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Abstract

The main focus of this work is the introduction of a novel approach for the worst-case analysis of
first-order methods. The approach is based on the observation that the worst-case performance
of a given algorithm can be expressed as an optimization problem (which attempts to find the
“worst-case input” to the algorithm), and that problem can be tackled using tools from the field
of optimization. In Chapter 2, we focus on smooth and convex optimization problems, and
show how to apply this approach on the gradient method, thereby achieving a new and tight
complexity result for this algorithm. In addition, we show how to apply the approach on a wide
family of algorithms, which includes the fast gradient method and the heavy ball method, and
show that when an analytical solution to the resulting optimization problem is not available, it
is possible to efficiently approximate its solution using numerical tools. Furthermore, we show
how to numerically find the best algorithm in this class, and that it has an efficiency estimate
that it two times better than the known bounds on fast gradient method.

In Chapter 3, we further extend the aforementioned approach, and show how it can be used
to find a new optimization method in the non-smooth case. We detail the construction of the
algorithm and prove that it attains the optimal efficiency estimate on the class of Lipschitz-
continuous functions. Surprisingly, the resulting algorithm turns out to be very similar to Kel-
ley’s cutting-plane method.

In Chapter 4, we suggest a new method for solving structured saddle-point problems. The
method is simple and possesses some technical advantages over existing methods, such as
Nesterov’s smoothing technique. We present the method, establish its efficiency estimate and
demonstrate its effectiveness on some practical problems. In addition, we demonstrate how to
apply the technique introduced in the previous chapters in order to derive a numerical bound on
the efficiency of this method.

Finally, in Chapter 5, we consider a class non-convex quadratically constrained quadratic
problems. By a refined examination on the problem structure, we derive an improved charac-
terization on the situation where the convex semidefinite relaxation provides an exact solution.
We demonstrate the usefulness of the results both in practice and in theory by several examples.



Chapter 1

Introduction

Consider the following (unconstrained) minimization problem

(P) f= inf f(x).
xR
A first-order method is an iterative algorithm that approximates the solution of (P) by generat-
ing a sequence of points {x; € R? :i=0,...,N}, where the algorithm can only gain information
on the objective f by evaluating it and its gradient at the selected points. The performance or
efficiency estimate of a first-order method on a given family of functions is often measured as
the worst-case absolute inaccuracy, i.e., f(xy) — f*, over all possible functions f in the given
family, where the distance from the starting point of the algorithm to an optimal solution is
assumed to be bounded. For the formal definitions we refer the reader to [23, Chapter 5].

The earliest and arguably the most fundamental first-order method is the gradient method,
defined by the rule x;1; = x; — h;V f(x;) for adequately chosen step-sizes h;. This scheme is
applicable for many classes of problems, for example, when f is known to have a Lipschitz-
continuous gradient with constant L, then by taking /; = 1 the efficiency estimate of the method
can be shown to be in the order of O(1/N).

There have been several attempts to find a first-order method with an improved efficiency
estimate, most notably with the introduction of the heavy ball method [83], the conjugate gra-
dient methods [79], and quasi-Newton methods [39]. Although these methods perform well
in practice, it was only in 1983, with the introduction of the fast gradient method by Nes-
terov [73], were a method with worst-case efficiency estimate if O(1/N?) was introduced. The
efficiency estimate of Nesterov’s algorithm is also optimal, as it is possible to show that a first-
order method acting on convex functions with Lipschitz-continuous gradient cannot have an
efficiency estimate with a better rate of convergence [72, 74].

As aresult of these and other advances in the field, first-order methods methods have gained
popularity both in theoretical optimization and in many scientific applications, such as signal
and image processing, communications, machine learning, and many more. These problems
are very large scale, and first-order methods, which in general involve very cheap and simple
computational iterations, are often the best option to tackle such problems in a reasonable time
when moderate accuracy solutions are sufficient.

As the number of applications rise and their scope widens, the importance of an accurate
analysis of the optimization methods increases. On the theoretical front, an accurate analysis
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CHAPTER 1. INTRODUCTION

might provide a deeper understanding of the operation of the optimization method and as a
result can help us devise more efficient methods. On the practical front, an accurate analysis can
help improve the performance of existing methods, in particular for non-convex optimization
problems, where many problems are solved indirectly through approximations and therefore
rely on the quality of these approximations.

In this dissertation, we address the increasing need for an accurate analysis of optimization
algorithms by suggesting a new approach for performing this analysis. The approach is based
on the observation that the worst-case performance of a given first-order method (and in fact, the
worst-case performance of any type of method) can be posed as an optimization problem and,
as a result, this problem can be solved using tools from the field of optimization. In addition,
we discuss two classes of problems where the structure of the optimization problem can be used
to obtain an efficient solution method.

Following is a brief overview of the main results presented in this dissertation.

1.1 Analysis of Smooth First-Order Methods

We start, in Chapter 2, by focusing on problems where the objective is convex and has a
Lipschitz-continuous gradient. We discuss in detail a new approach for analyzing optimiza-
tion methods and show how this approach can be used to convert the problem of finding the
efficiency estimate for a first-order method into a optimization problem, which we call a Per-
formance Estimation Problem (PEP).

We demonstrate this approach on the gradient method and find an analytical solution for the
resulting PEP, thereby obtaining a new and tight efficiency estimate on the method, which is
two times better than the previously known efficiency estimate.

We then broaden our attention to a wide family of first-order methods, which includes the
fast gradient method and the heavy ball method, and show that when an analytical solution to
the corresponding PEP is not known, it is possible to efficiently approximate its value using
numerical tools.

Finally, since we have formulated the efficiency estimate of a method as an optimization
problem, we can naturally express the problem of finding steps sizes which results with the
best possible efficiency estimate as a minimax problem. We analyze this minimax problem
and show that, after some transformations, it can be efficiently solved using standard numerical
tools for any fixed N (the total number of steps the method makes). We demonstrate this result
for various values of N and show that the computed method has an efficiency estimate which is
approximately two times better than the efficiency estimate for Nesterov’s fast gradient method.

1.2 An Optimal Method for of Non-Smooth Optimization

We turn our attention to the class of non-smooth minimization problems, where the objective
is convex and Lipschitz-continuous. This class is inherently difficult, as problems in this class
require, in general, at least O(1/€?) steps in order to reach a given accuracy € [72, 74]. As a
result of this difficulty, it is important to exploit the properties of the specific function given to
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1.3. SADDLE-POINT PROBLEMS

the optimization procedure to achieve the fastest possible converge, especially when an accurate
solution is required.

A natural approach for exploiting the structure of the objective is adopted by Kelley’s
cutting-plane method [53], which maintains a lower-bound model for the objective by con-
sidering the supporting hyperplanes to the objective at the past iterates and chooses the next
iterate in way that minimizes the value predicted by the model. Despite its intuitive nature, this
method was proved to be inefficient both in practice and in theory [72], where the source of
the poor performance seems to be the instability of the solution. This observation inspired the
introduction of several methods, including the successful bundle method [61], which introduces
a form of regularization in order to “motivate” the next iterate to remain close to a previous
iterates, where the model is more accurate.

In Chapter 3, we develop a new method that exploits the structure of the objective by choos-
ing the next iterate according to a model that, in addition to the supporting hyperplanes to the
objective, includes a novel type of regularization. In order to derive the method, we further
extend the approach proposed in the previous chapter and show how it can be used to construct
an efficient and practical method. The resulting method turns out to be surprisingly similar to
Kelley’s cutting-plane method, yet it attains the best possible efficiency estimate on this class
of problems.

1.3 Saddle-Point Problems

Another important class of problems of the form (P) is the class of convex-concave saddle-point
problems

(M) ruréilrjlrvnea‘;({l( (u,v) := f(u) + (Au,v) — g (v)},

where f and g are convex functions, A is a linear operator, and U, V are convex sets. Historically,
the first approaches for solving saddle-point problems considered the problem via the the more
general framework of variational inequalities, and the problem was then solved using methods
designed for solving such problems, such as the extragradient method [59], which was shown
in [71] to require O(1/¢€) iterations to achieve a given accuracy € > 0. The main difficulty with
this approach is that when the objective K is not differentiable, known methods either require
O(1/€?) iterations to achieve a given accuracy € or must make some additional assumptions on
the problem structure (see, for example, [70, 77] and references therein).

A novel approach in solving non-differentiable saddle-point problems was suggested by
Nesterov in [76], where he developed a smoothing technique that specifically exploits the struc-
ture of problem (M) thereby achieving a method with an O(1/¢) efficiency estimate. The
smoothing approach assumes that the function f is differentiable and that g is possibly non-
differentiable, but is relatively “simple”. The disadvantage in Nesterov’s smoothing approach
is that it requires the user to choose the desired target accuracy before starting the optimization
process thereby not allowing the method to take advantage of favourable problem instances. As
an attempt to rectify this problem, Nesterov proposed an excessive gap technique, described in
[75]. This approach requires both function f and g to have a “simple” structure; however, in
practice it is hard to implement and was fully described only for the case where the functions f
and g are the indicators functions of some convex sets.
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CHAPTER 1. INTRODUCTION

More recently, Chambolle and Pock presented in [33] a method that successfully overcomes
the latter issue with Nesterov’s excessive gap technique. The method is highly successful in
solving a wide variety of problems, and is easy to implement, however, it still requires both
functions f and g to have a “simple” structure.

In Chapter 4, we revisit the model assumed by Nesterov’s smoothing approach and propose
a method that generates an approximation sequence for the problem that converges to the solu-
tion at the rate of O(1/¢€) without the need to choose the desired accuracy of the result before
beginning the computation and without any significant impact on the computational effort. Nu-
merical experiments on the image deblurring and fused lasso problems confirm the theory and
demonstrate that our algorithm is competitive when compared to related state of art schemes.

1.4 Nonconvex Quadratic Optimization

The class of nonconvex quadratically constrained quadratic programming (QCQP) problems
plays a key role in both subproblems arising in optimization algorithms such as trust region
methods (see for example [31, 45]) and is also a bridge to the analysis of many combinatorial
optimization problems that can be formulated as such. In principal, nonconvex QCQP problems
are hard to solve, and as result many approximation techniques were devised in order to tackle
it. Many of these techniques rely on the so-called semidefinite relaxation (SDR), which is a
related convex problem over the matrix space that can be solved efficiently, see e.g., [51, 99].

A key issue in the analysis of QCQPs is to determine under which conditions the semidefi-
nite relaxation is tight, meaning that it has the same optimal value as the original QCQP prob-
lem. In these cases, one can construct the global optimal solution of the QCQP problem from
the optimal solution of the SDR via a rank reduction procedure. There are several classes of
QCQP problems which posses this tight semidefinite relaxation” result; among them are the
class of generalized trust region subproblems [45, 67] which are QCQPs with a single quadratic
constraint, problems with two constraints over the complex number field [17] as well as prob-
lems arising in the context of quadratic assignment problem [1, 2].

Another class of QCQP problems is the class of Quadratic Matrix Programming (QMP)
problems whose general form is given by

(QMP)  min tr(XTAoX) +2tr(BYX) + o
Xe nxr

st tr(XTAX)+2te(BI X) +¢; <oy, i€.7,
tr(XTAjX)+2tr(l§JTX)+cj =Qj, JjEG&,

where n,r are positive integers, .# and & are sets of indices such that ¥ N& =0, A; € S”,
B; € R™" and c;, o; € R. This class of problems was introduced and studied in [15] where it
was also shown that it encompasses a broad class of important problems both in theory and in
applications. The main result in [15] is that problem (QMP) with at most r constraints has a tight
SDR property. In the homogenous case (i.e., when B; = 0 for all i) this question was already
studied by Barvinok [13, 14] for the problem of determining the feasibility of this problem;
Barvinok’s results were then extended by Pataki [82] to include any homogeneous quadratic
objective function. In both cases it was shown that it is possible to use the SDP relaxation to
solve the original nonconvex problem when the number of constraints is at most (r ;2) —1.

5



1.4. NONCONVEX QUADRATIC OPTIMIZATION

In Chapter 5, we concentrate on a special type of QMP problems defined by

miny cpixr tr(XTAoX) +2tr(VIBIX) +co
(SQMP) s.t. tr(XTAX) +2te(VIBI X) +c; <oy, i€, (1.4.1)
tr(XTAX)+2tu(VIBIX) +cj=a;, jE&,

with A; € S", B e R (i € {0} U £ U&) and 0 #V € R*", s < r. Essentially, this
type of QMP problems is characterized by the property that the matrices B; are of the special
form B; = B;V; for the case n > r > s, this means that the range spaces of the n X r matrices
B;, (i€ {0} U.# U&) are all contained in the same s-dimensional subspace, which is the range
space of V. Note that when s = r and V = I, we are back to the original QMP setting. At a
first glance it seems that this property of the matrices B; is quite restrictive, however, it naturally
appears in applications, as described in §5.4.



Chapter 2

A new approach for analyzing
optimization algorithms

We introduce a novel approach for analyzing the worst-case performance of first-order black-
box optimization methods. We focus on smooth unconstrained convex minimization over the
Euclidean space. Our approach relies on the observation that by definition, the worst-case
behavior of a black-box optimization method is by itself an optimization problem, which we
call the Performance Estimation Problem (PEP). We formulate and analyze the PEP for two
classes of first-order algorithms. We first apply this approach on the classical gradient method
and derive a new and tight analytical bound on its performance. We then consider a broader class
of first-order black-box methods, which among others, include the so-called heavy-ball method
and the fast gradient schemes. We show that for this broader class, it is possible to derive
new bounds on the performance of these methods by solving an adequately relaxed convex
semidefinite PEP. Finally, we show an efficient procedure for finding optimal step sizes which
results in a first-order black-box method that achieves best worst-case performance.
This chapter is based on the published paper [40].

2.1 Introduction

First-order convex optimization methods have recently gained in popularity both in theoretical
optimization and in many scientific applications, such as signal and image processing, com-
munications, machine learning, and many more. These problems are very large scale, and
first-order methods, which in general involve very cheap and simple computational iterations,
are often the best option to tackle such problems in a reasonable time, when moderate accuracy
solutions are sufficient. For convex optimization problems, there exists an extensive literature
on the development and analysis of first-order methods, and in recent years, this has been re-
vitalized at a quick pace due to the emergence of many fundamental new applications alluded
above. On the theoretical front see e.g., the recent works [47, 60, 85] and for applications see
the collections [80, 92] and references therein.

This work is not on the development of new algorithms, rather it focuses on the theoretical
performance analysis of first-order methods for unconstrained minimization with an objective
function which is known to belong to a given family .# of smooth convex functions over the

7



2.1. INTRODUCTION

Euclidean space R¢,

Following the seminal work of Nemirovsky and Yudin [72] in the complexity analysis of
convex optimization methods, we measure the computational cost based on the oracle model
of optimization. According to this model, a first-order black-box optimization method is an
algorithm .7 which has knowledge of the underlying space R? and the family .%, where the
function itself is not known. To gain information on the objective function f to be minimized,
the algorithm queries a first-order oracle, that is, a subroutine which given as input a point in
RY, returns the value of the objective function and its gradient at that point. The algorithm starts
with a given point xo € R? and generates a finite sequence of points {x; € R? : i =1,...,N},
where at each step the algorithm can depend only on the previous steps, their function values
and gradients via some rule

Xi+l = JZ{OC()’'"7)61';.](()60)7'"7]“(361‘);.](‘/(960%'''7]“/()61'))7 i=0,....N—1,

where f’(-) stands for the gradient of f(-). Note that the algorithm has another implicit knowl-
edge, i.e., that the distance from its initial point xp to a minimizer x, € X,(f) of f is bounded
by some constant R > 0, see more precise definitions in the next section.

Given a desired accuracy € > 0, applying the given algorithm on the function f in the class
# , the algorithm stops when it produces an approximate solution x¢ which is €-optimal, that is
such that

flxe) = f(xi) <e.

The worst-case performance (or complexity) of a first-order black-box optimization algorithm
is then measured by the number of oracle calls the algorithm needs to find such an approximate
solution. Equivalently, we can measure the worst-case performance of an algorithm by looking
at the absolute inaccuracy

S (fxn) = flow) = f(x),

where xy is the result of the algorithm after making N calls to the oracle. Throughout this
chapter we will use the latter form to measure the performance of a given algorithm.

Building on this model, in this work we introduce a novel approach for analyzing the perfor-
mance of a given first-order scheme. Our approach relies on the observation that by definition,
the worst-case behavior of a first-order black-box optimization algorithm is by itself an opti-
mization problem which consists of finding the maximal absolute inaccuracy over all possible
inputs to the algorithm. Thus, with xy being the output of the algorithm after making N calls to
the oracle, we look at the solution of the following Performance Estimation Problem (PEP):

max £(xy) — £(x.)
s.t. feZ,
Xig1 = (X0, %3 f(x0)s s )i (x0)s .o f1(x0)), i=0,...,N—1, P)
% €X,(f), Il —xoll <R,
X0, - .-, XN, Xx € RY.
At first glance this problem seems very hard or impossible to solve. We overcome this

difficulty through an analysis that relies on various types of relaxations, including duality and
semi-definite relaxation techniques. The problem setting and an outline of the underlying idea

8



CHAPTER 2. A NEW APPROACH FOR ANALYZING OPTIMIZATION ALGORITHMS

of the proposed approach for analyzing (P) are described in Section 2.2. In order to develop
the basic idea and tools underlying our proposed approach, we first focus on the fundamental
gradient method (GM) for smooth convex minimization, and then extend it to a broader class
of first-order black-box minimization methods. Obviously, the gradient method is a particular
case of this broader class that will be analyzed below. However, it is quite important to start
with the gradient method for two reasons. First, it allows to acquaint the reader in a more
transparent way with the techniques and methodology we need to develop in order to analyze
(P), thus paving the way to tackle more general schemes. Secondly, for the gradient method,
we are able to prove a new and tight bound on its performance which is given analytically,
see Section 2.3. Capitalizing on the methodology and tools developed in the past section, in
Section 2.4, we consider a broader class of first-order black-box methods, which among others,
is shown to include the so-called heavy-ball [83] and fast gradient schemes [74]. Although an
analytical solution is not available for this general case, we show that for this broader class
of methods, it is possible to compute numerical estimates for an adequate relaxation of the
corresponding PEP, allowing to derive new bounds on the performance of these methods. We
then derive in Section 2.5 an efficient procedure for finding optimal step sizes which results in
a first-order method that achieves best worst-case performance. Our approach and analysis give
rise to some interesting problems leading us to suggest some conjectures. We conclude with
three appendices: the first includes the proof of a technical result, the second demonstrates our
approach on the projected gradient method, and the third appendix presents some preliminary
results on strongly convex functions.

Notation. For a differentiable function f, its gradient at x is denoted by f’(x). The Euclidean
norm of a vector x € R? is denoted as ||x||. The set of symmetric matrices in R"*" is denoted
by S". For two symmetric matrices A and B, A = B,(A > B) means A—B = 0(A—B > 0) is
positive semidefinite (positive definite). We use e; for the i-th canonical basis vector in RY,
which consists of all zero components, except for its i-th entry which is equal to one, and use
v to denote a unit vector in R?. For an optimization problem (P), val(P) stands for its optimal
value.

2.2 The Problem and the Main Approach

2.2.1 The Problem and Basic Assumptions
Let o7 be a first-order algorithm for solving the optimization problem
(M) min{f(x): x € R}.
Throughout the chapter we make the following assumptions:

e f:R? — R is a convex function of the type Cé’l(Rd ), i.e., continuously differentiable
with Lipschitz continuous gradient:

17 = £ D) < Ll =], ¥x.y € R,

where L > 0 is the Lipschitz constant.



2.2. THE PROBLEM AND THE MAIN APPROACH

e We assume that (M) is solvable, i.e., the optimal set X, (f) := argmin f is nonempty.

e There exists R > 0, such that the distance from the given starting point of the algorithm
X0 to an optimal solution x, € X,(f) is bounded by R.!

Given a convex function f in the class C 271 (R9) and any starting point xo € R?, the algorithm
</ is a first-order black-box scheme, i.e., it is allowed to access f only through the sequential
calls to the first-order oracle that returns the value and the gradient of f at any input point x.
The algorithm .o then generates a sequence of points x; € R4, i =0,...,N.

2.2.2 Basic Idea and Main Approach

We are interested in measuring the worst-case behavior of a given algorithm .o in terms of the
absolute inaccuracy f(xy) — f(x4), by solving problem (P) defined in the introduction, namely

max f(xy) — f(x:)
s.t. f € Ci’l(Rd), f is convex,
Xiv1 = A (X0, Xis f(%0), -+, f(x:); £/ (x0), -5 f (x3)), i =0,...,N—1, (P)
X € X (f), s = xoll < R,

d
X0y -y XN, X € RY.

To tackle this problem, we suggest to perform a series of relaxations thereby reaching a
tractable optimization problem.

A main difficulty in problem (P) lies in the functional constraint (the variable f is a con-
vex function in C é’l (R9)), i.e., we are facing an abstract hard optimization problem in infinite
dimensions. To overcome this difficulty, the approach taken in this chapter is to relax this
constraint so that the problem can be reduced and formulated as an explicit finite dimensional
problem that can eventually be adequately analyzed.

An informal description of the underlying idea consists of two main steps as follows:

e Given an algorithm .o/ that generates a finite sequence of points, to build a problem in
finite dimensions we replace the functional constraint f € C i’l in (P) by new variables in
R?. These variables are the points {xp,x1,...xy,X } themselves, the function values and
their gradients at these points. Roughly speaking, this can be seen as a sort of discretiza-
tion of f at a selected set of points.

e To define constraints that relate the new variables, we use relevant/useful properties char-
acterizing the family of convex functions in C L1 as well as the rule(s) describing the
given algorithm o7

This approach can, in principle, be applied to any optimization algorithm. Note that any
relaxation performed on the maximization problem (P) may increase its optimal value, however,

'In general, the terms L and R are unknown or difficult to compute, in which case some upper bound estimates
can be used in place. Note that all currently known complexity results for first-order methods depend on L and R.

10
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the optimal value of the relaxed problem still remains a valid upper bound on f(xn) — f(x).
Also note that once a bound on the absolute inaccuracy has been established, it is possible to find
a bound that does not depend on the unknown term f(x,), e.g., from the well-known property
£ Ceom) |17 < f (o) = £ ().

A formal description on how this approach can be applied to the gradient method is de-
scribed in the next section, which as we shall see, allows us to derive a new tight bound on the
performance of the gradient method.

2.3 An Analytical Bound for the Gradient Method

To develop the basic idea and tools underlying the proposed approach for analyzing the perfor-
mance of iterative optimization algorithms, in this section we focus on the simplest fundamental
method for smooth convex minimization, the Gradient Method (GM). It will also pave the way
to tackle more general first-order schemes as developed in the forthcoming sections.

2.3.1 A Performance Estimation Problem for the Gradient Method

Consider the gradient algorithm with constant step size, as applied to problem (M), which
generates a sequence of points as follows:

Algorithm GM

0. Input: f € Ci’l (R¥) convex, xo € RY.

1. Fori=0,...,N— 1, compute x; | = x; — %f’(xi).

Here h > 0 is fixed. Note that while simple, this algorithm is restricted to problems where
the Lipschitz constant L is known or can be efficiently estimated.

At this point, recall that for 4 = 1, the convergence rate of the Algorithm GM can be shown
to be (see for example [19, 74]):

_ Lo —x.|?

Flw) = fo) S T, Y € Xu(f). 2.3.1)

We begin our analysis with a well-known fundamental property for the class of convex Ci’l
functions, see e.g., [74, Theorem 2.1.5].

Proposition 2.3.1. Let f : RY — R be convex and Ci’l. Then,
1
S I @) = FOIF < Fe) = £O) = (F (), x—y), forall xyeRE - (232)

11



2.3. AN ANALYTICAL BOUND FOR THE GRADIENT METHOD

Let xo € R? be any starting point, let {x1,...,xn} be the points generated by Algorithm GM
and let x, be a minimizer of f. Applying (2.3.2) on the points {xo, ...,xn,Xs}, we get:

1
o 1) = F eI < i) = £(ep) = (F ()i =), 657 =050 N (2.3.3)

Now define

B 1
 Lflx—xo]?
B 1
Ll —xo

5 (fxi) — f(x), i=0,...,N,*

8i: f/(xi), iZO,...,N,*
and note that we always have 6, = 0 and g, = 0.
In terms of &;, g;, condition (2.3.3) becomes

S — <gj7xi_xj>

1 2
—llgi—gill” < 6 — ,j=0,....N 234
2Hgl gJH =Y J HX*_XOH ) lv.] ) 9 7*7 ( )

and the recurrence defining Algorithm GM reads:
Xit1 = Xxi — h||x. —xo|lgi, i=0,...,N—1.

Problem (P) can now be relaxed by discarding the underlying function f € Cé’l in (P).
That is, the constraint in the function space f € Ci’l with f convex, is replaced by the in-
equalities (2.3.4) characterizing this family of functions and expressed in terms of the variables
X0y, %N, X €ERY, go,....gy €RY and &, ..., 8y € R generated by Algorithm GM. Thus, an
upper bound on the worst-case behavior of f(xy) — f(x«) = L||x, — xo||>8y can be obtained by
solving the following relaxed PEP:

max  Llx, —xo*Sy
X0, XN X5 ERY,

gO?"'7gN€Rd7
50,...,5N€R
S.t. xi+1:x,~—h||x*—x0||g,-, i=0,.... N—1,

S — <gj7xi_xj>

1 2
o — o2 < 8 — ,j=0,....N
zHgl gJH — Y ] HX*_XOH ) l?] ’ ) 7*7

[l —xol| < R.

Simplifying the PEP The obtained problem remains nontrivial to tackle. We will now per-
form some simplifications on this problem that will be useful for the forthcoming analysis.

First, we observe that the problem is invariant under the transformation g; <— Qg;, x} <— Ox;
for any orthogonal transformation Q. We can therefore assume without loss of generality that
X, — X0 = ||x« —xo||V, where v is any given unit vector in R?. Therefore, for i =  the inequality
constraints reads

(&), 1 — X0V +2x0 — x;)
[« — xo|

1 .
§‘|g*—8j\|2§5*—5j— , j=0,....N.

12
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Secondly, we consider (2.3.4) for the four cases i = *, j = *, i < j and j < i, and use the equality
constraints

Xit1 =Xi — hljxs —xo0|lgi, i=0,...,N—1

to eliminate the variables xp,...,xy. After some algebra, we reach the following form for the
PEP:

max L||x, — xo||* 8y
xva*7gi€Rd>8i€R

1 / o
&tikrﬂﬂzé&—ar%&,Z:@pﬁ,l<J=Q~»M
t=i+1

1 ! ..
§||gl_gj||2§61_5]+<gj7 Z hgt71>7 ]<l:07"'aN7
t=j+1

l .
§||gi||2 <§, i=0,...,N,

1 i .
EMM%S—&—@nw+Zﬁ&4% i=0,....N,

=1
[l = xol| <R,

where i < j =0,...,N is a shorthand notation fori =0,....N—1,j=i+1,...,N.

Finally, we note that the optimal solution for this problem is attained when ||x. —xo|| = R,
and hence we can also eliminate the variables x¢ and x,. This produces the following PEP for
the gradient method, a nonconvex quadratic minimization problem:

max LR>8y
giERd,&-ER

1 . .
s.t. §||g,-—gj||2§5,-—5j—<gj, Z hgi—1), i<j=0,...,N,
t=i+1

1 l . .
§||gi_gj|’2§5i_5j+<gj, Z hgi—1), j<i=0,...,N,
r=j+1

1 .

Slgll’ <8, i=0...N,

1 ) i '

§||g"|| §_5i—<gi»"+zhgr71>, i=0,...,N.
=1

This problem can be written in a more compact and useful form. Let G denote the (N +
1) x d matrix whose rows are g ,...gk, and for notational convenience let u; € RV*! denote
the canonical unit vector

Ui ==¢€i+1, iZO,...,N.

