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What we hope ever to do with ease, we must learn first to do with diligence.

Samuel Johnson

Introduction

Preamble

Optimization plays a crucial role in various fields, ranging from engineering and
economics to machine learning and data analysis. Most of the optimization prob-
lems are hard to be solved analytically (or in some cases it is not efficient to do so),
therefore they are solved using iterative methods to approximate the solution. As
a result, the development of efficient algorithms for solving optimization problems
is crucial. To understand if an algorithm is efficient for a specific class of problems
it is important to understand the behaviour of the algorithm. Henceforth, analysis
of convergence of algorithms is a fundamental research area in optimization the-
ory. In this context, different mathematical frameworks and tools have emerged
to study and estimate the performance of optimization algorithms.

In this section we will overview general optimization problems as well as some
concepts that we will use in this thesis. We will end the chapter by providing the
societal and scientific relevance of the topic. Then, we will present the outcomes
of this research that appeared in peer-reviewed journals or are under review.



1.1 Nonlinear programming

The general form of a nonlinear programming problem is as follows
g, 0

s.t. gi(x)<0, fori=1,2,...,m
hj(x)=0, forj=1,2,...,p

where x = (xq, X5,...,X,) represents the decision variables, f (x) is the objective
function to be minimized, g;(x) are the inequality constraints, and h;(x) are the
equality constraints [LY*84]. Any point that satisfies the constraints is called a
feasible point, and the set of feasible points is called the feasible set. Alternatively,
the feasible set can be represented by X, defined as

X= {xe]R” | gi(x) <0, hj(x)=0,i€{1,...,m}, j€ {1,...,p}}.
Therefore the optimization problem can be written as
inf G

Analyzing such a general optimization problem is difficult, therefore we re-
view different classes of functions facilitating studying them by considering their
properties.

1.2 Classes of functions

Suppose that we want to solve the following optimization problem
it 0

It is almost impossible to talk about the behaviour of an algorithm for a general
optimization problem as above [Nes18, Chapter 2], even for convergence of the
algorithm to a local minimum. Therefore, it is important to introduce some as-
sumptions on the function in order to facilitate the study of the function class. In
other words, we assume that the function under the study belongs to some func-
tion classes F and try to make these assumptions as little restrictive as possible.

In the literature convex or L-smooth functions are among the most important
function classes. A function f is called L-smooth in R" if for some L > 0 it satisfies
the following condition,

V)=V I <Llx—yll forall x,y €R™
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There are also other classes such as u-strongly convex functions, where a function
f is called pu-strongly convex if, for some u > 0, the function f(x) — %Ix||? is
convex. Note that a 0-strongly convex function is just a convex function.

We will also consider the class of u-strongly convex, L-smooth functions, de-
noted by 7, ; (R"). A function f belongs to this class if it is both L-smooth and
u-strongly convex. Note that the class F,, ; (R") is a convex set in a suitable func-
tion space.

As we will discuss these function classes and their properties in Chapter 2 in
detail, for further discussion we refer the interested reader to look at Chapter 2
and [Nes18, Bec17].

1.3 Iterative first-order methods

Iterative methods are among the most widely used algorithms to solve an opti-
mization problem. The class of iterative algorithms ranges from zero-order to
higher order algorithms. These algorithms start from an initial point x° and iter-
atively generate subsequent points (iterates). First-order methods are among the
iterative methods. First-order methods use only the information of the gradient
and function value at a given point. These methods can be categorized by three
strategies that they use to generate the next point, namely line search, trust re-
gion, and fixed step lengths [NWO06]. In this thesis we mainly focus on methods
that use fixed step lengths.

Line-search algorithms, in general, move in a search direction d* from the
previous point x* to generate the new point x**!. In other words, they solve the

following problem
k

xk*1 = argmin, f (x* + td").
One choice for the search direction is the steepest descent direction —V f (x5
[NWO06, Section 2.2].

Sometimes, it is too expensive to solve the above problem. One way to deal
with this problem is to choose the step length in advance, which sometimes is
called fixed step length. The gradient descent method is a widely used fixed step
first-order iterative method. It updates the decision variables by taking steps pro-
portional to the negative gradient of the objective function, i.e.

Xk = xk — thf(xk).



To have an overview on first-order methods we refer the reader to some ref-
erence books, e.g., [NW06, Nes18, Becl7].

Nocedal and Wright [NW06] name three properties that an algorithm should
possess to be called a good algorithm, namely robustness, efficiency and accuracy.
Studying worst-case convergence allows us to understand the weaknesses and
strengths of an algorithm.

1.4 Convergence rate

Convergence rate in the worst case is a crucial aspect of analyzing optimization
algorithms’ performance. In this section we present some fundamental concepts
and definitions about convergence rates.

Suppose that a sequence {x*} has a limit point x*. We are interested in how
fast xX — x* goes to zero. We consider two types of convergence, Q-convergence
and R-convergence [BGLS06].

— x|l

k+1
Convergence of the quotient series ¢* := T

as k — oo is called Q-
convergence of the sequence {xk}. We say the sequence {xk} converges to x*
Q-linearly if limsup,_, o, ¢° < 1. If limsup;_,o, ¢* = 0 we call {xk} Q-super-
linearly convergent [BGLS06, Section 1.5]. We usually omit the Q when we talk
about convergence rates, if it does not cause any confusion.

On the other hand, if ||x¥ — x*|| < ¥* and v* is Q-convergent, then the se-
quence {xk} is called R-convergent [NWO06, Section A.2]. We will refer back
to R-convergence in Section 9.5. It is obvious that Q-convergence implies R-
convergence.

Moreover, if % < kc—a for some constants ¢ and a > 0, the convergence
rate of {xk} is called sub-linear, and it is denoted by O (kia) [Becl7].

For a comprehensive exploration of convergence rates, we recommend the
interested reader to delve into the references [NW06] and [BGLS06]. These books
provide valuable insights and in-depth analyses on the topic of convergence rates
in the context of optimization.

1.5 Performance estimation problems (PEPs)

The Performance Estimation Problem (PEP) is a mathematical framework that
aims to estimate the worst-case convergence rates and performance of optimiza-
tion algorithms, originally for calculating convergence rates of first-order algo-
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rithms. This strong tool was first introduced by Drori and Teboulle [DT14]. This
method was improved by the work of Taylor et. al [THG17c] by introducing neces-
sary and sufficient interpolation conditions for u-strongly convex L-smooth func-
tions. Since then, many scholars used this method to find the convergence rate of
different algorithms; see Section 3.5 for the recent works on PEP

Briefly speaking, PEP tries to model the convergence rate of the algorithm by
modeling the convergence rate problem as a semidefinite programming problem.
The idea is to find the worst objective function from a given class for a given
algorithm. In other words, PEP aims to identify the worst-case input for a given
iterative optimization algorithm. This is in itself an optimization problem in some
function space, and the surprising thing is that it may sometimes be reformulated
as a semidefinite program. We describe PEP in detail in Chapter 3.

1.6 Semidefinite programming

As mentioned above, PEP transforms convergence rate analysis of an iterative
algorithm into a semidefinite programming problem. In this section, we briefly
introduce semidefinite programming (SDP); more details are presented in Section
2.2.

Semidefinite programming is a generalization of linear programming to han-
dle optimization problems involving positive semidefinite matrix variables. More
precisely, SDP deals with optimizing a linear objective function over the set of
positive semidefinite matrices subject to some linear constraints [VB96].

Mathematically, SDP can be formulated as

p*=sup (C,X)
X

S.t. <Ai,X>:bi, i:].,...,m,
X =0,

where matrix X is the variable, C,A,,...,A,, are given symmetric matrices, and
b € R™ is a given vector [IV12].

SDP has been extensively studied in the field of optimization. The works by
De Klerk [DKO06], and Vandenberghe and Boyd [VB96] provide a comprehensive
overview of SDP and its applications.



1.7 Machine learning and optimization

Machine learning typically involves a training phase, where the model learns
from data, followed by a testing phase to evaluate its performance on unseen
data, ensuring it can generalize well. Neural networks, which are central to deep
learning, consist of interconnected layers of neurons that learn complex patterns
[GBC16]. Machine learning algorithms can be broadly divided into four main cat-
egories as supervised, semi-supervised, unsupervised, and reinforcement learning
[SCZZ19]. Typically, these algorithms are used for solving optimization problems
during the training phase. This process aims to determine the optimal parameters
of a model by minimizing a loss function.

A loss function, often denoted as £(0), depends on the model parameters 6.
The optimization problem is then to find the values of the model parameters that
minimize this loss function. Mathematically, it can be expressed as

m@m L£(0).

For a comprehensive review on loss functions we refer the interested reader to
[WMZT20]. In the context of training deep neural networks, the objective is to
minimize a cost function, which can be formulated as

min J(0) := Ey,y)mpy,, [L0 (x30), 1)1

Here, L(-) represents the loss function, f(x;6) denotes the predicted value for
the input x, 6 stands for the model parameters, y represents the actual output,
and Pga, corresponds to the empirical distribution [GBC16].

First-order methods in deep learning, such as Gradient Descent, SGD (Stochas-
tic Gradient Descent), Momentum, and Adam, are crucial for optimizing neural
networks. They work by using the gradient of the loss function to iteratively adjust
the network’s parameters, minimizing loss [BB24, GBC16].

The importance of the use of first-order methods in machine learning forms
an additional motivation for gaining a better understanding of their convergence
analysis.

1.8 Thesis overview

We now give a brief overview of the contents of this thesis, chapter by chapter.
Moreover, a summary of the main results on the convergence rate in the thesis
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will be given later in Table 10.1.

Chapter 2

This chapter is dedicated to some preliminaries that will be used in the other chap-
ters. In particular, we present some fundamental theorems on functions, semidef-
inite programming and most importantly, we present interpolation theorems that
are foundations for the performance estimation method. These interpolation the-
orems are in the spirit of Whitney-type extension theorems that characterize when
a function may be extended to a larger domain while keeping certain properties
(like continuity, convexity, or L-smoothness).

Chapter 3

In this chapter, we introduce the performance estimation method. We show how
to get a convergence rate of a first-order algorithm using this method. We define
the Gram matrix semidefinite programming formulation and continue with dual
presentation of the performance estimation problem. We present a simple exam-
ple to show how the performance estimation method works. We conclude the
chapter by reviewing some recent works on the performance estimation method.

Chapter 4

In this chapter, we study the convergence rate of the gradient (or steepest descent)
method with fixed step lengths for finding a stationary point of an L-smooth func-
tion. We establish a new worst-case convergence rate, and show that the bound
may be exact in some cases, in particular when all step lengths lie in the interval
(0,1/L]. In addition, we derive an optimal step length with respect to the new
bound. In addition, we present an extension of L-smooth functions from a open
convex set.

Chapter 5

In this chapter, we derive a new linear convergence rate for the gradient method
with fixed step lengths for non-convex smooth optimization problems satisfying
the Polyak-Lojasiewicz (PL) inequality. We establish that the PL inequality is a
necessary and sufficient condition for linear convergence to the optimal value for
this class of problems. We list some related classes of functions for which the



gradient method may enjoy a linear convergence rate. Moreover, we investigate
their relationship with the PL inequality.

Chapter 6

In this chapter, we study randomized and cyclic coordinate descent for convex
unconstrained optimization problems. We improve the known convergence rates
in some cases by using the numerical semidefinite programming performance es-
timation method. As a spin-off we provide a method to analyse the worst-case
performance of the Gauss—Seidel iterative method for linear systems where the
coefficient matrix is positive semidefinite with a positive diagonal. Moreover, we
study the weighted Jacobi method for solving quadratic programming problems
and revisit some well-known results in the literature.

Chapter 7

In this chapter, we study the gradient descent-ascent method for convex-concave
saddle-point problems. We derive a new non-asymptotic global convergence rate
in terms of distance to the solution set by using the semidefinite programming
performance estimation method. The given convergence rate incorporates most
parameters of the problem and it is exact for a large class of strongly convex-
strongly concave saddle-point problems for one iteration. We also investigate the
algorithm without strong convexity and we provide some necessary and sufficient
conditions under which the gradient descent-ascent enjoys linear convergence.

Chapter 8

In this chapter, we study the non-asymptotic convergence rate of the DCA (difference-
of-convex algorithm), also known as the convex—concave procedure, with two dif-
ferent termination criteria that are suitable for smooth and non-smooth decom-
positions, respectively. The DCA is a popular algorithm for difference-of-convex
(DC) problems and known to converge to a stationary point of the objective un-
der some assumptions. We derive a O(1/+/N) worst-case convergence rate of
the objective gradient norm after N iterations for certain classes of DC problems,
without assuming strong convexity in the DC decomposition, and give an exam-
ple which shows the convergence rate is exact. We also provide a new O(1/N)
convergence rate for the DCA with another termination criterion to deal with the
non-smooth case. Furthermore, we study the convergence rate for the proximal
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gradient method and the gradient descent method. Additionally, we study the
impact of using regularization on DCA. Moreover, we derive a new linear con-
vergence rate result for the DCA under the assumption of the Polyak-t.ojasiewicz
inequality. The novel aspect of our analysis is that it employs semidefinite pro-
gramming performance estimation.

Chapter 9

In this chapter, we derive new non-ergodic convergence rates for the alternating
direction method of multipliers (ADMM) by using performance estimation. We
give some examples which show the exactness of the given bounds. We also study
the linear and R-linear convergence of ADMM. We establish that ADMM enjoys a
global linear convergence rate if and only if the dual objective satisfies the Polyak-
Lojasiewicz (PL) inequality in the presence of strong convexity. In addition, we
give an explicit formula for the linear convergence rate factor. Moreover, we study
the R-linear convergence of ADMM under two new scenarios related to function
classes and the rank of the matrix.

Chapter 10

We end the thesis by providing some concluding remarks and possible research
questions for future work. Moreover, we provide a table summarizing the main
results of the thesis.

Societal and scientific relevance of the thesis topics

In this section, we examine the influence of our endeavors on both society and
the scientific community. As it is mentioned, optimization techniques are essen-
tial tools in a spectrum of fields, including mathematics, engineering, economics,
computer science, and more.

From the society’s perspective, the rising demand for optimization in various
fields from healthcare, environmental sustainability, to financial market and ma-
chine learning, increases the demand for more efficient algorithms to solve these
problems in an efficient way. With the increasing complexity of the systems and
the proliferation of big data, there is an ever growing demand for more efficient
and faster algorithms. The first-order algorithms demonstrate a good performance
both in practice and in theory. They usually are easy to implement and have low
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costs. On the other hand, different problems have different structures that may fit
better with one algorithm than the other. Studying first-order methods provides
practitioners with a good perspective on selecting the most suitable algorithm for
their problem with a theoretical guarantee. Moreover, first-order methods are the
back-bone for optimizing the models used in machine learning and it goes without
saying how important machine learning is in the modern world.

1.9 Contributions to the Literature

This thesis is based on the following articles:

[AdKZ22]

[AdKZ23a]

[AdKZ23b]

[ZAdK24]

[AdKZ23c]

[ZAdK23]
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Now is no time to think of what you do not have. Think of what you can do
with what there is.

The Old Man and the Sea, Ernest Hemingway

Preliminaries and interpolation theorems

Preamble

In this chapter, we delve into the study of interpolation theorems, a crucial in-
gredient extensively utilized throughout this thesis to analyze the complexity of
first-order methods. In particular, these theorems sometimes enable us to refor-
mulate the membership problem for some function classes as finite interpolation
conditions.

In recent years, interpolation theorems have gained significant attention from
researchers who aim to extend or leverage them for their analyses, particularly in
the context of performance estimation. Before delving into these theorems, we
will cover fundamental concepts in convex and smooth analysis. By establishing
a solid foundation in these areas, we can better grasp the subsequent theorems
and their implications.

2.1 Preliminaries

In this section, we introduce fundamental mathematical concepts and definitions
that will serve as the foundation for our thesis. We provide a concise overview of

13
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these key notions to establish the groundwork for our study. For a more in-depth
exploration of these mathematical concepts and the proofs, interested readers
are encouraged to refer to supplementary reference books (e.g., [Roc97, Becl7,
Nes18, HUL13]).

Let us begin with the definition of convex sets.

Definition 2.1. A set S € R" is said to be convex if, for all x,y € Sand A €[0, 1],
we have:
Ax+(1—-A)yeES.

In simpler terms, this definition implies that any line segment connecting two
points within the set also lies entirely within the set.

The notation R" represents the Euclidean space of n dimensions. Now, let
us define the inner product and induced norm with respect to a given matrix A €
R™™, Given vectors x € R" and y € R™, their inner product with respect to
matrix A, denoted as (x, y),, is defined as:

(x,y)A = (X,Ay),

where (-, -) denotes a reference inner product. Note that in the Euclidean space the
reference inner product is defined by (x, y) = xT y for any given vectors x, y € R™.
The seminorm with respect to matrix A and the inner product (-, -), denoted as ||x|| 5,
is defined as:

lIxlla = llAx|| = v/ {Ax, Ax).

It is worth noting that if A has independent columns this is an induced norm; see
[HJ12, Section 5.2] for more discussion on seminorms.

Now, let us briefly discuss some properties of a function. Consider an extended
real-valued function f : R" — RU {+00}. The effective domain of the function is
defined as:

dom f ={x € R": f(x) < +00}.

To define the notion of relative interior we need to first define the affine hull of a
set S.

Definition 2.2. The affine hull of a set S € R" is given by
affS={91X1+92X2+'-'+9nxn | xl,...,XHES, 91+“'+9n=1, 91,...,9n€R}.

Now we define the relative interior of the set S.



Chapter 2. Interpolation theorems 15

Definition 2.3. The relative interior of a set S is defined by
riS={x€aff S| B(x,e)Naff S CS for some ¢ > 0},
where B(x,e)={y | ||y —x|| < €} is the ball around x with radius e.

In case that the set S is convex, alternatively, x € ri(S) if and only if, for every
y € S\ {x}, there exists a g € S such that x is on the line segment connecting y
and z.

We end this subsection with the definition of proper functions.

Definition 2.4. A function f is called proper if there exists x € R" such that
f(x) < +oo.

Definition 2.5. For a set X C R", we denote the distance function to the set X by
dy(x) := inf,cx ||y — x|| for any x € R". The set-valued mapping TIx(x) stands
for the projection of x on X, that is, ITx(x) = {y : ||y — x|| = dx(x)}.

Note that, if X is a non-empty closed set, then IIx(x) is non-empty and well-
defined.

2.1.1 Convex functions

Convex functions play a pivotal role in optimization and mathematical modeling.
Intuitively, a univariate function is considered convex if, for any two points in its
domain, the value of the function at any point on the line segment connecting
these two points lies below or on the line connecting the function values at those
points.

There are some alternative ways of defining a convex function mathematically
which are considered interchangeable. One definition which is very intuitive is as
follows.

Definition 2.6. Let D C R" be a convex set. A function f : D — R is convex if,
for all x, y in its domain and for any A with 0 < A < 1, the following inequality
holds:

fAx+(1A-2)y) <Af()+(1-2)f (),

where D is the domain of the function f.
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A function is called strictly convex if the above inequality strictly holds for
x # y and 0 < A < 1. To introduce the other definition we need to define the
epigraph of a function.

Definition 2.7. For a function f : D — R, the epigraph of f is defined by
epi f ={(x,0) eDxR| f(x) <t}.
We now define convex and closed functions using the epigraph of the function.
Definition 2.8. A function f is convex if its epigraph is a convex set.
Definition 2.9. A function f is closed if its epigraph is a closed set.

We can characterize lower semi-continuous functions through the definition
of closed functions. In other words, a function f : R" — (—o0, co] is lower semi-
continuous function if and only if it is a closed function; see [Roc97, Theorem
7.1].

2.1.2 Subgradient

Another essential concept utilized in this thesis is the notion of subgradient. To
formally define the subgradient, we first need to introduce the concept of dual
spaces. Let us consider a vector space E, and the set of all linear functionals on
E, termed the dual space, and denoted as E*. The norm in the dual space is called
the dual norm, and it is defined as follows:

I¥ll, =sup{y(x):lIx[| <1}, y€E"
x€E

In this thesis, we focus on utilizing the Euclidean norm. An essential character-
istic of the Euclidean norm is its self-duality, expressed as ||-|| = ||-||,. Additionally,
our study centers on the vector space E = R", which possesses a dual space de-
noted as E* = R". In this case, any y in E* may be identified with x — (x, y) for
some y in R" and (-, -) the Euclidean inner product on R". In other words, E* is
isomorphic to R".

This understanding provides us with the necessary tools to present a formal
definition of the subgradient.

Definition 2.10. Let f : R"™ — (—00,+00] be a proper function. If x € dom(f),
a vector g € R" is called subgradient of f at x if

f)=fx)+(g,y—x) Vy eR"
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In a more intuitive sense, this inequality implies that the subgradient at a
given point corresponds to an affine (linear) function, which underestimates the
original function.

Now we can provide the formal definition of subdifferential.

Definition 2.11. The subdifferential of a function f at point x in its domain is the
set of all its subgradients, denoted by d f (x). In other words,

Of(x)={geR": f(y) = f(x)+(g,y—x) Yy €R"}.

This definition allows us to handle cases where the function may have more
than one subgradient associated with the given point. However, when a proper
convex function is differentiable and x € int(dom(f)), the set reduces to a single-
ton, equal to {Vf(x)}; e.g. see [Bec17, Theorem 3.33]. The subdifferential pos-
sesses several important properties. For a proper function f : R" — (—00,4+00],
its subdifferential at a specific point x € R" is a closed and convex set. Addition-
ally, a proper function is said to be subdifferentiable at a point x if 3 f(x) # 0,
indicating that there exists at least one subgradient at that point. Another sig-
nificant theorem related to the subdifferential of a function is known as Fermat’s
optimality condition, which can be stated as follows.

Theorem 2.12. [E.g. Becl7, Theorem 3.63]Let f : R" — (—00,+00] be a proper
convex function. Then, a point x* is a global minimizer of the function f, i.e.,
x* eargmin, {f(x):x €R"}, ifand only if 0 € 3 f (x™*).

In other words, Fermat’s optimality condition asserts that a point x* is a global
minimizer of the function f if and only if the subdifferential of f at that point
contains the zero vector. This condition serves as a fundamental guideline to
identify optimal solutions in convex optimization problems.

An important rule which is used in this thesis is the inclusion known as the
weak sum rule of subdifferential calculus:

Dafix)ca (Zﬁ) (x),
i=1 i=1

where f; : R" - R for all i € {1,...,m} are proper convex functions. Moreover,
equality holds if the intersection of the relative interiors of the domains of the
functions is nonempty, i.e., N ri (dom (£;)) # 0.

Now, let us consider the following constrained optimization problem:

inf{f(x):xeC}, (2.1)
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where f : R" — (—00,+00] is an extended real-valued proper convex function,
and the set C is a convex set. The necessary and sufficient condition for optimality
in this problem can be expressed through the following theorem:

Theorem 2.13. [E.g. Becl7, Theorem 3.68] Let f : R" — (—00,+00] be an ex-
tended real-valued proper convex function, and let C be a convex set where
ri(dom(f))Nri(C) # @. Then, x* € C is an optimal solution of problem (2.1)
if and only if there exists g € 0 f (x*) such that (g,x —x*) > 0 for any x € C.

