths to a one unit s-t flow, we see that

Ex ()
Gy

To summarize, in all cases including k£ < 2dy and o <

Reffy(s,t) <

< 2E,+(f") = 2 Ref i+ (s, 1).

L

1, there is a polynomial time

algorithm to return an 8-approximate solution to the s-¢ effective resistance network design

problem. ]

We make two remarks about improvements of Theorem 8.2.10.

Remark 8.2.11 (Approximation Ratio). The analysis of the 8-approzimation algorithm. is
not tight. By a more careful analysis of the expected energy in Lemma 8.2.7 and the short
path idea used in the next subsection, we can show that the approximation guarantee of the
same algorithm in Theorem §.2.10 is less than 5. However, the analysis is quite involved
and not very insightful, so we have decided to omit those details and only keep the current

analysis.

Remark 8.2.12 (Deterministic Algorithm). Using the standard pessimistic estimator tech-
nique, we can derandomize the path-rounding algorithm to obtain an 8-approximation de-

terministic algorithm. The analysis is standard and we omit the details that would take a

few pages.

8.2.5 The Large Budget Case

In this subsection, we show how to modify the algorithm in Theorem 8.2.10 to achieve
a better approximation ratio when the budget is much larger than the s-¢ shortest path

distance.

The observation is that when k > d;, then « is small by Lemma 8.2.3, and so there are

many iterations in the path-rounding algorithm. Since each iteration is independent, we
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can use Chernoff-Hoeffding’s bound to prove a stronger bound on the probability that the
number of edges in the returned solution is significantly more than &k (which outperforms
the bound proved in Lemma 8.2.6 using Markov’s inequality). We can then show that
the expected s-t effective resistance is close to two times the optimal value by arguments

similar to the proof of Lemma 8.2.7.

Modified Rounding Algorithm

For our analysis, we slightly modify the path-rounding algorithm to ignore “long” paths in
the flow decomposition, so that we have a worst case bound to apply Chernoff-Hoeffding’s
bound. Unlike the flow decomposition in Lemma 8.2.4, the short path flow decomposition
definition is specific to the electrical flow of an optimal solution to (st-CP). In the following

definition, ¢ is a parameter which will be set as 1 > 1 to achieve a (2+O(e))-approximation.

Definition 8.2.13 (Short Path Decomposition of Electrical Flow of Optimal Solution).
Let x* be an optimal solution to the convex program (st-CP). Let f* be the unit s-t electrical

flow supported in x*. Let o be the flow-conductance ratio defined in Lemma 8.2.2.

Let P* be a flow decomposition of f* as defined in Lemma 8.2./. Let x5 :=

be the total fractional value on the fractional edges Er in the optimal solution x*.

ecEp X* (e>

We call a path p € P* a long path if p has at least cax?. edges in Ep, i.e. |[pNEg| > cax’,.
Otherwise we call a path p € P* a short path.

Let P := {p € P* | pis ashort path} be the collection of short paths in P*. Let
fp = ZpeP vpX, be the s-t flow defined by the short paths, and vp = ZPEP vy, be the total

flow value of fp.

The modified algorithm is very similar to the randomized path-rounding algorithm in
Section 8.2.3. The only difference is that we only sample the paths in the short path flow
decomposition in Definition 8.2.13, and we adjust the sampling probability of a path p to

3—7’; so that the sum is one.
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Randomized Short Path Rounding Algorithm

1. Let x* be an optimal solution to the convex program (st-CP). Let f* be the unit
s-t electrical flow supported in x*. Let o be the flow-conductance ratio defined

in Lemma 8.2.2.

2. Compute a short path flow decomposition P of f* as described in Defini-
tion 8.2.13.

3. For i from 1 to 7 =[] do

e Let P, be a random path from P where each path p € P is sampled with
probability 5—7’;

4. Return the subgraph H formed by the edge set U]_, P;.

The following simple lemma shows that the total flow on the long paths is negligible

when c is large, which will be useful in the analysis.

Lemma 8.2.14. For the short path flow decomposition in Definition 8.2.13, vp > 1 — 1.

c

Proof. Using ax(e)* = f*(e) for e € Ep from Lemma 8.2.2 and the properties of the flow

decomposition P* of f* in Lemma 8.2.4,

ary = Z f*(e) = Z Uy [pNER| > Z vy |[PNEFR| > caxy Z v, = carp(l—vp),

ecFbp peP* peEP*-P peEP*—-P
where the last inequality is by the definition of long paths and the last equality is because
f* is a unit s-t flow. ]

Analysis of Approximation Guarantee

First, we consider the expected s-t effective resistance of the returned subgraph H. For

intuition, we can think of the modified rounding algorithm as applying the rounding algo-
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rithm in the scaled flow fp/vp, and so it should follow from Lemma 8.2.7 that

f 2 2 2
E [ReffH(s,t)] < 28)(* (2) = 5 X*(f'p) < —2(€X*(f*) =5 Reffx* (S,t),

which will be at most (2 + O(g)) Reff,+(s,t) when ¢ = 1/e from Lemma 8.2.14.

We cannot directly apply Lemma 8.2.7 as stated, as the flow fp does not satisfy the
flow-conductance ratio « in Lemma 8.2.2, but essentially the same proof will work to get

the same conclusion (but not exactly the same intermediate step).

Lemma 8.2.15. Suppose the input instance satisfies the conditions in Assumption 8.2.1.
Let x* be an optimal solution to (st-CP) and f* be the unit s-t electrical flow supported
in x*. The expected s-t effective resistance of the subgraph H returned by the randomized

short path rounding algorithm is

2 2
—28)(*(7( ) = —2R€‘ffX* (S,t),

E [Reft 1) <
[eH(Sa )] 2, 2,

where P is the short path flow decomposition of f* as described in Definition 8.2.135.

The main difference of the analysis is to apply the Hoeffding’s inequality (instead of
Markov’s inequality) to bound the probability that the returned subgraph has significantly
more than k£ edges.