Then for any i, j, we have
gi =G u;, (G uu; G) = (gi,g;), and (G"u;, v) = (g;, ).

13



2.3. AN ANALYTICAL BOUND FOR THE GRADIENT METHOD

Therefore, by defining the following (N + 1) x (N + 1) symmetric matrices

1 1 ¢
Aid-:i(ui—uj)(ui—uj)T%—i Z h(uju,T_1+ut,1ujr),
t=i+1
Biim Si—u)wi—u) =5 Y h(u! T
,71—2ul uj)(ui—uj) 3 Z (ujut_l—ku,,luj),
t=j+1 (2.3.5)
1
Ciziuiul-T,

1 1y
D;= QuiuiT t3 Y iy +u—yui),

r=1

we can express our nonconvex quadratic minimization problem in terms of § := (Jy,...,0y) €
RN*! and the new matrix variable G € RWV+1)*4 a5 follows

max LR?8y
GER(N+1)X‘1,5€RN+1

GTBi7jG)<5i—6j, j<i=0,...,N, Q)

Problem (G) is a nonhomogeneous Quadratic Matrix Program, a class of problems intro-
duced and studied by Beck [15] and will be further studied in Chapter 5.

2.3.2 A Tight Performance Estimate for the Gradient Method

We now proceed to establish the two main results of this section. First, we derive an upper bound
on the performance of the gradient method; this is accomplished using duality arguments. Then,
we show that this bound can actually be attained by applying the gradient method to a specific
convex function in the class Ci’l.

In order to simplify the following analysis, we will remove some constraints from (G) and
consider the bound produced by the following relaxed problem:

max LR?8y
GGR<N+1)X”I,5€RN+I
T F_ (G)
S.t. tr(G Ai717iG) <6_1—6;, i=1,....N,
tr(G'D,G+vul G) < -8, i=0,...,N.
As we shall show below, it turns out that this additional relaxation has no damaging effects
and produces the desired performance bound when 0 < 4 < 1.

We are interested in deriving a dual problem for (G’) which is as simple as possible, es-
pecially with respect to its dimension. As noted earlier, problem (G’) is a nonhomogeneous
quadratic matrix program, and a dual problem for (G) could be directly obtained by applying

14
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the results developed by Beck [15]. However, the resulting obtained dual will involve an ad-
ditional matrix variable ® € S?, where d can be very large. Instead, by exploiting the special
structure of the second set of nonhomogeneous inequalities given in (G’), we derive here an
alternative dual problem, but with only one additional variable t € R.

To establish our dual result, the next lemma shows that a dimension reduction is possible
when minimizing a quadratic matrix function sharing the special form as the one that appears
in problem (G').

Lemma 2.1. Let f(X) = tr(XT QX +2ba’ X) be a quadratic function, where X € R"™™, Q € S",
acR"and 0# b € R™. Then

. s T
Lot F(X) = it f(€b7).

Proof. First, we recall (this can be easily verified) that inf{ f(X) : X € R""} > —oo if and only
if O > 0, and there exists at least one solution X such that

OX +ab’ =0 & XTQ+ba’ =0, (2.3.6)

i.e., the above is just V f(X) = 0 and characterizes the minimizers of the convex function f(X).
Using (2.3.6) it follows that infy f(X) = f(X) = tr(ba’ X). Now, for any £ € R", we have
FEDT) = ||b||*(ETQE 4 2aT&). Thus, likewise, inf{ f(EbT) : & € R"} > —oo if and only if
Q > 0 and there exists & € R” such that

0&+a=0, (2.3.7)

and using (2.3.7) it follows infg f(£bT) = FEBT) = ||b||>a”E = tr(ba” ET). Now, using
(2.3.6)-(2.3.7), one obtains X7 Q = —ba” and Q(X — EbT) = 0, and hence it follows that

fX) = f(Ep") = t(ba’ (X-Eb"))

Equipped with Lemma 2.1, we now derive a Lagrangian dual for problem (G').

Lemma 2.2. Consider problem (G') for any fixed h € R and L,R > 0. A Lagrangian dual of
(G) is given by the following convex program:

. 1 5
min {=LR°t: AL €A, S(A,t) =0}, DG’
)LGRN,teR{z (A1) = 0} (DG

where A:={A RN : 4,1 —A >0, i=1,...N-1,1-Ay>0,4>0, i=1,....N},
the matrix S(-,-) € SN*2 is given by

S(,1) = ((1 —h)qs;)—FhSl ?) ’

15



2.3. AN ANALYTICAL BOUND FOR THE GRADIENT METHOD

withq= (A, A2 — A1, ..., AN —An_1,1—Ay)T and where the matrices Sy, S, € SN are defined
by:

24 —MA
M 24 A
A 243 A3
So = , _ _ (2.3.8)
—Avo1 20y Ay
Ay 1
and
24 A=A . A=Ay 1 —Ay
12 — ll 27[/2 AN — )LN,1 1— AN
S, = : - : (2.3.9)
)LN — QLN_l AN — AN—I Z)LN 1-— AN
1—Ay 1—Ay 1—Ay 1

Proof. For convenience, we recast (G') as a minimization problem, and we also omit the fixed
term LR? from the objective. That is, we consider the equivalent problem (G”) defined by

min — Oy
GER<N+1)Xd,5€RN+1
S.t. '[I'(GTAZ'_L,'G) <6_1—6;, i=1,....N, (G//)
tr(G'D,G+vul G) < -8, i=0,...,N.
Attaching the dual multipliers A = (4,...,Ay) € RY and 7 := (19,..., %) € RY™ to the
first and second set of inequalities respectively, and using the notation 6 = (Jy,...,0y), we get

that the Lagrangian of this problem is given as a sum of two separable functions in the variables

(8,6):

N
Z ”L','5,'

i=0

N
L(G,6,A,7) = —8v+) A(&i—8i_1)+
i=1

N N
+ Y 4itr(GTAi1,G) + Y %t (G" DG+ vu] G)
i=1 i=0
= Li(6,A,7)+Ly(G, A, 7).
The dual objective function is then defined by

H(2,7) =minZ(G.8,A ) = minL;(8,2,7) + minLs(G,2,7)

and the dual problem of (G”) is then given by

max{H(A,7): A e RY, t e RY T} (DG")
Since Ly (-, A, 7) is linear in 8, we have ming L; (8,4, 7) = 0 whenever
_)L] +7 = 07
li_li—o—l‘l‘fi =0 (iZl,...,N—l), (2.3.10)

—1+Av+1w = O,
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and —oo otherwise. Invoking Lemma 2.1, we get

min  Ly(G,A,t) = min Ly(wv', A,7).
GER(NH)xd weRN+1

Therefore for any (A, 7) satisfying (2.3.10), we have obtained that the dual objective reduces to
N N
H()L,’L') = min {WT ZAiAi—l.i‘f’ZTiDi W—l—TTW}
weRN* i=1 -0
1 Al Al 1
= maX{—El‘ : WT Z ﬁ,,'Ai_lﬂ' —+ Z TD; | w+ TTW < —El, Yw € RN+1}
i=1 i=0

teR
T) - 0} .
A

~ max _lt : YN A+ YN TD;
teR %‘L’ T
where the last equality follows from the well known lemma [23, Page 163]°.
Now, recalling the definition of the matrices A;_; ;,D; (see (2.3.5)), we obtain

DO = —

A (h—DA
(h—DA M+d (k=1

N 1 h—1DA A+A3 h—1)A3
Y A== ( ) : ( : :
=~ 2 . . .
(h—DAv—1 A1+ (h—1)Ay
(h—1)An AN
and
To hty ... hty_1 hty
N th T1 hTN_l hTN
Z T.D; = =
=0 htn—1 hiy_ -1 hiy
hty hty . hty N

Finally, using the relations (2.3.10) to eliminate T;, and recalling that val(G”) was defined as
—LR?val(G'), the desired form of the stated dual problem follows. O

The next lemma will be crucial in invoking duality in the forthcoming theorem. The proof
for this lemma is quite technical and appears in the appendix.
Lemma 2.3. Let
i

Ai=— =1,...,N
1 2N+1—l7 l ’ P

then the matrices So,S1 € SN defined in (2.3.8)—(2.3.9) are positive definite for every N € N.

ZLet M be a symmetric matrix. Then, x’ Mx 4 2b"x + ¢ > 0,Vx € R? if and only if the matrix (% ]Z) is

positive semidefinite.
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2.3. AN ANALYTICAL BOUND FOR THE GRADIENT METHOD

We are now ready to establish a new upper bound on the complexity of the gradient method
for values of & between 0 and 1. To the best of our knowledge, the tightest bound thus far is
given by (2.3.1).

Theorem 2.4. Let f € Cé’l(Rd) and let xg,...,xy € R? be generated by Algorithm GM with
0<h<1. Then
LR?

< — 2.3.11
“4Nh+2 ( )

fO) = f(x)

Proof. First note that both (G) and (G’) are clearly feasible and val(G) < val(G’). Invoking
Lemma 2.2, by weak duality for the pair of primal-dual problems (G’) and (DG’), we thus
obtain that val (G’) < val (DG’) and hence:

flxn) = f(x,) < val(G) < val(G') < val (DG). (2.3.12)

Now consider the following point (A,¢) for the dual problem (DG’):

i

Ai=——— i=1,....N
1 2N+1—l7 l b b )
o 1

 2Nh+1°

Assuming that this point is (DG’)-feasible, it follows from (2.3.12) that

Flaw) — f(x) < val OG) < LK
- ~ 4Nh+2’

which proves the desired result. Thus, it remains to show that the above given choice (A,¢)
is feasible for (DG’). First, it is easy to see that all the linear constraints of (DG’) on the
variables A;,i = 1,...,N described through the set A hold true. Now we prove that the matrix
S =S(A,t) is positive semidefinite. From Lemma 2.3, with & € [0, 1], we get that (1 —h)So +hS;
is positive definite, as a convex combination of positive definite matrices. Next, we argue that
the determinant of S is zero. Indeed, take u := (1,...,1,—(2Nh+1))7, then from the definition
of S and the choice of A; and ¢ it follows by elementary algebra that Su = 0. To complete the

argument, we note that the determinant of S can also be found via the identity (see, e.g., [29,
Section A.5.5]):

det(S) = (1 — ¢ (1 — h)So +hS;) " q)det((1 —h)So+hS)).

Since we have just shown that (1 —h)Sy + AS; > 0, then det((1 —4)So + AS1) > 0 and we
get from the above identity that the value of ¢ — ¢’ ((1 — h)So + hS1)~'g, which is the Schur
complement of the matrix S, is equal to 0. By a well known lemma on the Schur complement
[23, Lemma 4.2.1], we conclude that S is positive semidefinite. L]

The next theorem gives a lower bound on the worst-case complexity of Algorithm GM. In
particular, it shows that the bound (2.3.11) is tight and that it is attained by a specific convex
function in C i’l.
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Theorem 2.5. Let L >0, N € N and d € N. Then for every h > 0 there exists a convex func-
tion @ € Ci’l (]Rd) and a point xy € RY such that after N iterations, Algorithm GM reaches an
approximate solution xy with the following absolute inaccuracy

_LR?
" 4ANh+2’

*

P(xn) — @

Proof. For the sake of simplicity we will assume that L = 1 and R = ||x, —xo|| = 1. Generalizing
this proof to general values of L and R can be done by an appropriate scaling.
Consider the function

1 1 . 1
(P(X) _ {2Nh+1 HxH - 2(2Nh+1)2? if ||XH > 2Nh+1°
1 .
Hixl2, if Il < s

Note that this function is nothing else but the Moreau proximal envelope [68] of the function
x> ||x]|/(2Nh 4+ 1). Tt is well known that this function is convex, continuously differentiable
with Lipschitz constant L = 1, and that its minimal value ¢(x,) = 0, see e.g., [68, 88]. Applying
the gradient method on ¢(x) with xo = v where, as before, Vv is a unit vector in R4 (note that
only the first part the ¢ is relevant), we obtain that fori =0,...,N:

1 ih \%
= _
! ONh+1)
1
/
¢ (xi) N1

and @(x;) = ! (1 N ) - !
2Nh+1 2Nh+1 2(2Nh+1)?
1 4Nh+1—2ih
4Nh+2 ( 2Nh+1 )

Therefore,
1

~ ANh+2

Pxn) — @(x) = 9(xn)

and the desired claim is proven. ]

We conclude this section by raising a conjecture on the worst-case performance of the gra-
dient method with a constant step size 0 < h < 2. Note that when 0 < 4 < 1 the bound below
coincides with (2.3.11).

Conjecture 2.3.1. Suppose the sequence xo,...,xy is generated by Algorithm GM with 0 <
h < 2, then

2 1
o) = ) < 25 max G (1=,
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2.4 New Bounds on a Class of First-Order Methods

The framework developed in the previous sections will now serve as a basis to extend the worst-
case performance analysis for a broader class of first-order methods for minimizing a smooth
convex function over R?. First, we define a general class of first-order algorithms and we show
that it encompasses some interesting first-order methods. Then, following our approach, we
define the corresponding PEP associated with this class. Although for this more general case,
an analytical solution is not available for determining the bound, we establish that given a fixed
number of steps N, a bound on the performance of algorithms in this class can be estimated
numerically. We then illustrate how this result can be applied for deriving new complexity
bounds on two first-order methods.

2.4.1 A General First-Order Algorithm: Definition and Examples

As before, our family .% is the class of convex functions in Ci’l (R9), and {d,N,L,R} are fixed.
Consider the following class of first-order methods:

Algorithm FO
0. Input: f € C;' (RY), xo € RY.

1. Fori=0,...,N—1, compute x;; | = x; — %22:0h£i+1)f’(xk).

Here, h,(cl) € R play the role of step-sizes, which we assume to be determined by each specific
algorithm in this class in a way that is independent of the problem data (i.e., f and xo).

The interest in the analysis of first-order algorithms of this type is motivated by the fact that
it covers some fundamental first-order schemes beyond the gradient method. In particular, to
motivate Algorithm FO, let us consider the following two algorithms which are of particular
interest, and as we shall see below can be seen as special cases of Algorithm FO.

We start with the so-called Heavy Ball Method (HBM). For earlier work on this method
see Polyak [83], and for some interesting modern developments and applications, we refer the
reader to Attouch et al. [4, 5] and references therein.

Example 2.4.1. The Heavy Ball Method (HBM)

Algorithm HBM

0. Input: f € Ci’l (RY), xo € R4,
1. X1 = X0 — %f/(X())

2. Fori=1,...,N—1 compute: xj;1 = x; — % f"(x;) + B (x; — xi—1)
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Here the step sizes @ and f are chosen such that 0 < 8 < 1and 0 < @ <2(1+ f3), see [83].
By recursively eliminating the term x; — x;_1 in step 2 of Algorithm HBM, we can rewrite
this step as
1& i ,
Xit] = Xj— Zk;oaﬁl kf'(xk), i=1,....N—1.

Therefore, the heavy ball method is a special case of Algorithm FO with the choice
W =Bk k=0,...ii=0,...N—1.
The next algorithm is Nesterov’s celebrated Fast Gradient Method [73].

Example 2.4.2. The fast gradient method (FGM)

Algorithm FGM

0. Input: f € Ci’] (RY), xo € R,
L. y1=x0,t1 =1,

2. Fori=1,...,N compute:

@ xi=yi— 11 ),

1-+4/ 14417
(®) tiy1=—5—+

fi—1
©) yir1=x+ ,’,.j(xi —Xi—1)-

b

A major breakthrough was achieved by Nesterov in [73], where he proved that the FGM,
which requires almost no increase in computational effort when compared to the basic gradi-
ent scheme, achieves the improved rate of convergence O(1/N?) for function values. More
precisely, one has?

2L||xo — x|
fOn) = fxe) < TINFIZ

The order of complexity of Nesterov’s algorithm is also optimal, as it is possible to show that
there exists a convex function f € Ci’l (Rd ) such that when d > 2N + 1, and under some other
mild assumptions, any first-order algorithm that generates a point xy by performing N calls to
a first-order oracle of f satisfies [74, Theorem 2.1.7]

Vx, € X, (f). (2.4.1)

Fl) — fo) > 3LHx0—x*H2

_3>2(N——|-1)27 ' EX*(f)

This fundamental algorithm discovered about 30 years ago by Nesterov [73] has been recently
revived and is currently subject of intensive research activities. For some of its extensions and

3See remark following the proof of Theorem 1 in [73].
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many applications, see e.g., the recent survey paper Beck-Teboulle [20] and references therein.

At first glance, Algorithm FGM does not seem to fit the class of algorithms defined above
(Algorithm FO). Here two sequences are defined: the main sequence xj, . ..,xy and an auxiliary
sequence yi,...,yn. Observing that the gradient of the function is only evaluated on the auxil-
iary sequence of points {y;}, we show in the next proposition that Algorithm FGM fits in this
class through the following algorithm:

Algorithm FGM'

0. Input: f € C;"' (RY), xo € RY,
Loyr=x0,t1 =1,

2. Fori=1,...,N —1 compute:

1-+4/ 14417

(a) fi4) = VI
) yir1 =yi— 2 X0 BV (),

3. xy=yv— 1 ON)s

with
L
+i, if k=1i.
it

Proposition 2.4.1. The points y,...,yy,xy generated by Algorithm FGM’ are identical to the
respective points generated by Algorithm FGM.

Proof. We will show by induction that the sequence y; generated by Algorithm FGM' is iden-
tical to the sequence y; generated by Algorithm FGM, and that the value of xy generated by
Algorithm FGM' is equal to the value of xy generated by Algorithm FGM.

First note that the sequence #; is defined by the two algorithms in the same way. Now let
{xi, yi} be the sequences generated by Algorithm FGM and denote by {y}}, x), the sequence
generated by Algorithm FGM'. Obviously, yj = y; and since #; = 1 we get using the relations
24.2:

1 rn—1 1
Yo=y1—+Mh f/(yll):y1——(1+ 5 >f/()’1):)’1—zf/()’1):xl:y2~
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Assuming y; =y; fori = 1,...,n, we then have
1 1 1 1 1)
A A S O B A A ——Zh"+
1 l‘n—l) . Lt =1/ (n) / 1"ty — 1 (n) pro s
— Y- (14 W)= (=) f w5 h
= (14 220) 700 = 120 (12 = 1) 70 Lkgl =00

/ 1 lnl
:yn_zf(yn)+ - ( Lf(y")+ f Yn-1) Zh )

™~
™~

t,—1/ 1 1
= Xy + — (——f’(yn)+—f’(yn1)+y2—y2_1)

= Yn+1-
Finally,

1 1
Xy =Yy — Zf’(yﬁv) =yN— Zf'(yzv) = xn.

2.4.2 Numerical Estimation of a Bound on Algorithm FO

To build the performance estimation problem for Algorithm FO, from which a complexity
bound can be derived, we follow the approach used to derive problem (G) for the gradient
method. The only difference being that here, of course, the relation between the variables x; is
derived from the main iteration of Algorithm FO. After some algebra, the resulting PEP reads

GeR(NTle)lfd ,6,ER LR’ o
S.t. tI‘(GTAi’jG)S&'—Sj, i<j=0,...,N,
tr(GTBi jG) < &—6;, j<i=0,...,N, Q
tr(GTC,G) < §;, i=0,...,N,
tr(G'D;G+vu!l G) < i=0,...,N,

where A; j, B; j, C; and D; are defined, similarly to (2.3.5), by

~ 1 .
= s+ 5 3T A ),
t l+1k
_ 1
iy = 3 5 8 T ),
2,4~ & (2.4.3)
~ 1
[:EuiuiT7
~ 1 T 1 ] (l‘) T T
i Ll + L5 T+ )
t=1k=0
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2.4. NEW BOUNDS ON A CLASS OF FIRST-ORDER METHODS

and we recall that v € RY is a given unit vector, u; = e;1; € R¥*! and the notation i < j =
0,...,N is a shorthand notation fori =0,...,N—1,j=i+1,...,N.

In view of the difficulties in the analysis required to find the solution of (G), an analytical
solution to this more general case seems unlikely. However, as we now proceed to show, we can
find an upper bound on the optimal solution of this problem by solving a semidefinite program
that can be computed numerically using state of the art SDP software.

Following the analysis of the gradient method, (cf. (G’) in §2.3.2) we consider the following
simpler relaxed problem:

max LR*8y
GeRW+)xd §.cR

~ /
st. tr(GTAi_1,G) < 8_1—8&, i=1,....N, Q)
tr(G'D;G+vul G) < -8, i=0,...,N.
With the same proof as given in Lemma 2.2 for problem (Q’), we obtain that a dual problem

for (Q) is given by the following convex semidefinite optimization problem (as before, we omit
the term LR?):

1
min —¢
A1t 2
x A
oL (Z?j_l/liAi—ll,i;—ZﬁV_oTiDi %T) = 0, (DQ"
3T ol
(A,7) €A,

where
A={(A, ) eRY xRY* o=, i~ A1 +7=0,i=1,....N—1, Ay +ty=1}. 2.4.4)

The structure of problem (DQ’) will be very helpful in the analysis of the next section which
further addresses the role of the step-sizes. Note that the data matrices of both primal-dual
problems (Q’) and (DQ’) depend on the step-sizes h,((l).

To avoid a trivial bound on problem (Q’), here we need the following assumption on the
dual problem (DQ’):

Assumption 1 Problem (DQ’) is solvable, i.e., the minimum is finite and attained for the
given step-sizes hkl).

Actually, the attainment requirement can be avoided if we can exhibit a feasible point
(A,7,r) for the problem (DQ’). As noted earlier, given the difficulties already encountered
for the simpler gradient method, finding explicitly such a point for the general Algorithm FO is
unlikely.

The promised complexity bound on Algorithm FO now easily follows and is determined
by the optimal value of the dual problem (DQ’), which can be efficiently computed by any
numerical solvers for SDP [23, 51, 99] for small to medium scale problems.

Proposition 2.4.2. Fix any N.d € N. Let f € C i’l (RY) be convex and suppose that xg, ... ,xy €
R¢ are generated by Algorithm FO, and that Assumption 1 holds. Then,

f(xy) — f(x:) < LR*val(DQ').
Proof. Follows from weak duality for the pair of primal-dual problems (Q")-(DQ") ]
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—— Heavy ball method, a=1 $=0.5
—+&— FGM - main sequence
—+— FGM - auxiliary sequence
—— FGM - analytical bound

Performance estimate (log scale)

N

Figure 2.1: The computed worst-case bounds on the HBM and FGM versus the classical ana-
lytical bound on the FGM (2.4.1).

2.4.3 Numerical Illustrations

We apply Proposition 2.4.2 to find bounds on the complexity of the heavy ball method (HBM)

with* @ = 1 and B = % and on the fast gradient method (FGM) with h,(;) as given in (2.4.2),
which as shown earlier, can both be viewed as particular realizations of Algorithm FO.

The resulting SDP programs were solved for different values of N using CVX [48, 49]. These
results, together with the classical bound on the convergence rate of the main sequence of the
fast gradient method (2.4.1), are summarized in Figure 2.1 and Table 2.1.

Note that as far as the authors are aware, there is no known convergence rate result for the
HBM on the class of convex functions in Ci’l. As can be seen from the above results, the
numerically estimated bound for the HBM behaves slightly better than the gradient method
(compare with the explicit bound given in Theorem 2.4), but remains much slower than the fast
gradient scheme (FGM).

Considering the results on the FGM, note that the numerically estimated bounds for the
main sequence of point x; and the corresponding values at the auxiliary sequence y; of the fast
gradient method are very similar and perform slightly better than predicted by the classical
bound (2.4.1). To the best of our knowledge, the complexity of the auxiliary sequence is yet
unknown, thus these results encourage us to raise the following conjecture.

Conjecture 2.4.1. Let xo,x1,... and y1,y2,... be the main and auxiliary sequences defined by
FGM (respectively), then {f(x;)} and {f(y;)} converge to the optimal value of the problem
with the same rate of convergence.

4 According to our simulations, this choice for the values of o, B produces results that are typical of the behavior
of the algorithm.
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N Heavy Ball  FGM, main FGM, auxiliary FGM, analytical bound
1 LR?/6.00 LR?/6.00 LR?/2.00 LR?/2.0=2LR?/(1+1)?

2 LR?/7.99 LR?/10.00 LR?/6.00 LR?%/4.5=2LR?/(2+1)?

3 LR?/9.00 LR?/15.13 LR?/11.13 LR?/8.0=2LR?/(3+1)?

4 LR?/12.35  LR?/21.35 LR?/17.35 LR?/12.5=2LR?/(4+1)?
5 LR?/16.41 LR2/28.66 LR2/24.66 LR2%/18.0=2LR2/(5+1)?
10  LR?%39.63 LR?%/81.07 LR2%/77.07 LR2/60.5=2LR2/(10+1)?

20  LR?%89.45 LR2/263.65 LR2/259.65 LR2/220.5=2LR2/(20+1)?
40  LR?%/188.99 1R?/934.89 LR?/930.89 LR?/840.5=2LR?/(40+1)?
80  LR?/387.91 LR?/3490.22  LR?/3486.22  LR?/3280.5=2LR?/(80+1)?
160 LR?%/785.68 LR?%/13427.43 LR?%/13423.43 LR?%/12960.5=2LR?/(160+1)>?
500 LR?/2476.11 LR?*/127224.44 1R?/127220.32 LR?/125500.5=2LR?/(500+1)?
1000 LR2%/4962.01 LR?%/504796.99 1.R?/504798.28 LR2/501000.5=2LR2/(1000+1)>?

Table 2.1: The computed worst-case bounds on the HBM and FGM versus the classical analyt-
ical bound on the FGM (2.4.1).

2.5 A Best Performing Algorithm: Optimal Step Sizes for Al-
gorithm FO

We now consider the problem of finding the “best” performing algorithm of the form FO with
respect to the new bounds. Namely, we consider the problem of minimizing val (Q’), the optimal
value of (Q'), with respect to the step sizes h := (hl(cl))()gk<l'§]\] defining the Algorithm FO, and
which are now considered as unknown variables in FO.

We denote by A,y j(h) and D;(h), the matrices given in (2.4.3), which are functions of the
algorithm step sizes h. The resulting bound derived in Proposition 2.4.2 is thus a function of 4,
and the problem of minimizing val (DQ’) with respect to the step sizes & thus consists of solving
the following bilinear problem:

T

t) zo,(k,wef\}, (BIL)

min { 1. <Z§\11 Miifl,i(/f) + Yo TDi(h)
Azt | 2 77T

D=t —

with A defined as in (2.4.4).

Note that the feasibility of (BIL) follows from the proof of Theorem 2.5, where an explicit
feasible point is given to (DG’), which is a special instance of (BIL) when the steps (h,(:) ) are
chosen as in the gradient method.

From the definition of the matrices A; j(h) and D;(h), we get

N B N B 1 N 1 N
Z )L,'A,'_l_‘i(h) + Z Tl'Di(l’l) = 5 Z Ai(u,‘_l — ui)(u,-_l — M,’)T + E Z Til/tl'bt?
i=1 i=0 i=1 i=0
LN (e 3 0
+ 5 Z Z ljhkl —+ T; Z hk (uiu,{ + ukuiT).
i=1k=0 t=k+1
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Introducing the new variables:

, i
rx=2h 45 Y R i=1, N k=0,...,i—1 2.5.1)
t=k+1

and denoting r = (r; x)o<k<i<n, We obtain the following /inear SDP relaxation of (BIL):

. [1 [(S(rA,t) it <
—t: D 271 =0, (A1) €A LIN
rf}f}%{z ( 1m0 1 )= , (4,7) : (LIN)
where
1Y . 1 i
S(r,l,f)—521'(1/[,',1—1/!,')(1/!,',1—1/!,') -l-EZTiui EZZ Fik uuk + uyu; )
i=1 i=0 i=1k=0

This convex SDP can now be efficiently solved by numerical methods. As the following
theorem shows, the optimal solution of (LIN) can then be used to construct an optimal solution
for (BIL) and hence recover optimal values for the step sizes .