In other words, x* is an optimal solution of the constrained optimization prob-
lem if and only if there exists a subgradient g of f at x* such that the inner product
of g with any direction (x — x*) in the feasible set C is nonnegative. This condi-
tion is a fundamental result that helps identify the optimal solutions in convex
constrained optimization problems.

For a comprehensive exploration of further properties related to the subdif-
ferential and subgradient and the formal proofs of the theorems given in this sec-
tion, we recommend interested readers to consult relevant reference books such
as [Bec17].

2.1.3 Conjugate function

Another fundamental concept heavily employed in this thesis is the notion of the
conjugate function.

Definition 2.14. Let f : R" — (—00,+00] be an extended real-valued function.
The function f* : R" — (—00, +00], defined by

ff= sup {{r,x)—f(x)}, yeR,
XER"
is called the conjugate of f.

Hence, the conjugate function of f transforms a given point in the dual space
R" into a real value. The conjugate function plays a pivotal role in various mathe-
matical and optimization analyses. The most important property of the conjugate
function is its closeness and convexity, which can be formally stated as follows.

Theorem 2.15. [E.g. Becl7, Theorem 4.3] Let f : R" — (—o0,+00] be an ex-
tended real-valued function. Then the conjugate function f* is closed and convex.

Moreover, if f is a proper convex function, its conjugate is also proper. By
definition of the conjugate, the following theorem can be derived, which is also
known as Fenchel’s inequality.
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Theorem 2.16. [E.g. Becl7, Theorem 4.6] Let f : R" — (—o0o,+00] be an ex-
tended real-valued proper function. For any x € R" and y € R", we have

FOI+ ()= (y,x).

One might wonder what happens if we take the conjugate of the conjugate
function, which is known as the biconjugate, denoted by f** and defined by

fe)=sup {{(x,y) = f*(y)}, xeR"
YER?

The biconjugate also possesses some interesting properties. For any extended
real-valued function f and any x, we have f(x) > f**(x). Moreover, if f is a
proper, closed, and convex function, then equality holds [Bec17, Theorem 4.8].

We can now establish a connection between the subdifferential and the con-
jugate function through the conjugate subgradient theorem.

Theorem 2.17. [E.g. Roc97, Theorem 23.5]Let f : R" — (—00,+00] be a proper
and convex function. The following two claims are equivalent for any x € R" and
y eR™:

(D) (x,y)=fx)+f*(¥)
(2) y €df(x).

If, in addition, f is closed, then (1) and (2) are equivalent to:

(3) xe€df*(y).

In simpler terms, the conjugate subgradient theorem establishes the equiva-
lence between three statements for a proper and closed convex function f, its
conjugate function f*, and their respective subdifferentials. This theorem pro-
vides essential insights into the relationship between the primal and dual spaces
in optimization.

Now, let us discuss some calculation rules applicable to conjugate functions.
We begin with the summation of separable functions:

Theorem 2.18. [E.g. Becl7, Theorem 4.12] Let g(xy,X3,...,X,) = Zle fi(x;)
be a seperable function, where f; : R — (—o00,+00] fori € 1,2,...,p are proper
functions. Then, we have:

p
g*(J’LJ’z:---,)’p) :Zfl*(—yl) foranyyi eRni’ i€ {]‘JZJJP}
i=1
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This theorem allows us to express the conjugate of separable functions as the
sum of the conjugates of each function. Next, we present another useful property
of conjugate functions.

Theorem 2.19. [E.g. Becl7, Theorem 4.14] Let f : R" — (—o0,+00] be an
extended real-valued function, and a € R,.

« If g(x) = af (x), then g"(y) = af* (L), for y €R".
o Ifh(x) = af (£), then h*(y) = af*(y), for y € R

These properties allow us to manipulate the conjugate function when the orig-
inal function is scaled.
We conclude this section with Fenchel’s duality theorem.

Theorem 2.20. [E.g. Roc97, Theorem 31.1] Let f and g be extended real-valued
proper convex functions. If the intersection of the relative interiors of the domains of f

and g is nonempty, i.e., ri (dom(f))Nri(dom(g)) # @, then the following relationship
holds:

inf {f(x)+g(x)} = sup {—=f"(y)—g"(—=y)},
X€ER yeRn
and the supremum in the right-hand problem is attained whenever it is finite.
There are several other properties for conjugate functions, which will be dis-
cussed in the relevant chapters.
2.1.4 L-smooth functions

In this section, we will review the definition and properties of L-smooth functions,
which constitute one of the essential classes of functions studied in this thesis. Let
us begin by formally defining L-smooth functions.

Definition 2.21. Let f : R" — (—oo,+00] and open set D C R" where f is
differentiable over D. f is called L-smooth over D for some L > O if it satisfies the
following condition:

IVf(x)=Vf(y)lI <Llx—yl forall x,y €D.

The constant L in the definition is referred to as the smoothness modulus or
parameter of the function. The definition of smoothness allows us to observe that
if a function f is L;-smooth, it is also L,-smooth for every L, > L;. Consequently,
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when we refer to a function as L-smooth, we specifically mean the smallest pos-
sible value of L that satisfies the smoothness condition.

The descent lemma is one of the most important properties of L-smooth func-
tions.

Lemma 2.22. [Nes03, Lemma 1.2.3] Suppose that f : R" — (—oo,00] is an L-
smooth function over an open convex set D for some L > 0. Then, for every x,y €D,
we have:

FOY S+ (TFC,y =)+ 5 =y IP
In particular, if y = x —1/LVf (x), then

1 1
o VI QI < £ =1 (x= 1 9F ().
Additionally, we list some key properties of L-smooth functions.

Theorem 2.23. [Nes18, Theorem 2.1.5] Let f be a differentiable convex function
over R", and let L > 0. Then all of the following statements are equivalent:

* f is L-smooth.

* FOYSFEIH(VI(),y —x)+ 5 llx—ylI* for all x, y €R".

* FO)ZFE)+(VF(x),y —x) + 5 IVF () =V ()I? for all x,y €R™.
* (V) =Vf(y)x—y) = LIV ()= Vf()I? forall x,y € R™.

* fFOx+A=2)y)ZAf(x)+A=)f () —5A(1=Vllx—y|* forall x,y €
R".

Furthermore, if the Hessian of a function f exists, then the module of smooth-
ness for the function can be defined by spectral radius of the Hessian. In other
words, the spectral radius of the Hessian lies within the interval [—L,L]. It’s
important to note that the spectrum of a Hessian depends on the choice of the un-
derlying inner product. Consequently, the value of L is dependent on the specific
inner product used.

The following proposition states a well-known characterization of L-smooth
functions that follows, e.g., from [Nes03, Lemma 1.2.3], [Nes03, Theorem 2.1.5]
and [THG17a, Lemma 3.9].

Proposition 2.24. Let L > 0. The function f : R" — R is L-smooth and the gradient
exists, if and only if it has an L-Lipschitz gradient.

We denote the class of L-smooth functions by F_; ; (D) where D C R".
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2.1.5 Strong convexity

We begin this section by providing the formal definition of strongly convex func-
tions.

Definition 2.25. [Nes18, Definition 2.1.3] Let u > 0. Suppose that f : R" = R
is a continuously differentiable convex function over its domain, and for every
x,y € dom(f) the inequality

U
fFOZfE)+(VFE)y —x) + S llx = ylI?
holds. In this case, f is called a u-strongly convex function.

This definition implies that a function f is u-strongly convex if and only if the
function f(-) — %ll -||I? is convex. Similar to the L-smooth case, if f is strongly
convex with modulus u., it is also u,-strongly convex for every 0 < u, < ;.
Hence, it is essential to find the largest strongly convex modulus. Furthermore, it
is evident that a convex function is a 0-strongly convex function.

It is straightforward to observe that if f : R™ — R is a u-strongly convex
function for some y > 0 and g : R" — R is a convex function, then the sum f + g
is also a u-strongly convex function.

The following theorem presents some essential characteristics of u-strongly
convex functions.

Theorem 2.26. [E.g. Becl7, Theorem 5.24] Let f : R™ — R be a proper, closed,
and convex function, and let u > 0. The following statements are equivalent:

* f is a u-strongly convex function.
e Forany x € dom(3f), y € dom(f), and g € 3 f (x), the inequality
F)Z F0)+ gy =x) + Zlly =P
holds.
* Forany x,y €dom(df)and g, € df(x), g, € df(y), the inequality
(gx— gy, x—y) = ullx—y|?

holds.
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One of the most significant characteristics of strongly convex functions is their
possession of a unique minimizer. The following theorem formalizes this property.

Theorem 2.27. [E.g. Becl7, Theorem 5.25]If f : R" — R is a proper, closed,
and u-strongly convex function for some u > 0, then f has a unique minimizer.
Moreover, the following inequality holds for any x € dom(f) and x*, which is the
unique minimizer of f:

FE=F ()2 T e =P

Suppose that the function f is twice continuously differentiable and the Hes-
sian of the function is positive definite. Similar to L-smooth functions, the mod-
ulus of strong convexity of f is equal to the minimum eigenvalue of the Hessian.
Therefore, one has

ul < V2f(x) < LI.

The connection between strong convexity and L-smoothness of a function can
be established using conjugate functions. The following theorem presents this
connection formally.

Theorem 2.28. [E.g. Becl7, Theorem 5.26 ] Suppose that u. > 0. Then:

e Iff :R"—>Risa %-smooth convex function, then its conjugate function f* is
a u-strongly convex function.

* If f : R™ — R is a proper closed u-strongly convex function, then its conjugate

function f*is a %-smooth function.

The set of functions that are both u-strongly convex and L-smooth is denoted
by 7, (R"). Notably, it is worth mentioning that for u-strongly convex and L-
smooth functions, u < L always holds. Furthermore, the class of u-strongly con-
vex functions which are not smooth is denoted by 7, o (R").

The definitions of L-smoothness and u-strong convexity can be influenced by
the chosen norm, raising the question of whether these definitions can be general-
ized. To address this concern, Lu et al. introduced the concepts of relative smooth-
ness and relative strong convexity with respect to a reference function [LFN18].
Inspired by their work, we define c-strongly convex functions as follows:

Definition 2.29. Let f : R" — (—o00, 0] be a closed proper function, and let
A€ R™™. Wesay f is c-strongly convex relative to || -||4 if the function f — 5| - ||§
is convex.
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It is worth noting that in Definition 2.29 the value of ¢ depends on the semi-
norm || - ||, that we use. Moreover, setting A= I in the definition allows us to de-
duce the definition of u-strong convexity. It is noteworthy that any function that
is u-strongly convex is also m—strongly convex with respect to the seminorm
|l -1l4- However, the converse is not necessarily true unless A has full column rank.
For further details on the strong convexity in relation to a given function, we refer
the reader to [LFN18, BBT17].

The set of c-strongly convex functions relative to the seminorm || - ||, on R" is
denoted as FA(R").

2.1.6 Non-convex non-smooth functions

If a function f is non-convex and non-smooth, we will also need a more general
notion of subgradients than in the convex case.

Definition 2.30. Let f : R" — R be lower semi-continuous.

* The vector g € R" is called a regular subgradient of f at x, written g €
é’L f (), if for all x in some neighborhood of x

fO) = f(x)+ (g, x —x) +o([lx—x]).

* The vector g € R" is called a general subgradient of f at X, written g €
d; f (%), if there exist sequences {x'} and {g'} with g’ € éLf(xi) such that

xi—w'c,f(xi)—)f(fc),gi—>gasi—>oo.

It is worth mentioning that J; f (%) is a closed convex set. In addition, 3, f (%)
is also closed but not necessarily convex. Note that when f is closed proper con-
vex, then df(x) = éLf(x) = J;f(x) for x € dom(f). We refer the interested
reader to [RW09, Chapter 8] for more discussions on regular and general subdif-
ferentials.

2.2 Semidefinite programming

In this section we discuss some concepts on semidefinite programming (SDP); for
more details see [IV12, VB96]. The standard form of semidefinite programming
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as used in [LV12] (more common is ‘inf instead of ‘sup’) is given by

p*=sup (C,X)
X

S.t. (Al,X> = bi’ i= ]., cee,m, (22)
X =0,

where matrix X is the variable, C,A;,...,A,, are given symmetric matrices, and
b € R™ is a given vector. The inner product (-,-) denotes the Frobenius inner
product, that is (A, B) = tr(AB). If there is a positive definite matrix X that satisfies
all the constraints and X > 0, then we call the problem strictly feasible; sometimes
this is called Slater’s condition [BV04, Chapter 5].

Similar to the linear programming setting we define the dual form of the pri-
mal problem 2.2, which is given by

d*=inf by
Y
m
st Y yA—C=0, i=1,..,m, (2.3)
i=1
Yy €R",

where y is the variable and the constraint Z:n:l yiA; —C > 0 is also known as a
linear matrix inequality (LMI). Now we provide some results on SDP which we
will use in the following chapters.

Lemma 2.31. [E.g. LV12, Lemma 2.1.1] Assume that X is a feasible solution to
Problem 2.2 and y is a feasible solution to Problem (2.3). Then we have

» p* < d*, which is known as weak duality.
e If{(C,X)=bTy thenp*=d*=(C,X)=bTy.

The difference between the supremum in the primal problem and the infimum
in the dual problem is called the duality gap, defined as d* — p*. If there is no
duality gap, then we say that strong duality holds. The next theorem states this in
formal way.

Theorem 2.32. [E.g. DKO06, Theorem 2.2 ] Assume that X is a feasible solution to
Problem 2.2 and y is a feasible solution to Problem (2.3). Then we have
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e If the problem (2.3) is bounded from below (i.e., d* > —o0) and is strictly
feasible, then the primal problem (2.2) attains its supremum and there is no
duality gap.

e If the problem (2.2) is bounded from above (i.e., p* < 00) and is strictly
feasible, then the primal problem (2.3) attains its infimum and there is no

duality gap.
Another important concept is complementary slackness.

Theorem 2.33. Assume that X is a feasible solution of the primal problem (2.2)
and y is a feasible solution of dual problem(2.3). If (X, y) satisfy

(i)’it‘\i - C)X =0,

i=1
which is known as the complementary slackness condition, then X is an optimal
solution of the primal problem and y is an optimal solution of the dual problem.

Consider vectors uy,us,...,u; € R™ with k > 1. Define the matrix X =
Gram(uy, uy, . .., u) such that X;; = ul.Tuj fori,j € {1,...,k}. This matrix is re-
ferred to as the Gram matrix of uy, u,, ..., u. It is noteworthy that a matrix X € S

is positive semidefinite if and only if it can be expressed as the Gram matrix of
some vectors uq, U, ..., U, € R" and some n > k.

See [DKO06] for a comprehensive overview of SDP and [MHA20] for new de-
velopments on SDP and its applications. Additionally, it’'s important to note that
the MOSEK toolbox in MATLAB [ApS19] is used to solve the semidefinite pro-
gramming (SDP) problems that appear in this thesis.

2.3 Interpolation theorems

In this section, our main focus is on interpolation theorems, which play a crucial
role in formulating the performance estimation problem, as discussed in Chapter
3. The primary aim is to express a specific class of functions using a finite number
of triplets, each containing a point, the function value, and the (sub-)gradient of
the function at that point. Let us consider Z be a finite index set, this enables us
to determine, based on a finite number of such triplets {(xi; f i gi)}i o whether
there is a function with f (xi) =fland g' € 3f (xi) that belongs to a specific
class of functions. The formal definition of interpolability is given by the following
definition.
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Definition 2.34. A set of triplets {(xi; fi gi)}iez C R"xRxR"is called F, ; (R")-
interpolable if there is a function f € F, ; (R") such that fori € Z, f (xi) = fi

and g' € df (xi).
To illustrate interpolation, let us consider the following example.

Example 2.35. Consider {(xl, x?, x3) =(-1,1.5, 4)} C R3, the corresponding func-
tion values {(fl,fZ,fg) =(38.07,0.52, 1.91)} and the corresponding gradients
{(gl,gz,g3) =(-1.6, —0.65,2.8)} C RS2 as illustrated in Figure 2.1. Our goal is
to determine if there exists a u-strongly convex and L-smooth interpolating func-
tion with u = 0.21 and L = 3.74. If such a function exists, we say that the triplet
{(xi;fi; gi)}iﬂ, where 7 ={1, 2,3}, is F,, ; (R)-interpolable.

f(x)
(xl,f(xl))\
A%, £ ()
\(;Yz,f(xz))
o 2 3 X

2

Figure 2.1: Three points x', x2, x3 along with their corresponding function values

and gradients

In this example, we find that there does indeed exist a function that satisfies the
conditions. It is presented in Figure 2.2 and it is given by

0.7167x2 + 2.3887 x € (—00,—1.5)
f(x)=10.02x*—0.0533x3 +.16x*>—1.04x + 1.8 x € [—1.5,4.5]
0.4944x2 —6.3112 x € (4.5, 00).
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f(x)

(x, £ (D)

Xl

Figure 2.2: A u-strongly convex and L-smooth function, with y = 0.21 and L =
3.74 modules, that passes through the points with the corresponding function
values and gradients shown in Figure 2.1.

Now, we present the interpolation theorems utilized in this thesis. For a com-
prehensive understanding and detailed proofs, we direct the interested reader to
[Tay17], unless specified otherwise.

The following theorem provides convex interpolation, which serves as the basis
for the other theorems.

Theorem 2.36. [THGI17c, Theorem 1 ] The following statements are equivalent:
1. {(xi;fi; gi)}l.ez is Fo,00 (R™)-interpolable.

2. The following inequality holds for all i,j € I:
fi=f +<gj,xi—xj>.

The proof of the theorem comes from the definition of subgradient. We move
on to a more general theorem, which provides necessary and sufficient conditions
for the class of u-strongly convex L-smooth functions. To prove these theorems
one may use the properties of conjugate functions.

Theorem 2.37. [THG17c, Theorem 4]Let 0 < u < L < oo. The following state-
ments are equivalent:
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1. {(xi;fi; gi)}iel is F,;, (R")-interpolable.
2. The following inequality holds for all i, j € T:

S e e vl =P e =gt ) <
L

fi—fj—<gj,xi—xj>. 2.4)
The proof of this theorem relies on the properties of conjugate functions. Using
this theorem, the following corollaries can be deduced.
Corollary 2.38. The following statements are equivalent:
1. {(xi;fi; gi)}l.el is Fo  (R")-interpolable.
2. The following inequality holds for alli,j € L:
£ fla (gl =)+ o e =
Corollary 2.39. The following statements are equivalent:
1. {(xi;fi; gi)}iel is ;0o (R")-interpolable.
2. The following inequality holds for all i,j € Z:

iz (g i)

The next theorem gives necessary and sufficient conditions for ]:? oo -interpolablity.
Analogous to that of [THG17c, Theorem 4] (Theorem 2.37) we have the following
interpolation theorem.

Theorem 2.40. Let ¢ € [0,00). The set {(xi;fi;gi)}iez CR"xRxR"is .7-":‘00-
interpolable if and only if for any i, j € Z, we have

%Hxi—xj”iSfi—fj—<gj,xi—xj>. (2.5)
Proof. The triple {(xi i fG gi)}i o7 18 féoo-interpolable if and only if the triple
{(xi;fi —< ||xi’j;gi_CATAxi)}
{(Xi;fi_%||xi|i;gi_CATAxi)}

1= 2 5= (- )

is Fy co-interpolable. By Theorem 2.36,

i€z

- is Fy oo-interpolable if and only if
; :

which implies the desired inequality. O
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The other interpolation theorem of interest pertains to the class of non-convex
smooth functions.

Theorem 2.41. [THGI17a, Theorem 3.10][DS20, Theorem 7 in Appendix] Let
{(x'; f1;8D}er € R™ x R x R" with a given finite index set T and L > 0. There
exists an L-smooth function f with

fO)=fLVf(x)=g" VieT, (2.6)
if and only if
2lg =g —Llxi—x =L =g < f1 = — (g, x' =)} VijeT. (27)

In addition, if {(x%; f'; g")},ez satisfies (2.7), then there exists a L-smooth function
f for which (2.6) holds and min,.cgn f (x) = min; e f; — ﬁl|gil|2. Moreover, letting
i*. € argminiezfi — %llgiﬂz, a global minimiger of this function is given by x* =
xl* _ %gl*

Another proof of the first part of the above-mentioned theorem may be found
in [Wel73, Theorem 2. Page 148].

Now we provide a theorem that extends the result to a more general case.
Analogous to strongly convex functions, we define the concept of ‘minimum cur-
vature’ with modulus u for the function f if the function f(-) — %H -]|? is convex.
Notably, in this case, the minimum curvature parameter is allowed to take negative
values, unlike in the convex case where u can only take non-negative values. The
class of functions that exhibit minimum curvature y and are L-smooth is termed
"hypo-convex functions’ and is denoted by #,, ; (R"). It is worth mentioning that
when u = —L, this class of functions reduces to non-convex L-smooth functions.
The following theorem provides the necessary and sufficient conditions for the
interpolability of this class of functions.

Theorem 2.42. [RGP22, Theorem 3.1 ] Let {(xi;fi; gi)} C R" x R x R" with

ieT =
a given index set 7 and let L € (0,00] and u € (—oo, L). There exists a function
f S HN;L (Rn) with

fFx)=fvi(x')=¢" i€,
if and only if for every i,j € T

s (e~ rul =) =3 (g gt ) ) <

fi—fj—<gj,xi—xj>. (2.8)
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Homogeneous quadratic functions have a specific structure that allows us to
simplify the interpolation theorem for them, making it worth mentioning. Con-
sider the quadratic function f(x) := %xTQx where uI X Q X LI for some 0 <
u < L. The gradient at a given point x can be calculated as Vf (x) = Qx. More-
over, the function can be expressed as f (x) = %xTV f(x). Utilizing this represen-
tation, we can substitute the function value in the interpolation Theorem 2.37;
see [BHG22] for more details. Consequently, the interpolation theorem takes the
form:

—_

R R e R

[\J

()
(g'x") =

We conclude this section by providing the following theorem for yu—strongly
convex, L-smooth functions that are twice continuously differentiable in an open
convex set D € R", denoted by 7, ; (D).

P‘I‘C

<g] x]> <gj,xi—xj>.

N |
Nlr—l

Theorem 2.43. [DKGT20] Let f : D — R be twice continuously differentiable,
defined on an open convex set D. The following statements are equivalent:

1. feF, (D).
2. forall x €D, ul < V2f(x) < LI
3. On the set D, the functions f(-)—&|I - I> and || - ||> — £ () are convex.

4. Forall x,y €D

1
1_H

29 ()~ Vf Gy - x>) < (V)= V() x—y).

(% IVf )= VFOII? +pllx = yII* =

By the example given by [Dro20], it is known that in the case that D ¢ R" the
inequality (2.4) does not necessarily hold. In other words, in case that D = R",
the last inequality can be replaced by stronger inequality (2.4). Indeed, finding
interpolation theorems over general open convex sets is an open problem; see the
discussion after Lemma 3.1 in [DKGT20].
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2.4 Conclusion

In this chapter, we have presented some fundamental theorems that will serve as
building blocks for the subsequent chapters. Initially, we reviewed key theorems
and definitions in convex analysis and smooth functions. Then, we briefly intro-
duced semidefinite programming. Subsequently, we focused on interpolation the-
orems, that are essential for performance estimation problem—the fundamental
tool for conducting our worst-case performance analysis in the upcoming chap-
ters. We ended the chapter by providing some general definition of subgradients
which we will use in Chapter 6.