Lemma 8.2.16. Suppose the input instance satisfies the conditions in Assumption 8.2.1.
Let x* be an optimal solution to (st-CP) and f* be the unit s-t electrical flow supported in
x*. Let H be the subgraph returned by the randomized short path rounding algorithm given
x* as input, and |E(H)| be the number of edges in H. Then, for any § > 0,

BIE(H)| > (1 +0)k] < exp (—ﬁ) |

2o

where ¢ is the parameter in the short path flow decomposition in Definition 8.2.15 and «

is the flow-conductance ratio of f* and x* as defined in Lemma 8.2.2.
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Proof. As in Lemma 8.2.6, we assume pessimistically that all integral edges E; will be
included in H, and so we focus on the fractional edges Er. Let X,. be the indicator
variable of whether the edge e is sampled in the i-th iteration of the short path rounding
algorithm, and X;p 1= > . B Xie be the total number of fractional edges sampled in
the i-th iteration. Let Xp be the total number of fractional edges in H. Note that
Xp <>, Xir, since if some fractional edge was sampled in different iterations, we only

count it once in Xp. By linearity of expectation, E [Xp] < > E[X; p].

Let P* be the flow path decomposition of f* in Lemma 8.2.4, and P be the short
path flow decomposition of f* as described in Definition 8.2.13. For an edge e, recall that
fr(e) = > ep.pe Up 18 the total flow value on e from the short paths in P. As we scaled
the probability of each path by 1/vp in the rounding algorithm, the probability that edge
e is sampled in the i-th iteration is fp(e)/vp. Let f(e) := f*(e) — fp(e) be the total flow

value on e from the long paths in P* — P. The expected value of X; p is

EXrl= S B = 20 - 5 O -FO _ 5~ ax) i)

ecFp ecFEp UP ecFEp UP ecFbp UP
By the definition of the long paths,
Z?(e) = Z Z vy = Z vy - |pN Ep| > caxy Z vy, = caxp(l — vp),
ecEp e€Er peP*—P peEP*—P peEP*—P

where we recall that 273 = >, 27. Therefore,

“(e) —f 1— —1
EX =Y D=0 e Loctor e o ©
e€Ep vp vp vp

*

where the last inequality uses that vp < 1 and ¢ > 1. It follows that E [Xp| < Taz} < x5

As each iteration is independent, the random variables X; p for 1 < ¢ < 7 are indepen-
dent. Since we only use short paths, the maximum value of each X; r is at most caz}. So

we can apply Hoeffding’s inequality Theorem 3.1.3 to show that

2/( %k \2 9
PIXp > (14 8)2}] < exp <_MF)2) < o (_g)

Tcta?(x%) Ao
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Let X7 be the total number of integral edges in H. As X; < |E}|, we conclude that

PIEH)| = (1 +0)k] = P[X; + Xp > (14 0)(|Er| + 7))
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SPXp>(1+4+0)zy <exp|—=— ). O

c2a

As in Section 8.2.3, we can combine Lemma 8.2.16 and Lemma 8.2.15 to show that the

randomized short path rounding algorithm is a bicriteria approximation algorithm.

Theorem 8.2.17. Suppose the input instance satisfies the conditions in Assumptian 8.2.1.
Suppose further that k > dg /€', where € > 0 is an error parameter satisfying € < n for
a small constant n. Let x* be an optimal solution to (st-CP). Given x*, the randomized
short path rounding algorithm with ¢ = % will return a subgraph H with at most (1 + ¢)k
edges and Reffy(s,t) < (24 10¢) - Reffy« (s, t) with probability at least .

Proof. The additional assumption k > dg;/e'? implies that a < €® by Lemma 8.2.3.

Setting ¢ = % and § = ¢, it follows from Lemma 8.2.16 that

252 2
PIE(H)| = (1 + €)k] < exp ~a < exp -2 ) <e

where the last inequality holds for £ > 0.

Since ¢ = 2, Lemma 8.2.14 implies that vp > 1—¢ for the short path flow decomposition

in Definition 8.2.13. Using Markov’s inequality and Lemma 8.2.15, for sufficiently small

we have
E [Reff (s, )]
P [Reff t) > (24 10¢) - Reff,«(s,t)] <
[Reff(s,t) = (24 10¢) - Reffy- (s, 1)] (24 10¢) - Reff,« (s, 1)
< 2 < 2 <1-—2e.

v2(2 4 10e) ~ (1 —¢)2(2 + 10¢)

Therefore, with probability at least ¢, the subgraph H returned by the randomized short
path rounding algorithm satisfies both properties. O]
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Using the same arguments as in Section 8.2.4, we can turn the above bicriteria approx-

imation algorithm into a true approximation algorithm.

Theorem 8.2.18. Suppose the input instance satisfies the conditions in Assumption 8.2.1.
Suppose further that k > 2dy /%, where € > 0 is an error parameter satisfying ¢ < n for a
small constant n. There is a polynomial time (2 + O(g))-approzimation algorithm for the

s-t effective resistance network design problem.

Proof. As in the proof of Theorem 8.2.10, we apply the bicriteria approximation algorithm
in Theorem 8.2.17 with input x*, an optimal solution to (st-CP) with the scaled-down

budget 1i+57 to return a subgraph H. As the new budget l—ie is still greater than dg/e1°,

by Theorem 8.2.17, with probability at least € the subgraph H satisfies |E'(H)| < (1T =k

and

Reffy(s,t) < (2+ O(g)) - opt <1L+5> < (24 0(e)) (1 +¢) -opt(k) < (2+ O(¢)) - opt(k),

where we used the notations and arguments in Theorem 8.2.10.

For the time complexity, note that o < €® by Lemma 8.2.3 and the large budget

1
4m

approximation algorithm in the case a < ﬁ described in Theorem 8.2.10. Therefore, the

assumption, and so we can assume that €®> > a > -, as otherwise there is a simple 2-
success probability can be boosted to a constant in polynomial number of executions of

the bicriteria algorithm in Theorem 8.2.17. ]

8.2.6 Cost Minimization with s-t Effective Resistance Constraint

In this subsection, we consider a “dual” problem of the s-t effective resistance minimization
problem. In the dual problem, we are given a graph G = (V, E) and a target effective
resistance R, and the objective is to find a subgraph H of minimum number of edges such
that Reffy(s,t) < R. The same NP-hardness proof in Section 8.3.1 can be used to show
that the dual problem is NP-complete.
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Using the same techniques for the s-t effective resistance minimization problem, we
can obtain a constant factor bicriteria approximation algorithm for this problem. As the
proofs are very similar, we will just state the results and highlight the differences. The main
difference is that the convex program has unbounded integrality gap, and as a consequence
we cannot turn the bicriteria approximation algorithm into a true approximation algorithm
as in the s-t effective resistance network design problem. Using the same technique as in
Theorem 8.2.10, however, we can return an 8-approximation to the optimal number of
edges without violating the effective resistance constraint, if we are allowed to buy up to

four copies of the same edge (see Theorem 8.2.19).