Theorem 2.6. Suppose (r*,A*,1*,t*) is an optimal solution for (LIN), then (h,A*,T*,t*) is an
optimal solution for (BIL), where h = (l’l]((l))()gk<i§]\l is defined by the following recursive rule’

(®)

(i) rifkifi*zz{;llﬁlhk lfl*—i-f*?éo
h = AT i TTFY N k=0,...i—1. (2.5.2)

0 otherwise,

Proof. As (LIN) is a relaxation of (BIL), it is enough to show that (BIL) can achieve the same
objective value. Let (r*,A*,7%,¢*) be an optimal solution for (LIN). If A* # 0 forall 1 <i <N,
then (2.5.2) satisfies all the equations in (2.5.1) and therefore (h,A*,7*,¢*) is feasible for (BIL).

Suppose A,f = 0 for some 1 < m < N and that m is the maximal index with this property.
Then by the equality and non-negativity constraints in (LIN), we getthat A{ = A =--- =247 =0
and iy =1, =---=1,_, =0. Let S := §(r,A*,7"), then by the positive semidefinite constraint
in (LIN), we have S = 0. From the linear equalities connecting A and 7 it follows that

Sii= {

and we get that §; | = --- = §,,,, = 0. By the properties of positive semidefinite matrices we
now get that 77, =0fori=1,..., mand k=0,...,i—1, hence the set of equations (2.5.1) with
(i)

the chosen values of hk 1S consistent. L]

(AF+15) = A7, ifi=1,
(Ai*‘i_li*_l‘}"tf_l)zki*a ifi=2,...,N,

D= D=

The optimal value of LR?val(LIN) for various values of N is summarized in Table 2.2. As
can be seen from these results (compare with Table 2.1), the worst-case performance of the
new algorithm is almost exactly two times better than the worst-case performance of the fast

>We thank Donghwan Kim and Jeffrey A. Fessler for spotting a typo in the journal version of this work [40].
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N  LRZval(LIN) | N LRZval(LIN)

1 LR?%*8.00 20  LR?*/525.09

2  LR%16.16 |40  LR?%/1869.22
3 LR2/26.53 80  LR2/6983.13
4 LR?%*/39.09 160 LR?%/26864.04
5 LR2%53.80 |500 LR2/254482.61
10 LR%/159.07 | 1000 LR2/1009628.17

Table 2.2: An approximate solution of LR? val(LIN) for various values of N.

gradient method. Note that the bounds given here are worst-case bounds: the performance of
the considered methods on a specific application can be very different.

The resulting first-order algorithm with the computed optimal step sizes h,(;) for N=351s
illustrated in the example below.

Example 2.5.1. Consider the following first-order method, which was constructed by solving
(LIN) for N = 5.

0. Input: f € C;'' (RY), xo € RY,

1 xy = o — L6180 ()

2. xp=x;— % 1741f’(X()) L 1 (x1),

3. x3 =x— 2P0 (x) — f f1) = 2 1 (xp),

4. xy = x3 — 2O 1) — 02390 7)) — D01 () — 23056 7 (),

5. x5 = x4 — QOB f7(xg) — QA0 7 (o) — 02899 g7y D093 7 () — ZOTTS 7 ().

A bound on the worst-case performance the algorithm in this example is given by the fol-
lowing inequality (see N = 5 in Table 2.2):

Ll|xo — x>

€ X.(f).
5380 T EX()

f(xS) _f(x*) <

2.6 Conclusions

We introduced a novel approach for estimating the worst-case complexity of first-order methods
for convex optimization via the PEP problem, its relaxations, and exact or approximate solution
using duality. Using this approach we derived a tight bound on the worst-case performance of
the fixed-size gradient method and established new bounds that can be numerically estimated for
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a general class of first-order algorithms, which includes the Heavy Ball method and Nesterov’s
fast gradient method. We then showed how to construct optimal stepsizes for this first-order
class.

While the proposed approach and the PEP problem offer a novel way to measure the com-
plexity of any algorithm, it should be stressed that this approach is of course not without limi-
tations. Indeed, as shown in the chapter, finding a bound on the PEP problem is challenging. In
the case of the gradient method with a fixed step size, the derivation of simple closed form ex-
pression for the bound required a dedicated analysis. Furthermore, for more general first-order
algorithms, we are left with the problem of approximating the solution of the problem using
SDP solvers which are often efficient only for small to medium scale problems. Nevertheless,
the novelty of the proposed approach offers possible directions for extensions that could be
considered in future research by formulating and analyzing the corresponding PEP problem for
other first-order algorithms. This includes, for example, the analysis of gradient methods with
different variable step-size strategies, which is briefly discussed in Appendix II, and the analysis
of algorithms for different classes .% of input functions, such as the class of strongly convex
functions, which is briefly discussed in Appendix III.

Finally, we would like to mention the very recent work [54] by Donghwan Kim and Jeffrey
A. Fessler who further analyzed the results presented in this chapter. Among other results, they
confirmed Conjecture 2.4.1 and derived two efficient implementations to the method presented
in Section 2.5.

2.7 Appendix I: Proof of Lemma 2.3

We now establish the positive definiteness of the matrices So and S; given in (2.3.8) and (2.3.9),
respectively.

PartI: Sp -0

We begin by showing that S is positive definite. Recall that

201 —A
A 24 A
—A 21 —A
5o — 2 . 3 | 3
A1 2Av Ay
Ay 1
for
= i =1 N
ToONtiI-i T ot



2.7. APPENDIX I: PROOF OF LEMMA 2.3

Let us look at £7S& for any & = (&,...,En)T:
N—1 N-1
§7S06 =Y 22167 -2 Y Aii&ibii + &8
i=0 i=0

N—1 N—1
=Y A6 =&+ ME+ Y M — A&+ (11— Av)éx
i=0 i=1
which is always positive for & # 0. We conclude that S is positive definite.

PartII: S; -0

We will show that S| is positive definite using Sylvester’s criterion®.
Recall that
20 M—A ... A=A 1—Ay
Ay — A 24 AN—Av—1 11—y
S1= : :
AN — lel QLN — A[\Ll ZAN 1— 7LN
1— Ay 1-Ay ... 1— Ay 1
for
A i =1 N
= i=1,...,N.
AN+ v

A recursive expression for the determinants We begin by deriving a recursion rule for the
determinant of matrices of the following form:

d() al ar e Q-1 A
a d . k-1 Ak
a a d k-1 ag
M, =
a1 Q-1 Gg—1 di—1 ag
ay ay Ay ce Ay dk

To find the determinant of My, subtract the one before last row multiplied by a:—f] from the
last row: the last row becomes

0,...,0,a, — a_kldk—ladk_ A ax).-

ag Ak—1

Expanding the determinant along the last row we get

ay ay
detM,; = (dk - —ak) detM;_; — (ak - _dk—l) det(Mk)ka_l
ai—1 Ak—1

Despite the interesting structure of the matrix Sy, this proof is quite involved. A simpler proof would be most
welcome!
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where (Mj)x x—1 denotes the k,k — 1 minor:

d() aj aj oo Qp—n  ag
a d @ Ap—2 ag
a a d ag— aj
(M) kj—1 =
a—2 Qg2 Ag—2 dr—2 ak
ag—1 k-1 g1 ag—1 ak

If we multiply the last column of (M) x—1 by a’c‘l—;‘ we get a matrix that is different from Mj_
by only the corner element. Thus by basic determinant properties we get that

ag—1
a—k det(Mk)k,k,1 =detM;_| + (ak,l — dkfl) detM; _».

Combining these two results, we have found the following recursion rule for det My, k > 2:

detM; = (dk - iak) detM;_,
Af—1

ai ai ag
— (ap — ——di—1) (— detMy_1 + (ay — ——dj—1) deth2>
ag—1 ag—1 Ak—1

2
ay ay ay ay
= ((dk ———ai) — (g — ——dy—1) ) detMj_1 — (ak - _dk—l) det My,

ag—1 ag—1 ag—1 Ak—1
or )
2af | aydi_ dj—
detMy = [ dj — % + BT ) dety —af (1—£) detMy_». 2.7.1)
ak—1 ay 4 ak—1

Obviously, the recursion base cases are given by

detMy = d,
detM; = dod; — a3.

Closed form expressions for the determinants Going back to our matrix, S, by choosing

41
di=2""1 0. N-1

2N —1i
dy =1

i+1 i
_ _ i=1,...N—1
“TON—i aNtI-i T T

N 1

ay =

1— —
N+1 N+1’

we get that M, is the k+ 1°th leading principal minor of the matrix S;. The recursion rule (2.7.1)
can now be solved for this choice of a; and d;. The solution is given by:

detM; =

2N +1)2 k 2N —2k—1 k DN +4Ni—2i2 +1
(2N+1) <1 ) PANIZ A (2.7.2)

(2N — k)2 l._ZOZN+4Ni—2i2+1 g 2N+1-i0)?
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fork=0,...,N—1, and

(2N+1 2N +4Ni—2i% + 1

I‘% NI (27.3)

detMy =detL; =

Verification We now proceed to verify the expressions (2.7.2) and (2.7.3) given above. We
will show that these expressions satisfy the recursion rule (2.7.1) and the base cases of the
problem. We begin by verifying the base cases:

(2N +1)? 2N —1 1 1
detMy=-——" (1 = —_ =,
Mo="onr \'Tovsi)avyr N
deths — (2N +1)? 2N-3 2N-3 1 6N-—-1
T aN—1)2 ON+1 6N—1)2N+1 (2N)?
28N2 —20N — 1 4 2 1)? 2
= = - —== | = —aj.
AN22N—1)2  N(2N—1) \2N—1 2N 01—
Now suppose 2 < k < N. Denote
2 2 (N+Dk—k*~1 .
akde——zak +—akdk_l = 42(21\]—]()’ sy,
a1 a4 32V +2N—1 if k=N,

(2N+1)%
_ON_D2 _1)2 .
4kN—2N—2k*+4k—1) fhk<N

2 (
B = a2 (1 B dk_l) _ ) TevnreN—k?

(2N?++2N—1)? I
ai—1 W, if k —N,

then the recursion rule (2.7.1) can be written as
detM; = oy detM_1 — ﬁk detM;_».

Further denote

1
= 0,... N—1
T ONTANi—22+1 AN ’
2N+1)*
= =0,...N—1
Sl (2N—l)2, 4 ) ) 9

pi=2N-2i—1, i=0,....N—1,
2N +4Ni—2i2 +1
(2N+1-i0)?

qi =

then the solution (2.7.2) becomes

k k
det My =si (1 + Pk Z Fi) H(Ii,

i=0 i=0
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and (2.7.3) becomes

(2N +1)2 4]
detMy = N—|—1 2 Hq,

Substituting (2.7.2) in the RHS of (2.7.1) we get that fork =2,...,N
opdetM;_ | — Bk detM;_»

k=1 \ k=1 k=2 \ k=2
=oysi—1 | 1+pir Y ri | [1ai—Besi—a | 1+ P2 Y i H qi
=

i=0 i=0

" B B g
= | osi—1 | 1+ pr—iri—1+pe—1 Y ri | — Sk—2 — Sk—2Pk—2

=0 qk—1 qk—1

[
—

HM

I§
o

2\ k
qi
i
—2

k k—1
Sk 2Pk— 2) Zn) HCIl

k
Sg—2+ <ak5k—lpk—1 — o

= (aksk—l (14 pr—1ri—1) —
i=0

It is straightforward (although somewhat involved) to verify that for k < N

8
OcSi—1 (1 + pr—17%—1) — qﬁ—skz = skqi (1 + prre—1 + pire),

and
k —_—
O Sk—1Pk—1 — _q Sk—2Pk—2 = SkPk4k-

We therefore get
oy detM;_; — ﬁk detM;_»

=2\ k=1
= (squ(l + Prrk—1 + Prrk) + SkPrdk Z r,~> qu'

i=0 ) i=0
k k
=si | 1+ Y ri | [1a
i=0 ) i=0

= deth,
and thus (2.7.2) satisfies (2.7.1). It is also possible to show that
By (2N +1)?
onsN—1(1+pNn_1rN-1) — —SN2= 15>
(I+p ) qN-1 (N+1)>
N
ONSN—1PN—1— . sN—2pN—2 =0,
thus, fork =N
oy detMy_ _BN detMy_»
_ (2N+1)? fﬁ
T O(N+1)2
= det My,
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METHOD

and the expression (2.7.3) is also verified.

To complete the proof, note that the closed form expressions for detMj consist of sums
and products of positive values, hence detM; is positive, and thus by Sylvester’s criterion S 1s
positive definite.

2.8 Appendix II: An Analytical Bound for the Projected Gra-
dient Method

Let C C R? be a convex set and suppose f is a convex differentiable function with Lipschitz
continuous gradient with the constant L. In this section, we consider the projected gradient
method:

Algorithm PG

1. Choose xo € C

2. Fori=1,...,N
(@) Sety; < xj—1— }% "(xi-1)
(b) Set x; < Pc(y;i)-

We show that under some conditions on the step sizes, h;, the efficiency estimate of the
method is given by
Lijxo —x*|1?

Ay
We start the derivation of the bound by writing the corresponding PEP:

fOw) = ) <

*
max  @(xy) =@
QeC;’ convex,

xoeC

hi—1 .
S.t.y; =Xxj—1 — lT(p’(x,-_l), i=1,...,N,

X; =Pc(yl'), i=1,...,N,
|| xo — x4]| < R.

By the properties of convex sets and convex functions in Ci’l, the following inequalities
hold:

(x—Po(x),y—Pc(x)) <0, VxeR! WyeCc, (2.8.1)

| / /
0@ =W < o) — o) —(@'().x—y), Vo EFL Vxy. (2.8.2)
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Let

X, € argmin @ (x),
xeC

g =7 0/x),

1 .

0; = Z((p(xi) —0(x)), (i=0,...,N,x%),
1 :

gi:Z(P/(xi), (l:O,...,N,*),

then by applying (2.8.1) and (2.8.2) on xp,...,Xy,Xs, Yo,---,yn and treating these variables as
the new optimization variables instead of ¢, we arrive to the following relaxation:

max Léy
x;.yi,gi€RY,GER

st.  yi=xj—1—hi—1g8i—1, i=1,....N,
(yi—xi,xj—xi>§0, j=0,....N,x,i=1,...,N,
1 ..
EHgl_ngZ < 6j_6l_ <gi7xj_xi>7 la.]:Oa"'vNa*?
||xo — x4]| < R.

Eliminating y; and removing some constraints (which were numerically found to be inactive),
we reach the following relaxed problem:

max Loy
xi,giER‘],(SiGR

s.t. ||x,-—x,-+1||2—h,~(gi,x,-—x,-+1> <0, i=1,....N—1,
<xi_xi+1ax*_xi+l>_hi<gi7x*_xi+1> <0, i=0,....N—1,

1 )
zHgi—i—l —gill* + (gir1,% —xiy1) < 8 — 81, i=0,...,N—1,

1 .
§||8i—g*||2+ (girxe —xi) < —=96;, i=0,...,N,

l|lxo — x«|| < R.

The SDP relaxation is performed by defining the variable:

<X0,x0> <X0,xN> <X0,go> <X0,gN> <X0,X*> (xoag*>
(vn) o fww) | Gwgo) . (Gwew) | Gwaxd (g
7 | (6ox0) - (goxw) | (g0,80) - (g0.8n) | (g0.%x) (20:8&+)
(gw.x0) - leww) | (ewogo) - lew.ew) | (ewr) (gw.ge)
Cox0) o (o) | (0o 80) o (ogn) | (ot (Geg)
(ge:%0) o (goxn) | (86,80) - (8x,8N) | (g6Xs) (8x,&x)
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thereby reaching the problem

(PG-R) max Loy
ZeSN+2 §;eR

s.t. tr(A;2) <0, i=1,....N—1,
tr(B,Z) <0, i=0,....N—1,
tr(GiZ) < 6 — 6i+1, i=0,...
w(DiZ) < =6, i=0,...,N,
tr(EZ) < R?,
Z =0,

where A;, B, Ci, D; and E are (2N +2) x (2N +2) symmetrical matrices appropriately defined

according to the optimization problem above. l.e., if we denote

=)

ui=eir; ((=0,...,N)
Vi = €j+N+2 (i:O,...,N)
Uy = E2N+1
Vi = €2N 42

(e; € R2N*2 ig the i’th canonical unit vector) and define

Ap= (i = uin) (i = i) = hvi(wi —wi )", i=1,.. ,N—1
B, = (u; — ui1) (us — i) — hvi(us —ui)’, i=0,...,N—1
1 .
C,{:E(VH—I_Vi)(VH—l_Vi)T+Vi+l(ui_ui+l)T7 i=0,...,N—1
1 .
D§:Q(Vi—v*)(Vi—V*)TJrvi(u*—Mi)Ta i=0,....N
E' = (ug —uy) (o —us) "
we get
_ L 1T _
AI_E(Al—i_Al ), l—l, ..,N—l,
1
B,-:E(BH—B;T), i=0,... N—1,
~Levan), i-o 1
Ci—E(CmLCi ), i=0,....,N—1,
1 T :
Dizi(D;JrD; ), i=0,...,N,
E=E"
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The dual of (PG-R) is then given by

min LR’e
(li,bi,(‘,‘,dt,e‘

N—1 N—1 N—1 N

S.t. Z aA; + Z b;B; + Z ciCi+ ZdiDi+€E >0,
i=1 i=0 i=0 i=0
co— d() = 0,
C,'—Ci_l—d,':(), iZl,...,N—l,
cN—1+dy =1,
ai, bi,ci,di,e > 0.

To show an upper bound on the primal problem (and hence an upper bound on the efficiency
estimate of the method), it is enough to find a dual feasible point. Let

i—1
4; = Lizo/ i=1,...N—1
l_h. 2 N*lh _ l*lh ) - ’tty )
l( Zk:O k ):kzo k)
.k
bo="La,
0= 30
~  higy, .
bi = Z: iy — aj,
b L 4
N-1=———0aN-1,
hv—1
R Yool .
c,-:2 N-T), yi1," i=0,....N—1,
Zk:O k Zk:O k
o = Co,
fi = ¢ — i1,

>

N=1—Cn-1,
B 1
422\,;01 hk7

Q>

then to complete the derivation of the bound, we need to verify that the constraints in the dual
problem are satisfied. Since the linear constraints are trivially satisfied, we are left with verify-
ing the matrix inequality:

1 . N—1 N .
b;B; + Z ¢Ci+y diD;i+éE = 0.
i=0 i=0 0

R N—1 N—
S= Z a;A; +
i=0

=

Let
é: (507'"7§N7W07"'7WN7§*7W*)T €R2N+2
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then since
g’ Z aifi§ = Z ai (& — &) — hivi(& — &)
g’ Z biBi§ = Z bi ((&i = &i1)(&x — Giv1) — hiwi(Ss — &it1))
g’ Z ciCi§ = Z Ci ( Yis1 — W)+ Vi1 (& — §z+1)>
gr ZdDé zd( Ve &)
5T€E~§ =e(&— &),
we have
Nl N-1
7S¢ = Z a; (& —&11)* —hivi(&i— &) + Y bi (&= 1) (e — i) —hivi(6. — 1)
i i=0
+zc,( Vit — Vil + Vi (G~ &) )+2d( VO WG~ 8) ) ol £

Setting dp = 0 and extending the definition of @; to include i = N (hy can be set to any arbi-
trary value since it is not actually used), we have the following identity, which was derived by
inspecting the Cholesky decomposition of S:

78 =
= 8124+ bi) ( i_@i+1hi+15 _ Qig1hiyy ._l_aH—th-lw +di+lhi+l(éi_&ihi)§*)2

~ ~ i+1
= 24i+1hiv

& 2A,-+13~ Vi e b, V! &
=2 24+ b; " v

The verification of this identity is very involved, so we leave it to our dedicated readers (who
should use the help of their favourite CAS, for the sake of their sanity).

Conclusion Assuming /; > 0, the only possibly negative term in the expansion above is 1 —

% hence as long as it is nonnegative for every i, the point is feasible and the following

theorem holds.

Theorem 2.7. Suppose h; > 0 and a’*'h’“ < 1 for every i, then

L|lxo —x*||?
425(\]:_01 hk

It can be easily shown that when h; = h for some /& > 0, the condition above is reduced to
0 < h <1, hence we get the following bound on the projected gradient method:

fln) = flx) <
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Corollary 2.8. Suppose hj =h, 0 < h <1 then

X2
o)~ () < X

Note that the bound above is the best possible bound, as shown by the following result.

Theorem 2.9. There exists a function fy € C é’l (R) and a set C C R such that if x, ..., xy are
generated by applying the projected gradient method on fy, then

o Lllxo—x*|
Joben) = fo =— v
422\]:01 hk

Proof. We assume WLOG that L=1, R=1, and xp = 1. Take C = {x € R | x > 0} and
fo(x) = cx, for some ¢ > 0. Then as long as 1 — czgz_ol hi > 0, we have

N-1
XN = 1—c Z hk
k=0
and
N-1
folew)—fo=c|1—=c Y h ).
k=0
Hence, by taking ¢ = (2 Zivgol hy)~!, we reach the desired result. O

2.9 Appendix III: A PEP for the Class of Strongly Convex
Functions

In this appendix, we use the PEP approach to demonstrate a gap in the theoretical analysis of
the FGM: we show that the worst-case behavior of the (classical) FGM, when provided with
strongly convex functions with an unknown strong convexity parameter, is considerably better
than predicted by the classical efficiency estimate (2.4.1).

Suppose f is a strongly convex function with constant pt and has Lipschitz-continuous gra-
dient with constant L. Applying (2.3.2) on f(x) — % w||x||?, which has a Lipschitz-continuous
gradient with constant L — i, we get the following property for any x,y € R?

Sy 00— = £ )+ P € 0 = 3l = £ )+ I = )~ =),

or, after some manipulations, we reach

N T

L
R ey
2(L—pu)

2L—p) (2.9.1)

< 0= 1) = 2 L 0) = () k)
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—8— FGM, p=0

: —+— FGM, p=0.01
A —— FGM, u=0.001
—— FGM, classical bound

Performance estimate (log scale)
>

0 50 100 150 200
N

Figure 2.2: The computed worst-case bounds for the classical FGM, when applied on strongly
convex functions with L = 1, R = 1, and various values of u.

A PEP can now be formed in the usual way using (2.9.1) instead of (2.3.2) and bounds on
the worst-case performance of the FGM (and Algorithm FO, in general) can then be found
numerically as detailed in the chapter above. A MATLAB code for calculating these bound is
available at Listing 2.1.

Figure 2.2 summarizes the obtained numerical bounds on the FGM method, as described
in Example 2.4.2, for various values of p with L =1 and R = 1. Note that this version of the
FGM does not assume any prior knowledge on the strong convexity parameter, i, and is not
an optimal method for the class of strongly convex functions. However, as can be seen from
the figure, the method preforms significantly better than the known analytical bound, and even
when the condition number of the problem, L/, is as large as 1000, the computed worst-case
performance of the method after 200 iterations is more than two times better than predicted by
the analytical bound. When the condition number of the problem is 100, the computed perfor-
mance of the method after 200 iterations becomes more than 100 times better than predicted by
the analytical bound.

To the best of our knowledge, these results provide the first complexity-based evidence for
the well-known superior practical performance of the FGM.

We leave the question of finding a more accurate analytical bound for this problem for future
research.

Listing 2.1: A PEP for the FGM

I |function bound = Nesterov83PEP2_sc(N, iL, mu, R)

2 |JA PEP for Nesterov’s ’83 FGM

3 |JReturns an efficiency estimate for the N’th iteration of the FGM method
assuming i1t 1s given a function in the class of strongly convecx
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functions with Lipschitz-continuous gradient

AN: The number of iterations

#iL: The Lipschitz constant of the gradient

#mu: The strong convexity parameter

#AR: An upper bound on the distance from the initial iterate to an
optimal solution

if (nargin<=1)
iL=1;
mu=1/16;
R=1;
end
if (nargin==0)
N=9;
end
global mem; mem=[]; Zfor caching the z= segq.
global mem2; mem2=[]; /for caching the a coeff.
global n;
global L;
n=N;
L=iL;

problemdim=totalvars () ;

cvx_precision best;

cvx_solver sedumi,;

cvx_begin quiet
variable Z(problemdim,problemdim) ;
variable delta_vary(N+1);

global gZ;gZ=Z7Z;
global dvy;dvy=delta_vary;

maximize (deltay(N));
subject to
Z==semidefinite (problemdim) ;
#The strong convexity property (2.9.1), applied on the pair of
points y(i), y(i+1)
for i=0:N-1
1/(L-mu) *(0.5*xmu*L*Znorm2 (y (i) -y(i+1))+0.5*Znorm2 (g(i)-g(i
+1))-Zdot (y(i)-y(i+1) ,muxg(i)-L*xg(i+1)))<=deltay (i)-
deltay (i+1);
end
#The strong conveztity property (2.9.1), applied on the pair of
points y(i), x*
for j=0:N
1/(L-mu) *(0.5*xmu*xL*Znorm2 (xopt () -y (j))+0.5*Znorm2 (gopt () -g(j
))=Zdot (xopt ) -y (j) ,mu*xgopt () -L*g(j)))<=-deltay(j);
end
/Bounded start
Znorm?2 (y (0) —xopt () ) <=R*R;
cvx_end
bound=cvx_optval;
end
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50

ST | 7 ook ook ok o ok ok o ok o oK KK KK K KKK KKK KK KKK KKK K K KK KK K
52 | JHelper functions:

53| Ak kK o KK KKK KKK KKK KKK K KKK KKK KKK KKK KKK KKK K
54 | function n=Znorm2 (v)

55 global gZ;

56 n=v’*xgZ*v;

57 |end

58 | function d=Zdot (u,v)

59 global gZ;

60 d=u’*gZ*v;

61 | end

62 | function a=lowa (i)

63 global mem2;

64 if isempty(mem2)

65 mem2={};

66 end

67 if i==0

68 a=1;

69 else

70 if (length(mem2)<i) || isempty(mem2{il})
71 mem2{i}=0.5*(1+sqrt (1+4xlowa(i-1) "2));
72 end

73 a=mem2{i};

74 end

75 |end

76 | function nv=gvars

77 global n;

78 nv=n+1;

79 |end

80 | function nv=xoptvars

81 nv=1;

82 |end

83 |function nv=goptvars

84 nv=1;

85 | end

86 | function t=totalvars

87 t=gvars () +xoptvars () +goptvars () ;
88 |end

89 | function v=g(i)

90 global n;

91 if (i<0 || i>n)

92 error (’argument error in g(i)’);
93 end

94 v=sparse (totalvars () ,1);

95 v(i+1)=1;

96 |end

97

98 | function v=xopt

99 v=sparse (totalvars () ,1);

100 v(gvars () +1)=1;

101 | end

102 | function v=gopt
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end

v=sparse (totalvars () ,1);
v(gvars () +xoptvars () +1)=1;

function v=x(i)

end

global n;
global L;
global mem;
if (i<-1 || i>n)
error (’argument error in x(i)’);
end
if isempty(mem)
mem={};
end

if i==-1
v=sparse (totalvars () ,1);
else
if (size(mem,2)<i+2) || isempty(mem{i+2})
v=y(i)-g(i)/L; J%The definition of the = sequence
mem{i+2}=v;
else
v=mem{i+2};
end

end

function v=y(i)

end

global n;
if (i<0 || i>n)
error (’argument error in y(i)’);
end
if i==
v=sparse (totalvars () ,1);
else
v=(1+(lowa(i-1)-1)/lowa(i))*x(i-1)-(lowa(i-1) -1)/lowa(i)*x(i-2);
#The definition of the y sequence
end

function d=deltay (i)

end

global dvy;
global n;
if (i<0 || i>n)
error (’argument error in deltay(i)’);
end
if (i7=n+1)
d=dvy (i+1) ;
else
d=0;
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Chapter 3

An optimal variant of Kelley’s
cutting-plane method

We propose a new variant of Kelley’s cutting-plane method for minimizing a nonsmooth con-
vex Lipschitz-continuous function over the Euclidean space. We derive the method through a
constructive approach and prove that it attains the optimal rate of convergence for this class
of problems. In addition, we present an aggregation strategy for obtaining a memory-limited
version of the method and discuss some other situations where the approach presented here is
applicable.