A wise man proportions his belief to the evidence.

David Hume

Performance estimation problems (PEPs)

Preamble

It is important to know that, in general, optimization problems are considered
unsolvable; see [Nes18, Introduction] and [NY83, Chapter 1]. Consequently, op-
timization algorithms are developed to find at least stationary points for certain
classes of functions. Some optimization algorithms are iterative methods, gen-
erating feasible points from an initial guess until, hopefully, an optimal solution
is reached. These methods differ based on the information used, like the objec-
tive function, constraint functions, and derivatives. Some use past data, while
others rely on just the information gathered from the current iteration [NWO06].
It is important to know how rapidly or with what level of accuracy an algorithm
approaches the optimal solution after a certain number of iterations, if it does con-
verge. Therefore, it is important to understand the behaviour of these algorithm
for different class of functions.

In this chapter, we present the performance estimation problem (PEP), which
serves as the foundation for our subsequent convergence rate analysis. Let us
consider the following optimization problem,

inf £(x). 3.1)
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Here, f denotes a lower semi-continuous function, potentially convex and smooth,
which is lower-bounded by some f* > —oco.

In this thesis, we focus on the worst case convergence rate of first-order meth-
ods from black-box perspective. This means that we assume the availability of
the (sub-)gradient and function value at a given point. To analyze the worst-case
convergence of a function, we utilize the performance estimation problem (PEP)
— described below — which uses interpolation theorems discussed in Chapter 2.

Generally, expressing the worst-case convergence rate of an algorithm as an
optimization problem results in an intractable task. However, PEP provides us
with valuable tool to reformulate the problem as a semidefinite problem, offering
a tractable problem that is independent of the dimension of the problem (3.1).

In the subsequent sections, we begin by expressing the worst-case conver-
gence rate of an algorithm as a mathematical programming problem. We then
transform this problem into a semidefinite programming formulation. Finally, we
demonstrate how to derive a convergence rate by solving its Lagrangian dual. For
simplicity, in the rest of the chapter we consider that the function f is L-smooth
with finite L; for the cases that the function is not necessarily L-smooth we refer
the reader to Chapters 8 and 9.

3.1 Worst case formulation of convergence rate of itera-
tive first-order methods

Performance estimation problems were introduced in the seminal paper by Drori
and Teboulle [DT14]. We focus on studying the convergence rate of first-order
methods from an oracle viewpoint. Studying complexity from the oracle view-
point was initially introduced by Nemirovski and Yudin in their book [NY83]. This
viewpoint involves considering the function value and the (sub-)gradient of the
function at a given point, denoted as f?, g', where g’ represents the (sub-)gradient
of the function at point x'.

Let us consider an iterative first-order algorithm M that starts from the initial
point x°. In each iteration, first-order algorithms use the function value and the
gradient of the points generated in the previous iterations, as well as the initial
point x°. This combination is known as the first-order oracle, denoted by Of. In
other words, the first-order oracle of function f at point x is defined as O (x) =
{f (x), Vf(x)}. Using this notation, we can express the points generated by black-
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box first-order methods after N iterations as follows.

Xl = M (x()’ Of(xo))
x? = M(x0, 04 (x0), 0 (x1))

N = M(x0,0;(x9), 06 (x1), ..., 0:(xN D).

To analyze an algorithm we need to determine a performance measure or
criterion. Natural and common performance measures which are used in the lit-
erature, depending on the problem class, are distance of the point generated by
the algorithm in last iterate from the optimal solution, ||x" — x*||, the distance of
the function value from optimal value, f(x")— f*, and the norm of the gradient,
IV £ (x™)||, as well as other measures.

Let us consider a performance measure denoted by P(Oy, xO0xt N x).
In order to analyze an algorithm, we must establish an initial condition for the
starting point x° to measure the algorithm’s performance. A commonly used ini-
tial condition is to restrict the distance of the initial point from the optimal so-
lution, given by ||x® — x*|| < A, where A represents a predetermined constant.
It is readily seen that this is problem-specific and it can be different for differ-
ent algorithms and different function classes; for more initial conditions see the
subsequent chapters.

For the remainder of this chapter, we will focus exclusively on the case where
the function class is restricted to smooth convex or smooth strongly convex func-
tions, for the sake of simplicity and illustration. Since the original problem (3.1)
is a minimization problem, when evaluating the worst-case convergence rate, we
aim to maximize the performance measure to evaluate the worst case scenario.
Thus, we can formulate the worst-case convergence of the given algorithm M
after N iterations within a specific class of functions F as follows.

w(F,A, M,N,P)= sup P(Of,xo,xl,...,xN,x*)
Fox1,x2,.xN x
s.t. feF
x* is an optimal solution of f (3.2)
x!,x2...,xN are generated by the algorithm M

given x° and Of

|x® — x*|| < A.
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This problem is intractable in general because we aim to optimize over the, typ-
ically infinite-dimensional, function class. To solve this issue, we use the inter-
polation theorems which are discussed in Chapter 2. Using these results we can
rewrite the problem 3.2 as a finite-dimensional problem.

we (A, M,N,P) = sup P{x5rie'}er)
{xX53£ 558} ier €RMxRxRM)YH?
s.t. {xi;fi;gi}iez are F-interpolable
ie. fi=f(x)and g =Vf(x)forieZ
x* is an optimal solution of f (3.3)
x!,x%...,x" are generated by the algorithm M

[x®—x*|| < A,

where Z={0,1,...,N, }. Using interpolation theorems that give necessary and
sufficient conditions for different class of functions, it can be easily seen that prob-
lems (3.2) and (3.3) are equivalent as the only difference is the first constraint.
For a comprehensive understanding of this topic, we recommend interested read-
ers to refer to Taylor’s thesis on performance estimation problems [Tay17, Chapter
4] and Drori’s thesis [Dro14, Chapter 2].

Problem (3.3) is finite-dimensional but still it is not a convex problem due to
the non-convex quadratic constraints imposed by interpolation conditions. In the
next section, we will provide a Gram matrix reformulation of the problem to make
it a semidefinite programming problem.

3.2 Gram matrix reformulation

In this section, our objective is to formulate worst-case convergence rates of itera-
tive first-order methods with a fixed step length as a mathematical programming
problem. We start by introducing fixed step first-order methods. In general, fixed
step iterative methods are characterized by the fact that the current point generated
by the algorithm depends only on the starting point and the gradients of the points
generated by the algorithm, using a pre-determined step length. Mathematically,
the iterative process is expressed as follows.

k
Xk ZXO—Ztkigi_ly (3.4)
i=1

where:
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« x° represents the starting point,
+ g' denotes the gradient of the point x!, and

* t;; are fixed step lengths for the iterations.

One of the most well-known first-order methods is the gradient descent method
with fixed step-size described in Algorithm 3.1.

Algorithm 3.1 Gradient method with fixed step lengths

Set N and {t; }2’21 (step lengths) and pick x° € R™.
For k =1,2,...,N perform the following step:
1. xk=x1 -, Vf(xk )

For more details about this algorithm see Chapter 4 and Chapter 5. Note that
Algorithm 3.1 fits in the general framework (3.4) by setting t;; = t; and t;; =0
if i #k.

The function classes 7, ; along with the iterative first-order methods, are in-
variant concerning translations of the domain and shifts in function values, i.e.

feF, R = x— f(x+c)+deF, (R"),
where c € R" and d € R are fixed.

Remark 3.1. Without loss of generality, we may therefore assume that f* = 0 and x*
is the zero vector. Additionally, when studying unconstrained optimization problems,
so in problem 3.3 we can set x* = 0, g© = 0, f* = 0 without loss of generality
because of the optimality conditions for the unconstrained problem 3.1.

To proceed with performance estimation for this class of algorithms, we intro-
duce a Gram matrix. Consider the following n x (N + 2) matrix

P=[g"° g' ... g x°], (3.5)

where g represents the gradient of the function at point x!, and x° denotes the
starting point. Now, let us define Gram matrix G = Gram(g°, g*,...,g",x%) =
PTp e sN*2, where S¥*2 denotes the set of symmetric (N +2) x (N +2) matrices.
The elements of G can be expressed as follows

”gf)Hz (go,.gN> (go,.xO)
<go,'gN> ||gNH2 <gN;x;’> ’ (3.6)
(x0) oo (M%) ]
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it is easily seen that this matrix is independent of the dimension of the x° and g'.

k as a linear

We observe that by using (3.4), it becomes possible to express x
combination of x° and g'. This allows for the reformulation of the constraints
within the context of problem (3.3) using both the Gram matrix G and the function
values of f!.

With this foundation in place, we can now proceed to introduce a semidefinite
programming problem to address the performance estimation problem. In this re-
gard, we consider the general case for the performance measure. We consider the
performance measure as combination of function value as well as any quadratic
function of the variable x" and the gradient of the function at the last iterate. It
can be easily seen that this can be generalized to other cases for example when
we consider ergodic convergence rate, but for the simplicity in this part we just
consider the most common criterion. In other words, we consider

2

N
P({x'sf58'}e) =bUF M) = F) +allgV P+ ;0= D gt — x|
i=1

where b, c; and c, are some real numbers. By considering this criteria the semidef-
inite programming problem can be written as

we(A,M,N,P) = sup bfN +1tr(GC)
{GeSN+2, feRN+1}
s.t. fI—fl+t(GA;)) <0 Vi,jeT
tr(GA,) < A2 (3.7)
G=0
rank(G) < n.

In this conceptual framework, the matrices denoted as A;; arise from interpolation
theorems, while the matrix A, is related to the initial conditions. To show how
to construct the matrices A;; we use the same notation as used in [Tay17, Section
4.2.3]. Let us define t; e RN™2 for i € {0,...,N, x} by

t! =(—ti1,—tig-..,—t;;,0,...,0,1), tI =(0,...,0).
By this definition and the definition of P as in (3.5) one can easily see that x; = Pt;.

Also, defineu; = e;,; € RN*2fori =0,1,...,N+1andu, = 0N *2. For the purpose
of easy reference, consider the interpolation constraint given by the interpolation
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Theorem 2.4,
1

2(1-1)
fr=f1=(g/,x'=x).

By the defined Gram matrix (3.6), we can write this as follows.

(Ll = +ulle =0 =5 (67 —g' 0 —x)) <

L 1 T
fi ij+m(ujTGti—ujTth)+2(L—_m(ui—uj) G(ui—le)+
u Lu T

Using this inequality, A;; is defined as
L T 1 T
2Aij :m (u] (tl—t]) +(tl—t])u]T)+L_‘u(ul—uj)(ul—u]) +

u Ly
I—u (ui (65— t) + (¢ ti)uiT) + I—p (i =) (i~ tj)T :

The matrix A, can be defined similarly as

Ap = UN+1UIE+1~
Also, the matrix C is constructed in the same way using values of ¢y, ¢y, and the
recursion formula for xV.

As it is discussed the initial conditions can be different based on the problem
under study. In this context, we primarily focus on introducing the commonly em-
ployed initial condition for the sake of simplicity. Subsequent chapters will delve
into specific problems, each accompanied by distinct initial conditions related to
the particular problems.

If n is equal to or greater than N + 2, it is possible to reformulate the problem
as a standard semidefinite programming problem [THG17c, Theorem 5]. This
reformulation eliminates the rank constraint, effectively transforming the problem
into a convex programming problem. Consequently, it can be solved to an optimal
solution, if such a solution exists.

W}dp(A,M,N,P) = sup bfNTl +tr(GC)
{GesN+2, feRN+1}

s.t. fI—f+t(GA;)) <0, Vi,jeTl
tr(GA,) < A2 (3.8)
G >0,
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where Z={0,1,...,N + 1, x}.

In this thesis we just consider the case that n > N +2. As it is shown in Section
2.2, under this condition, the Problems (3.7) and (3.8) attain the same optimal
values. Otherwise, when this condition is not met, Problem (3.8) is a relaxation
of Problem (3.7) and we get an upper bound for the convergence rate by solv-
ing Problem (3.8). The assumption n > N + 2 is satisfied for many real-world
problems. Moreover, from the complexity perspective, one is usually interested
in the asymptotic performance as n grows to infinity. For a more comprehensive
understanding of how the matrices are constructed to establish problem (3.8), we
provide a simple example in Section 3.4; also see subsequent chapters where each
chapter is dedicated to a specific problem.

3.3 Dual multipliers

Solving the dual of (3.8) provides us with useful information about the conver-
gence rate of a given algorithm by providing dual multipliers, which help to de-
duce an analytical proof for the convergence rate. According to the weak duality
theorem (see Lemma 2.31), the dual formulation (problem (3.9) below) can yield
an upper bound for problem (3.8). As our goal is to find an upper bound on the
convergence rate of an algorithm, a solution to the dual problem offers precisely
that; see Section 2.2. Within this section, we proceed to present the Lagrangian
dual formulation of the problem (3.8) as

inf TA2
A’ij’T
S. t. TAA—C + Z Al]Al] >0
i,j€ET
i,j€ET
)'ij >0, Vl,] el
720,

where 7 = {0,1,...,N + 1, }, u; is defined as in Section 3.2, the dual variable ©
refers to the constraint related to the initial condition in the primal problem, and
dual variable A;; refers to the constraints related to the interpolation constraints
which corresponds to the pairs of the points i and j. The parameter t;; is step
length defined in relation (3.4). It is shown in the next theorem that under the



Chapter 3. PEP 41

assumption t;; # 0 for i = 1...,N, there is no duality gap between problem
(3.8) and (3.9), since the Slater condition holds in this case (see Section 2.2 and
[BV04] for more details); for more details see the proof of Theorem 4.7 in [Tay17,
Section 4.2.4]. Recall that the assumption t;; # 0 means that each generated
point depends on the previously generated point.

Theorem 3.2. [THG17c, Theorem 6]If t;; # 0 foralli € {1,...,N} and 0 < u <
L < o0, the optimal values of problem (3.8) and (3.9) are the same and finite.

To prove this theorem, Taylor et al. provide a quadratic function that satisfies
the constraints of Problem (3.8) with G > 0. This means that the Slater condition
holds and the duality gap between both problems is equal to zero [THG17c].
The question that naturally arises at this point is whether this method exclusively
provides us with a numerical solution for a specific set of parameter values. In
essence, how can one derive an analytical solution for the algorithm’s convergence
rate in a general case that can be mathematically verified?

To determine a convergence rate through this method, one must solve prob-
lem (3.9) for various parameters that are A, N, t; ;, L, u. By using these diverse
combinations, one can estimate the optimal values and dual multipliers for the
primal problem. Subsequently, applying weak duality, it becomes possible to con-
struct an analytical proof for the convergence rate. To illustrate this procedure we
provide a simple example.

3.4 A simple example

In this section, we will demonstrate the proofs of the performance estimation
method by applying it to a straightforward example introduced in [THG17c]. Our
objective is to determine the worst-case performance of a single iteration of the
gradient descent method (see Algorithm 3.1) with a step length of t = % when
addressing the unconstrained optimization problem (3.1). We make the assump-
tion that the function f is a smooth convex function with Lipschitz constant L. As
performance measure, we will use the metric f(x') — f*, along with the initial
condition ||x* —x*|| = A.

The optimal solutior21 to the corresponding dual SDP problem (3.9) associated

LA

with this problem is =g-, and it is achieved with the dual variables Ay; = 4,5 =
L

A = % and 7 = g. Additionally, the optimal positive semidefinite dual slack
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matrix is
11 -
L
S=5lt t 2|=0
-1 =1 L
2 2 4

which is a rank one matrix. After retrieving the dual multipliers corresponding
to the constraints, one can prove the inequality below (3.10) by constructing the
following inequality, which can be obtained by multiplication of the corresponding
dual variables to the constraints

FO) = FO) = gl =[P

(PO = £+ (A6} 4 IV ) - VI ) -
2 (PO =7 G+ (OG0 = x4 S IVF ) =97 (I ) -
2 (FOD=F G+ (@G =5+ VA = 9SO =

VAR VY
L L

2
L1
7”5(’“0‘“ =0

To verify the validity of the equality, one can set Vf(x*) = 0 and through elemen-
tary calculus check it. Given that the terms related to the interpolation constraints
are negative, we can deduce the following result

FO—F ) < SO x| (3.10)

It is important to notice that this example is just for illustration purpose. If the
criteria and initial condition are not the same, one cannot deduce a general con-
vergence rate only after studying one iteration of the algorithm. To do so, it is
necessary to provide the proof for an arbitrary number of iterations N. Here, for
the purpose of illustration we just provided the proof for only one iteration which
shows the behaviour of the function value with respect to the distance of the initial
point from the optimal solution.

To determine the tightness of this bound, it is necessary to identify a function
that achieves this bound following a single iteration of the algorithm. To find such
a function, we may need to solve the primal problem (3.8). If the optimal value of
the primal problem equals the optimal value of the corresponding dual problem,
then by strong duality theorem, we can identify the worst-case function. In the
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case of this example, the following primal solution is optimal:

L =% 1

0 LAZ 1 LAZ 2| =L I% =1
f :T,f =T,andG=LA o5 7 5 EO,

2 3L

where G is a rank one matrix. Now one can set the values f(x°) = LZAZ, flxh) =
LTAZ, VF(x) =LA, Vf(x) = %, and x° = A. This corresponds to the function
flx)= %xz. In other words, it can be checked that one iteration of the algorithm
over the function f(x) = %xz attains the bound (3.10) if the step length is equal
to %, ie x!=x0— %Vf(xo) with the starting point x° = A.

One might wonder about the process of generating a function that achieves the
bound and belongs to the function class. Generally, this process is based on an ed-
ucated guess. Initially, it involves identifying suitable function values, gradients,
and points that meet the optimal solution of Problem (3.8). Subsequently, using
the properties of subgradients and conjugate functions, it is possible to conjecture
a function that belongs to the specified function class and obtains the worst-case
convergence rate.

As it is discussed in the previous section, PEP is considered as a computer-
assisted method for finding worst-case convergence rates. To this end, we formu-
late the corresponding dual problem. Subsequently, we try to solve the problem
using different settings of the parameters. This helps us to guess parametric op-
timal solutions to the dual problem as well as the optimal dual multipliers. Fol-
lowing this, one needs to verify the proof analytically, similar to the one in the
example. Therefore, the computer is just used for finding the dual variables but
the proofs are independent of the computer.

3.5 Some recent works on/with PEP

To conclude this chapter, in this section we provide a brief overview on some re-
cent research done by other scholars using PEP without getting into all the details.
As mentioned, the performance estimation method is a strong tool in worst-case
convergence rate analysis of first-order methods, used by a growing number of
scholars to evaluate the convergence rate of different algorithms in different set-
tings, initially introduced in Drori and Teboulle’s seminal paper [DT14].
The gradient descent method, originally introduced by Cauchy in 1847 [Cau47],

has been a topic of interest for researchers aiming to understand its computational
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complexity for different classes of functions. Rotaru et al. studied this method
[RGP22]. They extended the result provided in [AdKZ22] to the generalization
of 7, 1, where u is allowed to take negative values, and proved that the given
bound is tight for this class of functions with some step lengths [RGP22].

In the setting of strongly convex functions, the gradient descent method with
fixed step-length is studied in [Tay17] and when the line search is implemented
in each iteration [dKGT17] proved a tight convergence rate by providing a con-
vex quadratic function that attains the bound. Moreover, the worst case conver-
gence rate for L-smooth convex functions with step-length less than % is given
by [DT14]. Recently, using PER Grimmer has shown that for L-smooth convex
functions instead of considering fixed step-length, taking long steps periodically
in the iterations of the gradient descent method improves the convergence rate
[Gri23]. In the same spirit, Grimmer et al. [GSW23] introduced long steps for
the gradient method and provided a new accelerated convergence rate of the al-
gorithm for smooth convex functions. Also, more recently, Altschuler and Parrilo
provided new results on the long step gradient descent method [AP23a, AP23b].

One variation on the gradient method is the coordinate descent method; see
Chapter 6 for more details of the algorithm. For the class of smooth convex func-
tions, [KHG23] proposed a method to study the convergence of this type of algo-
rithm.

Using PEP Zamani and Glineur managed to find the tight convergence rate
for the subgradient methods considering the last iterate of the algorithm [ZG23].
Fixing the number of iterations N, they provide the optimal constant step size
based on the convergence rate. The optimal subgradient method introduced in
the paper matches the best known lower bound.

Bousselmi et al. extended the PEP framework to analyze linear operators
[BHG23]. Using this framework they were able to analyze composed objective
function and also the Chambolle-Pock method.

Beyond first-order methods, de Klerk et al. using PEP managed to find worst-
case convergence rate for one iteration of Newton method which is a second order
method [DKGT20]. This line of work shows that in some cases PEP may be used
to find convergence rate of second order methods as well.

Ryu et al. extended performance estimation to find the tight contraction fac-
tors for operator splitting methods [RTBG20]. They proposed some interpolation
theorems and called their methodology operator splitting performance estimation.

Kim and Fessler [KF18a] presented a relaxed PEP to recover the results of
fast iterative shrinkage/thresholding algorithm (FISTA), originally proposed in
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[BT09], and introduced a generalized version of the algorithm. The same authors
in another paper used PEP to generalize the optimized gradient method [KF18b].
In other papers, Kim and Fessler considered the step length of the first-order meth-
ods as a variable. In this case, PEP transforms to a bilinear optimization problem
to find the best step length that minimizes the worst-case convergence of the al-
gorithm with regard to the criterion. With this, they could manage to find new
algorithms for convex smooth optimization problem [KF16, KF21]. To design new
first-order algorithms, Gupta et al. [DGVPR23] developed a branch-and-bound
performance estimation programming (BnB-PEP) method to efficiently deal with
nonconvexity that arises in optimizing a first-order method. Moreover, using this
tool, Jang et al. presented a new method called OptISTA which is developed based
on FISTA method [JGR23].

Finding Lyapunov functions is of importance in studying first-order methods.
Recently, Moucer et al. [MTB23] developed a systematic way using PEP to find
and verify Lyapunov functions. PEP is also extended by Upadhyaya et al. to find
quadratic Lyapunov inequalities to derive tight convergence rates for some classes
of first-order methods [UBTG23].

Under negative comonotonicity assumptions Gorbunov et al. studied some al-
gorithms for variational inequality and min-max optimization using PEP [ GTHG23].
Moreover, Gorbunov et al. using this method could manage to derive the known
convergence rate for the Past Extragradient (PEG) method with fewer assump-
tions [GTG22], in fact they removed the assumptions on the Lipschitz Jacobian
which was used to prove the convergence rate. Moreover, for maximally mono-
tone operators, Kim developed an accelerated proximal point using PEP [Kim21].
On the other hand, Gu and Yang could manage to find tight ergodic convergence
rate of a proximal point algorithm for monotone variational inequalities [ GY22].

Furthermore, performance estimation method and integral quadratic constraints
(IQC) formulation is combined to find new algorithms by Lessard et al. [LRP16].