Convex Programming Relaxation

We consider the following natural convex programming relaxation for the dual problem.
minimize x(e
xERE eEZE ( )

subject to  Reffy(x) < R,
0<x(e) <1 Ve € E.

(DCP)

Integrality Gap Examples

Unlike the s-t effective resistance network design problem, the convex program (DCP)
has unbounded integrality gap. Consider the following example in Figure 8.3, where the

top path has length n—1, and the bottom path has only one edge. The target effective
(n—l)2
(n—1)2+4¢

resistance constraint, any integral solution must contain both paths and thus has cost n.

resistance is R = for some constant € > 0. Since R < 1, to satisfy the effective

However, the fractional solution can set x(e) = = for each edge in the top path and set

x(e) = 1 for the bottom edge. It can be checked that this fractional solution satisfies the
constraint, and the total cost is 1-+e. Therefore, the integrality gap of this example is Q(n).
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Figure 8.3: (n) integrality gap example.
Optimal Solutions

Although the convex program (DCP) has a large integrality gap, the same rounding tech-

nique can be used to obtain a constant factor bicriteria approximation algorithm.

Exactly the same characterization of the optimality conditions as in the s-t effective
resistance network design problem holds, such that any optimal solution satisfies the flow-

conductance ratio o > 0 as described in Lemma 8.2.2.

Analogous to Lemma 8.2.3, we can prove an upper bound on « that

, R
o < —.
dst
Analogous to Lemma 8.2.9, we can prove a lower bound on any optimal solution x that
d?,
opt := x(e) = —=.

We can assume that R < dg, as otherwise a shortest s-¢ path is an optimal solution, and

so we can assume that 0 < a < 1.

Rounding Algorithm

The rounding algorithm is exactly the same as in Section 8.2.3. The same proofs as in
Lemma 8.2.6 and Lemma 8.2.7 will imply that, with probability Q(«), the subgraph H
returned by the randomized path rounding algorithm satisfies
|E(H)| <2) x*(e) and Reffy(s,t) < 4Reffe (s, 1),
c€E
where x* is an optimal solution to (DCP) and so |E(H)| < 2opt. The same lower bound on
o= Q(%) as described in Theorem 8.2.10 applies, and so this is a randomized polynomial

time algorithm.
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An Alternative Bicriteria Approximation Algorithm

In the s-t effective resistance network design problem, we turn a bicriteria approximation
algorithm into a true approximation algorithm, by scaling down the budget k by a factor of
two and running the bicriteria approximation algorithm. For the proof, we argue opt(g) <

20pt(k) by scaling down an optimal solution x* with budget & to a solution %x* with budget
k

5 -

In the dual problem, we can also try a similar approach, by scaling down the target
effective resistance R by a factor of 4 and run the bicriteria approximation algorithm.
However, we cannot argue that opt(£) < 4opt(R), as an optimal solution x* with effective
resistance R may not be able to scale up to 4x* with effective resistance R/4 because of the
capacity constraints 0 < x(e) < 1 for e € E. This approach would work if we are allowed

to violate the capacity constraint by a factor of 4.

Theorem 8.2.19. Given an weighted input graph G = (V| E), there is a polynomial time
algorithm for the dual problem which returns a multi-subgraph H with |E(H)| < 8opt and
Reff g (s,t) < R where there are at most 4 parallel copies of each edge.

8.3 Hardness

In this section, we first prove that the s-t effective resistance network design problem is NP-
hard in Section 8.3.1. Then, we prove that the weighted problem is APX-hard assuming

the small-set expansion conjecture in Section 8.3.2.

8.3.1 NP-Hardness

We will prove Theorem 8.1.1 in this subsection. The following is the decision version of
the problem.

Problem 8.3.1 (s-t effective resistance network design).
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Input: An undirected graph G = (V, E), two vertices s,t € V, and two parameters k
and R.

Question: Does there exist a subgraph H of G with at most k edges and Reffg(s,t) <
R?

We will show that this problem is NP-complete by a reduction from the 3-Dimensional
Matching (3DM) problem.

Problem 8.3.2 (3-Dimensional Matching).

Input: Three disjoint sets of elements X = {x1,...,z.},Y = {y1,...,y,},Z =

{#z1,...,24}; a set of triples T C X x Y x Z where each triple contains exactly one
element in XY, Z.

Question: Does there exist a subset of q pairwise disjoint triples in T ¢

Reduction: Given an instance of 3DM with {(X,Y,Z), T}, let 7 = |T| and denote the
triples by 7 = {T1,...,T;}. We construct a graph G = (V, E) as follows:

Figure 8.4: An illustration of the construction of the graph GG from a 3DM instance.

276



Vertex Set: The vertex set V' is the disjoint union of five sets {s}, {t}, Va, Vg, and D.
Each vertex in V4 corresponds to a triple in 7T, that is V4 = {T},...,T,}. Each vertex in
Vg corresponds to an element in X UY U Z, thatis Vg = {x1,..., 2, y1, .-, Ygs 21, - - - 2 }-
Let I = 37 + 3¢. The set D consists of 7 - I “dummy” vertices {d;; | 1 <i< 7,1 <j <}
So, there are totally 7+ 3¢+ 2+ 7(37 + 3¢) vertices in G, which is polynomial in the input
size of the 3DM instance.

Edge Set: The edge set E is the disjoint union of three edge sets Fj, Fy and P. There
are 37 edges in Fj, where we have three edges (T, z,), (T,y,) and (7, z.) for each triple
T = (T4, Y, 2c) € T. There are 3¢ edges in Fy, where there is an edge from each vertex in
Vg to t. There are 7(I + 1) edges in P, where there is a path P, := (s,d;1,di2,...,di;, T;)
for each triple T; € 7, 1 < i < 7. So, there are totally 37 + 3¢ + 7(37 + 3¢ + 1) edges in
E, which is polynomial in the input size of the 3DM instance.

The following claim completes the proof of Theorem &.1.1.

Lemma 8.3.3. Let k =q(l+ 1)+ 37 +3q and R = (3(l 4+ 1) +2)/3q. The 3DM instance
has q disjoint triples if and only if the graph G has a subgraph H with at most k edges and
Reffy(s,t) < R.