3.1 Introduction

In this chapter, we focus on unconstrained nonsmooth convex minimization problems, where
information on the objective can only be gained through a first-order oracle, which returns the
value of the objective and an element in its subgradient at any point in the problem’s domain.
Problems of this type often arise in real-life applications either as the result of a transformation
that was applied on a problem (such as Benders’ decomposition [25]) or by some inherent
property of the problem (e.g., in an eigenvalue optimization problem).

One of the earliest and most fundamental methods for solving nonsmooth convex problems
is Kelley’s cutting plane method (or, the Kelley method, for short), which was introduced by
Kelley in [53] and also independently by Cheney and Goldstein [37]. The method maintains
a polyhedral model of the objective, and at each iteration updates this model according to the
first-order information at a point where the model predicts that the objective is minimal. De-
spite the elegant and intuitive nature of this method, the Kelley method suffers from very poor
performance, both in practice and in theory [72]. The source of the poor performance seems
to be the instability of the solution, where the iterates of the method tend to be far apart and at
locations where the accuracy of the model is poor.

The main objective of this work is to present a new method for minimizing a nonsmooth
convex Lipschitz-continuous function over the Euclidean space, which is surprisingly similar
to the Kelley method, yet attains the optimal rate of convergence for this class of problems. We
derive this method and its rate of convergence through a constructive approach which further
develops and extends the framework introduced in Chapter 2. In particular, here the derivation
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of a tractable complexity bound leads itself to the construction of the proposed algorithm.

Although the main contribution of this work is entirely theoretical, it should be noted that
the resulting method also offers some practical advantages over existing bundle methods. One
of the main advantages is that the method allows the implementation to choose at each iteration
between two types of steps: a “standard” step, which, as in all bundle methods, requires solving
an auxiliary convex optimization program, and an “easy” step which involves only a subgradi-
ent step with a predetermined step size. The efficiency estimate of the method remains valid
regardless of the choices a specific implementation makes, thereby allowing the implementation
to find a balance between accuracy and speed (without performing aggregation on the iterates,
which affects the accuracy of the model).

One limitation of the method is that it requires choosing the number of iterations to be
performed in advance. However, this limitation is not severe since the “standard” steps provide
as a by-product a bound on the worst-case absolute inaccuracy at the end of the method’s run,
hence once the desired accuracy has been achieved, the implementation can choose to perform
only “easy” steps thereby quickly ending the execution of the method.

Literature The first successful approach for overcoming the instability in the Kelley method,
known as the bundle method, was introduced by Lemaréchal [61] and also independently by
Wolfe [100]. In the bundle approach, the instability in the Kelley method is tackled by introduc-
ing a regularizing quadratic term in the objective, thereby forcing the next iterate to remain in
close proximity to the previous iterates, where the model is more accurate. The bundle approach
proved to be very fruitful, and yielded many variations on the idea, see for instance [8, 56, 63]
and references therein. The bundle method and its variants also proved to perform very well in
practice; however, a theoretical rate of convergence is not available for most variants, and for
the variants where a rate of convergence was established, it was shown to be suboptimal [58].

Another fundamental approach is the level bundle method, introduced by Lemaréchal et
al. [62]. The idea behind this approach is that the level sets of the polyhedral model of the
objective are ‘“‘stable”, and therefore they should be used instead of the complete model. Build-
ing on this idea, at each iteration the method performs a projection of the previous iterate on
a carefully selected level set of the model, then updates the model according to the first-order
information at the resulting point. Several extensions to the method were proposed, including
a restricted memory variant [57] and a variant for handling non-Euclidean metrics [24]. The
method was shown to possess an optimal rate of convergence, however, note that the constant
factor in the bound is not optimal, and leaves room for improvement.

Finally, let us mention that quite a few additional approaches were proposed. Among them
are trust-region bundle methods [91] and the bundle-newton method [65], where the objective
is approximated by a combination of polyhedral and quadratic functions. For a comprehensive
survey, we refer the reader to [66].

QOutline. The chapter is organized as follows. In Section 3.2, we present the new Kelley-Like
Method (KLM), and state our main result: an optimal rate of convergence (Theorem 3.1). The
motivation for the method and our approach is described in Section 3.3. In Sections 3.4-3.6,
we provide a detailed description of the construction of the proposed method and prove its rate
of convergence. We conclude the main body of the work, in Section 3.7, where we discuss a
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limited-memory version of the method and present some additional cases where the approach
presented here is applicable. Finally, in Appendix 3.8, we give a new lower-complexity bound
for the class of convex and Lipschitz-continuous minimization problems, which shows that the
KLM attains the best possible rate of convergence for this class of problems.

Notation. For a convex function f, its subdifferential at x is denoted by d f(x) and we use
['(x) to denote some element in d f(x). We also denote f* = min, f(x) and x* = x} € argmin, f (x).
The Euclidean norm of a vector x is denoted as ||x||. We use e¢; for the i-th canonical basis vector,
which consists of all zero components, except for its i-th entry which is equal to one. For an
optimization problem (P), val(P) stands for its optimal value. For a symmetric matrix A, A = 0
means A is positive semidefinite (PSD).

To simplify some expressions, we often write A = 0 for a non-symmetric matrix A: this
should be interpreted as %(A +AT) = 0.

3.2 The Algorithm and its Rate of Convergence

In this section we present our main results, namely the new proposed algorithm and its rate of
convergence.

3.2.1 The Algorithm: a Kelley-Like Method (KLM)

Consider the minimization problem min{f(x) : x € R}, where f : R” — R is convex and
Lipschitz-continuous with constant L > 0. The method described below assumes that x* €
argmin, f(x) is located inside a ball of radius R > 0 around a given point xo € R” and requires
knowing in advance the number of iterations to be performed, N. The method proceeds as
follows:

Algorithm KLM

Initialization: (The zeroth iteration.) Set

R
X1 :=xp,s:=0, 7:=1,and u := ——.

LVN

Iteration #M: At the Mth iteration (1 < M < N — 1), the method arbitrarily chooses
between two types of steps:
In the first type (the “standard step”), we set m € argmin;;,f(x;) and solve

(Bu) e f(m) —1
st fOx)+—xi, f(x)) <t, i=1,...,M,
fGom) —LE <1,
ly =xol* + (N = M)E* < R®.
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Let y*, {* and #* be an optimal solution to the primal variables of problem (By;), and let B*
be the optimal dual multiplier that corresponds to the constraint f(x,,) — L{ <. The step
then proceeds by setting
(standard step) xpiq =",
and updating
=M, T:=0", u:=->-.
si=M, T:=F7 =

The second type of step (the “easy step”) is a subgradient step with the previously se-
lected step size U:

(easy step) Xpr41 :=Xp — M (xp1).

Output: The output is given by a convex combination of the best step from the first s
steps and the ergodic combination of the last N — s steps:

r N
ivi=01—-1)xpn+— Z Xjs
=5 j=st1

here m € argmin, ;. f (x;).

Note that if the method chooses to perform an “easy” step at every iteration, it simply
reduces to the subgradient method with a constant step size. Also note that the “standard” step
shares the computational simplicity of the main step in the Kelley method (cf. next section),
where the two iteration rules differ only in the introduction of the optimization variable { and
in the inclusion of the second constraint in (Byy).

3.2.2 An Optimal Rate of Convergence for KLM

We now state the efficiency estimate of the method, which shows that the new method is opti-
mal for the class of nonsmooth minimization with convex and Lipschitz-continuous functions
(see Appendix 3.8 and also [72, 74]).

Theorem 3.1. Suppose Xy is generated by Algorithm KLM, and let s be the index of the last
iteration where a “standard” step was taken (or zero, when no such step was taken), then

LR
VN’

Note that although the rate of convergence is of same order as for the level bundle method [62],
which to the best of our knowledge has the best known efficiency estimate on a bundle method,
the constant term here is smaller by a factor of two. Hence, the proposed method requires a
quarter of the steps in order to the reach the same worst-case absolute inaccuracy.

The rest of this chapter is devoted to the detailed construction of the proposed Algorithm
KLM and to the proof of Theorem 3.1.

f(Ey) = f* < val(By) < (3.2.1)
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3.3 Motivation

3.3.1 A New Look at the Kelley Method

Consider the problem

min
min f (x),

where f(x) is convex, nonsmooth, and Lipschitz-continuous with constant L. For a given set
of trial points, # := {(x;, f(x;), f'(x})) Ij”: 1> denote by fi(x) the polyhedral model of the
function f, defined by

fu(x) = max{f(x;)+ (f'(x;),x—x;) | | <j<M}. (3.3.1)

Assuming that x; € argmin, f(x) lies inside a compact set, which we take here as {x : [[x —
xo|| < R} for some xp € R? and R > 0, the Kelley method chooses the next iterate, xpy1, by
solving

(Kelley) xp1 € argminy, i <g/fm(x).

Alternatively, we can write the previous rule as the following functional optimization problem:

/ . .
(Kelley')  xp41 € argming, <z min 0(x)
— @€eCL,p is convex

s.t.o(x;) = f(x), i=1,....M,
f(x)edolx), i=1,....M,
[xp — X0l <R,

where the two formulations are equivalent since the solution to the inner minimization problem
reduces exactly to fy, inside the ball ||x —xg|| < R.

The well-known inefficient nature of the method is now apparent: the method chooses the
next iterate as one that minimizes the best-case function value, which is not a natural strategy
when we are interested in obtaining a bound on the worst-case absolute inaccuracy, f(xp+1) —
f*. This motivates us to consider the following alternative strategy.

3.3.2 The Proposed Approach

Since we are interested in deriving a bound on the worst-case behavior of the absolute inaccu-
racy, a natural approach, given a set of trial points, _#y := {(x;, f(x;), f'(x})) ]]"1: |» might be to
choose the next iterate in a way such that the worst-case absolute inaccuracy is minimized, i.e.,

: *
X+l € argmingeg,  max  @(x)—@
@<Cr,@ is convex

st o(x) = f(x), i=1,...,M,
() €do(x), i=1,....M,
||x2;, —xo|| <R.
It appears, however, that this greedy approach forces the resulting iterates to be too conservative.

In fact, numerical tests show that in some cases the sequence generated by this approach does
not even converge to a minimizer of f!
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We therefore take a global approach and attempt to minimize a bound on the worst-case
behavior of the entire sequence, i.e., instead of choosing only the next iterate x; 1, given some
N > M, we look for a sequence xps41,. . .,xn for which the absolute inaccuracy at the last iterate,
Xy, 1s minimized. In order to accomplish this, we need to assume some form of structure on the
sequence {xi,...,xy}.

Let {vi,...,v,} be an orthonormal set that spans {f’(x1),..., f (xa),X1 —X0,- -, Xm0 — X0}
Hereafter, we consider sequences xps41,...,xy that are generated according to a first-order
method of the form

~

i—-1 . . i—1 .
xi=x0+ Y b —x0)— Y A~ Y WS f'(a), i=M+1,...N,  (332)
k=1 k=1 k=M+1

for step sizes h( ) € R that depend only on the data available at the current stage (i.e., L, R and
Zum). Note that the first summation is redundant here and can be expressed using the other
terms, however, including it will significantly simplify the following analysis.

For sequences of this form, given & = (h%), the worst-case absolute inaccuracy at xy is, by
definition, the solution to

PM(h) = max (p(xN) — (p>|<
@eCr,@ is convex
i—1

-1 r
s.t. x; =xo+ Z hgi)k(xk —xo) — Z h l’)kvk — Z h3 k(p )

k=1 k=1 k=M+1
i=M+1,....N,
o(x)=f(x), i=1,...,M,
fl(x)edo(x), i=1,....M,
lxp —xoll <R.

Therefore, the problem of finding step sizes & such that the worst-case absolute inaccuracy at
xy 1s minimized can be expressed by

(PM) mhinPM(h).

Note that obtaining an optimal solution for (Py) is not necessary. Indeed, suppose that for
any h we can find a (preferably easy) upper bound Qs (h) for Py (h), then it follows that

flxn) — f* < Pu(h) < Oum(h),

hence a method with a “good” worst-case absolute inaccuracy might be found by minimizing
Owm(h) with respect to h instead of Py(h). The analysis developed in the forthcoming two
sections show how to achieve this, and serves two main goals:

e Derive a tractable upper-bound for the worst-case absolute inaccuracy expressed via prob-
lem (Py).

e Show that the derivation of this bound leads itself to the construction of Algorithm KLM.
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3.4 A Tractable Upper-Bound for (Py)

Problem (Py(h)) (and hence problem (Py)) is a difficult abstract optimization problem in infi-
nite dimension through the functional constraint on ¢. Inspired by the approach developed in
Chapter 2, we start by formulating a finite dimensional relaxation of the problem.

3.4.1 A Finite Dimensional Relaxation of (P))

To relax (Py) into a finite dimensional problem, we need to tackle the constraint “¢ € Cy,
¢ is convex”, which states that for all u,v € R”

[subgradient inequality] o) —o(u) <{(¢'(v),v—u), (3.4.1)
[Lipschitz continuity] o’ (u)]| <L, (3.4.2)

where ¢’(v) is an element of d¢@(v). For that purpose, we introduce the variables

X, € argmin, @(x),
5i:(p(x,-), i:M—l—l,...,N,*,
g €Ip(x;), i=M+1,... N, x,

and for ease of notation, we set

5j:f(x]'), jZl,...,M,
gi=rf(x), j=1,....M.

We now relax Pys(h) by replacing the function variable ¢ with the new variables and by intro-
ducing constraints that follow from the application of the subgradient inequality (3.4.1) and the
Lipschitz-continuity of ¢ (3.4.2) at the points xi,...,xy,x.. Minimizing the resulting problem
with respect to s, we reach the following minimax problem in finite dimension:

min max Oy — O
h gM+17~"7gN7g*7x*€Rpa
8M+17'“76N76*€R

i—1 . r i—1 X
s.t. xizxo—l—Zhgl’)k(xk—xo)—Zhg)kvk— Z hgl’)kgk, i=M+1,...,N,

)

k=1 k=1 k=M+1
6 —6; <(ginxi—xj), i,j=1,...,Nx,
lgil><L? i=1,...,N,x
[l —xol|* < R.

Recall that §;,¢; and x;, j = 1,...,M, are given in advance (these are the trial points) and
are considered as the problem data.
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It appears that this minimax problem (which clearly is not convex-concave) remains non-
trivial to tackle. We therefore consider a relaxation obtained by removing some constraints:

(PL) min max Oy — O
h gM+17"'7gN7x*eRp>
5M+17“-76N76*ER

1

N

s.t.xi:xo%—lihgi)k(xk—xo)—Zr’h )kvk— li hgl;)kgk, i=M+1,....N,
k=1 k=1 k=M+1
3,~—5j§<g,~,x,~—xj>, i=M+1,...,N, j=1,...;i—1,
5i—5*§(g,-,x,-—x*>, i:1,...,N,
lgil> <L?* i=M+1,...,N,

|| —onz < R%.

The omitted constraints can be shown to be inactive. However, this is not necessary for the fol-
lowing arguments as we are currently only interested in finding an upper bound on the absolute
inaccuracy.

As before, the inner maximization problem is denoted by (PL,(h)), and we have
val(Py) < val(P};) = mhlnPZ{,I(h)

Our first main objective is now to derive a tractable convex minimization problem which is an
upper-bound for the minimax problem (P!;). The first step in that direction is the derivation
of a semidefinite programming relaxation of the inner maximization problem PI{,[(h). At this
juncture, the reader might naturally be wondering why we do not derive directly a dual prob-
lem of the inner maximization to reduce our minimax problem to a minimization problem. It
turns out that the SDP relaxation derived below enjoys a fundamental monotonicity property
(see Lemma 3.9), which will play a crucial role in the proof of the main complexity result
Theorem 3.1.

3.4.2 Relaxing The Inner Maximization Problem to an SDP

We proceed by performing a semidefinite relaxation on PI{,I(h) the inner maximization problem
of (Pl,). Let X € ST N-"M pe

<x*_x0ax*_x0> <‘x*_'x0av1> <X*—X0,Vr> <x*_x07gM+l> <‘x*_x07gN>
<V1,x* *xo> <V1,V1> <V1,Vr> <V17gM+l> <V178N>
X = <V,,x**x0> <Vr,V1> <Vrvvr> <VragM+l> <Vr»gN> 5
<8M+17X* —x0> <gM+1,V1> <8M+17Vr> <gM+1agM+1> <gM+1;gN>
<gN7x* *X0> <gN7V1> <gN7Vr> <gN,gM+1> <gN,gN>
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and let v;, g;, x; € R TN=M pe quch that

Vi=e14, i=1,...,r
g = {er(—]<gi,Vk>Vk, = 17"'7M7
1~ T .
e Y i=M+1,...,N,
I4+r+i—M | (3.4.3)
Yi— 1<x, anVk>Vka i=1,...,M,
Xi = Z;c llh ka_Zk 1 kvk Zk M-H kgk, i=M+1,...,N,
e, i:*,

then it is straightforward to verify that the following identities hold

TXVJ (i,vj), L,j=1,...,r

Xg] <glvgj>7 i?jzla"'7Na

XXJ (gi,xj—x0), i=1,...,N, j=1,...,N,x,
{

<!
X; XX; =

(3.4.4)

Xi—X0,Xj—X0), G, j=1,...,N,*.

Now, by using (3.4.4) in (P!;) and by relaxing the definition of X to v/ Xv; = (v;,v;) and X = 0,
we reach the following problem, whose inner maximization problem is an SDP:

11 . _
(Fr) min, 2% OV O
5,6.€R
st. &§—8<g/ X(xi—x;), i=M+1,....N, j=1,...,i—1,
8—-6.<g'X(x;—x.), i=1,...,N,

g/ Xg, <I? i=M+1,... N,

x! Xx, < R?,
V?XVjI(V,’,Vj), i,jZl,...,I’,
X >0.

3.4.3 Transforming the Minimax SDP to a Minimization Problem
To transform the minimax problem (P!l) into a minimization problem, we now use duality.
More precisely, as shown below, by using Lagrangian duality for the inner maximization prob-

lem in (PI}) we derive a nonconvex (bilinear) semidefinite minimization problem whose optimal
value coincides with the one of (PiF).

Lemma 3.2. The minimax problem (Pi}) reduces to the bilinear semi-definite minimization
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problem (P defined by

N
111 2 2
(Py") rnhlnal?}lgd)l §+12a,715 —|—Zb gi,Xi —X0) — 6;) + L ; ¢i+R a’+ZCI>,,
J i=1 i=M+1 i=1
N
st Z Za,J —x))+bxi | g + Y bix.g
i=M+1 i=1

.
+ Z cigig] +dx.xl+ ) @i viv] =0,
i=M+1 ij=1

(avb) GA, ai,j 203 biZOv CiZOa dZOa

where
N—1 N i—1

A={(a,b): ZaNJ"’bN:l, ij Z aji— Za,-7_,-:b,~, i=M+1,....N—1}.
=1 =1 j=it1 j=1

Moreover, we have val(Pil) = val(PI).

Proof. Consider the inner maximization problem in (PiI). We attach the dual variables to each
of its constraints as follows:

a;€Ry 1 8—8<g X(xi—x;), i=M+1,....N, j=1,....i—1,
bicR, :8-68, <g/X(x;—x,), i=1,...,N,
cie€R,:g'Xg; <I? i=M+1,... N,

deR,: XZ:XX* < RZ,

@ ER:VIXV;=(vi,v;), i, j=1,...,r

Recalling that &; and g/ Xx; = (g;,x; —xo) are fixed fori = 1,...,M, and that the set {vy,...,v,}
is orthonormal, the Lagrangian for this maximization problem is given by

N
L(X,8;a,b,c,d,®) = Sy—08.4+ Y Di§i+D.S.+u(XW)+%,
i=M+1

Li(6;a,b) +tr(XW)+ €,

with
D; = —Za,,+ Z aji—bi, i=M+1,...,N,
Jj=i+1
N
D. = ) b;
j=1

53



3.4. A TRACTABLE UPPER-BOUND FOR (Py)

N N

W= Z Za,] —x))g + Z bixig] — Y bix.gl — ), cigigl

i=M+1 j= i=M+1 i=1 i=M+1

—dx,x] Z D; jviv),

i,j=1
N r

C = Z Zauﬁ —I-Zb gisXi —X0) 5)-i—L2 Z c,--l—de-i—ZCID,-J.

i=M+1 j= i=M+1 i=1

The dual objective function is then defined by

H(a,b,c,d,®) = rglaXL(X,S;a,bm,d,(I)) = %—f—mglel(S;a,b) +r§13§tr(XW).
X z

Since L1 (8;a,b) is linear in the variables &;, i = M + 1,...,N, x, the first maximization problem
is equal to zero whenever

r
ZaI,J+ Z aji— bi=0 s i:M—f-l,...,N—l,
j=i+1
N—1
1+DN:1_ZaN7j_bN:0,
j=1

N
—1+4D,=—1+Y b;=0,
\ J=1

i.e., when (a,b) € A, and is equal to infinity otherwise. Likewise, the second maximization is
equal to zero whenever W < 0, and is equal to infinity otherwise. Therefore, the dual problem
of the inner maximization Pl!(h) reads as

min H(a,b,c,d,®)= min {€:W <0, (a,b) €A, a;;>0,b;>0, ¢;>0,d>0},
ab,c,d,® a,b,c,d,®

and hence it follows that by minimizing the latter with respect to 4, the minimax problem (PI{,} )
reduces to the minimization problem (PZ{,I” ), and the proof of the first claim is completed.

Now, as a consequence of weak duality for the pair of problems (P (h))—(PIH (h)) it imme-
diately follows that

val(PIl) = mhinij,;(h) < mlnPHI(h) = val(P{h).

Furthermore, observing that the inner maximization problem in (Pll) is feasible and that the
inner minimization problem in (PIf) is strictly feasible (since the elements in the diagonal of
the SDP constraint, i.e., ¢;, d, and ®; ;, can be chosen to be arbitrarily large), then by invoking
the conic duality theorem [23, Theorem 2.4.1], strong duality holds, and therefore it follows
that val(PIl) = val(PI). O
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3.4.4 A Tight Convex SDP Relaxation for (P!

At this stage, the minimization problem (P]{,}[ ) we have just derived remains a nonconvex (bi-
linear) problem. Indeed, note that the vectors x; depend on the optimization variable A, hence
the terms a; j(x; — x;) and b;x; in (PI!) are bilinear. We will now show that it is possible to
derive a tight convex relaxation for this problem. This will be achieved through two main steps
as follows.

Step I: Linearizing the bilinear SDP.  As just noted, the terms a; ;(x; —X;) and b;x; in (PiJ')
are bilinear. Here we linearize these terms by introducing new variables ; ; and y; ; such that

i—1
(Za” —i—bx,) Zg,Jv,+ Y g, i=M+1,...N. (3.4.5)

Jj=M+1

Using (3.4.5) to eliminate the bilinear terms in (P/!) yields the following linear SDP:

N N r
(Plfdv) min Z Zaz](s +Zb 8i  Xi — )C()> 6)+L2 Z Ci—{-de—FZ(Dm'
a7b7c7d7§7‘l,7 —M+1J i=1 :M+l i=1
N
st ) (Z%Vﬂr Z 1/%8;) gi +szx*gl
i=M+1 Jj=M+1

+ Z cigigl +dx.x! + Z @; jviv) =0,
i=M+1 ij=1

(a,b) EA, CZ,‘JZO, b,‘ZO, C,'ZO, d>0.

Since any feasible point for (P]{,{I ) can be transformed using (3.4.5) to a feasible point for
(PLY) without affecting the objective value, we have

val(P})) < val(PI). (3.4.6)

As a first step in establishing inequality in the other direction (and therefore equality), we in-
troduce the following lemma, which shows how to recover a feasible point for (PiF) from a
feasible point for (P1{/1V) provided that the point satisfies a certain condition.

Lemma 3.3. Suppose that (a,b,c,d, &, y,®) is feasible for (Pl ) and satisfies

i—1

Z ajj+bi=0= &=y =0, Vk <i. (3.4.7)
j=1
Then by taking'
(i) a; k (i) ik (i) Vik
= o =T v 3= o ’
T Ymathe T Xinaigtbi 7T X aijtbi

we get that (h,a,b,c,d,®) is feasible for (PI) and attains the same objective value.

'In order to avoid overly numerous special cases, we adopt the convention % =0.
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Proof. 1t is enough to verify that the linearization identity (3.4.5) is satisfied for the chosen
values of h. First, when Z;;ll a;j j+ b; = 0, recalling that we use the convention 8 =0, the
identity (3.4.5) follows immediately from the assumption (3.4.7) and since the step sizes are
all zeros. Suppose 5-;11 a; j+b; > 0, then substituting the term x; in (3.4.5) by its definition
in (3.4.3), we get that forevery i =M +1,...,N

i-1 i—1
<Za” —X; —|—bX,>:Zaw'Xj—(Zai,j‘f’bi)Xi
- =
i

i—1 i—1 .
FVa, (zawb)(zhs&xk—mv— y hé?kgk)

j=1 k=1 k=M+1

I
—_

i—1

ijvj+ Z Vi 8
1 j=M+1

I
M\‘.

—.
I

where the last equality follows from the choice of A. [

In order to establish that the relaxation performed in this step is indeed tight, it is enough
to show that condition (3.4.7) holds for an optimal solution of (P]{,}/ ). However, before we can
show how to obtain an optimal solution with the required property, we need to perform an
additional transformation on the problem, which in turn will also be very useful when deriving
the steps of Algorithm KLM in Section 3.5.

Step II: Simplifying the problem (P!}). An equivalent and significantly simpler form of
problem (PI{,IV) can be derived using the matrix completion theorem.

Consider the PSD constraint in (P!}) in its explicit form,

o d sl bilgiov) - 3 X belgrvir) 1%bMH ]%bN
3 Xi—1 bilgisvi) D1 D, Py - Y&
Q = %Zﬁil bk<gk7Vr> (Dr,l cDr,r %éMJrl,r %éN,r i 0,
3by+1 3Emr11 3EMr1r
: : : R
1oy 1Ena e LEn,
with
1 1
CM+1 3 YM+2,M+1 o 7 UNM+1
1 . )
R-— | 2¥M+2.M+1 CM+2
: ‘ . |
3 YNN-1
1 1
3 YN M+1 o 3 YN N-1 CN

Then by the properties of PSD matrices, Q = 0 implies that the principal minors of Q are also
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PSD. As a result, we get that the problem

N r
(PM min Z Za,,S —I—Zb iy Xi —X0) 5)—1—L2 Z ci—i—R2d+Z<I>,-7,-

a,b,c,d,®

i=M+1 j= i=M+1 i=1
d SYM bigk V'>) ,
s.t. 2 ~k=1 U =0, i=1,...,r,
<% Yol bi(ge,vi) ;, B
1p.
1d 2bi =0, i=M+1,...,N,
Qbi Ci

<a5b>€A7 ai,jz()) biz()? CiZO, dZO,

obtained by replacing Q >~ 0 with constraints of the form QO ;1,4 = 0, is a relaxation of

(PIY), and thus val(P};) < val(Pl/). As we shall prove below, it turns out that this relaxation
is, in fact tight, i.e., Val(PA‘,/,) = Val(Pj{,}/ ). To establish this result, we need the following lemma,
which is a special case of the matrix completion theorem [50].

Lemma 3.4. Suppose q1; = q;1 and q;; (i=1,...,n) are numbers such that

<q1,1 QI,i)t()’ i=2,....n
qi1  dii

q1 zCII,]
a1
fori,j=2,....n,i# j, we get that the n X n matrix (g, j) is positive semidefinite.