To make the use of this computer-assisted method easy, in two papers the au-
thors developed a package (toolbox) to be used in Python (MATLAB) [GMG*22,
THG17b], called PEPit (PESTO). Using these packages the user can easily numer-
ically compute the complexity of some of the well-known first-order methods for
different settings of the parameters.

There are some other works that are done using PEP; e.g. [PR23, DT20,
DTdB21, TD23, THG18, TVSL18]. This list is not exhaustive, though.
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Men pass away; but their deeds abide.

Augustin-Louis Cauchy

The exact worst-case convergence rate of
the gradient method with fixed step
lengths for L-smooth functions

Preamble

In this chapter, we study the convergence rate of the gradient (also known as
steepest descent) method with fixed step lengths, which is introduced earlier in
Algorithm 3.1, for finding a stationary point of an L-smooth function. We establish
a new convergence rate, and show that the bound may be exact in some cases, in
particular when all step lengths lie in the interval (0,1/L]. In addition, we derive
an optimal step length with respect to the new bound. This chapter is based on
the paper [AdKZ22], except for Section 4.4 that deals with extensions of L-smooth
functions.
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4.1 Introduction

We consider the non-convex unconstrained optimization problem
inf f(x), (4.1
x€Rn

where f : R" — R is bounded from below, and let a real number f* denote a
lower bound for problem (4.1). In addition, we assume throughout the chapter
that f has an L-Lipschitz gradient, that is, f satisfies the conditions in Definition
2.21 for some (known) Lipschitz constant L > 0.

Problem (4.1) arises naturally in many applications including machine learn-
ing, signal and image processing, to name but a few [BCN18, JK*17]. One of the
historic solution methods for problem (4.1) is the gradient method, proposed by
Cauchy in 1847 [Cau47].

The gradient method with fixed step lengths may be described as follows.

Algorithm 4.1 Gradient method with fixed step lengths

Set N and {t; }112721 (step lengths) and pick x° € R".
For k =1,2,...,N perform the following step:
1. xk=xkF1 -, V(D)

Nesterov [Nes03, page 28] gives the following convergence rate (to a station-
ary point) for Algorithm 4.1 when t; € (O, %), ke{1,...,N}:

1/2
fxO)—5"
N 1 1
(Zkzl tr(1 thk)) + 51

ESTE

In the special case t; = %, ke {1,...,N}, the last bound becomes

0<k<N

1/2

. 2L(f (x9) = f")

min ||Vf(xH|| < | ——"— .

o < (2L

By employing the performance estimation method, Taylor [Tay17, page 190],
without giving a proof, states the following convergence rate

(4.2)

0<k<N

4L(f(x0)—f*))1/2

min ||Vf(xk)“ < ( N
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for t; = %, k € {1,...,N}. Drori and Shamir [DS20, Corollary 1 in Appendix]
considers the case that all step lengths are smaller than %, and proves the following
convergence rate

(4.3)
0<k<N

. 1/2
4 (<) = f") )
It can be observed that when the step lengths are the same for each iteration and

tend to %, the bound (4.3) reduces to Taylor’s convergence rate.
In this chapter, we investigate the convergence rate of Algorithm 4.1 further.

min HVf(xk)” < (

By using the performance estimation method, we provide a converge rate, which is
tighter than all aforementioned bounds. For example, as a part of our main result
in Theorem 4.3, we improve on (4.3) by showing, for any choice of t;, € (0, v/3/L)
(ke{1,...,N}), that

0y _ px 1/2
min ||Vf(xk)“ S( 40 )= f7) ) . (4.4)

0<ksN S min(=L2¢3 + 4ty —Lt2 +4t;) +

As a consequence, we also prove and improve on (4.2) by showing, in the special
case where all t;, =1/L (k€ {1,...,N}), that
, k 4L (x)—f*) \ M2
ook IV < ( 3N+2 ) :

In addition, we construct an L-smooth function that attains the given bound in

Theorem 4.3 for certain step lengths. We also propose an optimal step length

that minimizes the right-hand-side of the bound (4.4), namely t; = _;,2/3 for all

ke{1,...,N}.

Outline

The chapter is organized as follows. We describe the performance estimation
technique for this specific problem in Section 4.2. In Section 4.3, we study the
convergence rate by using performance estimation. Section 4.4 is dedicated to
study of extension of L-smooth functions. Finally, we conclude the chapter with
a conjecture.

4.2 Performance estimation

As it is mentioned in Chapter 3, computation of the worst-case convergence rate
for a given iterative method and a given class of functions is an infinite-dimensional
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optimization problem; for more details of the performance estimation see Chapter
3.

Similar to problem (P) in [DT14], the worst-case convergence rate of Algo-
rithm 4.1 may be formulated as the following abstract optimization problem,

max (02}211\1 HVf(xk)”)

s.t. f(x)—fr<A
xN, xN7L .. x! are generated by Algorithm 4.1 w.r.t. f, x° (4.5)
fx)=f"VxeR"
feF (R

x° eR",

where A > 0 denote the difference between the given lower bound, f*, and the
value of f at the starting point. In problem (4.5), f and x° are decision variables.
This is an infinite-dimensional optimization problem with infinite number of con-
straints, and consequently intractable in general. In what follows, we provide a
semidefinite programming relaxation for the problem.

The following well-known result is a fundamental property of gradient descent
for L-smooth functions, if the step length 1/L is used.

Proposition 4.1. [Nes03, page 26] If f : R"™ — R is L-smooth, and x € R", then

f(x= 197 @) <5~ ISR

Using this and Theorem 2.41, we will formulate problem (4.5) as a finite di-
mensional optimization problem.

max (orsrllglN |gk|0
e e 1 e O IV
(gj,xi—xj> i,je{0,...,N}
xk=xk1—t, ¢! ke{1,...,N} (4.6)
fk>f* kefo,...,N}
fO—fr<A.
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In the above formulation, x*, g%, ¥, k € {0,...,N}, are decision variables. Note
that in the above formulation, the constraints f(x) > f* for each x € R" are re-
placed by the weaker condition fX > f* k€ {0,...,N}. Therefore, the optimal
value of (4.5) and (4.6) may not be equal in general. However, if an optimal solu-
tion of problem (4.6) satisfies f* = ming<;<y f k_ % llg¥|1?, then the formulation
will be exact; see the second part of Theorem 2.41. By Proposition 4.1, we have
f(x)— ﬁlIVf(x)II2 > f* for x € R". Hence, we replace the constraint fX > f*
by f*—5-1lg¥||> > f* and consider the following problem:

max ( min [1g*])
e B 1 e e O A
(g/,x'=x7) i,je{0,...,N—1,N}

xk=x1—t, ¢! ke{1,...,N} 4.7)
fE=sllghP—f* =0 ke{o,...,N}
fo—fr=a.

From the constraint x* = x*~1 — t, g*~1, we get x =x%+ Zk o tee185,

{1,...,N}. By using this relation to elimmate the x' (i € {1,...,N}), problem
(4.7) may be written as follows:

max ¢

Ztmg +1(g'—¢")

=j

st fl— ||g —g’| +L

i—1
+<gf,2rkﬂg’<>zo i>]
< Zrkﬂg >zo i<j

=g —f >0 ke{o,...,N} 8
ff=f°+a=0

|’ ~¢=0 kefo,...,N},

fiefi—g|lgt =&+ —1(g'—¢)

where / is an auxiliary variable to convert problem (4.7) into a quadratic program.
Problem (4.8) is a non-convex quadratic program with quadratic constraints. In
the following proposition, we show that the optimal values of problems (4.5) and
(4.7) (or equivalently problem (4.8)) are the same for step lengths in the interval
0, 7).

Proposition 4.2. If t; € (0, %), ke {1,...,N}, then problems (4.5) and (4.7) (or
equivalently problem (4.8)) share the same optimal value.
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Proof. Clearly, problem (4.7) is a relaxation of problem (4.5). Therefore, we only
need to show that, for any feasible solution of (4.7), say {(x%;g%; f)}Y, there
exists an L-smooth function f with

f(x)=F, Vf(x)=g, 0<i<N,

and min,ern f(x) = f*. The existence such of a function follows from Theorem
2.41, as all assumptions of Theorem 2.41 are satisfied. O

To obtain a tractable form of problem (4.8), we relax it to a semidefinite pro-
gram, similar to that of Chapter 3. To this end, we define the (N +1) x (N + 1)
positive semidefinite matrix G as,

(€)' s - (g%g")
G= : |[( ... &")= :
(") (%) - &I’
We may now formulate the following semidefinite program,

max /¢
s.t. fl—fl+tr(AG) >0 i#je{o,...,N}
ff—%Gu—f*=20 ke{o,...,N}

f*—fl+A>0 (4.9)
Gkk—ZZO kE{O,,N}
G >0,

where the (N+1)x(N+1) matricesA”, i # j € {0, ...,N}, are formed according to
the constraints (4.8), and G, ¢, fi, i € {0,...,N}, are decision variables. Problem
(4.9) is a relaxation of (4.8), but if n > N + 1 the relaxation is exact, that is the
optimal values of (4.8) and (4.9) are the same. Indeed, if n > N + 1, and G is
a feasible matrix in (4.9), then G is the Gram matrix of N + 1 vectors in R", and
these vectors may be identified with g°,..., g"; see Chapter 3 for more details.

4.3 Worst-case convergence rate

In this section, we investigate the convergence rate of gradient method with fixed
step lengths. The next theorem gives the worst-case convergence rate of Algorithm
4.1 to a stationary point of an L-smooth function. The technique of the proof, as
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is usual for SDP performance estimation, is to use weak duality. In particular, we
will in fact construct a feasible solution to the dual SDP problem of (4.9), and
thus derive an upper bound for problem (4.8).

In practice, this dual feasible solution is constructed in a computer-assisted
manner, by solving the primal and dual SDP problems for different fixed values of
the parameters, and subsequently guessing the values of the dual multipliers. In
the proof of Theorem 4.3, we simply verify that these ‘guesses’ are correct.

Theorem 4.3. Let t; € (O, ‘/—g)for k e {1,...,N}. Consider N iterations of Algo-
rithm 4.1 with step lengths t; (k € {1,...,N}), applied to some L-smooth function
f with minimum value f*, with the starting point x° satisfying f (x°)—f* < A, for
some given A > 0.

Then, if x*,...,x" denote the iterates of Algorithm 4.1, one has

1/2
4A
min ||Vf(xk)|| <| =— > . (410)
0<k<N D1 mm(—LZti +4ty,—L t,% +4t)+ 1

In particular, if t;, = —"2/3 forke{l,...,N}, we get

: K 6v3L(F (=) | /2
02}{12\] HVf(x )” S( N33 ) . (4.11)

Similarly, if t; = %for ke{1,...,N}, one has
min_ ||V (9| < (LLE£2) (4.12)
0<k<N - 3N+2 ' '

Proof. Let U denote the square of the right-side of inequality (4.10) and let B = %.
To establish this bound, we show that U is an upper bound for problem (4.8).
Consider the feasible point ({ gk; FrIN, E) for problem (4.8). Suppose that

ap = gmax{Z, t,L+1} ke{l,...,N}.
In addition, we define o, and o, respectively, as follows:
oy =2min{-Lt?+3t,,—L%t3 + 31, },
or=Smin{-Lt? +3t, + t;_,,—L*C +3t, + i1} ke€{2,...,N},

and oy =1— 3N 0 = 22+ Lty). As ty € (0,2) for k € {1,...,N}, the
o’s will be non-negative. It is seen that

2
Uk+(2ak—B)%—%=%(tk+tk_1) k€{2,,N}
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By using the last equality, one may verify directly through elementary algebra that

N+1

(=U+> o (& =) +B(F =0+ a) +B(FY — Zllg" 1>~ )
k=1

N
D e e e e Y G )

k=1

N
(5 68 )+ DB (P g g
k=1

e e | ) EE il i
+ 5 g0l -5 (e g1 + 2 e

+Z( (Zak —B) H k=1 _ k“ +B(tk+tk ) ” k— 1“ Btk <gk 1’gk>)=
_ZQka
k=1

where

o= [FGE-wle = us
““lo te >

el o T

Since 2112]21 Qy is a non-negative quadratic function and the given dual multipliers
are non-negative, we have { < U for any feasible solution of (4.8). O

The special step length t; = «/zm fork € {1,...,N} used to obtain (4.11) will
be motivated later in Theorem 4.5. Note that (4.12) gives a formal proof (with a
small improvement) of the bound claimed by Taylor [Tay17, page 190]; see (4.2).

An important question concerning the bound (4.10) is its difference with the
optimal value of (4.5). It is known that the lower bound for Algorithm 4.1 is of the
order Q( ) [CGT10, CDHS20]. In what follows, we establish that the bound
(4.10) is exact in some cases.

Proposition 4.4. The value

1/2
4A
Sy min(—L2¢3 +4t5,~L t§+4tk)+%

is the optimal value of (4.5) when all step lengths satisfy t; € (O, %], ke{l,...,N}
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Proof. It suffices for a given N to demonstrate an L-smooth function f and a point
x! such that

1/2
min ”Vf(xk)”:(zN 44 ) : (4.13)

2
; 3 2 Z
0<k<N X 1mln( thk+4tk’ Ltk+4tk)+[

Suppose now that t; € (0, %], ke {1,...,N}, and U denotes the right-hand-side
of equality (4.13). We set ty,q = % Let

N i
zizu(ztkﬂ), fizA—UTZ(Z—Lt,%+4tk) ie{o,...,N},
k=i k=1

and ly ., = 0. By elementary calculus, one can check that the function f : R - R
given by

Ex =1 +U(x—1)+f°  xe[3o+1),00)
Fx—1)?+Ux—1)+f! xe[li’%(li—1+li)]

TP s v vem e f (3]

(4.14)

Lx? x € (—oo, %ZN]

fori € {1,...,N}, is L-smooth with the optimal value f* = 0 and the optimal
solution x* = 0. In addition, we have equality (4.13) for x! = [;. Indeed,

xt=1, ie{0,...,N}
Vikxh)=U ie{0,...,N}
flx)) = fi ie€{0,...,N}.

O

Figure 4.1 represents the plot of function f as constructed in the proof of
Proposition 4.4 for different parameters and the fixed step length t; = % for all k.

Note that, though we have only shown the exactness of the bound (4.10) for
step lengths in the interval (0, %], we also conjecture that the bound (4.10) is in
fact exact for all step lengths in the interval (O, ?).

By minimizing the right-hand-side of (4.10), the next theorem gives the ‘opti-
mal’ step lengths with respect to the bound.

Theorem 4.5. Let f be an L-smooth function. Then the optimal step size for gradient
method with respect to bound (4.10) is given by

4
tk:@ Vke{l,...,N},
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f(x)
X
X4 .X'3 Xz Xl XO
(@N=4 A=2 L=1
f(x)
X
X3 X2 Xl XO

bN=3,A=4 L=2

Figure 4.1: Plot of the function f in (4.14) for different parameters and t; = %
(Dotted lines denote the endpoints of intervals.)
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provided that t; € (0, ﬁ)for allke{1,...,N}.

Proof. We minimize the right-hand-side of (4.10), that is

1/2
min ( " 34A - 5 ) ,
€0 ‘/Tg) Dy min(—L2 63 +4t,—LiZ+at )+ T

which is equivalent to maximizing

N
max  H(t):= Zmin (—thi + 4tk,—Lt£ + 4tk).
( «/_§)N k=1
tel 0,F

N = .
Since H is a strictly concave function on (O, ¢T§) and at t given by

4
Ek:\/_; VkE{l,...,N},

we have VH (t) = 0, which shows that t is the unique maximum solution of H
N

over (0, ?) . I

The step length % commonly is regarded as the optimal step length in the

literature; see [Nes03, Chapter 1]. Due to the example introduced in (4.14), we

see that the worst-case convergence rate for the step length % cannot be better

than (4L(f(x0)—f')

172 . Jz
INTT ) . By our analysis, it follows that, for the step length 7>, we

an1/2
—4L(f3(]i,(i)2f )) , since the

get the convergence rate (4.11), which is better than (
constant in the bound improves from ca. % ~ 1.333 to GT@ ~ 1.299.
In the next section we provide an upperbound on the module of smoothness of

a function that is the extension of an L-smooth function over a convex set D C R".

4.4 Extension of L-smooth functions

In this section, we try to extend any L-smooth function on D C R" to an L-smooth
function on R". Results of this type are usually called extension theorems, with
the most famous extension theorem being due to Whitney [Whi34], known as
Whitney extension theorem. This allows us to extend our results to any D C R"
rather than R".
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LetD C R"beagivensetandlet @ : D — R and v : D — R". In this section, we
list some key results concerning the existence of an L-smooth function f : R" - R
with

flx)=a(x), Vf(x)=v(x), x €D.

Before we get to the results, we need to introduce the constant I'(D, (a, v)),
which is defined as

I, (e, )= sup (/a2 +B2 +A,|) (4.15)

51,52€D,s51 75,
where

_2(a(s))—alsy)) + (v(s1) + v(s3),s0 —57) |v(s1) — v (s) |l

A = =
lls1 — s lls1 — sl

The following is an extension theorem for L-smooth functions.

Theorem 4.6. [Gru09, Theorem 2.6]If L := I'(D, (a, v)) < 09, then there exists
an L-smooth function f : R" — R with

fx)=a(x), Vf(x)=v(x) x €D.
One may wonder if there exists an L-smooth function g : R" — R with L <
I'(D, (a, v)) such that

g(x) = a(x), Vg(x) = »(x), x €D,

if a is an L-smooth function on D. The answer is negative when ID is compact; see
[Gru09, Theorem 3.2].

Under the assumptions of Theorem 4.6, Daniilidis et al. [DHLGL18] introduce
an L-smooth function g : R" — R with explicit formula such that

g(x)=a(x), Vg(x)=v(x), x €D.

Moreover, L < (%2_9) L; see [DHLGL18, Theorem 3.1].
In the following proposition, we give a bound for I'(D, (a, v)) when D is an
open convex set and we study the extension of an L-smooth function on D.
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Corollary 4.7. Let D be an open convex set. If f : D — R is an L-smooth function
on D then

(D, (f, V) < (V2+1)L
Proof. Let sq,s5 € D. First we show that B ;, < L. To this end, note that

_IVf )=V ()l _ Lllsy sl

B, = <L

lls1 —s2l = sy —sall T

B

where the last inequality is due to the L-smooth property of f. On the other hand,
by the fundamental theorem of calculus,

1

fls1)—=f(s2) =J (Vf (Asy+ (1 —A)s3), 51 —sg) dA.

0

It follows that

2(f01 (Vf (Asy+(1—A)sy), 51 —5q) d)L) +(Vf (51)+Vf(s3),5,—51)
lls1 —ssI?
Jo (9F sy + (1= A)s3) = V£ (51),5, =) dA+
[AVf sy + (1= D)sy) = Vf (5) 51 —s) dA

2
[Isy — sl

1 1
<f0 L(1—1)||51_52||2d7t+f0 LAls; —so|* dA .

S152

2
lIs; — sl

Hence, in view of (4.15), T(D, (f, Vf)) < (¥/2+1)L, and the proof is complete.
OJ

Using Corollary 4.7, we can extend our convergence rate results for L-smooth
functions on open convex sets. In particular, one can derive the following corol-

lary.

Corollary 4.8. If the function f is L-smooth on the open convex set D and the level
set {x : f(x)<f(xo)} is contained in the set D, then the gradient method with
step lengths % has convergence rate of

min

0<k<N 3N+2

x0)—f* 1/2
for () = (A22pe) ™
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Proof. By the descent lemma 2.22, the points generated by the gradient descent
method for step length 1/L lies on the level set {x : f (x) < f (xy)}. By Corollary
4.7, f can be extended to a (\/E + 1)L-smooth function from R" to R. Using
Theorem 4.3 the desired results now follow. O

We end this chapter by some concluding remarks and a conjecture.

4.5 Concluding remarks

In this chapter, we studied the convergence rate of the gradient method for L-
smooth functions and we provided a new convergence rate when the step lengths
belong to the interval (O, ‘/—3). Moreover, we have shown that this convergence
rate is tight for step lengths in the interval (0, %].



It is not knowledge, but the act of learning, not possession but the act of
getting there, which grants the greatest enjoyment.

Carl Friedrich Gauss

Conditions for linear convergence of the
gradient method for non-convex
optimization

Preamble

In the previous chapter, we studied convergence rate of the gradient method for
L-smooth functions and derived sub-linear convergence rate for this class of func-
tions. In this chapter, we derive a new linear convergence rate for the gradient
method with fixed step lengths for non-convex smooth optimization problems sat-
isfying the Polyak-Lojasiewicz (PL) inequality. We establish that the PL inequality
is a necessary and sufficient condition for linear convergence to the optimal value
for this class of problems. We list some related classes of functions for which
the gradient method may enjoy linear convergence rate. Moreover, we investi-
gate their relationship with the PL inequality. This chapter is based on the paper
[AdKZ23a].
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5.1 Introduction
We consider the gradient method for the unconstrained optimization problem
f7 = inf f(x), (5.1)
x€Rn

where f : R" — R is differentiable, and f* is finite. The gradient method with
fixed step lengths may be described as follows, which is the same as Algorithm
4.1.

Algorithm 5.1 Gradient method with fixed step lengths

Set N and {t;}}_, (step lengths) and pick x° € R",
For k =1,2,...,N perform the following step:
1. xk=x1 -, vk

In addition, we assume that f has a maximum curvature L € (0,00) and a
minimum curvature u € (—oo, L). Recall that f has a maximum curvature L if
%II.II2 — f is convex. Similarly, f has a minimum curvature y if f — %II.H2 is con-
vex. We denote smooth functions with curvature belonging to the interval [u, L]
by #H,, ; (R"). The class H,, ; (R") includes all smooth functions with Lipschitz gra-
dient (note that u > 0 corresponds to convexity). Indeed, f is L-smooth on R" if
and only if f has a maximum and minimum curvature L > 0 and i, respectively,
with max(L,|i|) < L; recall the discussion before Theorem 2.42. This class of
functions is broad and appears naturally in many models in machine learning, see
[DD19] and the references therein.

For f € H,, ; (R"), we have the following inequalities for x, y € R"

FONSFO)+H (V) y—x)+ Elly — x|, (5.2)
FON =)+ (VF),y—x)+Elly —xII% (5.3)

see Lemma 2.5 in [RGP22], where (5.2) and (5.3) are similar to Lemma 2.22 and
Definition 2.25, respectively.

It is known that the number of iterations of first-order methods, which is
needed to be performed for obtaining an e-stationary! point, is of the order (6_2)
for L-smooth functions [CDHS20]. Hence, it is of interest to investigate the classes
of functions for which the gradient method enjoys linear convergence rate. This
subject has been investigated by some scholars and some classes of functions

A point x is called e-stationary if ||V f(x)|| < e.
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have been introduced where linear convergence is possible; see [HSS20, KNS16,
HSL21, DDG'22] and the references therein. This includes the class of functions
satisfying the Polyak-t.ojasiewicz (PL) inequality [KNS16, Pol63].