Proof. One direction is easy. If there are ¢ disjoint triples in the 3DM instance, say

{T1,...,T,}, then H will consist of the ¢ paths P, ..., P, the 3¢ edges in F} incident on

Ty,...,T,, and all the 3¢ edges in Fy. There are (I + 1)g + 3¢ + 3¢ < k edges in H, and
_ 3(1)+2

Reffy (s, t) = HTI + 3%1 + 3%1 == = R, as in the graph in Figure 8.5.

The other direction is more interesting. If there do not exist ¢ disjoint triples in the
3DM instance, then we need to argue that Reff 5 (s,¢) > R for any H with at most k edges.
First, note that k < (¢+1)(I+1), and so the budget is not enough for us to buy more than
¢ paths. As it is useless to buy only a proper subset of a path, we can thus assume that H
consists of ¢ paths and all the edges in F, F». H has a total of exactly q(I+1)+37+3¢ =k
edges. For any such H, we will argue that Reffy(s,t) > R. Without loss of generality,
assume that H consists of P,..., P, and all edges in Fy and Fy. As Tj,...,T, are not
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disjoint, there are some vertices in Vp that are not neighbors of 77 U ... UT;. Call those

vertices U.

We consider the following modifications of H to obtain H’, and use Reff g (s, t) to lower
bound Reffy (s, t). For every pair of vertices in Vp, we add an edge of zero resistance. For
each edge incident on T},11, ..., T}, we decrease its resistance to zero. By the monotonicity
principle, the modifications will not increase the s-t effective resistance, as we either add
edges with zero resistance or decrease the resistance of existing edges. The modifications
are equivalent to contracting the vertices with zero resistance edges in between, and so H’

is equivalent to the graph in Figure 8.5. Therefore, we have Reffy(s,t) > Reffy/(s,t) > R.

Figure 8.6: The subgraph H when U is non-empty.

We will prove that one of the inequalities in Reffy(s,t) > Reffy/(s,t) > R must be
strict when U # 0 (Figure 8.6). To argue the strict inequality, we look at the unit s-¢

electrical flow f in H and consider two cases.
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o If there exists some vertex © € U with no incoming electrical flow, then we can
delete such a vertex without changing Reffy(s,t). But then in the modified graph
H'’, the number of parallel edges to ¢ is now strictly smaller than 3¢, and therefore
Reffpi (s, t) > R.

o If there exists some vertex v € U with some incoming electrical flow, then f(Tju) > 0
for some j > g + 1. Since we have decreased the resistance of such an edge Tu to 0,
the energy of f in H' is strictly smaller than the energy of f in H. By Thomson’s
principle, we have Reffy/(s,t) < Emw(f) < Eu(f) = Reffu(s, ).

Since the 3DM instance has no ¢ disjoint triples, it follows that U # () and thus one of the
above two cases must apply. In either case, we have Reffy(s,t) > R and this completes
the proof of the other direction. n

8.3.2 Improved Hardness Assuming Small-Set Expansion Conjec-

ture

In this subsection, we will prove Theorem 8.1.4 that it is NP-hard to approximate the
weighted s-t effective resistance network design problem within a factor smaller than 2.
First, we will state the small-set expansion conjecture and its variant on bipartite graphs,
and present an overview of the proof in Section 8.3.2.1. Next, we will reduce the bipartite
small-set expansion problem to the weighted s-t effective resistance network design problem
in Section 8.3.2.2; and then reduce the small-set expansion problem to the bipartite small-

set expansion problem in Section 8.3.2.3 to complete the proof.

8.3.2.1 The Small-Set Expansion Conjecture and Proof Overview

The gap small-set expansion problem is formulated by Raghavendra and Steurer [123]. We

use the version stated in [124].
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Definition 8.3.4 (Gap Small-Set Expansion Problem [123, 124]). Given an undirected
graph G = (V, E), two parameters 0 < f < a < 1 and 6 > 0, the («, B)-gap 0-small-set

expansion problem, denoted by SSEs(cv, B), is to distinguish between the following two cases.

e YES: There exists a subset S C V with vol(S) = §vol(V') and ¢(S) < S.

e NO: FEvery subset S C V' with vol(S) = dvol(V') has ¢(S) > a.

It is conjectured in [123] that the gap small-set expansion problem becomes harder

when § becomes smaller.

Conjecture 8.3.5 (Small-Set Expansion Conjecture [123, 124]). For any € € (0, 3), there
exists sufficiently small 6 > 0 such that SSEs(1 — ¢,¢) is NP-hard even for reqular graphs.

It is known that the small-set expansion conjecture implies the Unique Game conjec-

ture [123] and is equivalent to some variant of the Unique Game Conjecture [124].

We will show the SSE-hardness of the weighted s-t effective resistance network design
problem in two steps, and use the small-set expansion problem on regular bipartite graphs

as an intermediate problem.

Proposition 8.3.6. For any e > 0, there is a polynomial time reduction from SSEs(1—¢, €)

on d-reqular graphs to SSEs(1 — 16¢,¢) on d-regular bipartite graphs.

Proposition 8.3.7. Given an instance of SSEs(a, ) on a d-regular bipartite graph B,
there is a polynomial time algorithm to construct an instance of the weighted s-t effective
resistance network design problem with graph G and cost budget k satisfying the following

properties.

e If B is a YES-instance, then there is a subgraph H of G with cost at most k and

2

RGHH<S, t) < m
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e if B is a NO-instance, then every subgraph H of G with cost at most k has

Reffy (s, t) >

Theorem 8.1.4 will follow immediately from the two propositions.

Theorem 8.3.8. For any &’ > 0, it is NP-hard to approximate the weighted s-t effective
resistance network design problem to within a factor of 2—¢€', assuming that SSEs(1—¢,¢)

1s NP-hard on regqular graphs for sufficiently small € > 0.

Proof. First, given a d-regular instance of SSEs(1 — €,¢), we apply Proposition 8.3.6 to
obtain a d-regular bipartite instance of SSE;s(1 — 16¢,¢). Then, we apply Proposition 8.3.7
with @« = 1 — 16¢ and 8 = ¢ and see that the ratio between the s-t effective resistance of
the NO-case and the YES-case is at least
(1-p)dk 1—¢ 2(1—¢)
(1—%)dk %—1—85 1+ 16e

for sufficiently small ¢. O

We prove Proposition 8.3.7 in Section 8.3.2.2 and Proposition 8.3.6 in Section 8.3.2.3.