Then by taking

qi.j = 4ji = (3.4.8)

Proof. Suppose g1 = 0, then by the properties of PSD matrices, ¢; ; and g; | must also be equal
to zero. By adopting the convention 8 =0, we get that ¢; j = ¢;; =0 for i,j = 2,...,n, hence
the matrix (g; ;) is diagonal and the result is trivial.

Now assume ¢ ; > 0 and let y = (g1 1,... ,an)T, then the claim follows immediately by
observing that the matrix (g; ;) is the sum of the positive semidefinite rank-one matrix qﬁ yy"

and the nonnegative diagonal matrix diag(0,g22 — C]%g/ch Ay qnn— qin/q] 1) ]
The promised tightness of the relaxation performed in this step now follows.

Corollary 3.5. Suppose (a*,b*,c*,d*,®;};) is an optimal solution for (PY)), then taking

o, = Yol bi gk vi) Tk, b gk, v)

> , Lj=1,....n1# ],
b; Yal i bige:v;)
&=~y . i=M+1,...,N, j=1,....r, (3.4.9)
Conp | |
Vii= g i=M+1,...,N, j=M-+1,....i—1.

we get that (a*,b*,c*,d*,E*, y* ,®*) is an optimal solution for (PZ{,}/) In particular, we have
val(Ply) = val(Py},).
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Proof. Observing that the minors of Q selected in (PA‘,/I) have the same form as in the premise
of Lemma 3.4 withn =1+r+ (N —M),

qi1,1 =d,

Qti+i=Pii, i=1,...,1

Qiirtiltrei=C¢i, =M+1,...,N,
qii+i=qiin = X0  belgev), i=1,...,1
qi1+r+i = QH—r-Hl—zbl, i=M+1,...,N,

we get that using the choice (3.4.9), the relations (3.4.8) are satisfied, hence Q is PSD and the
first constraint in (Pl)) is satisfied for (a*,b*,c*,d*,&*, y*,®*). Now, examining (P}, we
see that the variables ®; ; for i # j, §; ; and y; j, do not participate in constraints beside the first
constraint or in the objective, hence we conclude that (a*,b*,c*,d*,E*, y*,®*) is feasible for
(PLY) and furthermore val(P}}') < val(P};). Since we have already established that val(Py};) <
val(Pl} ), the proof is complete. O

Another consequence of Lemma 3.4 is the tightness of the relaxation performed in Step I,
allowing us to complete our main goal of this section.

Corollary 3.6. The following equality holds:
val(PL) ) = val(PL).

Proof. Let (a*,b*,c*,d* ,®;};) be an optimal solution for (P};). Then from Corollary 3.5 we
get that by taking £*, y*, and ®* as in (3.4.9), the point (a*,b*,c*,d*,E*, y*,®*) is optimal
for (PIV) Observing that from (3.4.9) we get that b)Y =0 1mphes § =0 and l//l =0, then it
follows that assumption (3.4.7) is satisfied, hence Lemma 3.31is apphcable on (a*, b* c*,d* EF,
y*,®*). As aresult, the optimal value of (P})) is attainable by (P{I), and since we also have
val(Pl}) < val(PI) (see (3.4.6)), we conclude that val(Pi/) = val(Pl)), proving the desired
claim. []

Summary. To summarize the results up to this point, by performing a series of relaxations and
transformations on (Py), which defined the worst-case absolute inaccuracy at xy, we obtained
a sequence of problems (Pl,)—(P};) that satisfy

val(Py) < val(Pl) <val(Pi}) = -.- = val(P})),

where the solution of (PA‘,/[) provides a tractable upper bound. We are now left with our second
main goal, namely to derive the steps of algorithm KLM as defined through problem (Bjs) in
Section 3.2.

3.5 Derivation of Algorithm KLM

At first glance, problem (P};) does not seem to share much resemblance to problem (By).
We now proceed to show that this convex SDP problem admits a pleasant equivalent convex
minimization reformulation over a simplex in RM+1_and that this representation is, in fact, the
dual of problem (Bjyy).
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3.5.1 Reducing (P};) to a Convex Minimization Problem Over the Unit
Simplex
The form (PAZ) allows us to derive analytical optimal solutions to some of the optimization

variables. First, for any fixed (a,b,d), it is easy to see that the minimization with respect to ®
and c yields the optimal solutions

M 2
~ b (g, vi
o, — L iﬁf" )i (3.5.1)
b
c; =1 i=M+1,...,N. (3.5.2)
Therefore, recalling that {vy,...,v,} is an orthonormal set that spans g1, ..., gy, we get
, r r M /o 1\, 112
Zq)ﬂf o Z (Z?ilbi<giavj>)2 _ ||Zj:12i:1 bl<gl7vj>ij _ sz lngZ
MeH 4d 4d 4d
and (P};) becomes
Al LYy P bigil?
6 b 5 de k=M+1 l 151
{znblg Z Zaw +Z (gi,xi —x0) — 6;) + + 4d

i=M+1 j=1 i=
s.t. (a,b)GA, CliijO, b; >0,d>0.

Next, observe that for any fixed (a,b) the minimization with respect to d is also immediate and
yields

. \/||Zi bigill> +L* Ll prp1 b7
= R .
Plugging this in the last form of the problem, we reach

(3.5.3)

5+ bi( R L bi
rznbni §+1;a11 +Z (8isxi — X0) i)+ \/HZ bigill” + lM+1 ! (3.54)

S.t. (a,b) €A, a;>0, b; > 0.

Now, fixing b, the above minimization problem is a linear program in the variable a, which, as
shown by the following lemma, can be solved analytically.

Lemma 3.7. Suppose b € Ay, where Ay denotes the N-dimensional unit simplex, i.e., Ay :=
{beRN: YN b =1,b; > 0}. Then,

M
{ Z Za” (a,b) € A, a,J>O}:Zbi5m,
i=1

i=M+1 j=
where an optimal solution is given by
Mibi i=N,j=m
aj=qbj,  i=N,je{M+1,.. N-1}, (3.5.5)
0, otherwise,
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with
m € argming ;< ,0;. (3.5.6)

Proof. Observe that if we fix g; j for j > M, the constraints in A have the form

M
a;j =constant, i=M+1,...,N,
=1

J

and we get that the problem is separable into N — M minimization problems over a simplex. This
implies that the optimal solution can be attained by setting a; ; = 0 for all j € {1,...,M}\ {m}
(i.e., for all indices except for an index for which J; is minimal). Using this assignment, the
objective now reads

N
Z ai,m5m7
i=M+1
and A is reduced to (taking into account all variables):

i—1 N
—Qjm— Z aij+ Z ak7,~—bi:O, i=M+1,....N—1,

j=M+1 k=i+1
N—-1
l—aNm— Z anj—bNZO,
j=M+1
N
—1+) bi=0.

i=1

Summing up the constraints in A, we get

N N-1 i—1 N N-1 M
Z Aim = — Z < Z aij— Z ak7,-> — Z an.,j + Z bi
i=1

i=M+1 i=M+1 \ j=M+1 k=i+1 j=M+1
N—-1 N N i—1 M M
- Y Ya- ¥ ¥ oasln-Yn
i=M+1k=i+1 i=M+1 j=M+1 i=1 i=1

which means that the optimal value for the objective is Y'M, b;§,,. It is now straightforward to
verify that the given solution (3.5.5) is feasible and attains the optimal value of the problem,
hence the proof is complete. ]

Invoking Lemma 3.7, we can write problem (3.5.4) in the following form:

M
min Zbi(<gi,fw—xo>+5m—5i)+R\/||Z?ilbigin+L2 L1 b7 (3.5.7)
N =1

To complete this step, note that if b* is an optimal solution of the last convex problem then
optimality conditions imply that we must have by, | = --- = by. We can therefore assume,
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without affecting the optimal value of the problem, that by, | = - - - = by, hence, by introducing
the variable B = Y)'y, , ; bi, we get

B
b = .=hy=—— 3.5.8
M+ N=N_ 1 (3.5.8)
and hence
f) 7= )by = ( ) ﬁ4[2 ﬁz,
by =(N—M)by =(N—M (—) = )
i=M+1 N — N—

Therefore, using this in (3.5.7), we have shown

Proposition 3.5.1. The convex SDP problem (PA‘,/I) admits the equivalent convex minimization
formulation

(b1, bm,B) EAM 41

1=

and we have val(Py;) = val(P}}).

3.5.2 Completing the Derivation of KLM

We are now ready to complete the main goal of this section, namely the derivation of Algorithm
KLM. Indeed, as shown below, it turns out that the convex problem (PA‘,// ) is nothing else but a
dual representation of problem (Bjs) defined in Section 3.2. More precisely, we establish that
strong duality holds for the pair of convex problems (Py;/)—(By). Furthermore, as a by-product,
we derive the desired output of the method as described in Section 3.2. To prove this result, we
first recall the following elementary fact.

Lemma 3.8. Let D € Sﬂr g€ R! and R > 0 be given. Then,

~1
rnax{(q, u) : u' Du < R?} = R||D~'?q|| with optimal u* = R%.
ueR! ID=1/24]|
Proof. The claim is an immediate consequence of Cauchy-Schwartz inequality and can also be
derived by simple calculus. [

(3.5.9)

The first main result of this section now follows.

Proposition 3.5.2. The pair of convex problems (P};/)—(By) are dual to each other, and strong
duality holds?, i.e., val(P};!) = val(By). Moreover, given an optimal solution (b%,...,b},, B*)
for (P},), an optimal solution (y*, {*) for (By) is recovered via

= ! f"b* sand " = LB (3.5.10)
YT g &8 ~2(N—M)d*’ .

with

2
A
il |

ZNote that since both problems admit a compact feasible set, attainment of both values is warranted.
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Proof. Tnvoking Lemma 3.8 with u := (y —x0,¢) and g := (— Y, big;,LB), both in R” x R,
and with the block diagonal matrix D := [I,,;(N — M )71 € S‘f;l, it easily follows that problem
(PY1) reads as the convex-concave minimax problem:

V.= min max b y,g +8, —8)+BLE.
' (bla 7bMﬁ)€AM+1 Hy x0H2+(N MC2<R2 Z 14 m l) ﬁ C

Applying the minimax theorem [44], we can reverse the min-max operations, and hence by
using the simple fact mingep, Zle o4v; = minj<;<; v; it follows that

V.= max min {6, — 61 + (X1 —¥,81),--+,0m — O + (Xpr —y,8m),LC},
[[y—xol[>+(N—M)E2<R?

which is an obvious equivalent reformulation of the problem (By), defined in Section 3.2.
This establishes the strong duality claim val(P},/) = val(By). Furthermore, if (b*, B*) € Apr+1
is optimal for (P},'), again thanks to Lemma 3.8, (with (g,u,D) as defined above), one im-
mediately recovers an optimal solution (y*,{*) of (By) as given in (3.5.10) and the proof is
completed. ]

As we now show, Proposition 3.5.2 paves the way to determine the iterative steps of Algo-
rithm KLM. For that purpose, we first derive an expression for XM+1, ...,Xy in terms an optimal
solution (b%, ..., by, B¥) for (Py!). First, recall that (a*,b*,c*,d*, &%, y* &%) with a*, b*, ¢

”, d*, &*, y*, and ®* defined according to (3.5.5), (3.5.8), (3.5.2), (3.5.1), and (3 4.9), is

optimal for (Pl;) and satisfies the assumption (3.4.7). Thus, as a result of Lemma 3.3 and the
definition of the sequence x; in (3.3.2), the corresponding sequence x4 1, ...,Xxy can be found
via the rule

1 i—1 il

M:m+—————¢<2,j Zg - ) %ﬁo. (3.5.11)
Yijai;+b j=M+1

From definitions of £* and y* in (3.4.9) we get that

r *

. * . b* * b « *
j_Zléi,jv]'—zj*ZZbk 8k, Vi)V = sz,*kg,lbkgk,

j=lk=1

and
* i—1

b
Zﬁ Vi + Z viigj = Zé*gb}fgj,

Jj=M+1
which, together with (3.5. 11) yields an expression for x; that is independent of cﬁ and y; it

1 i—1 1 i—1
X = ST a; xj+b; —>= ) bigi||, i=M+1,....N. (35.12)
ZJ 1 l]+b (Z ! ( 2d J; !

Now, using the definition of a* from (3.5.5), we reach the expression

X0 — Zd*ijg], i=M+1,...,N—1,

X =

i} N—1 § 1 N—1 ‘
bem+ Z bx]+bN xO_Zd*ijgj , i=N,

j=1 j=M+1
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where m as in (3.5.6).

This rule can be written in a more convenient form using a solution to the pair of convex
problems (Py;/)—(By). For that, note that by writing x; in terms of x;_, breaking the computa-
tion of the last step, x into two parts xy and Xy, and applying (3.5.10) of Proposition 3.5.2, we
obtain

1 M
xO__Zb*gj:y*u l:M+17
2d* - J
Xi = = * *
Xi-1 2(N—M)d*gi*1 = Xi-1— 81, i=M+2,...,N, (3.5.13)

which is precisely the output of Algorithm KLM after performing a “standard” step followed
by N —M — 1 “easy” steps.

3.6 The Rate of Convergence: Proof of Theorem 3.1

Before we proceed with the proof of Theorem 3.1, we need the following lemma, which estab-
lishes that the optimal value of (PI{} ) is non-increasing during the run of the method.

Lemma 3.9. Let | € N be such that M +1 < N and suppose Xy 1,...,Xp; Satisfy the recur-
sion (3.3.2) with h = h, where h is optimal for the outer minimization problem in (PI{,II ). Then
val(Py_ ;) < val(Py).

Proof. Denote by h the steps sizes in h which correspond to the last N — M — [ steps performed
by the method, xp74/11,---,xN, (€., fz% = 715’3{ fori=M+1+1,...,N), and let (Y,S) be
optimal for the inner maximization problem in (PZ{,} ;) when fixing h = h. We proceed by
constructing a matrix X and a vector § such that (h;X,§) is feasible to (Pil) and achieves the
same objective value as (/;X, 0) achieves for (P!} )

Denote by V;, g; and X; the vectors v;, g; and x; as defined for (PZ{,,’) in (3.4.3), and let ¥;, g;
and X; be the vectors v;, g; and x; that correspond to (P]{,} n 1) ie.,

vV, = e14i, izl,...,}",
g = ZI’;:l(gi?vk)Vk) izl,...,M,
N i i=M+1,...,N,
Zl’;=1<xi_x07vk>vk7 i= 1,...,M7
%= L) hgl,)kxk—Zizlhgi)ka—ZL;ﬂlHhg’,)kgk, i=M+1,...,N,
el? l: >[<,
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and
Vi=eiy1, i=1,...,n
gi:{ZT/rc:1<gi7Vk>‘7k, l:=1,...,M+l,
Cltr+i-M: i=M+I1+1,...,N,
Yi— 1<x, anVka, i=1,...,M+I,
Xi = Z;c llhlk — Y= 2k Zk =M+1 3)kgk7 i=M+I1+1,...,N,
€1 1= *.

Now, by taking V as the (14+r+N—M —1) x (1 +r-+N — M) matrix

V= (X*7V17"'7Vr7gM+17"'7gN)7

Hence, by setting

fxi), i=M+1,... . M+1,
5i, i=M-+1+1,... N,x,

we get that the equalities

ngg/—g,XgJ, iajzlv"';Nv
ngXJ ngxj, i=1,...,N, j=1,...,N,x*.

are satisfied, and therefore (7;X,§) satisfies all the constraints in (Pl}) that also appear in
(Pl

(PI{,} +1)- Note, however, that ) includes some additional constraints that do not appear in

(Pyi.;), namely
86— 6 </ X(%—X)),
fori=M+1,.... M+I[l—1,and j=1,...,i—1, and
g ng SLz

fori=M+1,...,M+1— 1. Nevertheless, since for i, j < M + [ the values of §;, gl.TX g; and
g; TXx%; j orlglnate from the convex function f, i.e.,

gl Xg]_g ng:<f/(xi)7f/(xj)>7 1712177M+l7
gl X% =gl X&; = (f'(xi),x;), i=1,...M+1, j=1,....M+I,
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we immediately get from the subgradient inequality and the Lipschitz-continuity of f that these
additional constraints hold. We conclude that (h; X, 8) is feasible for (PI!) and attains the same
objective value as does (7; X, §) for (Pl L)

For a feasible point (4;X,8), denote by Pif(h;X,8) the value of the objective in (PII) at
the given point, then we have just shown that Pﬁ H(ﬁ;X , 5 ) = PiH(h; X, 5). As an immediate
consequence, we get

Val(P1{41+l) S P1{41+l(i:l;XvS) = Aj(ﬁ’Xas) S Val<PI{/;)7

where the first inequality follow since (X, 3) is optimal for the inner maximization problem in
(Pjg y ;) and the last inequality follows since / is optimal for the outer minimization problem in
(Py)- O

We are now ready to give the proof of Theorem 3.1.

Proof. (Theorem 3.1.) First, we need to establish that the initialization step corresponds to the
solution of (By). Indeed, observing that y* = xo, it is straightforward to verify that val(By) =
LR/ VN is attained for {* = R/ V/N, and that B*, the dual variable that corresponds to the
constraint f(x,,) — L{ <1, is equal to one.

Recalling that s is the index of the last step where a “standard” step was taken, then by
the definition of the “easy” steps, the sequence x;1,...,xy,Xy satisfies (3.5.13), where y*, {*
and B* are given by a solution of (By). Let & be the vector of step sizes in (3.3.2) that matches
Xs+1;---,XN—1,%N, then by the construction of (By) from (P!!), we get that & is optimal for (PI]),
i.e., val(P!") = PI'(h) (we use P!'(h) to denote the optimal value of the inner maximization
problem in (P/) with h set to h). We therefore have

fGEn) = f* < Py(h) < P (h) = val(P!") < val(Py),

where the first two inequalities follow from the construction of (P/) and last inequality follow
from Lemma 3.9 by a simple inductive argument.

Finally, since we have already established during the construction and analysis of Sec-
tion 3.4 that the series of relaxations and transformations preserve the optimal value of the
problem, we have val(Pif) = ... = val(P};!) = val(By) for every M, and the claim immediately
follows. Ol

3.7 Concluding remarks

Through a constructive approach, we have derived a new method for non-smooth convex min-
imization, which is surprisingly similar to the Kelley method, yet it attains the optimal rate of
convergence. We conclude by outlining a refined version of the method, and by briefly dis-
cussing how the construction derived in this work can be extended onto some other situations
as well, which often arise in nonsmooth optimization schemes/models.
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A memory-limited version of Algorithm KLM. The current form of the method requires
storing all of the past iterates, which can translate to a significant amount of memory for large
values of N. This requirement can be eliminated, as in the aggregation technique described in
[55], by observing that Lemma 3.9 makes no assumptions on the way the steps xp,...,xy are
generated, hence Theorem 3.1 still holds if, at any iteration M where a “standard” step is taken,
the trial point set is replaced by another set of points in a way that maintains the solution of
(Bu). In fact, by a well-known result from convex optimization, if b}, ...,b}, are the optimal
dual variables corresponding to the constraints

fe)+ G —xi, f/(x) <t, i=1,....M,

by replacing these constraint with the conical combination

M M
;b? () + =i, (i) < ) bjt,

i=1

we reach a problem that has the same optimal solution as the original problem. Hence, the
trial points set can be aggregated to one scalar, ¥, b*(f(x;) — (x;, f'(x:))), and one vector,

ﬁ-‘i L bY f'(xi), without affecting the efficiency estimate of the method. The same technique can
be applied to any subset of the trial points, hence the cardinality of the trial points set can be
maintained at any desired level.

Knowledge of Lower Bound on f*. When a lower bound, f, on f* is known, (e.g., though
a dual bound), the constraint f < ¢@* can be added to (Py;) and the analysis can continue with
only little change. The resulting method turns out to be nearly the same as the method described
above, where the only change is the introduction of the constraint f <t to (Bj). Furthermore,
the resulting efficiency estimate remains unchanged. B

Extension with Inexact Subgradients. Another situation is the case where, instead of an
exact subgradient, an g-subgradient f’(x) € de f(x) is available for some given € > 0, i.e., for
any y, instead of the usual subgradient inequality, we have

f@) —fO) <{f'(x),x—y) +e.

The use of e-subgradients instead of exact subgradients has some practical advantages, see e.g.,
[10, 38] and references therein for motivating examples and for some recent work in this setting.
As in the previous case, only minor changes are needed in the analysis we developed, and the
resulting method turns out to be identical to the method presented in Section 3.2, except for the
first set of constraint in (By), which becomes

fe)+—xi, f(x)—e<t, i=1,....M,
and for the efficiency estimate of the method (3.2.1), which turns out to be

f(Zy) — f* < val(Bs) + € <LR/VN +¢.
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3.8 Appendix: A Tight Lower-Complexity Bound

In this appendix, we refine the proof in [74, Section 3.2] to obtain a new lower-complexity
bound on the class of nonsmooth, convex, and Lipschitz-continuous functions, which together
with the results discussed above form a tight complexity result for this class of problems. More
precisely, under the setting of §3.2.1, we show that for any first-order method, the worst-case
absolute inaccuracy after N steps cannot be better than \L/—I;V, which is exactly the bound attained
by Algorithm KLM.

In order to simplify the presentation, and following [74, Section 3.2], we restrict our atten-
tion to first-order methods that generate sequences that satisfy the following assumption:

Assumption A. The sequence {x;} satisfies

xi € xp +span{f'(x1),...,f (xi1)},
where f’(x;) € df(x;) is obtained by evaluating a first-order oracle at x;.

As noted by Nesterov [74, Page 59], this assumption is not necessary and can be avoided by
some additional reasoning.
The lower-complexity result is stated as follows.

Theorem 3.10. For any L,R > 0, N,p € N with N < p, and any starting point x| € RP, there
exists a convex and Lipschitz-continuous function f : RP — R with Lipschitz constant L and
[x% —x1[| < R, and a first-order oracle 0 (x) = (f(x), f'(x)), such that

Flaw)— f* > %

for all sequences xi,...,xy that satisfies Assumption A.

Proof. The proof proceeds by constructing a “worst-case” function, on which any first-order
method that satisfies Assumption A will not be able to improve its initial objective value during
the first V iterations.

Let fy : R? — R and fy : R” — R be defined by

In(x) = @%’W’ ei),

fv(x) = Lmax(fiv (x), |[x]| = R(1+N7'72)),

then it is easy to verify that fy is Lipschitz-continuous with constant L and that

is attained for x* € R? such that
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We equip fy with the oracle Oy(x) = (fiy(x), f;(x)) by choosing f3,(x) € d f(x) according to:

7 Lfy(), fu@) = x| —R(1L+N""/2),
In&x) =194 12 (3.8.1)
L S < [l —R(1+N7172),
where
fv@x) =ex, F=min{i: fx(x) = (x,e;)}. (3.8.2)
We also denote ‘
R7:={xcR’: (x,e;) =0, i+1<j<p}
Now, let x1,...,xy be a sequence that satisfies Assumption A with f = fy and the oracle
Oy, where without loss of generality we assume x; = 0. Then f_](,(xl) = e; and we get xp €
span{f(x1)} = R, Now, from (x;,e3) = -+ = (x2,en) = 0, we get that min{i : fiy(x) =

(x,e;)} <2 and it follows by (3.8.1) and (3.8.2) that fy(x2) € R*” and fy(x2) € R*P. Hence,
we conclude from Assumption A that x3 € span{fy (x1), fy(x2)} € R*P. It is straightforward
to continue this argument to show that x; € R"=!” and f} (x;) € R"? fori=1,...,N, thus xy €
RN=1'P_ Finally, since for every x € RV =17 we have fiy(x) > (x,en) = 0, we immediately get

fnv(en) — fy > LR

which completes the proof. []
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Chapter 4

An O(1/¢) Algorithm for a Class of
Nonsmooth Convex-Concave Saddle-Point
Problems

We introduce a novel algorithm for solving a class of structured nonsmooth convex-concave
saddle-point problems involving a smooth function and the sum of finitely many bilinear terms
and nonsmooth functions. The proposed method is simple. It uses only one gradient of the
smooth term, one proximal map of each nonsmooth part, and matrix-vector multiplication per
iteration. We prove that the proposed algorithm globally converges to a saddle-point with an
O(1/¢) efficiency estimate. We illustrate its relevance for tackling a broad class of composite
minimization problems and its performance through numerical examples for the image deblur-
ring problem and for the fused lasso logistic regression problem.

4.1 Introduction

In this chapter, we consider a class of nonsmooth structured convex-concave saddle-point (SP)
problems. By structured we mean that the model consists of a saddle-point function that is a
sum of a smooth function (i.e., with Lipschitz continuous gradient), with a finite collection of
nonsmooth functions and bilinear terms. The precise definition of the model appears in Section
4.2. This model is very rich and encompasses most convex optimization models arising in a
wide array of applications in signal/image processing and machine learning, see for instance
the two very recent edited volumes [80, 92].

The past and current research activities in the search of methods for solving the alluded
class of convex-concave SP problems and their relatives composite nonsmooth minimization
problems, have been intensive over the past five decades and has been recently revived due to
their relevance in many applications. As a result, the body of literature is rather very large,
and clearly this chapter does not intend to review all these developments. For some of earlier
representative works see, e.g., [3, 6, 7, 59, 81, 64, 46, 97, 41, 35, 98] and for more recent
studies see, e.g., [12, 70, 28, 84] and references therein. The main focus of these works has
been on the sequential convergence analysis of algorithms for various types of problems as
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well as their extensions through abstract frameworks, see for instance the very recent work
[84] which introduces a generalized forward-backward algorithm and also provides a very good
synthesis of many methods (old and more recent), including an up-to-date comprehensive list
of references. Here, we focus on methods with provable nonasymptotic efficiency estimates.

The main goal of this chapter is to present a simple and novel algorithm for the class SP and
their relatives composite nonsmooth minimization problems that achieves the nonasymptotic
efficiency estimate O(1/¢), where € > 0 is the desired accuracy. To the best of our knowledge,
this is the best known rate that can be achieved for this class of composite nonsmooth SP with
first order methods (FOM) capable of efficiently solving large scale applied problems. The
motivation emerges from the current trends of research efforts on FOM which rely on special
structures and data information to devise simple schemes that are faster than the more gen-
eral approaches which rely on classical nonsmooth optimization algorithms, e.g., subgradient
methods which are often very slow, sharing an O(1/€?) efficiency estimate [72, 18].

To put our contribution in perspective, let us briefly review some state-of-the-art methods
which have led to these improvements in the efficiency estimates for FOM. For the simplest
convex composite minimization problem which consists of minimizing the sum of a smooth
function with a nonsmooth one, Nesterov [78] and Beck-Teboulle [19] have proven that it is
possible to devise schemes with the improved efficiency estimate O(1/1/€), namely like the
so-called “optimal gradient method” [73]. Both methods assumes that the proximal map of the
nonsmooth function is “easy” to compute. However, when the nonsmooth function is composed
with a linear map, the resulting proximal map is generally not an easy task any more. Moreover,
for problems involving a finite sum of such terms, which is one of the problem of interest in this
chapter, the situation obviously becomes much harder and often leads to intractable problems.

We now briefly describe three main approaches that can overcome this difficulty as well
as their limitations and which have motivated the present study. It is well known (see, e.g.,
[43]) that convex-concave SP problems can be reformulated as special case of the more general
variational inequality problem. Korpelevitch [59] proposed the so-called extra-gradient method
which can solve the monotone Lipshcitz continuous variational inequality problem, and hence
the general but smooth convex-concave SP problem. Extra-gradient based algorithms have been
recently shown to exhibit an O(1/¢€) efficiency estimate by Nemirovsky [71] and independently
by Auslender-Teboulle [11]. However, these extra-gradient type methods cannot in general be
applied for nonsmooth SP problems without adequate reformulations or further assumptions,
see for instance the recent work [52]. Moreover, they double the amount of computation of pro-
jections, due to the needed extra-projected gradient step, and as a result this can often severely
affect their performance, see Section 4.5 for more details.