Definition 5.1. A function f is said to satisfy the PE inequality on X € R", where
x* € X is a minimizer of f over R", if there exists u, > 0 such that

fl)—=f"< ﬁllvf(X)llz, VxeX (5.4)

Note that the PL inequality is also known as gradient dominated; see [Nes18,
Definition 4.1.3]. Strongly convex functions satisfy the PL inequality, but some
classes of non-convex functions also fulfill this inequality. For instance, the fol-
lowing proposition provides an example, which is a slightly more general case
than the example presented by [Nes18, Example 4.1.3].

Proposition 5.2. Consider a differentiable function G : R" — R™ with m < n and
let J;(x) be the Jacobian matrix of G at x. If

. T _
i0f Anin (Jo(W6()T) =@ >0,

for some X C R", then the function f(x) = ||G(x)||? fulfils the PE inequality (5.4)
with constant u, = 2a.

Proof. Let f(x)= Z;.n:l sz(x) and (Jg(x))ij = aixiGj(x) wherei € {1,...,n} and
j€{1,...,m}. Moreover,

Vf(x)= ZJCT;(x)G(x) eR"
Assume that JG(x)JGT(x) > al,,.m for all x € X and some a > 0. Then,
1 2 T T 2
ZIIVf(X)II =G (x)Jg(x) 5 (x)G(x) = allJg(x)||* = af (x).
Thus,
* 1 2 * 1 2
fl)—fr< 4—||Vf(X)|| — < =IVEIIF,
a 4a
where the last inequality is due to f* > 0. O

In other words, nonlinear least squares problems sometimes correspond to
instances of (5.1) where the objective satisfies the PL inequality.

The following classical theorem provides a linear convergence rate for Algo-
rithm 5.1 under the PL inequality.
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Theorem 5.3. [Pol63, Theorem 4 ] Let f be L-smooth and let f satisfy PL inequality
on X = {x: f(x) < f(x}. If t; € (0, %) and x' is generated by Algorithm 5.1,
then

fFOD—fr<(1—tpy2— L)) (f () —f7). (5.5)

In particular, if t; = %, we have
FED=fr <= (FE)~F). (5.6)

In this chapter we will sharpen this bound; see Theorem 5.4. Under the as-
sumptions of Theorem 5.3, Karimi et al. [KNS16] established linear convergence
rates for some other methods including the randomized coordinate descent. We
refer the interested reader to the recent survey [DDG"22] for more details on the
convergence of algorithms under the PL inequality.

In this chapter, we study the convergence rate of Algorithm 5.1 by using per-
formance estimation; see Chapter 3.

The rest of the chapter is organized as follows. In Section 5.2, we consider
problem (5.1) when f satisfies the PL inequality. We derive a new linear conver-
gence rate for Algorithm 5.1 by using performance estimation. Furthermore, we
provide an optimal step length with respect to the given bound. We also show
that the PL inequality is necessary and sufficient for linear convergence, in a well-
defined sense. Section 5.3 lists some other situations where Algorithm 5.1 is lin-
early convergent. Moreover, we study the relationships between these situations.
Finally, we conclude the chapter with some remarks and questions for future re-
search.

5.2 Linear convergence under the PL inequality

In this section we study linear convergence of the gradient descent for f € H, ; (R")
under the PL inequality. It is readily seen that the PL inequality implies that ev-
ery stationary point is a global minimum on X. By virtue of the descent lemma
[Nes18, Page 29] and Lemma 2.22, we have

fO)—fF*= 5 IVl Vx €R™ (5.7)

Hence, u, can only take values in (0,L] by (5.7). On the other hand, if f
in H, ; (R") we may assume without loss of generality u < u, where y is the
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minimum curvature parameter. The inequality is trivial if u < 0, and we therefore
assume that y > 0. By taking the minimum with respect to y from both side of
inequality (5.3), we get

FO)=f" < glIVFIP.

Hence, one may assume without loss of generality u, = max{u, u,} in inequality
(5.4).

In what follows, we employ performance estimation to get a new bound under
the assumptions of Theorem 5.3. In this setting, the worst-case convergence rate
of Algorithm 5.1 may be cast as the following optimization problem,

=g
fx0)—f~
x! is generated by Algorithm 5.1 w.r.t. f, x° (5.8)
f(xX)=f"VxeR"
F)=f* < HNTFOIE, Vxex

f e, (RY)
x% e R

In problem (5.8), f and x° are decision variables and X = {x : f(x) < f(x%)}.
We may replace the infinite dimensional condition f € #,, ;(R") by a finite set
of constraints, by using interpolation. Theorem 2.42 gives some necessary and
sufficient conditions for the interpolation of given data by some f € #H,, ; (R").

It is worth noting that Theorem 2.42 addresses non-smooth functions as well.
In fact, L = oo covers non-smooth functions. Note that we only investigate the
smooth case in this chapter, that is L € (0, 00) and u € (—o0,0].

By Theorem 2.42, problem (5.8) may be relaxed as follows,

maxfl_f*
fO_f*
.t. 2(1i%)(%||gl_g1’|2 +‘U,“xl_x]||2_2T,u<gl_gl’xl_xl>) <
fFi—f1—{g,x'=x7) i,je{0,1}
X =x0—tg? (5.9)

fE>f* ke{o,1}
Fr=rr < g llghl? kefo,1).
P
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As we replace the constraint f (x)—f* < 3~ ||V £ (x)||? for each x € X by f0—f* <
mlIg |I?and f1—f* < mIIg ||, problem (5.9) is a relaxation of problem (5.8).

By using the constraint x! = x° — t, g%, problem (5.9) may be reformulated as,

ax fl —f
fo —f*
s.t. Z(L—(Ilg 12+ (1 + pLty —2ut)lIg°1* + 2(ut; —1)(g°% g")) —
! +f°—< ,t18°)<0
Z(L— (Ngl? + (1 +pLef —2ue) 18017 + 2(uty —1)(8% g")) —
O+t +(gh t18%) <0 (5.10)
f*—fk<o0 ke{0,1}
fe=f" =g lgk P <0, ke{0,1}.
By using the Gram matrix,
X:((gO)T) (go g1):( ”gO”l <g0’g1>)
(gH’ (g%¢" lg'l* )’
problem (5.10) can be relaxed as follows,
N fl=f"
fo—f~
s.t. tr(AX)—fr+f0<0
tr(A,X)— O+ f1 <0 (5.11)
fO—f* +tr(A3X) <0
fl—f +turA,X)<0
o= fx =0,
where
L+pLtf—2ut; o kol 1+plt3—2ut;  ut;—1 +
A, = 20— "1 20w A, = 20—1) 24
wti—1 1 2 ph—l 4
2(L—p) 2(L—u) 2(L—p) 2(L w)

B (0 0)
4= -1
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In addition, X, f°, f! are decision variables in this formulation. In the next theo-
rem, we obtain an upper bound for problem (5.10) by using weak duality. This
bound gives a new convergence rate for Algorithm 5.1 for a wide variety of func-
tions.

Theorem 5.4. Let f € H,, ;(R") with L € (0,00),u € (—00,0] and let f satisfy
the PE inequality on X = {x : f(x) < f(x®)}. Suppose that x' is generated by
Algorithm 5.1.

) Ift; e (0, %), then

FOD-f*
fFO)—f*—
2
uy(1—Lt) + /(L —p) (u—pp) @=Lt ppty + (L —p)?
L—pu+u, ’
i) If t; € [%,m], then

flxH)—f* (Lt; —2)(ut; —2)u,ty
f(XO)—f*S( (L+pu—p,)t;—2 +1)'

3 2
i) Ift; €| —————,% |, then
) IFi (H+L+ Jiwz—Lp+2’ L )

FON-f @1y
fOO)=f* 7 (Lty =12 +upty(2—Lty)

In particular, if t; = % and y = —L, we have

2L —2
feH—fr< (F‘:f)(f(x‘))—f*)- (5.12)

Proof. First we consider t; € (O, %) Let

_ (L—w)(a+mp,(1—Lty))
' o(L—p+uy)

2
a
b2:b1_(L—ub1) >
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where

a =/ (L =) (ppty (1p — 1) (L1, —2) + (L — ).

It is readily seen that b,, b, > 0. Furthermore,
fr=f = =b)(f' = f") - bz(—— lg°]]* +£°— f*)

1 . 1
—(1—b1)(—ﬂl)gll\ +f1-f )—bl(zu—_m(nglnh

(1+pLe? —2ut NIl +2(ut, —1){(g% g")) — O+ 1 +(g", tlgo)) =

1—Lt,
2a

2
ab1 0 1
T8 8

<0.

Therefore, for any feasible solution of problem (5.10), we have

FeH—f*
FO)=f =
2
y(1—Lty)+ /(L —p) (u—1p) 2= Lt ppty + (L —p)?
L—u+u, ’

and the proof of this part is complete. Now, we consider the case that

i 38
t, € [L, u+L+1/lﬂTu+L2}' Suppose that
@ = Mt]_—]. @ = 1—Lt1
1— ) 2 2
(L+,u—,up)t1—2 (L+,u—,up)t1—2
(Lt; =2)(pty —2) =D ppty Upty
as =— 5 Ay =—

(L+,u—up)t1—2 (L+,u—up)t1—

It is readily seen that a;, a,, as, a4 = 0. Furthermore,
Pep=(-a=a) (=) =as (- e+ )-

a, (—i ||g1||2+f1—f*)— (Z(L—(ng 12+ (1 + pLt? —2uty)]|g° 1+
20ty =1)(e%,8)) = £+ 1 + (6 18°) ) = s eI+

(14 L — 21601 + 20ty — (g% g1)) — £+ £0—(g°, ug”)) ~o.
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Therefore, for any feasible solution of problem (5.10), we have

Luyut3 —2u, (L + ) t? + 4u,t
f(xl)—f*—( — 41| (f&)—f) <0.
3 2 .
Now, we prove the last part. Assume that t; € (H+L+ T L). With some

algebra, one can show

1 e (Ltl—l)z) 0 g _(Hpﬁ(z_l’fl))(_i 2, 1 *)_
i e T e e e |G L A

(Lt =1)(2—Lty) 1 12 2_ 02 10 o1V
() (s (1P + (0 k=2l + 20t =1l )

Lt;—1 1
Frafo—{ehng”) )= (25 ) (G (e + -+ i —2ue I+

2(ut; —1)(g%¢") —FO+ 1 +(g", tlgo)) =
(1—Lt)) (Lpt>—2(u+ L)t +3)
2B(L—u)

2
<0

— Y

Lt;—1

H\/Lt1—1g0+ L_g!

where

B=(Lty—1)*+u,t;(2—Lty).

The rest of the proof is similar to that of the former cases. O

As the expressions provided in Theorem 5.4 are complicated here we provide

an example for some parameters. Let L = 10, u = —L = —10 and u, = 1. Then
part i) of Theorem 5.4 is given by t; € (0,0.1) and
fOH—f_ 1

2
< ——|1—10t; + 4/440t,(5t; —1)+400) .
FxO)—f~ 441( 1 \/ 1(5t;—1) )

One may wonder how we obtain Lagrange multipliers (dual variables) in The-
orem 5.4. The multipliers are computed by solving the dual of problem (5.11)
by hand; see Chapter 3 for more discussion on solving PEP Furthermore, Theo-
rem 5.4 provides a tighter bound in comparison with the convergence rate given
in Theorem 5.3 for L-smooth functions with t; € (O, %). To show this, we need
investigate three subintervals:

i) Suppose that t; € (O, %) As1—Lt; <0,

2
pp(1—Lt)+4/2L(—L—p, )(2—Lt, )y, t; +4L2 <
2L+, -

AL242Lpy ty (L) (Lt —2)+(uy—Lpy 1)
(2L+u,)?

<1- t1Mp(2 - tlL),
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where the last inequality follows from non-positivity of the quadratic func-
tion Ty(t;) = —Lt3 (ZL2 +Lu, +,u§) + 2t (ZL2 +Lu, +,u§) — 4L on the
given interval.

ii) Lett; € [%, ?] Since u, < L and (2— Lt;) > 0, we have

Lt1+2 1— (2—Lty)(Lty+2)p, by

I=< Upty+2 Upty+2

< 1—tyup(2—Lty).

iii) Assume that t; € (@, %). It is readily verified that the quadratic function
To(t1) = (Lt;—1)*+ upti(2—Lt;)—1 is non-positive on the given interval.
Hence,

(Lt;—1)? _ upt1(2—Lty)
(Lt1—1)2+Lpt1(2—Lt1) =1- (Lt1—1p)2+,upt1(2—Lt1) <1- tl“p(z —Lty).

Therefore, for t; € (0, %) the bound provided by Theorem 5.4 is tighter than that
given by Theorem 5.3.

In most problems, the smoothness constant, L, is unknown. By using (5.2),
any estimation of the smoothness constant L, say L, should satisfy the following
inequality,

F(x=1vF(0) < F0)— SNV

Thus one may try to obtain a suitable estimate by searching for a sufficiently large
value of I that satisfies this inequality. This technique is due to Nesterov; see
[Nes13, Section 3] for details.

The next proposition gives the optimal step length with respect to the worst-
case convergence rate.

Proposition 5.5. Let f € H,, ; (R") with L € (0, 00),u € (—00,0] and let f satisfy
the PL inequality on X = {x : f(x) < f(x®)}. Suppose that r(t) = Lu(L + pu—
up)t3 — (L2 —up(L +u)+5Lu+ ,uz) t2+4(L + u)t —4 and t is the unique root of

. 1 3 [P . . -
rin|+, ————=————if it exists. Then t* given b
L> v+ 4/ u2—Lu+L? f g Y

. t if t exists
t = .
— 2 otherwise,
u+L+4/ u2—Lu+L2

is the optimal step length for Algorithm 5.1 with respect to the worst-case convergence
rate.
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Proof. To obtain an optimal step length, we need to solve the optimization prob-
lem
min h(t),
tE(O,%)

where h is given by

m

(0.7)

hl»—l

e o] S [T T W
L—p+u,

he) = 4 G=2ut=2)ut E
() (L+p,—up)t—2 +1 t u+L+ ,uZ—LM+L2

(Lt—1)? te ( 2

1
T’ . T
(Lt—1)2+(2—Lt),U,pt u+L+ HZ_LIH'LZ T

It is easily seen that h is decreasing on (0,%) and is increasing on

(m,%) Hence, we need investigate the closed interval

v u2—Lu

1_ 3

L> 2 2 |
u+L+4/u2—Lu+L

tion. First, we consider the case L + u—u, < 0. Let p(t) =

We will show that h is convex on the interval in ques-
ut—2
(L+,u—,up)t—2
q(t) = (Lt —2)u,t. By some algebra, one can show the following inequalities for

and

el — 2 ]
y+L+4/ u2—Lu+L?

p(t)=0 q(t)<0
p'(t)=0 qg(t)=0
p"(t)<0 q"(t)>0.

Hence, the convexity of h follows from h” = p” q+2p’q’+ pq’ ’. Now, we investigate
the case that L + u —u, > 0. Suppose that p(t) = W and q(t) = (Lt —

2)(ut — 2). For these functions, we have the following inequalities

p(t)<0 q(t)>0
p'(t)<0 g'(t)<0
p"(t)=0 q"(t) <0,

which analogous to the former case one can infer the convexity of h on the given

1 3

interval. Hence, if h has a root in [ ], it will be the minimum.

L u+L+4/ p2—Lu+L2
Otherwise, the point t* = ———=——— will be the minimum. This follows
’ P u+L+4/ pu2—Lu+L>2
: re1y _ 2Lpp(up—L) . .
from the point that h'(;) = (U= < 0 and the convexity of h on the interval

in question. O
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Thanks to Proposition 5.5, the following corollary gives the optimal step length
for L-smooth convex functions satisfying the P, inequality.

Corollary 5.6. If f is an L-smooth convex function satisfying the PL inequality,
then the optimal step length with respect to the worst-case convergence rate given by

2 3
L+/Tp,” 2L |°

Theorem 5.4 is min

The constant also appears in the the fast gradient algorithm introduced

L+4/Lu,
in [NNG19] for L-smooth convex functions which are (1, u,)-quasar-convex, see
Definition 5.14. By Theorem 5.16, (1, u,)-quasar-convexity implies the PL in-

equality with the same constant. Algorithm 5.2 describes the method in question.

Algorithm 5.2 Fast gradient method

Pick x° € R, set N and y° = x©.
For k =1,2,...,N perform the following step:
1. yk=xk1- %Vf(xk_l)

VIi—, /i

k _ k Ve ook k=1

2. xF =yt e (v =)
One can verify that Algorithm 5.2, at the first iteration, generates x' = x? —
2 0

L+,/Lu, V.

A more general form of the PL inequality, called the £ojasiewicz inequality, may
be written as

F)=F) < g IVFIIP, Vx€X, (5.13)

where 6 € (0,1). As an example for a function with 6 > % one can easily see
that the function f(x) = x* has 0 = % with u, = 8. It is known that when
6 € (0, %] some algorithms, including Algorithm 5.1, are linearly convergent;
see [AB09, ABRS10]. In the next theorem, we show that for functions with finite

maximum and minimum curvature the Lojasiewicz inequality cannot hold for 6 €
0, 3).

Theorem 5.7. Let f € H,, ;(R") be a non-constant function. If f satisfies the f.o-
jasiewicz inequality on X = {x : f(x) < f(x®)}, then 6 > %

Proof. To the contrary, assume that 6 € (0, %). Without loss of generality, we
may assume that u = —L. It is known that Algorithm 5.1 generates a decreasing
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sequence {f(x¥)} and it is convergent, that is ||V f(x*)|| — 0; see [Nes18, page
28]. Furthermore, (5.13) implies that f(x¥) — f*. Without loss of generality,
we may assume that f* = 0. First, we investigate the case that f(x°) = 1. The
semidefinite programming problem corresponding to performance estimation in
this case may be formulated as follows,

max f1
s.t. tr(A; X)—f14+1<0
tr(A,X)—1+f1 <0 (5.14)

1+tr(A3X) <0
(FH% +r(Ax) <0
f1>0,Xx >0.
Since Algorithm 5.1 is a monotone method, f' can take value in [0, 1]. In addi-

tion, we have f! < (f1)?% on this interval. Hence, by using Theorem 5.4, we get

the following bound,
2L —2u,
<

- 2L+,up'

1

Now, suppose that f(x°) = f° > 0. Consider the function h : R — R given by
h(x) = % It is seen that h is f%-smooth and

h(x)* < WHV}I(X)HZ, Vx eX.

As Algorithm 5.1 generates the same x! for both functions, by using the first part,
we obtain

fO _2LU T 20, (P 20 — 2, (FOP
FOO) T 2L(FO) T+ pp(FO2072 2L+ gy ()20

_ 04201
% < 0, which contradicts f* > 0 and
p

the proof is complete. O

For £ sufficiently small, we have

Necoara et al. gave necessary and sufficient conditions for linear convergence
of the gradient method with constant step lengths when f is a smooth convex
function; see [NNG19, Theorem 13]. Indeed, the theorem says that Algorithm
5.1 is linearly convergent if and only if f has a quadratic functional growth on
{x : f(x) <€ f(x%)}; see Definition 5.11. However, this theorem does not hold
necessarily for non-convex functions. The next theorem provides necessary and
sufficient conditions for linear convergence of Algorithm 5.1.



74

Theorem 5.8. Let f € H,, | (R"). Algorithm 5.1 is linearly convergent to the optimal
value if and only if f satisfies PE inequality on {x : f(x) < f(x°)}.

Proof. Let x € {x : f(x) < f(x°)}. Linear convergence implies the existence of
y €[0,1) with

fFR)=—f<y(FE)=f), (5.15)

where £ = & — LVf(%). By (5.3), we have f (%) — f(%) < Z=£|IVf(%)I*. By

using this inequality with (5.15), we get
FER) = < 2 FE) - FO) < s IV F @I,

which shows that f satisfies PL inequality on {x : f(x) < f(x°)}. The other
implication follows from Theorem 5.4. O

5.3 The PL inequality: relation to some classes of func-
tions

In this section, we study some classes of functions for which Algorithm 5.1 may
be linearly convergent. We establish that these classes of functions satisfy the PL.
inequality under mild assumptions, and we infer the linear convergence by using
Theorem 5.4. Moreover, one can get convergence rates by applying performance
estimation.

Throughout the section, we denote the optimal solution set of problem (5.1)
by X* and we assume that X* is non-empty. We denote the distance function to
X* by dx.(x) := inf,ex. ||y — x||. The set-valued mapping ITy.(x) stands for the
projection of x on X*, that is, Iy.(x) = {y : ||y — x|| = dx+(x)}. Note that, as X*
is non-empty closed set, IIy.(x) exists and is well-defined.

Definition 5.9. Let u, > 0. A function f has a quadratic gradient growth on
X CR"if

(VF(x),x —x") = pgdz.(x), Vx€X, (5.16)
for some x* € IIy.(x).

Note that inequality (5.2) implies that u, < L. Hu et al. [HSL21] investigated
the convergence rate {xX} when f satisfies (5.16) and X* is singleton. To the
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best knowledge of me, there is no convergence rate result in terms of {f (xk)}
for functions with a quadratic gradient growth. The next proposition states that
quadratic gradient growth property implies the PL inequality.

Proposition 5.10. Let f € H, (R"). If f has a quadratic gradient growth on

2

X S R" with ug > 0, then f satisfies the PL inequality with u, = ML—g

Proof. Suppose that x* € I1y.(x) satisfies (5.16). By the Cauchy-Schwarz inequal-
ity, we have

pgllx —x* | < [IVF (Il (5.17)

On the other hand, (5.2) implies that
FOYSFOM) + 5l — x| (5.18)
The PL inequality follows from (5.17) and (5.18). O

By Proposition 5.10 and Theorem 5.4, one can infer the linear convergence of
Algorithm 5.1 when f has a quadratic gradient growthon X = {x : f(x) < f(x%)}.

Indeed, one can derive the following bound if t; = % and u =—1L,
2_gy2
Hof<| —2 N—r). 5.1
flxh) f_(2L2+M§)(f(X) f) (5.19)

Nevertheless, by using the performance estimation method, one can derive a bet-
ter bound than the bound given by (5.19). The performance estimation problem
fort; = % in this case may be formulated as

fl=f

max fO—f*

s.t. {x*, g F*}u {y*,0, £*} satisfy interpolation constraints (2.8) for k € {0, 1}
bl =50 %go (5.20)
fk>f* ke{o,1}

(g5, xF = y5) > pgllyk —x 1%, ke{o0,1}

1% =y O < 1% = y 112

et =y P < et = y 0112,
Analogous to Section 5.2, one can obtain an upper bound for problem (5.20)
by solving a semidefinite program. Our numerical results show that the bounds
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Figure 5.1: Convergence rate computed by performance estimation (red line) and
the bound given by (5.19) (blue line) for “L—g €(0,1).

generated by performance estimation are tighter than bound (5.19); see Figure
5.1. We do not have a closed-form bound on the optimal value of (5.20), though.

Definition 5.11. [NNG19, Definition 4], [Nes18, Definition 4.1.2] Let u, > 0. A
function f has a quadratic functional growth on X C R" if

Hd(x)<flx)—f*, VYxeX. (5.21)

It is readily seen that, contrary to the previous situations, the quadratic func-
tional growth property does not necessarily imply that each stationary point is a
global optimal solution. The next theorem investigates the relationship between
quadratic functional growth property and other notions.