8.3.2.2 From Bipartite Small-Set Expansion to weighted s-t Effective Resis-

tance Network Design

We prove Proposition 8.3.7 in this subsection. In the YES-case of bipartite SSE, we use the
small dense subgraph (from the small low conductance set) to construct a small subgraph
with small s-t effective resistance. In the NO-case of bipartite SSE, we argue that every

small subgraph has considerably larger s-t effective resistance.

Construction: Given an SSEs(«, 3) instance with a d-regular bipartite graph B =
(Vx,Vy; Eg), we construct an instance of the weighted s-t effective resistance network
design problem with graph G = (V, E) as follows. See Figure 8.7 for an illustration.
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‘ ' D ’
Vx \%

Figure 8.7: Reduction from bipartite small set expansion to weighted s-t effective resis-

tance network design.

Vertex Set: The vertex set V' of G is simply the disjoint union of {s}, Vx, Vy, {t}.

Edge Set: The edge set E of G is the disjoint union of three edge sets Ey, Eg, E;.
The edge set E, has |Vx| edges, where there is an edge from s to each vertex v € V.

The edge set E; has |Vy | edges, where there is an edge from each vertex v € Vi to t.

Costs and Resistances: Every edge e in Eg has ¢, = 0 and r. = 1. Every edge
ee€ E,UFE; hasc, =1 and r, =0.

Budget: The cost budget & is 0|Vx U Vy|.
YES-case: Suppose B is a YES-instance of SSEs(a, §). Since B is regular, there exist

subsets X C Vy and Y C Vy such that [ X UY| =6|Vx UVy| =k and ¢p(X UY) < S.
We construct the subgraph H of GG as follows.

Subgraph H: The subgraph H includes all the edges from s to X, all the edges

from X to Y, and all the edges from Y to ¢. Since edges from X to Y are of cost
zero, the total cost in H is equal to | X| + Y| = k.
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Figure 8.8: In the YES-case, the solid edges are included in H and the dashed edges are
deleted.

The following claim will complete the proof of the first item of Proposition 8.3.7.

Lemma 8.3.9. Reffy(s,t) < =5

Proof. Since B is a d-regular bipartite graph, we have
d(| X+ [Y]) = volg(X UY) = |dp(X UY)| + 2|E(X,Y)|,

where Ep(X,Y) denotes the set of edges with one endpoint in X and one endpoint in Y.
Since ¢pp(X UY) < B, we have [0g(X UY)| < S -volg(X UY) = dp(|X]| + |Y]). Hence,
the number of edges between X and Y is

AN D PelE OV 2= gy + v = L1~ By

|Ep(X,Y)] =

In terms of s-t effective resistance, H is equivalent to the graph in Figure 8.8, where
Z = (Vx\X) U (Vy\Y) is the set of vertices not in X and Y. Since the edges from s to X
and from Y to ¢ have zero resistance and edges between X and Y have resistance one, we
have Reff g (s,t) < ﬁ. O

No-case: We will prove the second item of Proposition 8.3.7 by arguing that every
subgraph of B with total cost at most k has considerably larger s-t effective resistance.
Since all the edges between Vx and V4 have zero cost and adding edges never increases

s-t effective resistance (by Rayleigh’s monotonicity principle), we can assume without loss
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of generality that any solution H to the weighted s-t effective resistance network design
problem takes all edges between Vy and V3 and also takes exactly k edges from Es U Ej.
Consider an arbitrary subgraph H with the above properties. Let X C Vx be the set
of neighbors of s and Y C V4 be the set of neighbors of ¢, with |X| + |Y| = k. Let
¢ = ¢p(X UY). Note that ¢ > « as we are in the NO-case where ¢p(X UY) > « for

every | X UY| = k. Using the same calculation as above, we have
1 1
|Ep(X,Y)| = 5(1 — ¢p(XUY))dk = 5(1 — ¢)dk.

The subgraph H is shown in Figure 8.9, where Z = (Vx\X)U (V4\Y) is the set of vertices
not in X and Y, and the edges within Z are not shown. To lower bound Reffy(s,t), we
modify H to obtain H' and argue that Reffy(s,t) > Reffy/(s,t) and then show a lower
bound on Reff (s, ).

< 3(1 — a)dk edges

Figure 8.9: The subgraph H’ is obtained by identifying the subsets X,Y, Z into single

vertices.

To obtain H' from H, we simply identify the three subsets of vertices X, Y, Z to three
vertices, which is equivalent to adding a clique of zero resistance edges to each of these three
subsets. By Rayleigh’s monotonicity principle, this could only decrease the s-t effective

resistance and so we have Reff (s, t) > Reff g/ (s,1).

In terms of s-t effective resistance, the subgraph H' is equivalent to the graph with two
paths between X and Y (with parallel edges): one path P; of length one with |Eg(X,Y)|
parallel edges between X and Y, another path P, of length two with |Eg(X, Z)| parallel
edges between X and Z and |Ep(Z,Y)| parallel edges between Z and Y. To lower bound
Reff (s, t), we lower bound the resistance of P; and P,, denoted by r(P;) and r(P,). Note
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that ) 5
r(h) = Ex(X,Y) (1—¢)dk’

For r(P), let x = |0p(X, Z)| and y = |05(Y, Z)|, then

1 1 1 2 1 4 4
r(P) =+~ = oty -(§+E+2>> =,
r Yy x4y xy r+y \y @ r+y ¢dk

where the inequality holds since a + 1/a > 2 for any a > 0, and the last equality holds
because x +y = [0p(X UY)| = ¢dk. Finally, by Fact 2.4.1,

Reftr(s,t) > Reftp (s,t) = 1/r(Py) i 1/r(P)

1 2 2
T g)dk + Todk  (1—o/2)dk = (1—a/2)dk’

=

where the last inequality is because we are in the NO-case. This completes the proof of

the second item of Proposition 8.3.7.

Remark 8.3.10. In this subsection, we show the hardness of the weighted s-t effective
resistance network design problem, when the edge cost and the edge resistance could be
arbitrary. Using a similar argument as in the proof of Theorem 8.1.1, the reduction can be
modified to the unit-cost case if we replace the edges from s to Vx and Vy tot by sufficiently
long paths (so that the cost of connecting s to a vertez in Vx is much larger than the cost
of connecting a vertez in Vx to a vertex in Vy ). Therefore, the same (2 — €)-SSE-hardness

also holds in the case when every edge has the same cost.