Another approach is to exploit the “max-structure” inherently present in the SP formulation.
This was proposed by Nesterov [76], who developed a smoothing method combined with a spe-
cific fast gradient scheme to derive a method with an O(1/¢) efficiency estimate. This method
requires knowledge of the smoothing parameter (which depends on the desired accuracy) and
on compactness assumption. For a unified framework analysis on smoothing, FOM and their
extension, see the recent work [21].

The third approach relies on primal-dual methods. Recently, Chambolle and Pock presented
in [33] a primal-dual method that can solve the nonsmooth SP which emerges from the classical
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convex minimization model, i.e., the sum of two nonsmooth convex functions, one composed
with a linear map. The method was proven to achieve an O(1/¢€) efficiency estimate and has
been shown to be successful in solving a wide variety of problems in image sciences. However,
an O(1/¢) efficiency estimate is not known for the method [33] if applied to problems involving
the sum of finitely many composite nonsmooth terms. Moreover, the model and algorithm [33]
does not distinguish (and hence does not exploit) the possible presence of a smooth term. As
a consequence, when a smooth function is present, it requires computing the proximal map of
both the nonsmooth and the smooth function, and the later can often be a major computational
issue, see Section 4.5 for further discussion and details.

Motivated by the above recent developments, we present a novel and simple algorithm to
tackle the class of SP problems which is proven to globally converge to a saddle-point with effi-
ciency estimate O(1/¢€), where € > 0 is the desired accuracy. By simple we mean an algorithm
which at each iteration utilizes one gradient and one proximal map operation on the given nons-
mooth function, assumed to be easy to compute or/and can be efficiently computed. Moreover,
the remaining operations consist only of multiplying a matrix by a vector, that is, no matrix in-
version is involved and furthermore we do not rely on nested optimization schemes. To achieve
these goals we blend in a peculiar fashion some fundamental and old ideas such as duality,
predictor-corrector steps and proximal methods which are reminiscent to [35] and its extension
in [98], see Section 4.2 for details and the proposed algorithm. In Section 4.3 we derive the
promised global nonasymptotic efficiency estimate, and as an easy by-product the sequential
convergence is also obtained. Our approach, which exploits the interplay between optimization
problems and their saddle-point representation, allows to efficiently address the important class
of structured convex models involving the sum of smooth function with a finite sum of nons-
mooth functions composed with linear maps in the objective or in the constraints. In particular,
the much more difficult and computationally demanding task which often required to compute
the proximal map of the (sum of) composition of the given nonsmooth functions with linear
maps is avoided, yet our method allows to preserve the O(1/¢) efficiency estimate within mini-
mal computational effort, see Section 4.4. To demonstrate the relevance and performance of the
proposed algorithm when compared to some recent state-of-the-art schemes sharing the same
iteration complexity, numerical illustration on the constrained total-variation image deblurring
problem and the fused lasso logistic regression problem are presented in Section 4.5. Lastly, we
conclude with two appendices: the first appendix discusses a rate of convergence result for the
primal representation of a problem that is solved via its saddle-point representation. The second
appendix presents a formulation of the proposed method in the PEP framework introduced in
Chapter 2.

Notation. The set of symmetric p X p positive (semi)-definite matrices is denoted by Si n
(SI:L). We also use M = 0 (M = 0). For any vector z € R” and any M € S¥, we define the
semi-norm induced by M, as follows ||z||,, := (z,Mz)"/?. When M = I,, the p x p identity
matrix, the standard Euclidean norm is recovered, and will simply be denoted by ||z||. Also,
recall that for any real matrix W € R"*? and any given vector norm ||-||', the induced norm of
W is defined by |W|| = max {||Wz||": ||z||" = 1}. For h: RP — (—oo, 0] which is proper, lower-
semi-continuous (Isc) and convex, its conjugate is defined by A* (y) := sup,crs» {(x,¥) —h (x)}.
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Other standard convex analysis notations not explicitly defined here can be found in any text,
e.g., [86].

4.2 The Saddle-Point Model and The Algorithm

We begin by describing the setting of the nonsmooth convex-concave structured saddle- point
problem of interest.

4.2.1 The Saddle-Point Problem

We consider convex-concave saddle-point problems of the form

(M) min max {K (u,v) := f (u) + (1, /v) =g (v)},

ucR" ycRd
where f and g are convex functions and <7 is a linear map such that

(i) f:R" — Ris aconvex function which is continuously differentiable and its gradient V f
is Lipschitz continuous with constant Ly, i.e., for all uy,u; € R", we have

|Vf(u1) = Vf(w)| <Lglluy —ual|-

(ii) gi:R% — (—oo,4oo], i =1,2,...,m, is a proper, lower semicontinuous (Isc) and convex
function (possibly nonsmooth). With v; € R%, we define v := (Vi,va,...,vm) € R? where
d=Y!" d andweletg: RY — (—o0, +o00] be the proper, Isc and convex function defined
by

gv) =) giv).

i=1
(iii) A; :R% — R", i=1,2,...,m, is a linear map and we let <7 : R? — R" be the linear map
defined by &/v =Y | Av;.

Note that the model (M) can easily include constraints on the variable v, thanks to the fact that
g is extended valued. On the other hand, our model’s formulation does not include constraint
on the variable u. We will later show on Section 4.4 how constraints on u can be adequately
handled.

The choice of our model (M) is not accidental. As we shall see, the saddle-point approach
will offer much flexibility in tackling various composite optimization models arising in many
important applications within the proposed algorithm (see Sections 4.4 and 4.5).

4.2.2 The Standing Assumption

Throughout this chapter, our standing assumption is that the convex-concave function K(-,-)
has a saddle-point, i.e., there exists (u*,v*) € R” x R? such that

K(u*v) <KW v <K@uyv"), YuecR" veR?
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The existence of a saddle point corresponds to zero duality gap for the induced optimization
problems

and (D) sup (¢ (v) = inf K (u,v)].

veRd ueR"

(P) inf [r(u) = sup K (u,v)
ucR” veR4

One always has inf,cgn 7 (1) > sup,cga g (v) (i.e., weak duality). In addition, («*,v*) is a saddle-
point of K if and only if «* is an optimal solution of the primal problem (P), v* is an optimal
solution of the dual problem (D), and
inf sup K (u,v) = sup inf K (u,v) =K (u*,v"),
ucR” veRd veRd uceR”

where K (u*,v*) is the saddle-point value. For ease of reference, we denote by Sp and Sp the
optimal solutions sets of the primal-dual pair (P)-(D), respectively. For standard qualification
conditions (as well as more conditions) which warrant this equality, i.e., the existence of saddle-

points for convex-concave K, we refer the reader to the monographs [9, Chapter 5] and [89,
Chapter 11].

4.2.3 The Algorithm

Before we state our algorithm we need to recall the definition of the Moreau proximal map [68]
and to introduce some convenient notations.

Let h: R? — (—o0,00] be a proper, Isc and convex function. For any x € R” and M € S,
the proximal map associated with /4 is defined by:

) 1
prox, (x) == argmin,, {h(y) + 3 Hy—xHIZW} . (4.2.1)

Clearly, the proximal mapping is well (uniquely) defined for any x € R” and any M € Sﬁ 4
When M = ,u_llp, u > 0, where I, stands for the p X p identity matrix, we simply use the
following notation proxﬁ (-). We also recall the fundamental Moreau proximal identity [68]
which states that the proximal mapping of a function can be easily computed from the proximal
mapping of its conjugate (and vice-versa), that is, for any z € R”

prox}y (z) +Mprox!, , (M™'z) =z, (4.2.2)

where M~ is the inverse of the symmetric positive definite matrix M.

For any given real numbers o1,0,...,0, > 0, we denote S; := Gi_lldi, i=1,2,...,m,
where 1; stands for the d; x d; identity matrix, and define the block diagonal matrix S :=
Diag [S1,52,...,5m] € SL, withd =Y, d;.

The algorithm we propose consists of a predictor-corrector gradient step for handling the
smooth part of K and a proximal step for handling the nonsmooth part. The idea of using
predictor-corrector steps goes back to the work of [35] in the context of augmented Lagrangian
methods, and was further extended in [98] to handle general monotone inclusions, and in par-
ticular convex-concave saddle point problems like (M). This will be further discussed below.
The main steps of the algorithm now follow.
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PAPC: Proximal Alternating Predictor Corrector
Initialization. (1°,1°) € R" x R? and let 7 > 0, >~ 0.
General Step. For k = 1,2, ..., compute

=g (gfv"*l VS (ukfl)) : 4.2.3)
v = prox}, (V’H 4+ 5 lT pk) , 4.2.4)
s (;z{vk VS (uk_1>> . 4.2.5)

The choice of the parameters 7 and S will be made precise in Section 4.3.

A few remarks regarding the computational steps involved in the PAPC method are now in

order.

¢ A major computational effort of the method is given in the second step (4.2.4). Since here
g(v) =Y, gi(vi), using the definition of the matrix S we immediately obtain that at any
given point x; € R4, i=1,2,....m,

prox§ (x) = (prox&} (x1),prox$ (x2),...,proxg’ (xm))

and hence the second step of the algorithm (4.2.4) decomposes accordingly and for all
i=1,2,...,m we have

1
26,'

v{.‘ = prox‘f}i <vf‘l + GiAiTpk> = argminweRd,. {g,- (vi)+

2
vi— (V?_l +GiAiTPk> H }

Thus, the algorithm PAPC achieves full decomposition for the given structure of K in the
sense that for each i, it avoids the much more difficult task of computing the proximal
map of the composite function g; 0 A;, and only requires computing the proximal map of
gi(),i=12,....m.

e The algorithm uses only one evaluation of the gradient of the smooth function f, and a
careful implementation requires only one application of the operator </ and one appli-
cation of the operator .77 per iteration. Thus, for large scale problems this potentially
amounts to a considerable reduction of computation time compared to the straightforward
implementation.

Before proceeding with the analysis and convergence properties of the algorithm, we end
this section with some remarks discussing the underlying nature of the PAPC method and its

relation to well-known methods.

Despite some striking similarities between PAPC and the scheme proposed in [98, Example
4, p- 963], the algorithm PAPC is different. Indeed, a simple computation shows that applying
the algorithm in [98] on model (M) would require to compute two gradients of f (one at p*
and one at u*~ 1) per each iteration (as opposed to one in PAPC), and it uses the same step-size
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for all iterations, as opposed to PAPC which used (7,S). Moreover and most importantly, the
iteration complexity of the method [98] appears to be unknown.

In fact, it turns out that we can give an interesting dual interpretation of PAPC via the well-
known proximal gradient (ProxGrad) (e.g., [20]). For simplicity of exposition, it is enough to
consider the saddle-point model with m = 1, that is, A := &/ = A, d| =d and g; = g. More
precisely we thus consider,

(M1)  min max {f (u) + (u,Av) — g (v)} = min { f (u) +g* (ATu)},

ueR" ycRd ueR”

and its dual (conveniently rewritten as a minimization problem with appropriate change of sign)

(DM1) min{f"(-Av)+g(v)} = min {f"(n)+g(): n+Av=0}.
veRd veRY neRrn

Since f is assumed with L¢-Lipschitz gradient, it means that by [89, Proposition 12.60, page
565], its conjugate f* is L;l—strongly convex. It is then well-known that applying the ProxGrad
on (M1) is equivalent to applying the so-called alternating minimization (AM) algorithm [46,
97] on (DM1). An easy computation show that this reduces to the following steps: for k =
1,2,..., compute

: T . 1 k1] :
W = argmin _pa {g(v)—{—EHAv—}—Vf <uk 1)_1. 1k 1H }EargmlnveRd {e(v)+ P, (v)}

o= g (Avk VS (uk_1>) : 4.2.6)

The main difficulty is in the step to compute v¥, which in general will be a computationally a too
demanding task! due to the least-squares term P (-). This step consists of minimizing the sum of
nonsmooth function, g (-), with a smooth one P (here with Lipschitz constant Lp, = T HATAH).
In the spirit of [35], the alluded difficulty can thus be avoided by solving it approximately. More
precisely, let us apply “one shot” (iteration) of the ProxGrad scheme. That is, given some ¢ > 0,

with 0T ‘ ATAH < 1, we replace the first step by its approximate version,
k - Ol (k1_ -1 1)) |I?
V' = argmin,cpa § & (V) + SV o V,P (v , 4.2.7)
where
V., P, (vkq) = AT (Avk*1 +Vf (u]“l) — Tﬁluk%) = —ATpk
with

oo ukfl_T(Akal_i_Vf (uk”)). (4.2.8)

It can be immediately seen that the resulting Approximate Alternating Minimization (APxAM)
scheme just derived and defined via (4.2.6), (4.2.7) and (4.2.8) reduces exactly to the proposed
PAPC method.

'In the particular case ATA = I, we simply obtain that v* = prox‘gr',1 (AW =1V fuk1))).
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Remark 4.2.1. As a by-product of the above development, the forthcoming sublinear rate of
convergence result for PAPC (see Theorem 4.5) also proves that the same rate of convergence is
shared by this approximate version of the so-called alternating minimization algorithm, a result
which to the best of our knowledge appears to be new. The connection between the 4 discussed
algorithms can be conveniently summarized as follows

ProxGrad on (M1) = AM on (DM1)
PAPC on (M1) — APXxAM on (DM1)

Thus, in the particular case when &/ = I, the four algorithms coincide and reduce to the Prox-
Grad method when applied to the standard composite model minimizing the sum of a smooth
and nonsmooth function.

Remark 4.2.2. A this juncture, we also note that very recently, a fast version of the alternating
minimization was derived in [22]. It was shown there that the dual objective function sequence
converges at the rate of O(1/k?) while the rate of convergence of the primal sequence is of the
order of O(1/k). Unfortunately, the results of [22] are not applicable to our model (M1).

4.3 Main Convergence Results for PAPC

In this section, we establish the main convergence properties of the PAPC algorithm. In particu-
lar, we prove its global rate of convergence, showing that it shares the claimed O(1/¢) efficiency
estimate. As an easy by-product we also derive a global convergence of the sequence generated
by PAPC to a saddle-point of K (-,-). We start with few preliminaries.

4.3.1 Elementary Preliminaries

Let 4 : R” — R be a continuously differentiable function whose gradient VA is assumed to
be Lj,-Lipschitz continuous. Then, we have the well-known property (usually referred as the
Descent Lemma for smooth functions, see for instance [26]):

L
h(u) <h(v)+{(u—v,Vh(v))+ Eh lu—v|*, VuveRP. 4.3.1)

For convex functions, we can then deduce the following useful inequality.

Lemma 4.1. Let h: R? — R be a convex and continuously differentiable function such that its
gradient is Lipschitz continuous with constant Ly. Then, for any three points x,y,z € R?, we
have

Ly,
h(x) <h(y)+(Vh(z),x=y)+ - le—z].
Proof. Since h is convex and differentiable, the gradient inequality holds, i.e.,
0§h(y)—h(z)—(Vh(z),y—z>, vy7Z€Rp7
and from (4.3.1) we obtain
L
h(x) <h()+(Vh(z)x—2) + 5 |x =zl

Adding these two inequalities yields the desired result. [
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The next lemma is the well-known proximal inequality (slightly extended with respect to a
given matrix M € SfL) that will be systematically used in the forthcoming analysis.

Lemma 4.2. Let h: RP — (—oo,00| be a proper, Isc and convex function. Given M € Sﬂ’_ and
x € R?, et

. 1
z € argming ey { (&) + 5 & 13 |

Then, for all & € RP, we have

h(z)—h(&) <(E—z,M(z—x)).

Proof. The optimality condition characterizing z yields Y+ M (z —x) = 0 with ¥ € dh(z). In-
voking the subgradient inequality for the convex function & we get that for any z,& € R?,

h(z) =h(§) <(§—2z,=7) = (6 —z,M(z—x)),
which completes the proof. []

Finally, we recall the Pythagoras identity that will be useful in the analysis. For any matrix
M € S”, we have

2{w—v,M(u—v)) = ||w—v||12‘,,—||w—u||12v,—|—|]u—v||i4, YVu,v,weRP. 4.3.2)

4.3.2 Global Rate of Convergence of the PAPC Method

To establish the iteration complexity of the PAPC algorithm and the convergence of the gener-

ated sequence { (u*,v*) }, . we consider the following quantity

'k (u,v) :K<uk,v> —K(u,vk>, VueR", veR

Our main task is to find an upper-bound for I'y(u,v), k € N. Indeed, I’y (u,v) <0 for all u € R"
and all v € R? implies

K(uk,vk) SK(u,vk), YueR"

K(uk,v> < K(uk,vk) , VveR?

namely, that (u¥, V%) is a saddle-point of K with saddle-point value K (u*, ). We now proceed
to prove two key inequalities which will be the basis for proving our main convergence results.

Lemma 4.3. Let {(p*, V%, u¥)}ren be the sequence generated by the PAPC algorithm, then for
every k € N and every u € R", we have
2 1/1 L
o\t

1
K(uk,vk> —K(u,vk) < — <
27

k

2 2
u—ukilH —lu—u uk—uqu .
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Proof. Applying Lemma 4.1 on the convex and differentiable function & () := K (u,vk) with
x:=uF, y:=wuandz:= w1, yields

L
K <uk,vk) —K(u,vk> < <VMK <uk71,vk) ,uk—u> + 7f

Using the fact that V,K (u*~!, V%) = oWk + V£ (ub=1) = =1 (b1 — uF), where the last equa-
tion follows from the definition of step (4.2.5), we get
1 Ly 2
K <uk,vk> —K <u,vk> < p <uk_1 —uk,uk—u> + 7f Huk—uk_l H .

The desired result follows by using the identity (4.3.2) with M = I,,, for the first term in the right
hand side of the above inequality. ]

2

u

k_ukle

Lemma 4.4. Let {(p*,u*,v5)}ien be the sequence generated by the PAPC algorithm and as-
sume that the matrix G := S — 1./ of is positive semidefinite. Then, for every k € N and every

v € R?, we have
k k  k 1 ko k—1])?
K(u,v)—K(u,v)S— ‘ ve—v H .
2 G
Proof. First, note that by the definition of K (-,-) we have
—K (p",V) =g(v) - <%Tp",V> —f(pk> :

and hence step (4.2.4) of PAPC can be written (after omitting constant terms) as

—K(pk.. 1 ’
= proxg K0 (441) = i, { ¢ (5] 2 o [

2 2
V—Vk

G

G

V—V

k—lH

2
Applying Lemma 4.2 to the convex function i(v) := —K(p*,v) with & := v, z:= VK and x :=
Vi1 yields
K<pk,v> —K(pk,vk> < <vk—vk*1,S<v—vk>>. 4.3.3)

Now, from the definition of K(-,), simple algebra shows that the following identity holds
K <uk,v> —K (uk,vk> +K (pk,vk) —K (pk,v) = <uk—pk,sz% (v—vk> > (4.3.4)
Using the definitions of p* and u* given in steps (4.2.3) and (4.2.5), respectively, we have
ik — pk = toy <vk71 _Vk>,
hence, together with (4.3.3) and (4.3.4), we obtain
K (uk,v) —-K (uk,vk> = <uk—pk,,527 (v—vk> > +K (pk,v) —K (pk7vk>
< ‘C<Vk_1 —vk T ot (v—vk> > + <vk—vk_1,S <v—vk>>
= <vk—vk_1, (S—’L'%Tszf) (v—vk>>.

Thus, with G := S — 77T o/, which assumed to be positive semidefinite, the desired result
follows by using the identity (4.3.2) with M = G. [l
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Before we proceed with the convergence results, we need some additional notations. For
any sequence {x*};cy and any integer N > 1, we denote by

N Ly
. Nk:1 7

the average (ergodic) sequence associated with {x" }en. For the parameters 61,0,,...,0, >0
used in PAPC, we denote ¢ := max<;<,, 0;.

The global rate of convergence result for the ergodic sequence now follows.
Theorem 4.5. Let {(pk,uk,vk)}keN be the sequence generated by the PAPC algorithm with
Ly <1 and cTY], IAil|> < 1. Then, G =S — 14T o is positive semidefinite and for every
u € R" and v € R?, we have
-1 0112 0112
o =+ =l

K(ﬂN,v)—K(ujN)S N

Proof. We begin by showing that the condition 67" , |Ai]|* < 1 implies that the symmetric
d x d matrix G is positive semi-definite. First, note that G = S — 7./ .o/ = 0 if Apip () >
TAmax (@7 o), where Amin (+) (Amax (+)) stands for the minimal (maximal) eigenvalue of the
given symmetric matrix. Recalling the definition of S given in Section 4.2.3, we obtain

1 1
maxi<;<m Oj (03
and hence the last condition reduces to 6 TApax (427 4 ) < 1. On the other hand, using the
definition of .o/ we have

m

m
<Y [lATaill = Y llail?,
=1 i=1

=

m
Y ATA;

i=1

s (/7 ) = || | =

and the first part of the claim follows. Now, let u € R"” and v € R4, Since we assume that
TLy < 1, using Lemma 4.3 we get that for all k € N
2 1 /1 2
)‘E(E—LOH“‘““W

1 2
) ) < (o o

1 2 2
S—(Hu—uk_lH —Hu—ukH ) 4.3.5)
27

On the other hand, with G > 0, from Lemma 4.4 we immediately obtain that for all k € N

k() -k () <2 (- o)

Adding this inequality to (4.3.5) we get for every k € N, and for all u € R", v € R?

K (i) K (1) < 5 D1 (S A e

k

2
)—M—M

u_ukq‘
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Now, since K (u,v) is convex-concave, using the definition of ( Y ) by the Jensen inequality
and using the last inequality we get

K (@ ,v) =K (u,7") ( Z” V) ( lei >

)
1 A 1 k—1 2 k 2
L (bl bt

2 2 1 5 )
=gy (=il =i ) + 535 (I =16 = I =*1)

1 2 1
<o =7+ o5 ="l

which proves the claimed result. L

Two important consequences of this global upper-bound established in Theorem 4.5 can be
deduced. The first states that the PAPC method possesses a sub-linear global rate of conver-
gence. More precisely, let € > 0, then following Nemirovsky and Yudin [72], a point (ug, ve) is
called an g-saddle-point for K if

sup{K (ug,v) —K (u,ve) : u€ Sp,ve Sp} <e,

where Sp is the optimal solutions set of the primal problem and Sp is the optimal solutions
set of the dual problem associated to the saddle-point function K (see Section 4.2). Using
this definition, we thus immediately obtain from Theorem 4.5 the following efficiency estimate
result.

Corollary 4.6. Let {(pk uk vk) } ren be the sequence generated by the PAPC algorithm with
Ly <1and ot} ||A; 12 < 1. Assume that both optimal solutions sets Sp and Sp associated

to the saddle-point problem (M) are compact®. Then, given a desired accuracy € > 0, the PAPC
method produces an g-saddle-point (it ,"") of K in N = O(1/¢) iterations.

Another easy consequence of Theorem 4.5 is a convergence result of the sequence generated
by PAPC to a saddle-point of problem (M).

Corollary 4.7. Let {(p, uk V) }ren be the sequence generated by the PAPC algorithm with
tLy <1 and oty ||Ai 1> < 1.Then, the sequence {(u*,v*)}ren converges to a saddle-point

(u,v) of K.

Note that under standard qualification conditions, which is our standing assumption (cf. Section 4.2.2), the
optimal set Sp of the dual problem associated to (M) is always compact.
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Proof. From Lemmas 4.3 and 4.4 it immediately follows that for any u € R”, v € R? and for all

ke N
1 2 1/1
K(uk,v>—K(u,vk> <2—< — uk—uH >_§<E_Lf>

1 2 2 2
L (O A A A
2 G G G

In particular, let (u*,v*) € R" x R be an arbitrary saddle-point of the function K, then by the
saddle-point property, K (u*,v*) — K(u*,v*) > 0, and it follows from the last inequality that

(5-+)

where w := (u,v) € R" x R? and we define

k—1 2

u —u

2
%_J%H

2
vk k=t HG <D <wk_1,w*> -D <wk,w*> , (4.3.7)

1
D (wi,wy) = g llur — ua||* + [|vi —val[ -

As a consequence of (4.3.7), the sequence {D(w*,w*)};cn is non-increasing and therefore the
sequence {wk}keN is bounded. On the other hand, summing (4.3.7) forany k =1,2,...,N yields

s (2-0)

2 2
e Mk—lH +HVk_Vk_1HG]§D(WO’W*)’

and hence with G = 0 and Ly7 < 1, we obtain

u"—u’HH —0 and lim Hv"—v"*lHG:o. 43.8)

k—>°° k%oo

Since the sequence {wX};cy is bounded, it has at least one limit point. Suppose that w = (i, V)
is a limit point of the sequence {wX};cn, then taking the limit in (4.3.6) over the appropriate
subsequences and using (4.3.8) yields

K (u,v)—K(u,v) <0, YueR" ve RY,
which proves that (u,V) is a saddle-point of K. To complete the proof it only remains to show

that {w*}cx has a unique limit point. This follows by a standard argument, see e.g., [87, page
885]. []

The saddle-point model (M) covers a very broad class of generic convex optimization prob-
lems arising in many applications. Below we describe some typical important prototype prob-
lems.

81



4.4. COMPOSITE MINIMIZATION VIA SADDLE-POINT

4.4 Composite Minimization via Saddle-Point

Our main purpose in this section is, on one hand, to illustrate the flexibility of the model (M),
and on the other hand, the simplicity of the resulting PAPC algorithm when applied to these
problems. To do so, we first recall the following fundamental result [86] which states that the
bi-conjugate of a proper, Isc and convex function & : RP — (—o0, 0| coincides with itself, i.e.,
h** = h. Thus, any proper, Isc and convex function 4 admits the following variational max-
representation

h(x) = max {(u,x) —h" (u)}.

ucRpP
This well-known and fundamental relation is in fact the key player for handling constraints
as well as for deriving “full splitting” of most optimization problems involving composition
with linear maps through their saddle-point representation in the form (M). This mechanism is
described in the next part, and then we illustrate it on various class of optimization models.

4.4.1 The Dual Transportation Trick

Let U C R" be a closed and convex set, consider the following constrained convex problem

(C) min {F (u): ucU}.
ucRp
Let &y denotes the usual convex indicator function of the set U (i.e., 0 if u € U and o otherwise).
Recall that the conjugate of y is the so-called support function of the set U, denoted by oy :
R? — (—o0,00] and given for any x € R? by

oy (x) := sup {{(u,x): uc U} =g (x). (4.4.1)
SN
The support function oy (-) is always convex (with U convex or not). Moreover, Oy is proper,
Isc and convex when U is a closed and convex set, thus in this case o, = 8y. Equipped with
these basic objects, problem (C) can be written

min {F (u) + 0y ()} = min max {F (u) + (u,v) — & (v)} (4.4.2)
= min max {(u,vi) —F"(vi)— (u,v2) — o (n)}. (4.4.3)

ueRP vy v eRP

Clearly, both saddle-point representations given in (4.4.2) and (4.4.3) can be seen as particular
cases of model (M), yet they illustrate two important different goals: (4.4.2) provides a way to
reinterpret a constrained optimization problem as an unconstrained saddle-point problem, while
(4.4.3) provides a way to continue and further decompose the problem to fit our model (M) in
the case where F is also nonsmooth. For ease of reference we call this the dual transportation
trick. It allows to transport the primal constraint variable u € U into the objective function, but
with an additional nonsmooth convex function oy = §;; in the dual space of the saddle-point
function.

This elementary transportation trick plays a key role in our way to treat primal constraints
in saddle-point problems as well as quite general convex composite optimization problems as
described below.
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4.4.2 Handling Constrained Saddle-Point Problems

Let U C R” be a closed and convex set, consider the following constrained saddle-point problem
(here for simplicity of exposition it is enough to look at m = 1, which means that, d = d,
o =A1=A, g1 (v)=g(v) and 0] = O):

(CM) {,‘éi{}mﬁ’j {K (u,v) = f(u) + (u,Av) —g(v)}.