Theorem 5.12. Let f € H, ;(R") and let X = {x : f(x) < f(x%)}. We have the
following implications:

0 (5.4) = (5.21) with ug = u,.

i) If pg > 7op, then (5.21) = (5.16) with pu, = (1 —4) + 4.

iii) If
FO)—f(x™) <(Vf(x),x —x7), Vx €X,

for some x* € Iy.(x) then (5.21) = (5.16) with Ug = %
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Proof. One can establish i) similarly to the proof of [KNS16, Theorem 2]. Con-
sider part ii). Let x € X and x* € IIx.(x) with dx.(x) = |[|x —x*||. By (2.7), we
have

FOO) = F (") < = IVF (I — gk=lx — x> + (Vf(X) x—x").
(L—w) ( u)
As %llx—x*ll2 < f(x)—f(x"), we get
(Ba—5)+5)llx—x"I> < (Vf(x), x —x7),

which establishes the desired inequality. Part iii) is proved similarly to the former
case. O

By Theorem 5.4, it is clear that Algorithm 5.1 enjoys linear convergence rate
if f has a quadratic gradient growth on X = {x : f(x) < f(x°)} and if f satisfies
assumptions ii) or iii) in Theorem 5.12. For instance, if u = —L and u, € (%, L),
one can derive the following convergence rate for Algorithm 5.1 for fixed step
length t;, = %, ke{l,..,N},

20 —2(u — 57\
2o+ (u,—Lp ) (FG=F). (522

N 0
fOT)—f(x )S(
It is interesting to compare the convergence rate (5.22) to the convergence rate
obtained by using the performance estimation framework. In this case, the per-
formance estimation problem may be cast as follows,

N _ rx
max fo f
fO=fr
s.t. {x¥, gk, FFyu{yX, 0, f*} satisfy inequality (2.8) for k € {0, ..., N}
xk=xk1—1gH1 ke {l,..,N} (5.23)

fk>f* ke{o,...,N}
== Bxk - yk)12, ke{o,..,N}
[l = Y5112 < Ixk = y¥|I?, ke€{0,..,N},k €{0,..,N}.

Since xk = x*71 — %gk we get xk = x0— le 0 g!. Hence, problem (5.23)
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may be reformulated as follows,

max f:_f*
fo—=f>
k=2
s.t. {x0— %Zgl, gk FFYu {y*,0, f*} satisfy interpolation constraints (2.8)
=0
fk>f* ke{1,..,N} (5.24)
k—2
fE=fr 2B =1> g = yHI?, kedo,...,N}
=1
k—2 k—2
=1 > 8! =y MIP < 0= 1 > e =y 1P kK € {0, N},
1=0 =0

The next theorem provides an upper bound for problem (5.24) by using weak
duality.

Theorem 5.13. Let f € H_; ;(R") and let f have a quadratic functional growth
onX ={x: f(x) < f(x")} with uq € (%,L). Ift, = %, ke {1,...,N}, then we have
the following convergence rate for Algorithm 5.1,

e =< k(2= 2) (1)), (5.25)

Proof. The proof is analogous to that of Theorem 5.4. Without loss of generality,
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we may assume that f* = 0. By some algebra, one can show that
N
e -3 e e -5
j=0
(f* fl- <gjy—x +izg> |+ Ly —x0+ 2 Zg+ 1¢’
1=0
N j—1
S () (-5 1)(f —fi- <g",y"—x0+%2gl>—
j=i =0
j—1 N )
L )+Z(2N—J(1—%)N”’l)x

i 0 1 l 1 _j
7|y —x +zzg +18’

=0
(ff—f*—%

j—1

)

Y=x0+1>7g!
(=54 =)= -
= u N—i—1 : N ’

q(1 L_XO+%Zg1 <0
i=1 =0

By using the above inequality, we get
N
N_ v o L (g_ 2 0_ ¢~
=g (2-3) (0=,

for any feasible point of (5.24), and the proof is complete. O

By doing some calculus, one can verify the following inequality

L2_2(.Uq 2) ( zuq)’ ,uqe(é L).

I 2>
212 + (pg — E)
Hence, Theorem 5.13 provides a tighter bound than (5.22).

Definition 5.14. [HSS20, Definition 1] Let y € (0, 1] and u, > 0. A function f is
called (y, u,)-quasar-convex on X C R" with respect to x* € argmin, cp. f (x) if

FOO+HVF(),x* —x) + Flx* —x|P < f*, VxeX. (5.26)

The class of quasar-convex functions is large. For instance, non-negative ho-
mogeneous functions are (1,0)-quasar-convex on R". (Recall that a function
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f : R" = R is called homogeneous of degree k if f(ax) = a*f(x) for all x €
R",a € R. ) Indeed, if f is non-negative homogeneous of degree k > 1, by the
Euler identity, we have

F)+(Vf(x),x —x)=(1—k)f(x) <0, Vx €R",

where x* = 0. In what follows, we list some convergence results concerning
quasar-convex functions for Algorithm 5.1.

Theorem 5.15. [BM20, Remark 4.3 ] Let f be L-smooth and let f be (y, u,)-quasar-
convexon X = {x: f(x) < f(xO}. If t; = % and if x! is from Algorithm 5.1, then

fOh—f < (1= ) (F ) - ). (5.27)

In the following theorem, we state the relationship between quasar-convexity
and other concepts. Before we get to the theorem, we recall star convexity. A set
X is called star convex at x* if

Ax+(1—-AMx*eX, VxeX,VA€[0,1].

Theorem 5.16. Let x* be the unique solution of problem (5.1) and let X = {x :
F(x) < f(x}. If X is star convex at x*, then we have the following implications:

: o P sY Hs}fz
1) (5.26) = (5.16) with Mg =5+ =4

ii) (5.16) = (5.26) with u, ={ — % and y = %for each ( € (max(%,,ug), 00).
i) (5.26) = (5.4) with u, = gy

Proof. The proof of i) is similar in spirit to the proof of Theorem 1 in [NNG19].
Let x € X. By the fundamental theorem of calculus and (5.26),we have

1

f(x)=f(x*) = f HVFAx +(1—)x"), Ax + (1 — A)x* —x*)dA
0

1
> f E(f (o + (1= x") — £ () + B4 x —x*[*) dA
0

> e —x*|1%,
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where the last inequality follows from the global optimality of x*. By summing
f(x)—f(x*) = Z=|lx —x*||* and (5.26), we get the desired inequality. Now, we
prove part ii). Let x€R"and { € (max(z,ug), 00). By (5.2), we have

FO) < F)+ £l —x*|% (5.28)

By using (5.28) and (5.16), we get

flx)+ (M%)(Vf(X),x* —x) + (€= Fllx—x"|* < F(x).
For the proof of iii), we refer the reader to [BM20, Lemma 3.2]. O

By combining Theorem 5.4 and Theorem 5.16, under the assumptions of The-
orem 5.15, one can get the following convergence rate for Algorithm 5.1 with

f(xl)—f*s(%ﬂ)(f( D=1,

which is tighter than the bound given in Theorem 5.15.

5.4 Concluding remarks

In this chapter we studied the convergence rate of the gradient method with fixed
step lengths for smooth functions satisfying the PL inequality. We gave a new
linear convergence rate, which is sharper than known bounds in the literature.
One important question which remains to be addressed is the computation of the
tightest convergence rate bound for Algorithm 5.1. Moreover, the performance
analysis of fast gradient methods, like Algorithm 5.2, for these classes of functions
that are discussed in this chapter may also be of interest.

We only studied the linear convergence in terms of the convergence of ob-
jective values. However, one can also infer the linear convergence in terms of
distance to the solution set or the norm of the gradient by using our results. For
instance, under the assumption of Theorem 5.4, we have

B2, (xk) < FOR) = £ < pR(F() — £) < LR d2. (x9),

where the first inequality follows from Theorem 5.12, y is the linear convergence
rate given in Theorem 5.4, and the last inequality resulted from (5.2). Hence,

k
d2.(x*) < %d;(xo).
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Moreover, the quadratic gradient growth is a necessary and sufficient conditions
for the linear convergence in terms of distance to the solution set; see [ZAdK24,
Theorem 3.4] and Theorem 7.10.
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Carl Gustav Jacob Jacobi

Convergence rate analysis of the
randomized and cyclic coordinate descent
methods for convex optimization through

semidefinite programming

Preamble

In line with the previous two chapters, in this chapter we study a derivative of
the gradient descent method, known as the coordinate descent method. We study
randomized and cyclic coordinate descent for convex unconstrained optimization
problems. We improve the known convergence rates in some cases by using the
numerical semidefinite programming performance estimation method. As a spin-
off we provide a method to analyse the worst-case performance of the Gauss—
Seidel iterative method for linear systems where the coefficient matrix is posi-
tive semidefinite with a positive diagonal. Moreover, we study weighted Jacobi
method for solving quadratic programming problems and revisit some well-known
results in the literature. This chapter is based on the paper [AdKZ23b], except for
Section 6.3.2 which deals with the Jacobi method for solving linear system of

83
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equations.

6.1 Introduction

We consider the unconstrained optimization problem
fr= inf f(x), (6.1)
xX€Rn

where f : R" — R is convex. We assume that f attains its infimum and f * denotes
the optimal value. In addition, we assume that f is an L-smooth function, that is,

IVF) =V I <Llly—xll, Vy,xeR"
Moreover, we denote the component Lipschitz constants by £; (i € {1,...,n}), i.e.,
IIVf(x+te)i —[VF)]I < iftl, VxRt €R, (6.2)

where e; is the ith standard unit vector. Let {,,,, := max;<;<,{;, and note that
ooy < L <1l [Wril5].

Due to the simplicity and small per-iteration cost, coordinate descent methods
have been employed extensively for large-scale optimization problems [Nes12,
Wril5].

The generic coordinate descent method is shown in Algorithm 6.1.

Algorithm 6.1 Generic coordinate descent

Set N and {tk}zlfz_o1 (step lengths) and pick x° € R".
For k=0,1,...,N — 1 perform the following step:
1. Choose an index i} from {1,2,...,n}.

2. xk+l = xk — tk[Vf(xk)]ikeik.

In this chapter, we revisit the worst-case convergence rate analysis for Algo-
rithm 6.1 for two of the best known variants, namely randomized coordinate de-
scent, and cyclic coordinate descent. In the former, the index i, is chosen uniformly
at random from {1,2,..,n}, and in the latter, the cyclic ordering,
(1,2,...,n,1,2,...,n,...), is used.

We will improve the best-known convergence rates from the literature for
some specific values of the parameters n,L,N, t; for k € {0,1,...,N — 1} and ¢;
fori e {1,...,n}. Finally, the Gauss—Seidel iterative method for positive semidefi-
nite linear systems is a special case cyclic coordinate descent for convex quadratic
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functions, and we will investigate the implications of our analysis for this classical
method as well.

Recently, Taylor and Bach [TB19, Appendix I] and Kamri et al. [KHG23] stud-
ied the convergence of the coordinate descent algorithm using the semidefinite
programming (SDP) performance estimation method. We will also use SDP per-
formance estimation in our analysis, but in a different way than Taylor and Bach
[TB19, Appendix I], and our main contribution may be seen as the extension and
refinement of the approach by Kamri et al. [KHG23]. For general background
information on SDB see e.g. [WSV12].

6.2 Convergence rate of randomized coordinate descent

The randomized coordinate descent method is shown in Algorithm 6.2 for easy ref-
erence.

Algorithm 6.2 Randomized coordinate descent

Set N and {tk}lljz_o1 (step lengths) and pick x° € R".
For k =0,1,...,N —1 perform the following step:
1. Choose index i; with uniform probability from {1,2,...,n}.

2. xkHl = xk— tk[Vf(xk)]ikeik.

We proceed to revisit its worst-case convergence rate for three classes for func-
tion, namely convex L-smooth functions, convex quadratic functions, and strongly
convex, L-smooth functions.

6.2.1 The case of L-smooth functions

Regarding the convergence of Algorithm 6.2 for L-smooth convex functions, the
following is known. (We state the result as in the survey [Wril5, Theorem 1], but
it is originally due to Nesterov [Nes12]).

Theorem 6.1. [Wril5, Theorem 1]Let f : R" — R is an L-smooth convex function
forsome L > 0. If t; = % for all k, then, for each k > 0,

E(f (%) —f* < (2 )R2, (6.3)

where R, satisfies max,.cs max, {||x —x*|| : f(x) < f(x°)} <R, and S denotes the
optimal solution set.
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In this section, we study the behaviour of the randomized coordinate descent
method for L-smooth convex functions. The worst-case convergence rate of the
Algorithm 6.2 can be formulated as follows.

max B[f (x")] = f (x*)
s.t. f € Fo 1 (R")
f satisfies (6.2) for every x € R" for some £;, i € {1,...,n} (6.4)
Ix®—x*? <A
x*, ke {1,2,...,N}, are generated by Algorithm 6.2 with respect to x°
and step length t;
x®eRY, VF(x*)=0,

where f,x* x* are decision variables and t,L,n and ¢;,i € {1,...,n}, are the
given parameters. Problem (6.4) in general is intractable. Moreover, note that
x* depends on the index i, which is chosen uniformly at random from the set
{1,...,n} therefore (6.4) is a stochastic programming problem. To deal with this
we introduce a random variable d* which depends on the index i) and is defined
by d€:=[Vf (xk)]ikel-k. Note that d* has the following properties:

E [|ld¥|[ ]—%E[nwuk)n ]
E[(d*, vf(x9)]=LE[IVF(OI?] 6.5)
E[{d",x*)]=1E [(Vf(xk),x")],

where the expectation again refers to the joint distribution of all the random vari-
ables d* for k € {0,1,...,N} and x*, V£ (x¥), f(x¥) for k € {0,1,...,N}. By
Taylor’s theorem and (6.2), we have

f(xk+1) Sf(xk)+<Vf(Xk),Xk+1—Xk> max||xk+1_xk“2 (6.6)
f(xk)Sf(xk+1)+(Vf(xk+1),xk—xk+1>+%lek—xkﬂllz,

where £,y = maX;e(y, ny £; as before. Therefore, the relaxation of problem (6.4)
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is given by

max E[f (x")]— f (x*)
s.t. {(x%; Vf(xk);f(xk))} satisfy (2.4) for k€ {0,1,--- ,N,*x} wrt. u=0,L
{(x"; V£ (xF); £ ()} satisfy (6.6) for k € {0,1,---,N} wrt. 0 ax
{x*; V£ (x5); d¥} satisfies (6.5) (k€ {0,---,N}) (6.7)
Ix®=x*|?P <A
XK+ = ek ¢, gk

x®eR", Vf(x*) =0,

where f(x%), x*, x*, Vf(x*) and d¥ are decision variables. Note that because the
problem (6.1) is invariant under translation, without loss of generality we may
assume that x* is the zero vector. Since x**1 = xk—t, d* is a recursive relation, x*
can be written as linear combination of x° and d's. In this way, all the unknowns

appear as entries in the following matrix:

G=]E[Gram(x0,Vf(x0),-~- ,VI(x®),do,--- ,dN)]

[ E[[|x°|*] E[(x®, VFGONT o E[(x%dY)]
E[(Vf(x®),x%)] E[IVf (x)II*] - E[(Vf(x9),dY)]

=| E[(Vf(x"),x%)] E[(Vf(xN),VF(x))] -+ E[VF(N),dV)]
E[(d°,x°)] E[(d°, Vf(x°)] -  E[(d°dM)]

\ E[@.x%]  ELdY,VFGO)] - E[IdYIP]

Note that G is the expectation of a random Gram matrix. Since every realization of
this random matrix is positive semidefinite, and the expectation preserves positive
semidefiniteness, it follows that G is positive semidefinite as well. Therefore,
problem (6.7) can be written as an SDP problem, where the variables are G and
E[f (x")].

In what follows we compare the convergence rate derived by solving the prob-
lem (6.7) and the bound by Wright (6.3) for some specific values of the param-
eters n,L,N, t; for k € {0,1,--- ,N} and ¢; for i € {1,---,n}. All the figures in
this chapter were obtained by solving the SDP problems with the solver Mosek
[ApS19], using the Yalmip [L6f04] Matlab interface.
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ELf (xV)]—f(x")

—— Bound (6.3) (n=2)
—— Bound (6.3) (n=4) ]
--- PEP bound (6.7) (n=2)
--- PEP bound (6.7) (n=4)

Number of iterations (N)

Figure 6.1: Convergence rate for Algorithm 6.2 computed by performance esti-
mation problem (6.7) (dashed lines) and the bound given by (6.3) (thick lines)
for L=2,1,.,=1,t=1,A =1 and different n

E[f (xV)]—f(x™)

—— Bound (6.3) (n =2)

—— Bound (6.3) (n=4) .
--- PEP bound (6.7) (n=2)
--- PEP bound (6.7) (n=4)
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5 10 15 20 25 30
Number of iterations (N)

Figure 6.2: Convergence rate for Algorithm 6.2 computed by performance esti-
mation problem (6.7) (dashed lines) and the bound given by (6.3) (thick lines)
for L =4,1,.,x =2,t =0.5,A =1 and different n

Note that the convergence rate provided by solving performance estimation is

strictly better than the bound given by Wright. In other words, the bound (6.3)
is not tight for the values of the parameters that we considered. Moreover, the
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bound given by performance estimation can also be calculated for different step
lengths than the fixed step lengths 1/¢,,., in the bound (6.3).

6.2.2 The case of convex quadratic functions

In this section we study the convergence rate of the randomized coordinate de-
scent method in case that the objective function is a quadratic function of the form

min f(x) := %xTAx —b'x, (6.8)
XER"

where A is a symmetric positive semidefinite matrix. To study this case we need
to add an additional constraint to restrict our model to quadratic functions. The
following necessary condition for f to be a quadratic function can be verified
easily, and has been used in SDP performance analysis by Drori et al [DS20]

HVF) =V ), x—y) = F)=F ()= (VF(y), x — ).

Since this constraint holds for every point in the domain we just consider the
relaxed constraint that only holds for the point generated by the method in addi-
tion to the initial point and the optimal point. In this case we add the following
constraint to the problem (6.7):

%(Vf(xi)—Vf(xj),xi—xj) =f(x)—fO)—(VF(x)),x' —x!) Vi,je{0,...,N,x}.
(6.9)

In what follows we compare the convergence rate of the randomized coordi-
nate descent method for the general problem (6.7) to the convergence rate for
quadratic problems.
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Figure 6.3: Convergence rate for Algorithm 6.2 computed by performance esti-
mation problem for quadratic functions (red line) and the bound given by (6.7)
(blue line) forn =10,L =2,l,, =1, t =1,A=1.
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Figure 6.4: Convergence rate for Algorithm 6.2 computed by performance esti-
mation problem for quadratic functions (red line) and the bound given by (6.7)
(blue line) forn=2,L =2, ,,=1,t=1,A=1.

Note that the convergence rate for the quadratic problem is sightly better than
that of the general case.
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6.2.3 The case of u-strongly convex L-smooth functions

In this section, we study the convergence rate of the u-strongly convex L-smooth
functions. If u > 0 the optimal value of problem (6.7) for one iteration of Algo-
rithm 6.2, i.e. N = 1, appears to be the same as the following bound (6.10) given
by Wright [Wril5].

Theorem 6.2. [Wril5, Theorem 1] Let f € F, (R"). If t; = %for each k, and
u > 0, then, for all N > 0,

E[fG] - < (1-75) (F-5). (6.10)

The fact that the two bounds seem to coincide does not suggest that (6.10) is
tight, since the SDP bound (6.7) is a relaxation, and not exact.

6.3 Cyclic coordinate descent

Cyclic coordinate descent is one of the most important coordinate descent al-
gorithms due to its simplicity. The convergence rate of cyclic coordinate descent
method for the class of L-smooth convex functions is studied by Kamri et al us-
ing the performance estimation method [KHG23]. This method is described in
Algorithm 6.3.

Algorithm 6.3 Cyclic coordinate descent

Set number of cycles K, {t;}}_ (step lengths), pick x° € R" and set N = nK.
For k=0,1,2,...,N — 1 perform the following step:
1. Seti =k (modn)+1

2. xF =5k —t, [Vf(xF)]se;.

In each iteration the method updates the current point over one of the coor-
dinates in cyclic order.

The following result is known about the rate of convergence. We present it as
in [Wril5], but it is originally due to Beck and Tetruashvili [BT13].

Theorem 6.3. [Wril5, Theorem 3]Let f : R™ — R be an L-smooth convex function
forsome L > 0. If t;, = %for all k, then, for N =n,2n,3n,...,

4nR2(,. (1 +nL2/¢?
MRobmax(1 + L7/ )), (6.11)

N * max
g (et
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where R satisfies max, . max, {||x —x*|| : f(x) < f(x°)} <R, and S denotes the
optimal solution set. If f is also strongly convex with parameter u > 0, then one
has, for k =n,2n,3n,...,

k/n

max

For easy reference, we recall the interpolation conditions from Theorem 2.8
in the case that u = 0: The set {x', Vf(x'), f(x")} fori € {0,1,--- ,N,*} is Fo ,—
interpolable if and only if

FONZ fON) H(VFO),x" = x) + 57 ||V (6D = VF (x)

2’ Vi,jE{O,l,---,N,*}.

(6.12)

Using these conditions, we may formulate the worst-case convergence rate as
performance estimation problem:

max f (x™) — f(x")
s.t. {(xh; VF(xY); £(x'))} satisfy (6.12) fori € {0,1,---,N,*} wrt. L
Ix®—x*2 <A (6.13)
x* (ke{1,2,---,N}) are generated using Algorithm 6.3
x®eRY, Vf(x*)=0.
Problem (6.13) can be formulated as a semidefinite programming problem, and

this is precisely what was done by Kamri et al. [KHG23].

Since the univariate function t — f(x* + te;) is convex and £;-smooth, it

follows from (6.12) that, for every two consecutive points x and x**+!

by Algorithm 6.3, the following inequalities hold if i = k (mod n) + 1:
FOR) = FOMN + VF M) (e =) + g (VF () = VA (), (6.1
FOERNY = FOR) + V() (e = x) + g (VF (M) = v ()2

generated

By adding the above inequalities to (6.13) one can get a better upper bound for
the worst-case convergence rate, i.e.

max f(x")—f(x*)
s.t. {(x'; VF(xY); f(x))} satisfy (6.12) fori € {1,--- ,N,«} wrt. L
{(xh; V£ (D) f(x1))) satisfy (6.14) fori e {1,---,N,*} wirt. {€1,--+,£,}
lx®—x*|?< A (6.15)
x* (ke€{1,---,N}) are generated using Algorithm 6.3
x® eR", Vf(x*)=0.
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In order to obtain an SDP relaxation to (6.15), we proceed in the same way as
Kamri et al. [KHG23]. We view (6.15) as a quadratically constrained quadratic
program (QCQP) in variables corresponding to the unknowns

ok 3f(X)

xf == , f(x* ke{0,1,2,---,N},ie{1,...,n},

Next we use the following relations to eliminate variables:

i

ey
xk+1_xlg<: tk—2x; ifi=k (modn)+1
0 else

which hold for all k € {0,1,2,---,N —1}, and i € {1,...,n}. Subsequently we
form the standard Shor SDP relaxation (see e.g. [WKK20]) of the resulting QCQP
Note that this is different to the approach we followed for randomized coordinate
descent. In particular, the size of the SDP relaxation now depends on n, which
was not the case before. This also limits the parameter values for which we may
solve the SDP relaxations.