8.3.2.3 From Small Set Expansion to Bipartite Small Set Expansion

We prove Proposition 8.3.6 in this subsection.

Construction: Given an instance SSEs(1 — ¢,¢) on a d-regular graph G = (V, E), we
construct a d-regular bipartite graph B = (Vx, Vy; Ep) as follows. For each vertex v in V|
we create a vertex vy € Vx and a vertex vy € Vi, so that |Vx| = |Vy| = |V]. For each
edge uv € E, we add two edges uxvy and uyvy to Eg. It is clear from the construction
that B is d-regular.
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Correctness: To prove Proposition 8.3.6, we will establish the following two claims.

1. YEs-case: If there is a set S C V with |S| = §|V| and ¢¢(5) < € in G, then there
exist X C Vy and Y C V4 with | X |+ Y] =0(|Vx|+ |V¥|) and ¢p(X UY) < e in B.

2. No-case: If every set S C V with |S| = 6|V| has ¢¢(S) > 1 — ¢ in G, then every
sets X C Vx and Y C Vi with |X| +|Y] = d(|Vx| + |Vy]) has ¢pp(X UY) > 1 — 16¢
in B.

YEs-case: Let S C V be a subset with |S| = 6|V| and ¢g(S) < € in G. Let Sy :=
{vx | v € S} and Sy = {vy | v € S}, with |S]| = |Sx| = |Sy|- By construction,
an edge uv € dg(9S) if and only if both uxvy and vxuy are in dg(Sxy U Sy), and thus
|0(Sx U Sy)| = 2[6¢(95)]. Since |Sx U Sy| = |Sx|+ |Sy| = 2|S| and B is d-regular, we
have

_ 1os(Sx USy)[ _ [05(Sx USY)| _ 2|dc(S)]

Op(Sx U Sy) = volg(Sx USy)  d([Sx|+|[Sy])  2d|S| ba(S) < €.

No-case: Consider arbitrary subsets X C Vx and Y C Vi with | X|+ |Y| = §(|Vx| +
[Vy|) = 26|V]. To lower bound ¢5(X UY'), we will upper bound |Ep(X,Y")|. We partition
X into groups Xi,...,X, where every group except the last group is of size §|V|/2 and
the last group is of size at most §|V'|/2. We partition Y into groups Yi,...,Y; in a similar
way. The following claim uses the small-set expansion property in G to show that there is

no small dense subset in B.

Lemma 8.3.11. Suppose G is a NO-instance of SSEs(1 — e,¢). Then, for any 1 < i< a
and 1 < j <0,
E(X:,Y;)| < edd|V].

Proof. We first argue that there is no small dense subset in GG, and then we will use
it to bound |Ep(X;,Y;)|. Suppose S C V with |S| = 46|V|. As G is a NoO-instance,
we know that ¢c(S) > 1 — € and thus [0¢(S)| = (1 — &) volg(S) = (1 — €)d|S]|. Since
d|S| = vola(S) = 66(S)| + 2|Ea(S, S)|, it follows that |Ea(S, S)| < ed|S|/2 = 6d|V]|/2.

Note that this also implies trivially that |Eq(Z, Z)| < €dd|V|/2 for any Z with |Z| < 6|V|.
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Given X; and Yj, let Z := {v € G | vx € X, or vy € Y;}. In words, Z is the set of
vertices in G which have at least one copy in X; UYj in B. Since each X; and Y} is of size
at most §|V'|/2, it follows that |Z| < §|V|. Also, note that |Ep(X;,Y;)| < 2|Eq(Z, Z)|, as
each edge in Ep(X;,Y];) corresponds to one edge in E;(Z, Z) while each edge in Eq(Z, Z)
is corresponded to at most two edges in Ep(X;,Y;). Therefore, we can apply the bound in
the previous paragraph to conclude that |E(X;,Y;)| < 2|Eq(Z, Z)| < €6d|V|. O

We now use the lemma to bound |Ep(X,Y)|. Since |X|+ |Y| = 24|V, it follows that
a < 4 and b < 4, and therefore

a b
|Es(X, V) <Y |Es(X,;,Y;)| < abedd|V| < 16e6d|V].

=1 j=1

As B is bipartite,
0p(X UY)| =volg(X UY) =2|Eg(X,Y)| > 26d|V] — 32e6d|V| = 2(1 — 16¢)dd|V|.

Therefore, we have

Op(XUY)| _ 2(1—162)d|V

> — 1 16e.
volg(X UY) 26d|V| c

6s(X UY) =

This completes the proof of Proposition 8.3.6. We remark that a more careful argument
gives |Ep(X,Y)| < 6¢dd|V| and thus ¢p(X UY) > 1 — 6¢, but this constant does not
matter for the proof of Theorem &8.3.8.
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Chapter 9
Conclusion and Future Work

In this thesis, we studied the spectral rounding problem, which is an extension of the spec-
tral sparsification problem introduced by Spielman and Teng [133]. We demonstrated that
the spectral rounding problem underlies a large family of network design and experimental
design problems. Our results showed that this spectral approach significantly extends the
scope of the traditional survivable network design, and also finds applications in various
other graph problems (e.g., spectral network design problems, additive spectral sparsifica-
tion) in the literature. We also showed that the techniques developed for spectral rounding
provide a unified framework for the experimental design problems, which matches and im-
proves the state-of-the-art. Going beyond spectral rounding, we studied the s-t effective
resistance network design problem. We provided a constant approximation algorithm that

works in the regime where spectral rounding does not apply.

We believe that the linear algebraic perspective and spectral approach will bring new
techniques and stronger results to network design and potentially other combinatorial
optimization problems. The spectral approaches that we discussed in this thesis opens up

many interesting new directions to investigate.

e Our current result of the two-sided spectral rounding is based on Theorem 2.6.10
from [91], whose argument relies on the nonconstructive method of interlacing poly-

nomials. Can we find an efficient algorithm for the two-sided spectral rounding result
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Theorem 5.1.47 It is a major open problem to achieve constructive results for the
method of interlacing polynomials.

For network design problems in Section 6.1, there are several interesting questions
that one can investigate. Can we recover Jain’s iterative rounding result with a
spectral approach for survivable network design on undirected graphs? Can we extend
the spectral approach to settings such as directed graphs, vertex-connectivity, etc.?

Note that Jain’s iterative rounding has good performance under these settings.