Since the PAPC method requires the problem to be unconstrained (cf. problem (M)), the method
cannot be directly applied here. However, using the dual transportation trick just described
above, we obtain the following equivalent unconstrained saddle-point problem which is com-
patible with the requirements of the PAPC method

(CM) min max {K'(u;v,w):= f(u)+ (u,Av) — g (v) + (u,w) — oy (w) } .
ueR" ycRd weRn

Observing that the inner maximization problem in (CM’) is separable in the variables v and w,
the PAPC method for solving the constrained saddle-point problem (CM) can be formulated as
follows.

PAPC: constrained version
Initialization. (1°,v%,w’) € R" x RY x R" and 7,0 > 0.
General Step (k=1,2,...)

S N (Avk_l Fwkl vy (uk_1>>, (4.4.4)
vk = proxé, (vkil + GATpk> , (4.4.5)
wk = prox&V (wk*1 + ka) : (4.4.6)
Wk =kl g (Avk Fwk 4V (uk_l)> . 4.4.7)

Thanks to the Moreau proximal identity, the step (4.4.6) can be readily computed using the
proximal mapping of the function Oy, which is nothing else but the projection onto the set U,

and thus reads as:
k—1 k
w o
wk:wkfl—l—dpk—GPU (—;_ P ) .

It is important to notice that while the support function of the set U was needed to model our
constrained problem in the form (M), the computation/knowledge of the support itself is not nec-

essary. Theorem 4.5 holds on problem (P') with the parameters TLy <1 and 67 (HAH2 + 1) <1.
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4.4.3 Composite Minimization with Sum of Finitely Many Terms

Let U C R" be a closed and convex set. The problem of interest can be described as follows

m

(Gen) min {F (u) +i;Hi (Biu): u e U} ,

where F is a smooth and convex function on R? (see (ii) of the problems setting in Section 4.2),
H;, i=1,2,...,m, is a proper, Isc and convex function over R4 (extended valued) and B; €
R% x RP. This model is quite general and covers many interesting problems in imaging sciences
and machine learning for which numerical results will be presented in Section 4.5. This model
also includes convex problems with separable structure in the objective and coupling linear
constraints of the form

(SC) min { i v (x;) : iBix,- = b} )
o=t i=1

Indeed, a direct computation shows that a dual formulation of problem (SC)? also fits the model
(Gen) with F := (u,b), H; := y; and B; + —B!.

Using the dual transportation trick for the constraint # € U, and the fact that H; is proper, Isc
and convex, problem (Gen) can be written as

min  max F(u)+ Bl yiu)+ w,u) =Y HF (y;) — oy (w) b,
MERPyiERd",WERP { ( ) 1:21< iy > < > 1:21 i (yl) U( )}
which clearly reduces to a saddle-point problem in the form (M) with saddle-point function
K (u,v) =F (u)+ (u, o/ v) — g (v) through the identification g (v) := Y. | H (y;) + oy (w), & :=
[BIT,Bg,... BL Ip] and v := (y1,y2,. -, Ym,W)-

s B

Observe that this yields a fully separable nonsmooth part in the variables y;, i = 1,2,...,m
and w, which allows for adequate decomposition in the main computational step of PAPC. In
particular, this eliminates the difficulty of computing the proximal map of the composition of a
convex function with a linear map. Thus, here the resulting proximal mapping in PAPC can be
computed separately and reads for each i =1,2,...,m as follows

H! _
vf-‘ = proxg, (vf‘ T4 G,-B,-pk> ,
wk = prox% (wk_l + ka> .
As noted earlier, thanks to the Moreau’s proximal identity, the proximal map of the conjugate
function H, i =1,2,...,m, can be easily computed from the proximal map of the function H;

(which are assumed to be simple) and the computational step for w amounts to computing a
projection onto the set U.

Note that very recently a different algorithm was proposed in [84], where it was assumed
that F =0 and A; =1 for all 1 <i < m, and for which no efficiency estimate was established.

3For convenience, dual problems will always be re-written as minimiztion problems after an appropriate change
of sign.
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4.4.4 Constrained Composite Minimization

Another interesting model is the following constrained composite convex minimization problem

s

(C-Gen) min {F (u):

ucRp

Hi (B,'l/t) S OC} R

1

1

where F, H; (i =1,2,...,m) and B; (i = 1,2,...,m) as in the (Gen) model and here H;(-) is
finite valued. To tackle this problem, we first reformulate the constraint set as the intersection
of adequate closed and convex sets defined as follows:

A, = {ZER’”: Zziﬁa},

i=1
Ci:={(yt) eRP xR: H;(y) <t}
D;:={(u,y) e RP xR™: Bju=y}.

Then with these sets, problem (C-Gen) can be written as follows:

m

min {F (1) + 8, (2) + Y 8¢, (viszi)

i=1

_|_

m
Sp, (,y;): u€RP z; € R,y; e RY i = 1,2...,m} )
i=1

As previously explained, using the dual transportation trick, it is then easy to see that the
later can then be written as a saddle-point problem of the form (M) which will involve a sep-
arable sum of support functions. Applying the PAPC algorithm on the resulting minimax for-
mulation of problem (C-Gen), requires in this case (thanks to Moreau proximal identity) the
computation of the projection onto each set A,,, C; and D;, i = 1,2,...,m. The projection onto
A, and D; admits a closed form solution. Furthermore, the projection onto a set of the form C;,
namely the epigraph of H;, can also be computed via the following result whose simple proof is
left to the reader.

Proposition 4.4.1. Let H : R” — R be convex and let C := {(y,t) € R xR : H(y) <t}. For
any (x,s) € C, let (y,7) = Pc ((x,s)) be the projection of (x,s) onto C. Then,

7 = argmin, e, {|ly— 22+ (H (3) =5)*}  and 7=H(5).

For example, when H is a norm, i.e., H (-) := ||-||, then C is the second-order cone and a
closed form solution can be derived.

4.4.5 Rate of Convergence for the Primal Formulation

Consider the problem:
(CC) min F(u),
ucRn?
s.t. Au € C,
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where A : R" — R? is a linear transformation and C C R is a convex set which admits an
efficient projection operator and has an nonempty interior. We now proceed to show that the
sequence generated by applying the PAPC method on the saddle-point reformulation converges
in terms of the problem (CC).

We start by deriving a saddle-point reformulation for (CC). Let 8¢ be the convex delta
function of the set C, and let §/(v) = max, {(v,u) — 8c(u)} be the convex conjugate of 8¢, then
by the identity 83" = §¢, we get that the following problem is equivalent to (CC)

(CC")  min max{F(u)+ (Au,v) — 8 (v)}.
ucR" ycRd

Suppose we applied the PAPC method on this problem with the initial point (x°,") and
the output was (iiy,7y), then from Theorem 4.5 we get that for every u € R” and v € R? the
following bound holds

F(ay) + (Aiy,v) — ¢ (v) = (F () + (Au, 7v) — 6¢ (W)
I el Lt 1 (44.8)
— 2N )
where M = é[— TATA.
The next proposition establishes a bound on the rate of convergence for the absolute inac-

curacy of the primal problem, F(iiy) — F(u*). Note that the sequence {iiy} generated by the
PAPC method on problem (CC’) in not necessarily feasible for (CC).

Proposition 4.4.2. Suppose ity is generated by applying the PAPC method on problem (CC’)
then {F (i&;) };en converges to F(u*) at a sublinear rate or, more precisely,

e e P < F v — |2+ hVOII5
2kN - 2N ’

where k > 0 is some constant and u = u(N) € R¢ is some unit vector.
Note that although u depends on N, the expression ||2ku —°||3, is bounded since u is a
unit vector.

(y) —F(u") <

(4.4.9)

Proof. The upper bound. Choosing u = u* and v = 0 in (4.4.8) and noting that 85:(0) = 0, we
get:

Tt — a2+ [0,
2N ‘

Now, the term (Au*,7x) — 8(Vn) must be non-positive (since u* is feasible), and we reach the
desired bound

F(ay) = F(u”) = ({Au”, vn) = 8¢ (Wn)) <

-1 0112 0112
L e ol g "
2N
The lower bound. From this point on, we assume that our point, iy, is infeasible, i.e.,

Aty ¢ C, since otherwise F (iiy) — F (u*) is trivially bounded from below by zero. Denote by
(CC;) the problem

F(iay) —F(u") <

(4.4.10)

(CC;) minF(u),

ucR”

S.t. ¢C(Au) <t,
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where @c(u) is the signed distance to the set C, i.e.,
—inf, u—v|, uecC,
infec|lu—v||, u¢C
(it is well-known that ¢¢ is a convex function [29, Excercise 8.5]). We have
val(CCy) = F (u").

Now, denote by p the constraint violation of the point Aity,

p = ¢c(Aiy), (4.4.11)
then from the definition of p, iy is feasible for (CC, ) and we have F (iiy) > val(CC)p ) hence
F(iiy) — F (u*) > val(CCp) — val(CCy). (4.4.12)

Furthermore, by the sensitivity analysis theorem [29, Section 5.6] on problem (CC;), it follows
that there exists a constant k¥ > 0 (which is equal to the value of the optimal dual variable for
the constraint in (CC;)) such that for any r > 0

val(CC;) — val(CCy) > —xt, (4.4.13)
which together with (4.4.12) (taking t = p) yields
F(ay)—Fu*) > —xkp. (4.4.14)

Before proceeding, we need to establish another property of p. Since p > 0 is the Euclidean
distance from Ay to the set C, we can equivalently say that Ay lie at the boundary of the set
C @ pB (where @ denotes the Minkowski sum and B is the unit ball). Let u be a unit vector,
normal to a supporting plane to the (convex) set C @ pB that passes through the point Aizy,
then Aily € argmax, {(1t,u) — dcopp(u)} and we get Of (1) = (U,Ady). From the basic
properties of support functions we get

8 p (i) = () + 855(1) = 2(1) + Pl = (1) +p,
hence U is a unit vector such that
(Aiy, p) — 8¢ (1) = p-
We return to (4.4.8), with u = u* but this time we take v = 2k in (4.4.8), we get
(Aiin,2k) — 8- (2Ku) = 2Kp,
hence
et — | + |2 — Ol
2N ’

where the left inequality follows from (4.4.14). A lower bound on the primal error function
F(ay) — F («*) immediately follows:

kp < F(iay)—F(u")+2kp < (4.4.15)

Tt — a2+ 1260 VOl
2kN
(When k = 0, the value of F(iiy) — F (u*) is nonnegative from (4.4.14), and the last inequality
holds for any positive value for k.)
Combining the bounds derived above, we reach the claimed result. ]

Flay)—Fu*)>P,—PRy>—p > — (4.4.16)
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4.5 Numerical Examples

In this section, we illustrate the behavior of the PAPC method on the image deblurring and the
fused logistic regression problems. Our objective is just to demonstrate the flexibility and the
potential of the proposed algorithm. For that purpose we also compare PAPC with two state of
the art algorithms sharing the same efficiency estimate: the primal-dual method given in [33]
and the extra-gradient based method of [71, 11].

4.5.1 Image Deblurring

In the image deblurring problem we seek to recover an unknown image that has undergone
some known, but ill-conditioned transformation and was then corrupted by some statistically
independent random noise. In order to choose the best image from the possibly large set of
solutions to the inverse transformation, we turn to the successful Rudin-Osher-Fatemi (ROF)
model for image restoration, introduced in [90]. Under this model the set of feasible solutions
is reduced by assuming that the original image has a bounded value of fotal variation (TV),
defined in the discrete (and anisotropic) case for x € R™*" by (e.g., see [32])

m—1n—1

TV (x) = {|xij — Xit1,| + |Xij — Xi j41] }
1 =1

I
~
I

n
}Xi,n _Xi—b—l,n‘ + Z ‘mej - bxmvj"‘] | :
=1

=

—_

_|_

1

More precisely, let x € R™*" be the original image, .# : R™*" — R™*" be a linear (blurring)
transformation, and w € R”*" be the (unknown) random noise. Then given the observed image
b = .Z'x+w, the goal is to find an image x € R™*" which under the transformation .# produces
an image that is “close” to the observed image (i.e., has a low value of ||.#'x —b||) and has TV
value of no more than «, for some given & > 0. This problem can be formulated as a constrained
convex optimization problem:

(BTV)  min {H,///x—szz TV(x)ga},
XGR’TIX”

and is often solved via the penalty approach, which thus requires the tuning of the penalty
parameter. Here we demonstrate the applicability of PAPC on the original constrained formu-
lation.

One of the main difficulties encountered when solving problem (BTV) is the inability to
efficiently compute projections onto the feasible set {x: TV (x) < a} thus prohibiting the use
of many successful first order methods such as the celebrated fast gradient method [73].

One approach for overcoming the difficulty alluded above is by rewriting the problem as a
smooth convex-concave saddle-point problem. For that goal we introduce the linear operator
L Ry Rim=1)xn o gmx(n=1) defined by

< (x) = (p,q)
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where p € R~ D" and q € R”*("=1) are the matrices defined by

Pij=Xij—Xit+1,j, i=12,...om—1 and j=12,...,n,
qi.j = Xi,j —Xi j+1, i:1,2,...,m and j:1,2,...,n—1.

Using this notation, we can write (with some abuse of notation with respect to the usual matrix
norm) the total variation of the variable x as the /| norm of .Zx, i.e.,

TV (x) = | Zx]; -

Now, using the technique given in Section 4.4.1, problem (BTV) can be rewritten as the follow-
ing saddle-point problem

(BTV) minmax{||///x—b||2+ (Zx,2) — o ||z||w},
xclE zeF

where E := R™*" and F := Rm—1)xn y gm> (1) The PAPC method for problem (BTV’) reads
as follows.

PAPC for image deblurring — (BTV’) formulation
Initialization. (x°,z°) € Ex F and 7,0 > 0.
General Step (k=1,2,...)

ph=xk1_¢ (2/// (///x"—l - b) +$Tz’<—1) , 4.5.1)
7 = proxq'/”("&c) (zk_l + O'ka> (4.5.2)
K= xk1 g (2// (///x"—l — b) +.$Tz’<> . (4.5.3)

Note that the extra-gradient method [59, 71] cannot be applied on problem (BTV’) since the
objective is not differentiable. Furthermore, the Chambolle-Pock (CP) method [33] is theoret-
ically applicable on (BTV’), however, it requires calculating the inverse of the ill conditioned
operator .Z. A natural observation at this point is that the problem (BTV) has alternative
saddle-point formulations that are suitable for applying these methods; in the rest of this part
we compare (BTV’) to two such formulations of the (BTV) problem: one that is suitable for the
Chambolle-Pock method, and the other suitable for the extra-gradient method.

Example 4.5.1. We begin by constructing a formulation that satisfies the assumptions of the
successful CP method. As mentioned above, the reason that the CP method cannot be ap-
plied directly on problem (BTV’) is because the proximal mapping of the quadratic term in
the objective cannot be efficiently computed, however, by taking advantage of the identity
|.#x—b|* = maXycp {2 (AMx—Db,y)— Hsz} we arrive to the following problem, which can
be readily solved by the CP method

BTV min max {2(#x—b.y)— |yl +(Lx2) - alz.}.
XG]EyE]E,ZGF
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Figure 4.1: Left: the value of the objective function for the ergodic sequences generated by each
method. Right: the PSNR improvement for each iteration.

Note that the PAPC method can also be applied on this formulation.

Next, we construct a formulation that is suitable for the extra-gradient method. The desired
formulation can be derived from (BTV) by introducing an auxiliary variable z = .#’x with the
constraint ||z||; < a, then considering the Lagrangian-based representation of the problem. We
arrive to

(BTV”/) min max{||//lx—b||2+<Yv$X_Z> : HZHI < Ol}a
x€E,zeF yelF

which is amenable to the extra-gradient method since the objective has Lipschitz continuous
gradient and the constraint set is “simple” (i.e., a projection onto this set can be easily com-
puted).

We applied the PAPC, CP, and extra-gradient methods on the (BTV’), (BTV”), and (BTV"")
problems (respectively), and also the PAPC method on the (BTV”') problem (for the purpose of
a fair comparison with the CP method).

For the purpose of this demonstration we took the standard 256 x 256 Lena test image, where
the pixel values were normalized to be in the range [0, 1], applied a 5 x 5 Gaussian blurring
operator with standard deviation of 4, and added random Gaussian noise with standard deviation
of 0.05. The parameter o was chosen as half the total variation of the original image. The
initial point for all methods was chosen as the all-zero vector, and the “free” method parameters
(i.e., parameters whose values are not determined by the respective convergence theorem) were
hand-tuned to give the best possible performance for the problem instance.

Figure 4.1 summarizes the performance after the first 500 iterations of the ergodic sequences
generated by the PAPC, CP and extra-gradient methods on the (BTV’), (BTV”) and (BTV")
problems (respectively), and by the PAPC method on the (BTV”) problem. In all cases the
sequences remained feasible throughout the run, and the CPU time of the algorithms was ap-
proximately the same in all cases, except for the extra-gradient method, which took about two
times longer to complete (as it requires four applications of the operator 7 per iteration).
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The results show that the performance of the PAPC method was unaffected by the change
of problem formulation and was virtually identical to the performance of the CP method, which
is often regarded as state of the art. On the other hand, the extra-gradient method on (BTV"”)
performed significantly worse.

We conclude by noting that PAPC was applicable to the original problem’s formulation and
its performance appears to be robust with respect to different formulations of the problem (and
which were needed to apply the other two schemes). However, adequate reformulation of a
given problem is not always easily accessible. The next example exemplifies this situation,
whereby PAPC is applicable while the proximal map of the objective function as required by
the CP method is a difficult computational task, and we can’t reformulate the problem such that
the CP method could be effectively applied through simple computations.

4.5.2 Fused Lasso Regression

The main problem in the supervised machine learning framework is defined as follows: given
a set of training examples, where each example consists of a vector of features and a label,
correctly determine the label for an unseen vector of features. A common approach for solving
this problem is by assuming that there is some underlying statistical model which describes the
distribution of the label given the feature vector. One such model is the logistic model, under
which the probability that the vector of features a € R” will be labeled by b € {—1,+1} is given
by |

P(bla) = 1+exp(—=b(wWla+v))’ *34)

where v € R and w € R" are the parameters of the model.

Suppose that the training set consists of N training examples {(a;, b;) }f\]: > Whereay,...,ay €
R™ are the feature vectors and by, b, ...,by € {—1,+1} are the respective labels, then the like-
lihood function of the training set is given by

L(V,W;{(ai7bi)}§v:1> :ﬁ :

t1l4exp(—=b(wla;+v)) '

Following standard practice, we define the average logistic loss function by

N
Lave (v, W) 1= —%log (L (v,w;{(ai,b,-) i\;)) = % ;log (1+exp (b (whai+v))),

now, using these notations, the logistic regression problem (LRP) is defined as the problem
of finding the maximum likelihood estimator (MLE) for v and w, i.e., finding v and w that
minimize e (v,w). Note that since the average logistic loss is convex, we have reached a
convex optimization problem.

When the dimension of the model is large relatively to the number of samples, the LRP
quickly becomes ill-conditioned, and additional assumptions are required for finding a mean-
ingful result. For the purpose of this demonstration, we consider the assumptions introduced
by Tibshirani et al. in [96] where, similarly to the popular lasso model [95], the vector w is
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assumed to have a bounded ¢; norm, and in addition we assume that the vector of differences
wit1 —wi, i=1,2,...,n—1 also has a bounded ¢; norm. These assumptions can be interpreted
as a requirement on the model parameters to have a sparse and “staircase-like” pattern. This
can happen when the model parameters are given in some natural order. For more discussion
on this model see, for example, [36].

Under the assumptions described above, the problem of finding the MLE for v and w be-
come:

FLR in_ {1/ : <s1, [IDw]), <
(FLR)  min_ {lag (ww): Wl < s1, 1Dl < 52},

where D : R” — R"~! is the linear operator defined by (Dw); = wip1—wi, i=1,2,...,n—1
and s1,sy > 0 are two constants. Using the transportation technique given in Section 4.4.1, we

can “transport” the constraints in the primal variables to the dual variable, thereby reaching the
following saddle-point formulation of the problem:

(FLR)  min ~ max  {lag (v,w) +(w,y) =51 [yll.. + (Dw,2) — 52|zl } -
vER WeR" ycR" zc R~ 1
A straightforward analysis shows that /,y, has a Lipscihtz continuous gradient with constant
Ly, = YN, (Hain + 1) / (4N), hence the PAPC method can be applied here. The PAPC iter-
ates for this problem then reads as follows.

PAPC for fused lasso regression
Initialization. (v w0y zo) ERXR"xR"xR" ! and 7,6 > 0.
General Step (k=1,2,...)

P s (szavg (vk_],wk_1> oyl +DTzk_1> , (4.5.5)
= prox|) o (¥ +0p") (4.5.6)
= ProxU/H(“’ o) (zkil + GDPk) @.5.7)
K= K TV g <vk*1,w’“1) . (4.5.8)
S (szavg (vk_l,wk_1> oy +DTzk> . (4.5.9)

We would like to emphasize that this method requires only one evaluation of the compu-
tationally expensive gradient Vl,y, per iteration. Also, note that thanks to Moreau’s idendity,
the proximal map computations in steps (4.5.6) and (4.5.7) reduce to projection onto an /; ball.
It is easy to see that the later problem can be reduced to a projection onto a simplex, and thus
as proven in [30] can be efficiently computed (with linear complexity O(p), where p is the
problem’s dimension).
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Figure 4.2: Left: the absolute error at each iteration. Right: the constraint violation at each
iteration.

Example 4.5.2. In this example we apply the PAPC method to the problem (FLR'). For this
purpose we generated 1000 samples from the logistic model that corresponds to v = 0 and the
vector w € R'% defined by

0.1, ie{ll,..., 14},
—0.2, ie{41,...,44},

w; =
‘)03, ie{91,...,94},
0, otherwise.
The features ¢; € R (i =1,2,...,1000) were generated such that each component was inde-

pendently drawn from the standard normal distribution, and the labels b; € {—1,+1} were then
randomly chosen according to the logistic model (4.5.4).

We applied the PAPC method with 7= 1/L;, ,, 6 = Ly,,,/ (HDH2 + 1). The starting point

was W = 0 and w® = 0 and the bounds s; and s, were chosen according to their value in the
model, i.e., s =3 and s = 1.2. An exact solution for the optimization problem was then
obtained using the CVX modelling package for MATLAB [49, 48].

Figure 4.2 shows the absolute error of the objective layg (v,w) — I3, and the constraint vi-
olation max {|\wl|; —s1,0} +max {|[Dw||; —s2,0} after the first 1000 iterates of the main and
the ergodic sequences of the PAPC method. As can be seen, the ergodic sequence generated
by the PAPC method performs as expected from the rate of convergence theorem and remains
in the feasible region for the entire run. The main sequence { (v*,w*)} ren On the other hand,
performs much better and appears to converge at a linear rate, where the constraints violations
for the primal iterates remained very small throughout the run and reached about 10~ after
1000 iterations.
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0.5 0.5

Model Model
04l O  PAPC (ergodic) solution after 1000 iterations | 04l O Lasso
) +  Exact soluction :
03F e 1 0.3} RYSREN
+HH le)
QXD
)
0.2r o A 0.2r &

10 20 30 40 50 60 70 80 90 100 10 20 30 40 50 60 70 80 90 100

Figure 4.3: Left: the w parameter of the model and its approximation by PAPC. Right: the lasso
solution of the problem.

The model parameters estimated by the PAPC method (the ergodic sequence) and the exact
solution of problem (FLR) given by the CVX modeling package are shown in the left part of
Figure 4.3. The right part of the figure shows the estimated model using the classical lasso
model, min {Zuye (v,w) : [|w||; <s1}. As can be seen, adding the “fused” constraints consider-
ably increases the quality and the ability to interpret the recovered model.

4.6 Appendix: A PEP for PAPC

In this section, we show how to apply the PEP approach to structured minimax problem of the
form

min max { f (u) + (u,Av) — g (v)},

ucRd ycR4
where f and g are convex, f is differentiable, with a Lipschitz continuous gradient, and A €
R9*4 is a matrix with ||A| < @. Although no new analytical results on the performance of the
PAPC method are derived here, the following formulation may open a possibility for finding
new methods for this class of problems.
We consider a simplified version of the PAPC method:

Initialization. (1°,1°) € R? xR and 7,6 > 0.
General Step (k=1,2,...)

=kl 1 (Avk—l +f/(uk—1)> ’
WK = proxélz/a(vk_1 +cAT phy,

b =u1 -1 (Avk-i—f’(uk_])) .
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Since we want an upper bound on the ergodic convergence rate of the method, the corre-
sponding PEP is given by:

6<Cl y comes, 7 R ,._i(‘”“i) (i) = W) = (9(u) + (e, vi) — W()
st. ph=ut"1—-1 (ﬂ'vkil +f'(uk’1)) ., k=1,....,N
W= proxf/c(vk*1 +odph), k=1,...,N,
W= 1 (%v"jtf’(u"*l)) , k=1,...,N,

¢’ () = f'(m), k=0,....N,
(us,v4) is a saddle point,
o = usl| <R, [[vo—vull <R,
1] < .

Y

Alternatively, we can choose the objective to correspond to the best point encountered in the
first N iterations, i.e.,

omin {(@(us) + (Aui, vi) =y (V7)) — (@) + (Aus, vi) — y(vi)) }-

There are three challenges in developing a finite-dimensional relaxation for this problem,
compared to the PEP for unconstrained first-order methods:

e The PAPC method employs a proximal mapping step.
e The applications of the linear mappings .27 and <77 need to be expressed.

e The bound on the matrix norm of <7 must be imposed.

In order to reach a finite-dimensional relaxation, we use the following properties:

76 = FO)IP < F )~ F )~ (/). x ), forall x,y € B,
0 < g(x) —g(y) = {g'(¥),x—), forall x,y eR?, ¢'(y) € dg(),
u= prox‘f/c(x) Sx—uecodg(u),
o?VIV —VTATAV = 0, for any matrix V' .

We denote:

Ve = @(ux) — @ (ux),
= Y(vi) —w(vs),

8k :V(P(Mk),
hi € (v,
Vi = vk,

MII? ZﬂTI/tk,
pi =" pt,
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then from these definitions, we get the following relations

<pli47vj>:<pi7‘/?>7 ivj:()a"'7N7*7
Wh vy = (ui, ), i,j=0,....N,x*.

J

The properties of f and g induce the following inequalities:

1 ..
Z”gl_ngz Syl_y]_<g]7ul_u]>a la.]:()v"'vN?*v
Oghi—hj—<hj,v,-—vj), i,j=0,...,N,x.

Finally, from the properties of .o/, we get that

o*pf pi—(p) pf =0,
o?uj ur — (uf) uff = 0,
0*vivi— (V)T =0,

where I = {0,...,N,*} and u; (vy) stands for the matrix whose columns are u; (v;) for i € I.
The PAPC method can now be expressed as follows:

Pk=U-1—7T <V}?f1 +gk—1> ,
Vv = Taint + Gp? — ohy,

Up = Ug—] —T<V}? +gk—1> .

and the corresponding finite-dimensional PEP for the PAPC method, is given by

1 N
max _Z<)’i+<"i\7”i>_z*—<Y*+<VA;”*>—Z1'>)
Mnu?T,Vi,V?,V?TA,Ni:l l
gi7g?7hi7yl'7zi

St pr=Up—1—7T (V/zé_l +8k—1) ;
ve=vV"+op}—on,
Up =uj—1—7T (V?%-gkq) ;
(pivi) = (piv]), 0,j=0,... N,
(u?,vj):<u,~,v‘?), i,j=0,...,N,x,
%Hgi_gj”zS}’i_)’j_<gj7”i_uj>a i,j=0,...,N,x,
0<hi—hj—(hj,vi—vj), 1,j=0,...,N,x*.
o*ulup — (u)Tut =0, 1=1{0,...,N,*}
o*vivi— (V)TV} =0, 1={0,...,N,}
o — > < R, [[vo—val|* <R,
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An efficient SDP relaxation can be devised in the usual way, by defining a matrix
Z= (gl‘,hi,Mi,pi,Vi,l/té,p?,V?)T<gi,hi, ui7pi7vi7u£7p1]?7v£)

and expressing the inequalities in the problem above through Z. A MATLAB code that imple-
ments this SDP relaxation is available at Listing 4.1.