In Figure 6.5 we compare the SDP upper bounds from (6.13) and (6.15) for
various parameter values.

The figure shows that the bound can be improved slightly by adding the set
of constraints (6.14) to the model provided by Kamri et al. [KHG23]. Moreover,
we add the constraint which correspond to the quadratic functions (6.9) to the
model (6.15) which provides us with a better bound for quadratic functions. The
computed values are much better that the theoretical bound (6.11), to the extent
that we do not include this bound in the plot. Indeed, Kamri et al. [KHG23]
already mentioned in their paper that the computed values for their model are
much better than the theoretical bound (6.11).
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Figure 6.5: Convergence rate Algorithm 6.3 computed by performance estima-
tion problem (6.15) (blue), the bound given by (6.13) (red) and the bound for
quadratic functions (green) forn=2,L =2,£; =1,{,=1,t =0.5,A = 1.
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Figure 6.6: Convergence rate for Algorithm 6.3 computed by performance esti-
mation problem of quadratic functions for ; =1i € {1,--- ,n},L = Z?_l 0t =
1, A =1 and different n.

Note that our discussion for coordinate-wise cyclic coordinate descent in this
section could be extended to block-wise cyclic coordinate descent in a similar way
as was done by Kamri et al. [KHG23].
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6.3.1 Relation to the Gauss-Seidel method

The minimization of the convex quadratic function in (6.8) is equivalent to the
solution of the linear system Ax = b. Here, we may assume w.l.o.g. that A has
a positive diagonal. Cyclic coordinate decent for problem (6.8) is closely related
to the iterative Gauss—Seidel method for solving this linear system. For this rea-
son, cyclic coordinate descent is sometimes also referred to as nonlinear Gauss—
Seidel. It is therefore an interesting question whether the SDP performance esti-
mation framework yields any new insights on the performance of the Gauss—Seidel
method.

Denoting A = (a;;), the iterative Gauss-Seidel method may be described as
follows.

Algorithm 6.4 Gauss—Seidel method

Set N and pick x° € R™.
For k=0,1,...,N —1 perform the following:

k1l — 1 (p il k+1 _ k .
T (bi Zj=1 a;jX; Zj:i-l,-l aijxj) (i=1,...,n.

This is exactly cyclic coordinate descent with unit step lengths if the gradient
at a point x is replaced by D'V f(x), where f(x) = %xTAx — b"x as before,
and D is the diagonal matrix with the same diagonal entries as A. To see this,
recall that the Fréchet derivative of a differentiable function f : R" — R at a point
x € R" is the unique linear operator, say D;(x) : R" — R, such that

flx+h)—f(x)—Ds(x)h
m =
lIaf}—0 IRl
Once an inner product on R" is fixed, say (-, -), one may, by the Riesz representa-
tion theorem, express Dy (x)h = (g(x), h), where g(x) is called the gradient vector
of f at x with respect to (-,-). In particular, if (-,-) is the Euclidean dot product,
then g(x) = Vf(x). If one changes to the inner product (-, ), defined by

n

(u,v)p = Z a;;u;v; (u,v €R"), (6.16)
i=1
then the gradient vector at x becomes D~V f (x), by the uniqueness of the Fréchet
derivative.
It was shown in [DKGT20] that the interpolation condition in Theorem 2.37
holds for any reference inner product (-,-), provided that the gradient vector is
interpreted accordingly.
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In other words, the following SDP performance estimation problem gives a
bound on the worst-case performance of the Gauss-Sidel method after N itera-
tions, when A is a symmetric positive semidefinite matrix with a positive diagonal.

max f (x™) — f(x*)
s.t. {(x'; VF(xY); f (x))} satisfy (6.12) and (6.9) for i € {0,1,--,N, x}

wirt. L = A (D72A)
{(x'; V£ (xD); f(x1))} satisfy (6.14) fori € {0,1,---,N,x}
wrt. by=...=(,=1
[x®—x*? < A (6.17)
xk(ke{1,2,---,N})is generated using Algorithm 6.3
x?eR", Vf(x") =0,

where the inner product is now understood to be the one in (6.16), and the norm
the induced norm for this inner product, and A,,,,(D~'A) denotes the largest
eigenvalue of D7'A. (Note that the eigenvalues of D™'A are real.) Importantly, the
reference inner product is not visible in the SDP performance estimation problem
reformulation of (6.17), since only a Gram matrix for this inner product appears.
It is therefore equally valid, for any inner product, provided that the inner prod-
uct and norm are interpreted accordingly. Of course, the Lipschitz constants like
(6.2) depend on the norm as well. It is easy to verify that, for the inner product
(6.16), and f(x) = %xTAx— b'x,onehas¢; =...=(,=1and L = A, (D"'A)
as is used in (6.17).
In summary, we have shown the following.

Theorem 6.4. Consider a solvable system of linear equations Ax = b where A is
a symmetric positive semidefinite matrix with positive diagonal, and let x* denote
a solution. Letting f(x) = %XTAX — bx, after N iterations of the Gauss—Seidel
method, an upper bound on f(x™)— f(x*) is given by the optimal value of the SDP
problem (6.17), provided that the starting point x° satisfies ||x° — x*|| < A for a

given A, where the norm is the induced norm of the inner product (6.16).

The Gauss—Seidel method is known to be convergent when A is symmetric
positive-definite, e.g. [GVL13, Theorem 10.1.2], or strictly or irreducibly diago-
nally dominant, e.g. [Bag95]. The case when A is only positive semidefinite (with
positive diagonal) seems to be less well-understood, and our approach sheds more
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light on this case. In particular, numerical results of the type shown in Figure 6.6
apply here.

6.3.2 Weighted-Jacobi method

This section is dedicated to the studying of the quadratic optimization problem
presented in (6.8), where the matrix A is both symmetric and positive definite. The
challenge of solving (6.8) is inherently similar to the task of solving the subsequent
linear equation system Ax = b. As a natural progression from our previous section
where we delved into the Gauss—Seidel method, we now turn our attention to the
analysis of an algorithm commonly employed for the general solution of linear
equation systems.

The matrix A = [a;;] can be expressed as the sum of its components, A =
D+ L+ L7, with D representing the diagonal, and L denoting the lower trian-
gular part of the matrix A. The Jacobi method is a well-known and widely-used
approach for solving linear equation systems [Jac46]. In this section, we delve
into a comprehensive examination of the Jacobi method and conduct a thorough
review of its convergence analysis. The Jacobi method solves the following system
in each iteration,

x*=(1-D7A)x*"1+ D p. (6.18)

It is worth noting that there are certain similarities between the Gauss—-Seidel
and Jacobi methods. However, the key distinction between them lies in their
updates of values from previous generated points. In the Jacobi method (6.18),
values from the previous step are used, whereas the Gauss—Seidel method, as
demonstrated in Algorithm 6.4, always utilizes the most recent updated values
in every iteration, i.e. the Gauss-Seidel method runs the following updates at
iteration k + 1,

1 i—1 n
k+1_ * |4 _ k1 Lk .
X[ = . b; Zauxj Z a;jX; Vi,
i j=1 j=i+1
whereas the Jacobi method performs the following updates at iteration k + 1,
1 n
xih= | b= D aya] | Vi
dii i

It is a well-known that the iteration x* = Rx*~! +¢ converges if and only if the
spectral radius p(R) < 1 [Dem97, Chapter 6.5]. In our specific case, where we
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consider matrix A as symmetric and positive semidefinite, it is sufficient to ensure
that A,,x(R) < 1 since the spectral radius p(R) is equivalent to A, (R). For the
Jacobi method, this condition translates to 0 < p(D™'A) < 2, which is a some-
what limiting requirement. To address this issue, the weighted-Jacobi method is
introduced, which is detailed in Algorithm 6.5, with the specific choice of gk =0
for 0 < k <N [Ricl1].

In cases that each step of the weighted-Jacobi method is performed inexactly,
an adaptation known as the inexact weighted-Jacobi method has been introduced;
see [GO88, GO82] for more discussion. To be more specific, for a given parameter
0, the value of gy, is determined in each iteration as follows

g1l < &11b —Axk]l. (6.19)

Algorithm 6.5 Inexact Weighted-Jacobi method

Set N and a (weight) and pick x0 e R,
For k =1,2,...,N perform the following step:
1. select g; that satisfies (6.19)

2. xk= (I - aD_lA) x*'+aD g1 + aD7 b

The convergence of the weighted-Jacobi method and its various adaptations
has been extensively explored in the literature. You can find a concise overview in
[Saa03, Chapter 4]. The following theorems represent well-established conver-
gence results for the Jacobi method.

Theorem 6.5. If A is strictly diagonally dominant (a;; > Z?Zl la;;| for all i), the
Jacobi method converges.

Theorem 6.6. [E.g. Che] The weighted-Jacobi method converges if and only if 0 <
2

2 o . )
a < 3—p-1a- Moreover, by considering o* = T A (b-TA) One get the opti
mal convergence rate
p* — 1 - KD—lA
1+ KD—lA’
— Amin(DilA)
where Kp-14 = PR ORYY

Now, let’s delve into an examination of the convergence rate for the inexact
weighted-Jacobi method.
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Theorem 6.7. The inexact weighted-Jacobi method with & > 0 has the following
convergent rate for a suitable choice of a

ek 1) < (I — aD™ Al + a8 D A le].

k k

where e = x* — x*~.

Proof. We define r* = b —Ax*. By some calculation one can show that r* = Aek.
By this definition we have
e+l = Gek + pk,

where p¥ = —aD7!¢¥, and G = I — aD™'A. It can be easily seen that
p*|l = llaD™'q"|| < a5 |ID7||[|b —Ax*|| = a8 ||D7"||[|Ae"|I.

Therefore,
e = lIGe* + p*|l < (IGI + as D IIAIDIIe I,

which completes the proof. O

It is evident that when 6 = 0, Theorem 6.7 simplifies to the weighted-Jacobi
method, and the convergence rate mirrors that of Theorem 6.6. In other words,
by maintaining the induced norm as two, you can establish || — aD A = 1 —
aAin(D7YA). Setting a as defined in Theorem 6.6 yields an equivalent conver-
gence rate, while the performance estimation method offers the following conver-
gence rate.

Theorem 6.8 (Based on Theorem 5.3. [DKGT20]). Consider the inexact Jacobi

method with fixed step size a where u = Api(D7'A) and L = A (DA). If
2 2u—5(L

6 €0, ﬁ], and a € [0, UET((LTH))]’ one has

[t =x"[lp < (1= (1= &)ua) Ix° = x"Ip. (6.20)

Golub and Overton in [ GO82] investigate the convergence of the inexact second-
order Richardson method. Notably, in their analysis by setting w =1 and M = D,
one can derive the inexact Jacobi method. In what follows, we aim to derive the
convergence rate of the inexact Jacobi method based on their analysis. Note that
here, || - || represents the Euclidean norm for vectors and the spectral norm for
matrices.

=

x|l = (x,x)2, [|All = max [|Ax]|.
llxl=1
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Let us introduce the following definitions e* = x* — x* and rX = b —Ax*. Just as

in the previous case, we have r* = Ae* and e**! = Ge* +p*, where p* = —aD¢*

and G = I —aD™'A. The eigenvector decomposition (SVD-decomposition) of the
matrix G is as follows

where A is a diagonal matrix with elements representing the eigenvalues A; of the
matrix I —aD~Y2AD7/2 and V is an orthogonal matrix. Now we introduce

¢k =vTDY2ek and pk = —avT D24k,

These result in
el = Aek 4 pk.

By the Lemma 1 in [GO82], one gets
k=1
=1

where S¥ is diagonal matrix with diagonal elements

k _ yk-1
SH=A

Define p = A, Which is equal to 1—aA,;,(D71A) if a € [0, PR A)-Zm — ) 1.
It is easily seen that ||S¥|| < p*~!. Therefore,

k—1
~k k=141 k—1—1al
1841 < PR e+ D pk .
=1

By the fact that ||p¥|| < €||é¥|| where € = Sa||D™/2||||[AD™"/?|| and & is given by
(6.19), the above inequality yields to

k—1
~k k=151 k—1—114
ek < p* et + e > e,
=1

. . 11 k=1 j—1—
Now, we introduce a new variable, T = p*~1||&!|| + €Dg p*=111. Through

some algebraic manipulation, we find that v! = ||é!|| by definition. Furthermore,
7k satisfies the following homogeneous equation

T = (p + )Tk,

Therefore by Theorem 1 in [GO82] one may have the following convergence re-
sult.
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Theorem 6.9. [GO82] The error norm ||éX|| associated with the kth iterate of the
inexact Jacobi method is bounded by

1811 < (o + e)*11°)I. (6.21)

Note that, based on norm properties, we have ||é¥|| = ||x*—x*||p. To compare
the result from the last theorem with Theorem 6.8, one can set k = 1 in the last
theorem, yielding

11l < (IlT — aD*Al| + a8 |[DY/2[||AD7V2]) [1°]].

As per the assumptions of Theorem 6.8, if we set 6 = 0, both bounds (6.20) and
(6.21) become equal. However, when & # 0, one can demonstrate that

adu < as||AD7Y|| < as||D7Z||||AD 2] (6.22)

This inequality shows that the bound provided by Theorem 6.8 is better when
compared to the bound given by Theorem 6.9. The example below illustrates
that the inequality 6.22 can be strict in some cases.

21
Example 6.10. Let us define A = (1 3). It is easily seen that u = 1.3820 and

||D_%||||AD_%|| = 1.5811 which shows that for any positive a and 6 inequality
(6.22) is strict.

6.4 Conclusion

We have studied SDP performance estimation approaches to analyse randomized
and cyclic coordinate descent, thereby complementing recent results in [KHG23].
For randomized coordinate descent, we have given the first known SDP perfor-
mance estimation bound. For cyclic coordinate descent, we were able to improve
slightly on the numerical values given in [KHG23]. Of course, to obtain new rates
of convergence in general, it is necessary to solve the SDP performance estima-
tion problems analytically, as opposed to numerically, but we have been unable to
obtain analytic solutions for the SDP problems presented in this chapter. In this
chapter, we also discussed the link with the Gauss—Seidel method in the case of
convex quadratic functions. Moreover, we studied the weighted Jacobi method for
solving a linear system of equations which is closely related to the Gauss—Seidel
method.



102




Obvious is the most dangerous word in mathematics.

E.T. Bell (1883-1960)

Convergence rate analysis of the gradient
descent-ascent method for
convex-concave saddle-point problems

Preamble

In this chapter, we study the gradient descent-ascent method for convex-concave
saddle-point problems. We derive a new non-asymptotic global convergence rate
in terms of distance to the solution set by using the semidefinite programming
performance estimation method. The given convergence rate incorporates most
parameters of the problem and it is exact for a large class of strongly convex-
strongly concave saddle-point problems for one iteration. We also investigate the
algorithm without strong convexity and we provide some necessary and sufficient
conditions under which the gradient descent-ascent method enjoys linear conver-
gence. This chapter is based on the paper [ZAdK24].

103
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7.1 Introduction

We consider the convex-concave saddle point problem

i F 1
min max (x,¥), (7.1)

where F : R" x R™ — (—00, 00), and F(+,y) and F(x,-) are convex and concave,
respectively, for any fixed x € R" and y € R™. We assume that problem (7.1) has
some solution, that is, there exists a saddle point (x*, y*) € R" x R™ with

F(x*,y)<F(x*,y")<F(x,y"), Vx€R",Vy €R"™.

We denote the solution set of problem (7.1) with S*. We call F smooth if for some
L., L, L., wehave

x> HysHxy»
l) ||VxF(x2:}’)_vxF(x1:}’)” < Lx“xZ _xl” Vxl)x2zy
i) IVyF(x,y2) =V, F(x, y)Il < Lyllys — y1ll Y, 1,2
i) IViF(x,y2) = Ve FO, y DIl < Ly llya — vl VX, ¥1, Y2
iv) IVyF(x2,y) =V F(xp, Y)II < Lyyllxa — x| Vxq, X, Y.

The function F is said to be strongly convex-strongly concave if

i)F(,y)— %"ll -||? is convex for any fixed y

ii) F(x,-)+ %yll -||? is concave for any fixed x,

for some u,,u, > 0. Note that strong convexitystrong concavity implies that
problem (7.1) has a unique solution (x*, y*). We denote the set of smooth strongly
convex-strongly concave functions by F(Ly, Ly, Ly, Uy, Uy )-

Problem (7.1) has applications in game theory [BO98], robust optimization
[BTEGN09], adversarial training [GPAM*20], and reinforcement learning [YND*20],
to name but a few. In addition, various other algorithms have been developed for
solving saddle point problems; see e.g. [HA21, JM22, LJJ20, NYZ21, SPPMD19,
WL20, XZX1.23].

One of the simplest approaches for handling problem (7.1) introduced in
[AAH"58, Chapter 6] is the gradient-descent-ascent method, which may be re-
garded as a generalization of the gradient method to saddle point problems. The
gradient descent-ascent method is described in Algorithm 7.1.

The local and global linear convergence of Algorithm 7.1 have been investi-
gated in the literature; see [FOP20, LS19, ZWLG22] and the references therein. As
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Algorithm 7.1 The gradient descent-ascent method

Set N and t > 0 (step length), pick x° and y°.
For k = N perform the following simultaneous steps:
1. xk=x*k1 =tV F(xk1, kD,

2. yk=yk 14 tVyF(xk_l,y .

we investigate the global linear convergence rate of Algorithm 7.1, we mention
one known global convergence result, which is derived by using variational in-
equality techniques. Suppose that z = (x, y). Let the function ¢ : R™"™ — R"*™
given by ¢(z) = (VXF(Z) —VyF(z))T. It is shown that, see e.g. [MOP20b],

¢ (2)— (@)l < 2Lz —2],
($(2)— ¢ (8),2—2) = ullz —2II%,

where L = max{L,L,,L,,} and u = min{u,,u,}. Indeed, ¢ is Lipschitz con-
tinuous and strongly monotone. By [FP03, Theorem 12.1.2], for t € (O, 2L2) we
have

llact =12+ lly! =y I1? < (1 + 4126 = 2u0) (I = x* 12 + ly° = y*11?) . (7.2)

In this study, we revisit Algorithm 7.1 and improve the convergence rate (7.2).
Indeed, we derive a new convergence rate involving most parameters of prob-
lem (7.1). It is worth noting that if one sets L = max{L,,L,,L,,} and u =
min{u,, u,}, the new bound dominates the convergence rate (7.2) for any step
length t € (O, 2L2)' Furthermore, by setting t = 4%, one can infer that Algo-
rithm 7.1 has a complexity of O (ﬁ—z In (%)) to compute iterates (x¥, y*) such that
Ik —x* |12+ [y =y *11? < e (I1x® — x*[|? + [ly° — y*||), which is the known itera-
tion complexity bound in the literature; see e.g. [BPG'23, ZBLG21]. In this study,
thanks to the new convergence rate given in Theorem 7.2, the order of complexity

of O ((ﬁ L:Z )ln( )) is obtained when L = max{L,, L} and u = min{u,, u,},
which is more informative in comparison with the above-mentioned one. More-
over, by providing some example, we show that the given convergence rate is
exact for one iteration.

The goal of this work is not to achieve the optimal algorithmic complexity for
the class of saddle point problems introduced above. Rather, we have the more
modest goal of giving the best possible worst-case complexity analysis of the gradi-
ent descent-ascent method (Algorithm 7.1). It is important to note that there are
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accelerated gradient descent-ascent methods with better worst-case complexity
than Algorithm 7.1; see e.g. [LJJ20, WL20]. In particular, the accelerated meth-

ods may be shown to have a worst-case complexity O (‘/ "y + ln( ))

which may be compared to the best-known lower complex1ty bound

(@) ( ﬁ— + HX"J +ar L n (%)) for the class of pure first-order algorithms [ZHZ22].

The chapter is organized as follows. First, we present basic definitions and
preliminaries used to establish the results. Section 7.2 is devoted to the study of
the linear convergence of Algorithm 7.1. In Section 7.3, we study the linear con-
vergence of the gradient descent-ascent method without strong convexity. Indeed,
we let F € F(L,,L,,L,,,0,0) and give some necessary and sufficient conditions
for the linear convergence. Moreover, we derive a convergence rate under this
setting.

Notation

Let X € R". We denote the distance function to X by dy(x) := infzcx ||x — X|| and
the set-valued mapping I1y(x) stands for the projection of x on X, i.e., IIx(x) :=
{y €X :||x — y|| = dx(x)}; see also Definition 2.5.

It is worth mentioning that, under the assumptions of Theorem 2.37, the set
{(xi; gl f i)}l. 7 is interpolable with an L-smooth u-strongly concave function if
and only if for any i, j € Z, we have

(g =g/ + =P+ 2 (g7 — g2 —xT)) < —f 4 £+ (g, 2 =),

(7.3)

2(1 —)

7.2 The gradient descent-ascent method

In this section, we study the convergence rate of gradient descent-ascent method
when F € F(Ly, Ly, Lyy, Uy, thy) with min{u,,u,} > 0. Indeed, we investigate
the worst-case behavior of one step of Algorithm 7.1 in terms of distance to the
unique saddle point (x*, y*). Let (x!, y!) be generated by the algorithm using the
starting point (x°, y°). The worst-cast convergence rate of Algorithm 7.1 is given
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by the solution of the following abstract optimization problem:

[l =P+ lly* =y 117
130 —x*[[2 + ||l y© — 2
s.t. (x!, y!) is generated by Algorithm 7.1 w.r.t. F, x°, y° (7.4)

(x*,y") is the unique saddle point of problem (7.1)

x®e R, y? e R™.

In problem (7.4), F,x% x',x*, y°, y', y* are decision variables and iy, Ly, tiy, Ly,
Ly, t are fixed parameters. As it is mentioned in Chapter 3, problem (7.4) seems
completely intractable, but its solution may in fact be approximated using a suit-
able semidefinite programming (SDP) problem, as shown below. Suppose that

FY =F(x',y7) i,j€{0,1,+},
G;lc’] ZVXF(XI,}’J) l)JG{O’ 1’*}’
Gy =V, F(x',y’) i,j €{0,1,+},

where indices {0, 1, +} refers to the starting point, the point generated by Algo-
rithm 7.1 and the saddle point of the problem, respectively. Note that due to the
the necessary and sufficient conditions for convex-concave saddle point problems,

we have
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By using Theorem 2.37, problem (7.4) may be relaxed as a finite dimensional
optimization problem,

et —x* 12+ lly' — y*II?
[0 — x*{|2 + [|y0 — y*||?
s.t. {(x°; Gg’k;FO’k), (x!; G)l(’k;Fl’k), (x*; G;’k;F*’k)} satisfy (2.4) for

ke{0,1,*} wrt. u,, L,

(% GEO PR, (v G FRN), (v G Fo7)) satisty (7.3) for
ke {0,1,x} wrt. Uy, Ly, (7.5)

IGY = GS < Ly lly' =y7Il, 1,7,k €{0,1,%}

G = GIKI < Ly llx' = x7Il, 1,j,k €{0,1,}

xl=x0— tGg’O
yl _ yO + tGO’O,
G =0, Gy’ =0.