We can also ask another question regarding to the generalized network design prob-
lem. As shown by the tight example in Section 5.4, the additive error term in the
approximation guarantee of Theorem 6.1.9 is optimal even if there is only an alge-
braic connectivity constraint. Nevertheless, can we improve the additive error term if
there are only effective resistance constraints involved? In particular, can we improve

the dependence of €7

For the experimental design problems in Chapter 7, it is natural to consider mini-
mizing (tr (é(zz'es u; u;)*p))% as the objective. Note that this objective function is
an interpolation between D-design (p — 0), A-design (p = 1) and E-design (p — o)
objectives. Can we extend the current techniques to solve experimental design with

this general objective function?

Similarly, for the s-t effective resistance network design problem in Chapter 8, can
we find a good approximation algorithm for minimizing the generalized ¢,-energy for
all p > 17
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Appendix A

Omitted Proofs in the Main Text

A.1 Calculation of Gradients

Fact 2.2.2. Let f : ST, — R be defined as f(X) = logdet(X). Then, f is differentiable
at any X = 0 with Vf(X) = X~

Proof. For any X = 0, it suffices to show

lim log det(X + H) — logdet(X) — (X! H)

= 0.
H=0 1H 1,

We consider the term logdet(X + H). It follows that
log det(X + H) = log det(X) det(l; + X 2HX"2)

d
= log det(X) + log H(l + i)

=1

d
= log det(X) + Z log(1 + \y),
i=1

where A\, ..., \;g are eigenvalues of the matrix X2 HXz. Thus,
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d
log det(X + H) —logdet(X) — (X~ H) = Y " log(1+ \;) — tr(X 2HX"2)

i=1
—Zlog1+)\ i:(——jLo)\?))
i=1

where the last equality follows by the Taylor series of log(1 + z). Let oo = [[H]|,,. Since
X = 0, it follows that |A;| < a - Apin(X) ™! for all 7 € [d]. Therefore, when o — 0

— 0. OJ

HHHop min(X)2

| log det(X + H) = log det(X) - det(ly + X“2HX"3)| _ zd: O(a)
h =1 )\

Fact 2.2.3. Let f : S, — R be defined as f(X) = tr(X™1). Then, f is differentiable at
any X = 0 with Vf(X) = —X2,

Proof. The proof is similar to the previous one, where we verify the solution by the defini-
tion. Let H € S? with rank r. Let H = UAUT be the eigendecomposition with A € R™"
being the diagonal matrix contains all the nonzero eigenvalues. We consider the matrix

(X + H)~!. For small enough H, X + H is invertible as X > 0, thus
X+H) ' '=X+UAU) P =X XTTUAN T HUTXTO)TTUT XY
where the last equality follows by Woodburry matrix identity Lemma 2.1.15. Thus,

tr((X +H) ™) —tr(X ™) + (X3 H) = —tr(XTHUA T+ UTXHU) T UTXY) + (X2 H)
= —(UTX2U, (A" + UTXTU) ™ + (UTX2U, A)
= (UTX2U,A = (AP + UTXTO) Y
= (U'X2U,AUT(X + UAUT)TUA),

where we apply Woodburry matrix identity Lemma 2.1.15 again in the last equality.
AP+ UTXTTU) ™ = A~ AUT(X + UAUT)TTUA.
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Let oo = ||H||,,, = IAll,,- For small enough a, it holds that X-+UAUT = (Ayin(X)—a)ly > 0.

Thus,

Oé2

[AUT(X + UAUT)TTUA|| < (X —a’

which further implies that, when o — 0,

(X + H) ™) — r(X ) + (X2 H)| _ at(UTX2U)

< — 0. ]
1H,p Amin(X) — @

Fact 2.2.4. Let f: St — R be defined as f(X) = tr(X%). Then, f is differentiable at any
X = 0 with Vf(X) = X2,

— 2

Proof. The proof for this fact needs a bit more work then the previous two, since we do
not have a nice formula to expand (X + H)%. Instead of verifying by definition, we are
going to calculate the partial derivatives directly, and then use the continuity of the the

partial derivatives together with Theorem 2.2.1 to prove the fact.

For i,j € [d], let E; ; € R%*? denote a matrix with (7, j)-th entry being one and all other

entries being 0.

Given a matrix X > 0, let \y > ... > Ay > 0 be the eigenvalues of X, and let
X = UAUT be the eigendecomposition of X, where A = diag(\y,...,\s), and U € R¥? is

an orthonormal matrix. Let D;; := U(E; ;+E;;)U" forall1 <i < j <d, and D;; := UE;;U"
for i € [d]. We notice that the @ matrices {D;;}1<i<j<q form a basis for the @—

dimensional vector space S¢.

We first calculate the directional derivative f'(X; Dy;) for i € [d]. By definition

#(X; Dy) = lim tr((X +9D;;)2) — tr(X?2) — lim tr((A 4 6E;;)2) — tr(A2)
=0 4] 6—0 )

: \% )\z + 0 — V /\1 . 1

= lim = lim

1
5—0 0 5—>02\//\i—|—5_ 2\/)\_2"

where the second last inequality follows by L’Hoépital’s rule.

Then, we consider the directional derivative f'(X;D;;) for i # j € [d]. Without loss of

generality, we assume ¢ = 1 and j = 2. We consider the difference of function values of
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moving in D;5 direction by 9. Since A is a diagonal matrix, and D;s only have two nonzero

entries, we have

tr((X + 0D12)?) — tr(X2) = tr((A + 8(Epg + E21))2) — tr(A2) = tr (M) — /A1 — /s,
where M = ( )% Notice that

(tr(M))* = (A (M) 4+ Ao (M))% = Ay (M) + Ag(M)? 42, (M) Ao (M) = tr(M?) +2+/det(M?).

Since M? = (% 7 ), we have tr(M?) = A; + Az and det(M?) = A;A; — 62. It follows that

1

tr((X + 6Dp2)2) — tr(X2) \/A1+>\2+2 Ao — 02 — VAL — VAo
By definition, the directional derivative is equal to

tr((X + 0Dy2)7) — tr(X7)
)
VAL A+ 2V /\2 02—V = VA

! . .
f/(X; Di2) —(1551(1)

= lim

5—>0
= hm - <\/)\1 + /\2 + 2\/ )\1)\2 52 \/ \/ )
where the last equality is by L’Hoépital’s rule. When § — 0, we have

SVt 2vA0 2 - Vo - V)

—(A1 4 A2 4 2V A — 2) 2 (A Ag — 02) 726 — 0.