Numerical experiments suggest that the bound in Theorem 4.5 can be slightly improved,
where the constant in the denominator can be increased from N to N 4 1.

Listing 4.1: A PEP of PAPC

function bound = PAPC_pep(N, L, normA, R)

ZReturns the efficiency estimate of the PAPC method on problems of the
form

Amin_u maz_v f(u)+<Au,v>-g(v),

Awhere f has a Lipchitz constant L, [A/=normd, [u-u*[<=R, [v-v*[<=R

if (nargin<=4)

end

global n; n=N;
global gL; gL=L;
global gSigma; gSigma=L/normA~2;

problemdim=totalvars () ;

cvx_precision best;

cvx_solver sedumi,;

cvx_begin quiet
variable Z(problemdim,problemdim) ;
variable deltay_var (N+1);
variable deltaz_var (N+1);

global gZ;gZ=Z7Z;
global dyuv;dyuv=deltay_var;
global dzv;dzv=deltaz_var;

expression objective (N);
for i=1:N
objective (i)=deltay(i)+Zdot (u(i) ,Av(N+1))+deltaz(i)-deltay (N+1) -
Zdot (u(N+1) ,Av(i))-deltaz (N+1);
end
maximize (sum(objective)/N); JAlternatively:mazimize (min(objective)

)

subject to
Z==semidefinite (problemdim) ;
ALipschitz cont. of f’ and convezity of g
for i=0:N+1 JN+1 stands for *
for j=0:N+1
if i7=j
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1/(2*L)*Znorm2 (gu (i) -gu(j))+Zdot (gu(j),u(id)-u(j))<=
deltay (i) -deltay (j);
deltaz (i) -deltaz (j)<=Zdot (h(i),v(i)-v(j));

end
end
end
Z<p, Av> = <A’p, v>
for i=1:N
for j=0:N+1
Zdot (p(i) ,Av(j))==Zdot (ATp(i),v(j));
end
end

/#Bounded start

Znorm2 (u(0) -u(N+1) ) <=R*R;

Znorm2 (v (0) -v(N+1)) <=Rx*R;

#Definition of mnormd

(normA~2) *p(1:N) **Z*p(1:N)-ATp(1:N) **Z*xATp(1:N)==semidefinite (N)

(normA~"2)*v(0:N+1) *Z*v (0:N+1) -Av (0:N+1) **Z*xAv (0:N+1) ==
semidefinite (N+2) ;
cvx_end

bound=cvx_optval;
end
T, K KKK KK KKK KKK KKK KKK KK KKK KKK KKK KKK KKK KKK KKK
#Helper functions:
T KK kKA K AR KKK KK KKK KK KKK KKK KKK KKK KKK KKK KKK K
function n=Znorm2(v)
global gZ;
n=v’*xgZ*v;
end
function d=Zdot (u,v)
global gZ;
d=u’*xgZ*v;
end
function p=gupos
p=0;
end
function nv=guvars
global n;
nv=n+2;
end
function v=gu(idx)
global n;
if (min(idx)<0 || max(idx)>n+1)
error (’argument error in gu(i)’);
end
v=sparse (totalvars () ,length(idx));
for k=1:length(idx)
i=idx (k) ;
v(gupos () +i+1,k)=1;
end
end
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function p=hpos
p=gupos () +guvars () ;

end
function nv=hvars
global n;
nv=n+2;
end
function v=h(idx)
global n;
if (min(idx)<0 || max(idx)>n+1)
error (’argument error in h(i)’);
end
v=sparse (totalvars () ,1);
for k=1:length(idx)
i=idx (k) ;
v(hpos (O +i+1,k)=1;
end
end
function p=upos

p=hpos () +hvars () ;
end
function nv=uvars
nv=1;
end
function rv=u(idx)
global gL;
global n;
if (min(idx)<0 || max(idx)>n+1)
error (’argument error in u(idx)’);
end
rv=sparse (totalvars () ,length(idx));
for k=1:length(idx)
i=idx (k) ;
if (i==0)
#Leave the wector to be 0
elseif (i7=n+1)
rv(:,k)=u(i-1)-(1/gLl)*(Av(i)+gu(i-1)); /The definition of
the PAPC method
else
rv(upos () +1,k)=1;
end
end
end
function v=p(idx)
global gL;
global n;
if (min(idx)<1 || max(idx)>n)
error (’argument error in p(idx)’);
end
for k=1:1length(idx)
i=idx (k) ;
v(:,k)=u(i-1)-(1/gL)*(Av(i-1)+gu(i-1)); /ZThe definition of the

PAPC method
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141 end

142 | end

143 | function p=vpos

144 p=upos () +uvars () ;

145 | end

146 | function nv=vvars

147 nv=1;

148 | end

149 | function rv=v(idx)

150 global n;

151 if (min(idx)<0 || max(idx)>n+1)

152 error (’argument error in v(idx)’);

153 end

154 global gSigma;

155 rv=sparse (totalvars () ,length(idx));

156 for k=1:length(idx)

157 i=idx (k) ;

158 if (i==0)

159 JLeave the wector to be 0

160 elseif (i~“=n+1)

161 rv(:,k)=v(i-1)+gSigma*x(ATp(i)-h(i)); ZThe definition of the
PAPC method

162 else

163 rv(vpos (D +1,k)=1;

164 end

165 end

166 | end

167 | function p=Avpos

168 p=vpos () +vvars () ;

169 | end

170 | function nv=Avvars

171 global n;

172 nv=n+2;

173 | end

174 | function v=Av(idx)

175 global n;

176 if (min(idx)<0 || max(idx)>n+1)

177 error (’argument error in Av(idx)’);

178 end

179 v=sparse (totalvars(),length(idx));

180 for k=1:1length(idx)

181 i=idx (k) ;

182 v(Avpos () +i+1,k)=1;

183 end

184 | end

185 | function p=ATppos

186 p=Avpos () +Avvars () ;

187 | end

188 | function nv=ATpvars

189 global n;

190 nv=n;

191 | end

192 | function v=ATp (idx)
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193 global n;

194 if (min(idx)<0 || max(idx)>n)

195 error (’argument error in ATp(i)’);
196 end

197 v=sparse(totalvars(),length(idx));
198 for k=1:length(idx)

199 i=idx (k) ;

200 v(ATppos () +i,k)=1;

201 end

202 | end

203 | function t=totalvars

204 t=ATppos () +ATpvars () ;

205 | end

206 |function d=deltay (i)

207 global dyuv;

208 global n;

209 if (i<0 || i>n+1)

210 error (’argument error in deltay(i)’);
211 end

212 if (i7=n+1)

213 d=dyuv (i+1);

214 else

215 d=0;

216 end

217 | end

218 |function d=deltaz (i)

219 global dzv;

220 global n;

221 if (i<0 || i>n+1)

222 error (’argument error in deltaz(i)’);
223 end

224 if (i7=n+1)

225 d=dzv (i+1);

226 else

227 d=0;

228 end

229 |end
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Chapter 5

A new SDP relaxation scheme for a class of
quadratic matrix problems

We consider a special class of quadratic matrix optimization problems which often arise in
applications. By exploiting the special structure of these problems, we derive a new semidefinite
relaxation, which under mild assumptions is proven to be tight for a larger number of constraints
than could be achieved via a direct approach. We show the potential usefulness of these results
when applied to the robust least squares problem, the sphere packing problems, and to problems
over the complex domain.

This chapter is based on the published paper [16].

5.1 Introduction

The class of nonconvex quadratically constrained quadratic programming (QCQP) problems
plays a key role in both subproblems arising in optimization algorithms such as trust region
methods (see for example [31, 45]) and is also a bridge to the analysis of many combinatorial
optimization problems that can be formulated as such. In principle, nonconvex QCQP problems
are hard to solve, and as a result many approximation techniques were devised in order to tackle
them. Many of these techniques rely on the so-called semidefinite relaxation (SDR), which is a
related convex problem over the matrix space that can be solved efficiently, see e.g., [51, 99].

A key issue in the analysis of QCQPs is to determine under which conditions the semidefi-
nite relaxation is tight, meaning that it has the same optimal value as the original QCQP prob-
lem. In these cases, one can construct the global optimal solution of the QCQP problem from
the optimal solution of the SDR via a rank reduction procedure. There are several classes of
QCQP problems which posses this “tight semidefinite relaxation” result; among them are the
class of generalized trust region subproblems [45, 67] which are QCQPs with a single quadratic
constraint, problems with two constraints over the complex number field [17] as well as prob-
lems arising in the context of quadratic assignment problem [2, 1].

Another class of QCQP problems is the class of Quadratic Matrix Programming (QMP)
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problems whose general form is given by

min tr(X7AoX) 4 2tr(BEX) 4 co
XER’ZXV

QMP) st w(XTAX)+2u(BIX)+ci< oy, i€.7,
r(XTAX)+2u(BiX)+cij=a;, jE&,

where n,r are positive integers, .# and & are sets of indices such that ¥/ N& =0, A; € S",
B; € R™ and ¢;, o; € R. This class of problems was introduced and studied in [15] where it
was also shown that it encompasses a broad class of important problems both in theory and in
applications. The main resultin [15] is that problem (QMP) with at most r constraints has a tight
SDR property. In the homogeneous case (i.e., when B; = 0 for all i) this question was already
studied by Barvinok [13, 14] for the problem of determining the feasibility of this problem;
Barvinok’s results were then extended by Pataki [82] to include any homogeneous quadratic
objective function. In both cases it was shown that it is possible to use the SDP relaxation to
solve the original nonconvex problem when the number of constraints is at most (”52) —1.
In this chapter we concentrate on a special type of QMP problems defined by
Xmﬂén tr(XTApX) +2tr(VIBEX) + co
cRn>
(QMP) st u(XTAX)+2tr(VIB X)) +c;i <y, i€.7, (G.1.1)

tr(XTA;X) +2tr(VTBJTX) tcj=05 JEE,

with A; € S", B e R (i € {0} UL UE&) and 0 #V € R™", s < r. Essentially, this
type of QMP problems is characterized by the property that the matrices B; are of the special
form B; = B;V; for the case n > r > s, this means that the range spaces of the n x r matrices
B;, (i€ {0} U.# U&) are all contained in the same s-dimensional subspace, which is the range
space of V. Note that when s = r and V = I, we are back to the original QMP setting.
At a first glance, it seems that this property of the matrices B; is quite restrictive, however, it
naturally appears in applications as the example below demonstrates.

Example 5.1.1 (Robust Least Squares). Consider the robust least squares problem which
seeks to minimize ||Ax — b||> when the matrix A € R™" is perturbed by an unknown matrix
A € 7/ . This problem was defined and studied in [42] and [34] and was later inspected via the
QMP framework in [15]. The problem can be formulated as

i bh—(A+AT)x|? 512
m;ngggH (A+A7)x|", (5.1.2)

where in the following we assume that the set %/ has the following form:
U ={AcR™ : ||LAI><pji=1,...,m}

for some L; € R%*" and where the norm used is the Frobenius norm. Under these assumptions
we can rewrite the robust least squares problem (5.1.2) as follows:

min max tr(ATxx’A) 4 2tr((b — Ax)xT A) 4 tr((b — Ax) (b — Ax)T)

(RLS) X  AcRnxr
st r(ATLTLA) < pi, i=1,...,m.
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The inner maximization problem is an SQMP with s = 1 since here we can take V = (b —
Ax)T ,By=x,B;=0,i=1,...,m.

The main result of this chapter, developed in Section 5.3, is that a specially devised SDR of
problem sQMP is tight as long as the number of constraints does not exceed (r;“z) — (S;“l) -1,
which is an improvement of the result from [15] that allows only r constraints. To do so,
we use a rank reduction argument which can be traced back to Barvinok and Pataki (see the
beginning of the introduction). Further analysis of the robust least squares example along with
an additional sphere packing application are given in Section 5.4.

Notation. We use the following notations: Suppose (P) is an optimization problem that attains
its optimal value (e.g., (P) min,ec f(x)), then we denote (P)’s optimal value by val(P). We use
S" to denote the set of n X n symmetric matrices over R, and for two matrices A,B, A = B, (A >
B) means A — B is positive semidefinite (positive definite). The n X m matrix of zeros is denoted
by 0y,xm; I 1s the r X r identity matrix and e; € R", i = 1,...,n stands for the i-th canonical unit
vector.

5.2 Preliminaries

We record here some results that will be useful to our analysis. We begin with a fundamental

result on existence of low rank solutions to general semidefinite programming (SDP) problems
which was established by Pataki [82].
Consider the general SDP problem:

min tr(CpoX
min (CoX)

s.t. tr(CG;iX) < b;, i€ g,
tl‘(CiX) = b;, i€eé,
X =0,

(5.2.1)

where C; € S",i € {0} U .# U&. We state here a slightly different (but equivalent) version of
Pataki’s result which was given in [15, Theorem 3.1].

Theorem 5.1. Suppose that the SDP problem (5.2.1) attains its optimal value. Then if |.7| +
€] < (rerz) — 1, there exists an optimal solution X* € S" satisfying rank X* < r.

The next result recalls the so-called Schur-Complement Lemma, see e.g., [23].

Lemma 5.2. Consider a square matrix in the block form:
F G"
(o %)
where F is a square matrix assumed to be positive definite. Then,
M =0 (> 0) ifand only if H — GF'GT =0 (> 0).
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Finally, we need the following result that plays an important role in the forthcoming analysis.

Lemma 5.3. Let A,B € R™" be two matrices satisfying AAT = BBT. Then there exists an
orthogonal matrix Q € R™" such that A = BQ.

Proof. Since AAT = BBT | it follows that A and B have the same singular values. Let U be an
orthogonal matrix diagonalizing AA” = BB”, namely, UTAATU = UTBB"U is diagonal. The
matrices A and B have the following singular value decomposition (SVD):

A=vxv{ B=UzV/,

where V,V, € R"™" are orthogonal matrices and X is an m x n diagonal matrix containing the
singular values of A (which are also the singular values of B). Thus, A = BV2V1T, and the result
is established with Q = V2V1T. O]

5.3 A Tight SDR Result for (sQMP)

Consider the problem (sQMP) (given in (5.1.1)). Fori € {0} U .# U&, define

A; B;
Mi - (BYl" Cil I> € Sn_._sv
i gyvr’s

and consider the following homogenized program

min tr(MyZ
ZGS”""Y ( 0 )

S.t. tr(M,-Z) <o, €4,
tI‘(MjZ)ZOCj, JEE&,
Z =0,
rankZ <r,
Zntintj =V i j=1,....s,

(sQMP3)

where the last set of constraints essentially state that the bottom right s X s submatrix of Z
is VVT. Note that these constraints can be expressed using (Serl) trace constraints. As the
following lemma shows, (sQMP) and (sQMP,) are essentially the same problem.

Lemma 5.4. Problem (sQMP) attains its optimal value if and only if (SQMP,) attains its op-
timal value. Furthermore, if either val (sSQMP) or val (sQMP,) is finite, then val(sQMP) =
val (sQMP»).

Proof. We will show that any feasible point for one problem can be transformed into a feasible
point for the other problem without affecting the objective value.
Suppose that X is feasible for (sQMP), then define

7 xxT xvT
—\vxT vvl -
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Since
X
Z= (v) (xT vT),

we get that rankZ < r. In addition,
tr(M;Z) = tr(AXXT) + 2u(BI XV ) +¢;, ic{0}urué, (5.3.1)

which immediately implies that Z is feasible for (sQMP;) and has the same objective function
value as X for (sSQMP). In the reverse direction, suppose that Z is feasible for (sQMP3). Since
the rank of Z is at most r and Z is positive semidefinite, there exists a matrix W € R(+5)%r guch
that Z = WW7. Denote the first n rows of W by ¥ € R™*" and the last s rows of W by U € R**"
(i.e., W = (Y;U) in “Matlab notation”); we can therefore write

7 vy yu?
—\uy? yur

From the constraints on Z we obtain that UUT = VVT | and thus it follows from Lemma 5.3 that
there exists an orthogonal matrix Q € S” such that U = VQ. Now, define X = YQ7, then since
YUT =X00TVvT =XVT, we get

S xxT xvT
—\vxT vyyT

and therefore, following the same argument as in the first part or the proof, X is feasible for
(sQMP) and achieves the same objective value. ]

We now omit the hard rank constraint and consider the SDP relaxation of (sQMP;) given by

min tr(MyZ)

ZesSnts
S.t. tl‘(Ml'Z) <o i€ 54
(sQMP-R) w(M;Z)=a;, jE&
Z=0

Zntinej =V ij=1,....s

Remark 5.3.1. Note that when n+ s < r the relaxation (SQMP-R) is exact since the rank con-
straint in (SQMP5) is trivially satisfied.

We now proceed to give a condition, similar to Theorem 3.2 in [15], under which (sQMP)
can be solved via (sSQMP-R). Note that the number of trace constraints in (SQMP-R) is |.#| +
8|+ (SJEI) instead of |.Z| + |&| + (rgl) in the corresponding setting of Theorem 3.2 in [15].
This property of the new SDP relaxation allows us to improve and extend the result of Theo-
rem 3.2 as follows:

Theorem 5.5. Suppose that problem (sSQMP-R) attains its optimal value and that either n+s <
ror |7 +16) < ("5?) — (*11) — 1. Then val(sQMP) is finite and val (sQMP) = val (sQMP-R).

106



CHAPTER 5. A NEW SDP RELAXATION SCHEME

Proof. Suppose that problem (sQMP-R) attains its optimal value and that |.7| + |&| < (“52) —
(*1!) — 1. Then the number of constraints in (sSQMP-R) is ("5?) — 1. Hence, by Theorem 5.1,
problem (sQMP-R) has a an optimal solution with rank at most r. This solution is therefore fea-

sible and optimal for (sQMP5), and by Lemma 5.4 val (sQMP) = val (sQMP,) = val (sQMP-R).
When n+ s < r, the claim follows immediately from Lemma 5.4 and Remark 5.3.1. ]

In particular, note that when s = r the SDP relaxation is tight when the number of constraints
1s at most r, thus we recover [15, Theorem 3.2].
In the following we need the dual of (sQMP-R) which is given by

max — Z liai—tr(VVTQD)
i @ES T

O Xn On><s
i st. Mo+ ) A,-M,-+( " =0,
(sQMP-D) e Osnp P

ORI
Ai>0ie 7.

From the conic duality theorem [23], if (sSQMP-D) is strictly feasible and bounded from
above, then (SQMP-R) and (sQMP-D) have the same optimal value. The next claim immediately
follows.

Corollary 5.6. Suppose that (sSQMP-D) is strictly feasible and bounded from above. Then if
eithern+s <ror|I|+|8| < (rerZ) - (S;I) — 1, we have val (sQMP) = val (sQMP-D).

A simple condition given in [15, Lemma 3.2] that ensures the strict feasibility and bound-
edness of (sQMP-D) is the following: there exist numbers A; € R,i € {0} U.# U& for which

Ao+ Z AMA;i=0and A; >0Vie 7.
i€ IUE

5.4 Applications

5.4.1 Robust Least Squares

Consider robust least squares problem (RLS) discussed in Example 5.1.1. Recall that the prob-
lem is formulated as:

min max tr(ATxx’A) + 2tr((b — Ax)xT A) +tr((b — Ax) (b — Ax)T)
(RLS) % AeR™
st. tr(ATLTLA) < piy i=1,...,m.

We begin our analysis by deriving the dual of the inner maximization problem in (RLS). Sup-
pose that Ax = b. Then in this case the inner maximization problem in (RLS) is a homogeneous
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quadratic problem; performing the standard SDP relaxation technique for homogeneous prob-
lems and taking the dual, we reach the following problem

m
min Y A;0;
Mi; iPi

RLS-D’ L
(RLS-D) s.t. —xxT—l—Z?LiLl-TLiiO,
i=1
Al'ZO, izl,...,m.

In the case Ax # b, the inner maximization problem in (RLS) is of the form of problem (sQMP)
with s = 1 and

Ag = —xxT,
By = —||b — Ax||x,
co = —||b—Ax]|*,

T .
AiZLiLl', l=1,...,m,
Bi:(), izl,...,m,
CiZO, i=1,...,m,

o = pi, i=1,...,m,

1
V=———(b—Ax)T.
16— Ax]|
By taking the dual form (sQMP-D) we get
m
min y A;p;+1
Mi:Zl iPi
RLS-D) —xxl +¥Y" ALLTL; —||b—Ax|x <0
o —||b — Ax||xT —||b—Ax|*+t) =

A>0, i=1,....m.

Note that if we set Ax = b in (RLS-D), the optimal value for t becomes 0 and we are left with
the problem (RLS-D’); hence, (RLS-D) can be used as the dual problem for both cases.

Now, if we further assume that (RLS-D) is strictly feasible and bounded (e.g., when the
linear combination } ;" l,-LiTLi > 0 for some A; > 0) and that either »r > n+ 1 or that the number
of constraints satisfies m < (“52) — 2, then (RLS-D) and the inner maximization problem in
(RLS) have the same optimal solution for every x. Therefore, in order to solve (RLS) it is

sufficient to solve the following problem:

m
in ) Aip;+t
?AH}I; iPi
(RLS») —oxl + Y™ ALTL: —||b—Ax|x
L. = i= -
st () ( b= Axa” —o—axPr) =0

>0, i=1,....m

We will now show that it is possible to rewrite (RLS;) as a standard SDP.
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Proposition 5.4.1. The point (x*,A*,#*) is an optimal solution for (RLS,) if and only if it is an
optimal solution for the following SDP problem:

m
min A,‘ i+t
x,/li7zi_21 pit
1 Xl (b—Ax)T
S.t. X ?”:1 },,'LlTL,' 0 =0,
b—Ax 0 tl,
Ai>0, i=1,....m.

Proof. The matrix inequality in (RLS,) is given by
A (x) = 0,

which is equivalent to

< JZ%()C) Onx(rl)) - 0.
O¢—yxn L1 )~

The later inequality can be rewritten as

R m 45Ty, _p— T
< x! + Y AL L |b — Ax||xe] )EO- (5.4.1)

—|lb—Ax|lesx”  —||b—Ax|]?erel +11,

Now, let Q € S" be an orthogonal matrix such that Qe; = Hilz:—ﬁ\‘jﬁl\ (when Ax = b, one can choose
0 =1,), then

L, 0\ [—xxI+y™ LLTL; —xel ||b— Ax|| I, 0
0 Q0 —|lb—Ax|lerx?  —||b—Ax|]?erel +11,) \ O QT

_ (o X AL L —x(b—Ax)T
U a0 —(b—A)(b—AN)T +11,)
Hence, (5.4.1) is equivalent to
—oxl + T ALTL, —x(b—Ax)T
( —(b—Ax)x"  —(b—Ax)(b—Ax)" + tI,) = 0. (5.4.2)

Finally, writing the last constraint in the form

MOMLTL 0\ [ x X T>()
0 tl, b—Ax) \b—Ax) —

and applying the Schur complement Lemma (see Lemma 5.2), we obtain the desired equivalent
SDP formulation. U

Note that the dimension of the matrix constraint is n+ r+ 1 instead of nr+r+ 1 in the
standard formulation [15]. Thus, assuming strong duality holds, this new formulation can han-
dle much more complex sets of uncertainty, with (”2“2) — 2 constraints if » < n and an arbitrary

number of quadratic constraints if r > n+ 1.
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5.4.2 The Sphere Packing Problem

In the sphere packing problem we are interested in determining a feasible configuration of non-
overlapping spheres bounded within a given shape. This problem was extensively studied in
various settings over the years. See for example [27, 69, 93, 94] and many more.

Consider the problem of finding a packing of n spheres with given radii within the intersec-
tion of k balls with known centers and radii in R? (k <d+1). This problem can be formulated
as determining whether the following set of constraints is feasible:

||XT€,'—CJ'H S Rj—ri, iZl,...,I’l,jIl,...,k,
HXTei—XTejH > ri+rj, i, j=1,...,n,

X ¢ R
where c1,...,c; € R? are the centers of the containing balls, Ry,...,R; > 0 are the respective
radii and rq,...,r, > O are the radii of the inner spheres. The radii are assumed to satisfy the

relation min;—; _;R; > max;—; . ,r; which is necessary in order to make the problem feasi-
ble. The rows of the decision variables matrix X represent the centers of the spheres to be
determined.

Since we can assume without loss of generality that c; = 0, by choosing

T
%) k
I e T
V=1 :|= Z’Ze]_lcj
T j=
Ck

and for the first kn constraints taking
Bi1 =04xk—1, i=1,....n

T . .
Bij= e ey , i=1,....n, j=2,...k
eRdXIERIX(k—I)

it can be readily seen that this problem is of the form (sQMP) discussed above with s =k — 1
and kn+ (g) constraints. According to Theorem 5.5, the SDP relaxation is tight when kn + (;) <

(szrz) — (12‘) — 1 or when d > n+k — 1. The first condition is equivalent to

1 / 1

< —k+— d?+3d+ -

n< +2+ + +4
d—k+1——k+1+\/d2+d+1<—k+1+\/d2+3d+l
o 2 4 2 4’

it follows that the validity of the second condition implies the validity of the first condition.
Thus we have proved the following:

and since

Proposition 5.4.2. The problem of finding the feasibility of packing n spheres in the intersection
of k balls in d dimensions can be solved by an SDP whenn <d —k+ 1.

Note that the standard homogenization scheme can be applied when kn + (g) < d, hence for

a fixed k only 0(\/3 ) spheres can be handled this way and thus the technique presented in this
chapter provides a major improvement.

110



CHAPTER 5. A NEW SDP RELAXATION SCHEME

5.4.3 A Strong Duality Result for QCQP Problems Over the Complex Do-
main
Here we consider the following optimization problem over the complex domain
(P) min{fo(z): fi(e) <O, i=1,....m} (5.4.3)
Z
for
fi(z) =" Qiz+R(u;z) + di,

where Q; € S" is a symmetric real matrix, u; € R" and d; € R. z* denotes the conjugate transpose
and R(-) denotes the real part of a complex number.

Lemma 5.7. Problem (P) is an sOMP withs =1 and r = 2.
Proof. Consider the decomposition z = x + iy, where x,y € R". Then
fi(z) =" Qiz+R(u;z) +d;
= (x—iy)" Qi(x+iy) + R(u (x+iy)) +di
=x" Qix+y" Qi+ uj x+ dj.
Now, let e; = (1,0)7 € R?, e; = (0,1)7 € R?, and set

X =xe] +yel = (x y) e R™2,

Then

tr(XT Q:X) +tr(eyul X) +d;

= tr((xe] +ye3)" Qi(xe] +ye})) +tr(eru; (xe] +yey))+d;

=x" Qix+y" Qiy + tr(u] x) +d;

= fi(2),
thus, by taking A; = Q;, Bi =u;, c;i=d;and V = elT, we get that (P) is an sSQMP with the claimed
parameters. O]

As an immediate result of the previous lemma and the discussion at the end of Section 5.3,
we have the following corollary.

Corollary 5.8. Suppose there exist numbers A; > 0, i =1,...,m such that
m
Qo+ Z )viQi > 0.
i=1

Then if either n = 1 or the number of constraints, m, is at most (3) — (%) — 1 =4, problem (P)
admits strong duality.

Note that if we assume that u; € C”, then we can still perform the above analysis, but get
an sQMP with s = 2 and r = 2, hence strong duality is attained when the number of constraints
is at most (3) — (g) — 1 = 2. This recovers the result by Beck and Eldar for strong duality in
nonconvex quadratic optimization with two quadratic constraints [17].
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