Thus, we have proved f'(X;D;;) =0 for all i # j € [d], and f'(X;D;;) = % for all ¢ € [d].
Since the eigenvalues of a matrix is a continuous function with respect to the entries of the
matrix (see, e.g. [77]), all the directional derivatives with respect to the basis {D;;};; exist
and are continuous. By Theorem 2.2.1, the function f is continuously differentiable at X.

The gradient with respect to the basis {D;;}; ; can be written as 1A_% Transforming back
to the standard basis, the gradient can be represented by V f(X) = 1 UA_’ Ur = IX_’ [

With a similar analysis as in the proof of Fact 2.2.4, we can also prove Fact 2.2.5 for

the negative entropy function.
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A.2 Convexity and Concavity

Fact 2.2.15. The function f(X) = logdet(X) is concave on S, .

Proof. According to Lemma 2.2.8, it suffices to show g(t) = log det(X+t(Y —X)) is concave
on [0,1] for any X,Y € S%,. Since X = 0, we rewrite g(t)

g(t) = logdet(X + t(Y — X)) = log det(Xz(/ +t(X 2YX"2 — [)X2)
d
= log det(X) + log det(/ + (X 2 YX"2 — [)) = log det(X) + Zlog(l +t\i),
i=1

where Ai,..., g € R are eigenvalues of X~2YX~2 — [. Since both X, Y = 0, we have
M,y g >—1,and 1 +t\; >0 fort € [0,1] and all i = 1,...,d. Thus, we have

d )\ d )\2
(t) = i d ¢'t)=-S 2
g(t) Zlth)\i and — g7(1) Z(1+t)\i)2

=1

Hence, ¢”(t) is non-positive on t € [0, 1]. Thus, g is concave on [0, 1] by Lemma 2.2.11. O

Fact 2.2.16. The function f(X) = det(X)a is concave on N

Proof. Given X,Y = 0, assume one of them is singular, say det(X) = 0. Then, for any
A € [0, 1], Jensen’s inequality holds

Adet(X)d + (1= A)det(Y)d = (1 — N)det(Y)d = det((1 — A\)Y)a < det(AX + (1 — A)Y)4,

where the last inequality follows by X, Y = 0.

It remains to consider the case where X, Y > 0. By Lemma 2.2.8, it suffices to show
g(t) = det(X + (Y — X))4 is concave on [0,1]. With similar calculations as in the proof

of Fact 2.2.15, we have

=

g(t) = det(X)d - det(/ + (X 2¥YX"2 — [))d = det(X)

=
—~
—_
~~
S
<
S~—
-
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where Ay, ..., \;g > —1 are eigenvalues of X~2YX"2 — /. Note that 1+ ¢)\; > 0 for t € 0, 1]

forall i =1,...,d. Then, we consider the first and second derivative of g.
d d \
(1) =det(X)a [TA+tA)a -y — 20—

<.
Il
—

=1

d Ai 2 d A2 d A2
By Cauchy-Schwartz, we have (Zf —1> <d-)Yo PO = > si—s. To-

i=1 d(1+t)\;) i=1 d(1+tA;)?
gether with the fact that 14 tA; > 0 for all ¢ € [0, 1], we have ¢"(¢) < 0 on [0, 1].

Have considered all cases, f(X) is concave on S?. O]

A.3 Legendre Function

Lemma A.3.1. The {,-regularizer w(X) = —2tr(X2) is a Legendre function.

Proof. w(X) = —2tr(Xz) is a continuous function with a closed domain D = S¢. The
differentiability on S%, follows from Fact 2.2.4. The strict convexity on S?_ follows from

Fact 2.2.19. It remains to verify the boundary barrier condition.

Let X € Si be a singular matrix with rank < d, let Y € S‘i + be an arbitrary positive
definite matrix. For any ¢ € (0,1], X + ¢(Y — X) = 0. Thus, Vw(X + t(Y — X)) =
—(X 4+ t(Y — X))~z by Fact 2.2.4, and

(VX +t(Y = X)), Y = X) = —((X +t(Y = X))z, Y = X).

Let Ay > ... > Ay > 0 be the eigenvalues of X + t(Y — X), and 3%, \jv;v;| be the
corresponding eigendecomposition. We first upper bound the smallest eigenvalue \;. Take

any unit vector v from the null space of X. It holds that

M <VIXHHY =X)Dv=1t-vIW <t Apax(Y), (A1)
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where the first and the last inequality hold by Theorem 2.1.3.

Let S :={i € [d] | \i < 3Amin(Y)} be set of small eigenvalues and L := {i € [d] | A

i 2
min(Y)} be the set of large eigenvalues. Note that for small enough ¢, Ay < - Apax(Y) <

1\
2
%)\mm(Y). Thus, S is not empty. Now, we further rewrite the directional derivative,

(Vw(X + (Y — X)), Y — X)

=

= —<<Zj:1)\ivivi> ’ > ;\/)\iz Y X)Vz)
— Z (Y = X)) —|—Z\/_ (Y = X)v,). (A.2)

ZES i€L

Consider the first summation in (A.2). For the small eigenvalues i € S, it holds that
1
§>\min(Y) >N=v, (X +t(Y = X)) = (1 —t)v, Xy, +tv]' Yy > (1 — t)v, Xv;,

where the last inequality follows as Y = 0 and ¢ > 0. However, v, Yv; > Anin(Y) for all

€ [d]. Thus, v, (Y — X)v; = $Amin(Y) > 0 for ¢ <  for all ¢ € S. Therefore, when ¢ | 0,
the first summation in (A.2)

—1 Amin(Y)/3
(Y = X)y \/—A_-VJ(Y—X)vdg—%%—oo,
d * Amax

where the first inequality follows as we have proved v;,' (Y — X)v; > 0 for all i € S, the last

165

inequality follows by (A.1).

For the second summation in (A.2), we can upper bound it by

v, XvZ V2 d)\max
Z ( )

ZEL icl mln

where the first inequality follows as Y > 0, and the second inequality follos as |L| < d
X =0, and \; > %)\min(Y) > 0 for i € L. Notice that the above upper bound does not
depend on t.

Combining the first and second summation in (A.2), limjo(Vw(X+t(Y —X)), Y —=X) =

—o00 as desired. n
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