In problem (7.5), {(x'; G)igj;Fi’j)} and {(y; Gj’i;Fj’i)} (i,j €{0,1,*}) are decision
variables. We may assume that x* = 0 and y* = 0 as Algorithm 7.1 is invariant
under translation. By elimination, problem (7.5) may be reformulated as follows,

[1x% = ¢GOI% + [ly° + £ GYOlI?
(10112 + {|y 0|2
s.t. {(x% G255 FO), (x0 — £ G20 GLA FY), (0; GK; F9)} satisfy (2.4) for

ke{0,1,*} wrt. u,, L,

{(r% GYO FR0), (50 + £GY0; G 1 FR1), (0; G Fo)) satisfy (7.3) for
k€{0,1,+} wrt. uy, L, (7.6)

IGE° = GEMI < Ly 16GY°Nl, Kk €{0,1, %}

IGYK =G Ml < Ly LGOI, k€ {0,1,)

IGE0 =GRl < Lyy lly° = y°ll, k €{0,1,%}
0,k __ ~*k 0_ *

GO = G| < Ly I —x*|l, k€ {0,1,%}

max

IGET = GE I < Ly ly® +tGY° = y7Il, k€{0,1,+}

I1G K =GR < Lyy lx® = £GP0 = x|, k€ {0,1,%}

xy|
Gy =0, G;* =0.


https://w.r.t.xn--x-lmb/
https://w.r.t.xn--y-lmb/
https://w.r.t.xn--x-lmb/
https://w.r.t.xn--y-lmb/
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To approximate the solution of problem (7.6), we reformulate it as a semidef-
inite program by using the Gram matrix of the unknown vectors in the problem.
Indeed, we form the Gram matrices X and Y corresponding to {(x%; G,igj )} and
(Y G;,’i)} (i,j € {0,1,*}), respectively. This results in an SDP problem, as long
as we view the value ||x° — x*||? + ||y° — y*||?, that appears in the denominator
of the objective of problem (7.6), as a fixed parameter. For this reason we may
indeed view problem (7.6) as an SDP problem in the positive semidefinite matrix
variables X and Y.

For the convenience of the analysis, we investigate the linear convergence of
Algorithm 7.1 in terms of L = max{L,,L,} and u = min{u,,u,}. Before we
present the main theorem in this section, we need to present a lemma.

Lemma 7.1. LetO<u <L,c>0andlet] = (0, I%) Suppose that the function

u:I — R given by

u(t) = %(L2 +u?+ 2c2) t2—(L+ut + %(L —,u)t\/(Lt + ut —2)2 + 4¢c2¢2.
Then u is convex on I and u(I) € [—1,0).

Proof. Consider the function v : I — R given by

v(t) = (L2 + p? +2¢2) t + (L — )4/ (Lt + ut —2)2 + 4c2¢2.

The function v is convex and positive on I. By elementary calculus, one can show
that v/(0) > 0. So v is increasing on I due to the convexity. As the product
of positive monotone convex functions is a convex function, the function t —
tv(t) is also convex, which implies the convexity of u. Indeed, u is strictly convex
on I. Since strictly convex functions attain their maximum on endpoints of a
2 )} =0 for t € I. It remains to show that

uL+c2
min,; u(t) > —1. This follows from the point that

given interval, u(t) < max{u(0),u(

u(t) 2 3 (L2 +p?) 2 —(L+pe > 3 (1+ 225 ) > -1,

and the proof is complete. O

By the weak duality theorem for SDB one may demonstrate an upper bound
for the optimal value of the SDP problem (7.6), by constructing a feasible solu-
tion to its dual problem, i.e. feasible dual multipliers for the constraints of problem
(7.6). This is done in the next theorem. In the proof, the correct value of the dual
multipliers are simply given, and their correctness is verified. The correct values
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were obtained by solving the SDP problem (7.6) repeatedly for different numeri-
cal values of the parameters, and noting the (numerical) optimal dual multiplier
values. Based on these values, it was possible to deduce the analytical expressions
for the multipliers. For this reason, the proof was found in a computer-assisted
way, but it does not rely on any numerical calculations. Having said that, the
proof involves a long identity, given in full in Appendix A.2 to this chapter, that is
so long that it could only be obtained in a computer-assisted way.

Theorem 7.2. Let F € F(Ly,Ly, Ly, Uy, Uy ). Suppose that L = max{L,,L,} and

u = min{u,,u,} > 0. Ift € ( uLiL2 ) then Algorithm 7.1 generates (x!, y*)

such that
! =x* 12+ lly =y 12 < a(lx® = x* 1P+ ly° = y*11%), (7.7)

where

a=1+3(12+p2+212 )2~ (L+up)t + %(L—M)t\/(LHut—z)z+4L§yt2.

Proof. As mentioned earlier, we may assume without loss of generality that x* =0
and y* = 0. By assumption, F(-,y) € F, [(R") and F(x,-) € F, ,(R™) for any
fixed x, y. Suppose that L, # 0. Without loss of generality, we may also assume
that L,, = 1, by replacing F by ﬁF . This follows from the observation that
Algorithm 7.1 generates the same point (x!, y!) for the problem

min max —F X
x€Rn yeRm Lx ey,

with the step length L, t. Moreover, one has LLF e F( LL" —.1, L”" , My ) if
Xy Xy

and only if F € F(Ly,Ly,Lyy, Uy, 4y). Now let t € (0 Mf’il) and deﬁne (the
multipliers):

a=1+2(L2+p2+2)t2—(L+p)t + 2(L —w)t+/ (Lt + ut —2)2 + 42,

2 2 _ —
_ \/(Lt Fpt—22+4c2, o= t(e2(2+L%+Lu) t(;L+u)+(Lt 1)/5+2),

o t((2+p2+Lp)—t(Bu+L)+(1—ut)p+2) _ t3(B+Lt—ut)
= P » T3= o

It is readily verified that y,,y5,73 = 0, but since this calculation is somewhat
tedious we present it in Appendix A.1. Moreover, Lemma 7.1 implies that a €
[0,1).
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The idea of the proof is now as follows: we first establish that, for any feasible
solution of the SDP problem (7.6), it holds that

0= 620 + [y + 62 —a(|xl* + [y) <o 7
We do this by establishing an algebraic identity for the left-hand side of the

inequality (7.8). The first and last terms of this identity (shown in full in Appendix
A.2 to this chapter) are as follows:

2
—a([l< I+ lyel)

i R s S TR e))

= ec2?]*+

0 0,0
y + tGy

_t(B+Lt—pt)? 2

AL—-p)p

G0,0 _ G*,O _ GO,*
y y y

Note that the first term on the right-hand-side is indeed nonpositive, since y; = 0,
and the expression in brackets is nonnegative at any feasible solution of the SDP
problem (7.6), since it corresponds to one of the constraints in (7.6). The last term
is nonpositive as well, since it is the product of a nonpositive multiplier with a
squared expression. The remaining terms in the identity are similarly nonpositive
(see Appendix A.2), proving the inequality (7.8). All that remains is to recognize
that, in (7.8), G>° corresponds to V,F(x?, y°), so that x° — tG%° corresponds to
x!, etc. This yields the statement of the theorem, after rescaling to remove the
assumption L,, = 1. O

One may wonder how we obtained the (analytical) expression for a in Theo-
rem 7.2. Consider the optimization problem

min f(x), (7.9)
x€ERN

where f € F, ;. It is known that the quadratic function q(x) = xTQx with
Amax(Q) = L and A.,;,(Q) = u attains the worst-case convergence rate for the
gradient method; see e.g. [dKGT17]. We guessed that this property may hold for
problem (7.1) and we investigated the bilinear saddle point problem

L 0 0 L L 0
mir%max%xT( X )x+xT( Xy)y—%yT( Y )y, (7.10)
x€R? yeR2 0 u, ny 0 0 uy
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where L, > u, >0, L, > u, >0 and L,, are fixed parameters and we derived
the worst case convergence of Algorithm 7.1 with respect to this problem. Our nu-
merical experiments showed that the derived convergence rate is the same as the
optimal value of the semidefinite programming problem corresponding to prob-
lem (7.6). Moreover, as a by-product, we exhibit that the convergence rate (7.7)
is exact for one iteration by using problem (7.10); see Proposition 7.4.

Theorem 7.2 provides some new information concerning Algorithm 7.1. Firstly,
Theorem 7.2 improves the known convergence factor in the literature; see our
discussion in Introduction. In addition, it investigates the convergence rate for
a step length in a larger interval. Secondly, it does not assume the second or-
der continuous differentiability of F, which is commonly used for deriving a lo-
cal convergence rate; see [LS19, MNG17, ZWLG22]. Finally, the given conver-
gence rate incorporates three parameter u = min{u,,u,}, L = max{L,,L,}
and L,,, which is more informative in comparison with the results in the lit-
erature mostly given in terms of yu = min{u,,u,} and L = max{L,,Ly,Ly,};
see [MOP20a, ZWLG22, ZHZ22] and references therein. Even if one considers
L = max{L,,Ly,Ly,} and u = min{u,,u,}, convergence rate (7.7) dominates
(7.2). This follows from that for t € (O, 5 L2) one has

(1+4L2t> —2ut)— (1 +3 (317 +u?) 2 — (L + p)t + 3(L— )t/ (Lt + put —2)2 + 4L2¢2)
> (2L% + Lu—p2)t? > 212¢2,

where the first inequality results from 4/(Lt +ut —2)2 +4L2t2 < (2— Lt —
ut)+2Lt. In addition, in this case, the step length can take value in a larger inter-
val as (O, 2L2) (O, %) Moreover, Conjecture 7.6 discusses the convergence
rate in terms of Ly, Ly, Ly, Uy, Uy -

The next proposition gives the optimal step length with respect to the worst

case convergence rate.

Proposition 7.3. Let F € F(L,,Ly, Ly, Uy, ty)- If L = max{L,,L,} and u =
min{u,, u,} > 0, then the optimal step length for Algorithm 7.1 with respect to the
bound (7.7) is

o 2w 12 ALt Ly (u-1)
t = 3 > > . (711)
(412, +(1+p)2) /12, +Lu
Moreover, the convergence rate with respect to t* is

_ 8Ly (1P—p?); [LutLZ +(12—p?) +16L2 (Lu+12)

((L+,LL)2+4L2 )

. (7.12)
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Proof. Let a: [0 ] — R given by

24
> pL+LZ)

a(t)=1+3 (L2 +p2 +212 ) 2—(L +u)t+ (L -t (Lt +pe =22 +412 2.

By Lemma 7.1, a is a strictly convex function on its domain. By doing some
algebra, one can verify that a’(t*) = 0, which implies that t* is the minimum. [

If L, = 0, problem (7.1) reduces to a separable optimization problem. In-
deed, the variables x and y are independent. Under this assumption, the optimal

2

step length given by Proposition 7.3 is t* = o which is the well-known optimal

step length for the optimization problem

min f(x
min £ (x),

where f € FuL; see [Nes18, Theorem 2.1.15]. Moreover, the convergence rate
N2
corresponding to t* is a* = (h—ﬁ) . By some algebra, one can show that under the

assumptions of Proposition (7.3), Algorithm 7.1 has a complexity of

2
(@) ((ﬁ + Lu%y) ln(%)) Note that the lower iteration complexity bound for first-

LZ
order methods with L = max{L,, L, } and u = min{u,, u, } is 2 ( I% + ﬁ ln(%));

see [ZHZ22].

As mentioned earlier, we calculated the convergence rate by using problem
(7.10). The next proposition states that the bound (7.7) is tight for some class of
bilinear saddle point problems.

Proposition 7.4. Let F € F(Ly,Ly,Lyy,Uy,Hy). Suppose that L, = L, and

u = min{u,,u,} > 0. Ift € (O’HL'ZF—lz,Z(y)’ then convergence rate (7.7) is exact

for one iteration.

Proof. To establish the proposition, it suffices to introduce a problem for which
Algorithm 7.1 generates (x!, y!) with respect to the initial point (x°, y°) such that

It =12+ lly =y 112 = a (llx® = x* 12 + ly° = y*112),

where « is the convergence rate factor given in Theorem 7.2. Consider problem
(7.10). Due to the symmetry of Algorithm 7.1 and the class of problems, we may
assume U, > U,. Moreover, without loss of generality, we can take L,, = 1;
see our discussion in the proof of Theorem 7.2. Suppose L = L,, u = u, and
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B = +/(Lt+put—2)2+4t2. One can verify that Algorithm 7.1 with the initial

point
— 0 _ [2-t(L+u)+p
x] =0, x5 =1/ 5 R
0_ 2 0_
Y1 =~ gy Y2 =0

generates (x!, y!) with the desired equality. O

One may wonder why we stress on one iteration in Proposition 7.4. Based on
our numerical results if L,,, > 0, under the setting of Theorem 7.2, we observed
that

K =12+ Y =y 1 < & (I =X 1+ 1y =y I1%), k=2,

2u

for some t € (0, m) The reason may be related to the fact that the vector
xy

T, .
field (VXF(x, y) —VyF(x,y)) is not conservative.

It may be of interest whether inequality (7.7) may hold without strong convex-
ity. By removing strong convexity, the solution set may not be singleton. Hence,
we investigate distance to the solution set, that is, if there exists 0 < a < 1 with

d2.((x",y1) < adZ.(x°, y°).

The next proposition says in general the answer is negative. Indeed, it gives an
example with min{u,, u,} =0 and a unique saddle point for which

llact =x* 12+ 11yt =71 = a(llx® =12+ 1y = y*117),

for some a > 1, no matter how close (x°, y°) is to the unique saddle point and
which positive step length t is taken. In the next proposition, we may assume
without loss of generality u, = 0 and make an example analogous to that given
in Proposition 7.4.

Proposition 7.5. Let L,L,, Uy, t,r > 0 be given. Then there exist « > 1 and a
function F € F(L,L,Ly,,0,u,) with the unique saddle point (x*,y"*) and (xL,yH
such that, for (x2, y?) generated by Algorithm 7.1, we have

2 = x* 12+ 11y =y I1? = a(llx" =12 + 1y =y 1P,

and [lx! = x* P+ lly' = y*|I? =2
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Proof. As discussed before, we may assume L, = 1. Consider the bilinear saddle
point problem,

I 0 0 1 L 0
. = 1y ! -3
,?é]llg%}r}le?g%F(x,y)_zx (O O)x+x (1 0))’ 2 (0 My)y.
It is clear that F € F(L,L,Ly,,,0,u,), and the unique saddle point is (x*, y*) =
(0,0). Suppose that

x%:O, xézrﬁ#,
1 _ 2 1 __
Y1 =Tt pa=iepy Y2 =0,

where B = 4/(Lt —2)2+4t2. One can verify Algorithm 7.1 generates (x2, y?)
with

13 =12 + 1y =y I? = a(llx! = x* 12 + lly' = y*I1?) = ar?,

where a =1+ % (L2 + 2) t2—Lt+ %Lt\/ (Lt —2)% + 4t2. By Proposition 7.3, one
can infer that a > 1. O

Note that in Proposition 7.5 r can take any positive value. By Proposition 7.4,
one can infer that the convergence rate factor for bilinear saddle point problems
may not be improved for one iteration since the given example is a bilinear saddle
point problem. Furthermore, the given convergence rate factor is tight whether
L, = L. As discussed in [WL20], the function H(x,y) = F (i‘/gx, N f—;y)
shares the same smoothness constants with respect to x and y, thatis, V, H(:,y)
and V H(x, -) are Lipschitz continuous with the same modulus /L, L,. However,
the gradient methods are not invariant under scaling; see [BV04, Chapter 9].
Hence, we may lose the generality of our discussion by assuming this condition.

Based on our numerical results and analysis of problem (7.10), we conjecture
the following (exact) convergence rate of Algorithm 7.1 in terms of Ly, Ly, Ly, Uy,
. Due to the symmetry of Algorithm 7.1, we may assume that L, > L. More-
over, Proposition 7.4 implies that bound (7.7) is tight when u, < u,. Hence, we
need only consider u, > u,.

Conjecture 7.6. Let F € F(Ly,Ly, Ly, Uy, Uy). Suppose that u, > u, > 0,
max{L,,L,} =L, and

c= 312 +ue =Ly +u)+5(L, —p)y/(Lyt+pt—2)> +412 (2,

c+2Lx7L)2(t+LXL§yt27(C+LX(27th)) 1+t(c+tLE))

w= tLyy (cHtLEy +Ly (2—Ly 1)) ’

a(u,L, L, t)=1+3 (L2 +u?+ 2L§y) 2 —(L+wt+3(L —u)t\/(Lt +ut—2)2+4L2 12,
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Then, one of the following scenarios holds.
a) Assume that u,pu, (L, —L,) = Liy (,uy —,ux) and t € (0, in%%)
) If uy <@, then
[l = P+l =y 117 < @iy, L, Ly, ) (I = X712 + 11y =y 117).
i) If u, = [, then

[l = P+l =y 117 < @iy, Ly, Ly, ) (I = X712 + 11y = y7117).

b) Assume that p,u, (L, —Ly) < Liy (,uy —ux) and t € (0, LWZXL;‘L%)
U If uy, <1, then
I =12+ 1y =y 1% < alpy, L, Ly, ) (I = %12 + 11y = y*112).
i) If u, = [, then
= 2+ 11y =y 12 < @thes Ly, Ly, ) (1 =12+ [1y° = y*11%).

Although we have extensive numerical evidence supporting Conjecture 7.6,
we have been unable to prove either part a) or part b). To be more precise, we
have verified numerically that the optimal value of the SDP problem (7.6) and
problem (7.10) corresponds to the expressions in Conjecture 7.6 for many dif-

ferent numerical values of the parameters Ly, Ly, Ly, Uy, and u,, but we were

xy»
unable to derive analytical expressions for the dual multipliers of the SDP problem

(7.6) that would prove the conjecture.

7.2.1 Numerical illustration

In this section we provide randomly generated examples to compare the optimal
step length (7.11) given in this chapter to the known step length t = u/(4L?) for
the bilinear problem
: 1.7 T _1.T
)Icreuﬂg}rlré% X AX XA Y —3Y Ay,

where A, and A, are symmetric positive definite matrices. Moreover, the instances
are constructed such that the spectra of A, and A, are contained in the inter-
val [0.5,5]. For this class of instances, one has L = max{A,,,x(Ay), Amax(4,)} €
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[0.5,5] and p = min{A,i,(A,), Amin(A,)} € [0.5,L]. The matrix A,, € R>*
has entries chosen uniformly at random from [0, 1], and subsequently we set
Ly, = [|Ayyll2- By construction, the solution (saddle point) is (x*,y*) = (0,0).
The starting points x° and y° are randomly drawn unit vectors so that the initial
condition ||x® — x*||? + ||y° — y*||? = 2 is satisfied.

N

T T

> --- t given by (7.11)
: — t=p/A1d) |

=
(@)
T

—
N
T

,
’
|

(@]
N
T

I
1
1
1
1
1
I
|

o

Mean value of ||x* —x*||% + ||y* — y*|I?
)
(0]
o \
—_
/
/
N !/
w
N
(@]
o |

Iteration (k)

Figure 7.1: Mean values of ||x* —x*||> + || y* — y*||* for 100 randomly generated
instances for each iteration k using the two different step lengths ¢t

In Figure 7.1 we show average values (over 100 randomly generated instances)
for the convergence indicator ||x* — x*||? + ||y* — y*||? after k iterations, for the
two step lengths.! Note that our new step length (7.11) gives a clear improvement
over the known step length u/(4L?).

7.3 Linear convergence without strong convexity

In this section, we study the linear convergence of Algorithm 7.1 without assuming

strong convexity. Indeed, we suppose that F € F(Ly, Ly, Ly,,0,0) and we propose

xXy»
some necessary and sufficient conditions for the linear convergence. This subject

has received some attention in recent years and some sufficient conditions have

!The 100 random instances and starting points that we generated to produce Figure 7.1 may be
found on GitHub; see: https://github.com/molsemzamani/Bilinear-Minimax
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been proposed in [DH19, ZWLG22] under which Algorithm 7.1 enjoys local linear
convergence rate or it is linearly convergent for bilinear saddle point problems.
This topic has been investigated extensively in the context of optimization. The
interested reader can refer to [AdKZ23a, BNPS17, LT93, NNG19] alongside with
Chapter 5 and references therein. In this study, we extend the quadratic gradient
growth property introduced in [LT93] for saddle point problems.

Recall that we denote the nonempty solution set of problem (7.1) by S*. As we
do not assume the strong convexity (concavity), S* may not be singleton. Note
that S* is a closed convex set under our assumptions. Recall that ITg. ((x, y))
denotes the projection of (x, y) onto S*.

Definition 7.7. Let ur > 0. A function F has a quadratic gradient growth if for
any x e R" and y e R™,

(Vo F(x,y),x—x") = (V,F(x,y),y —y") = ppdZ.((x, ), (7.13)
where (x*, y*) = I ((x, ¥)).
Note that if we set y = y* in (7.13), we have
(VL F(x,y"), x —x*) = ppllx — x|,

Hence, L,-smoothness implies that u; < L,. Consequently, due to the symmetry,
we have up < min{L,,L,}. The next proposition states that the quadratic gra-
dient growth condition is weaker than the strong convexity-strong concavity. In-
deed, the strong convexity-strong concavity implies the quadratic gradient growth

property.

Proposition 7.8. Let F € F(Ly, Ly, Ly, Uy, uy). If min{u,,u, } > 0, then F has a
quadratic gradient growth with up = min{u,, u, }.

Proof. Under the assumptions, problem (7.1) has a unique solution (x*, y*) and
V. F(x*,y*)=0and V,F(x",y*) = 0. Letu = min{u,, u, } and L = max{L,, L, }.
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Suppose that (x,y) € R" x R™. By Theorem 2.37, we have

0 <(FOr', 1) = PG, )+ (V. ), x = x°) = st (HIVF G0 = VRGP
+alhe == % (9P ) = VPG ) x =) ) (Fey ) =BG, y)-
s (HIVFGe P b =1 = 2 (9, G,y ), x = x°) ) )+ (PG )-
Fx,y)—(V,F(, ).y = ") = s (2 |V, F Gy ) =V, FGe, )|+ lly — |12
= 29,0, = 9, Ry =)+ (RO ) = B - iy
(19,2 I+ ally =371 = (9, PG 0,57 =) )

—u? * * * 2
=2 = & (TP G+ VG VG )| -

7 IV F (¢, ) =V F(x, ) = V. F(x", Y)II* —
Py 2
LHT” (y_y*)"‘ﬁ(VyF(X,}’)—VyF(X,y*)"‘va(X*,.)')) -

2

4(+7U) ”VyF(X,}’)_va(X’y*)_va(X*’.)’)
w(llc=x* 1+ Ly =y I?) + (Vo F(, y),x —x*) = (V, F(x, ),y —¥*).

Hence,
(Il =P+ 1y =y 11?) < (Vo F G, y)x —x*) = (Vy F(x, ¥), 7 =¥,
and the proof is complete. O

Note that the converse of Proposition 7.8 does not hold necessarily. Consider
the following saddle point problem

minmaxF(x,y) :=f(x +y)—2y?, (7.14)
x€R y€eR

where
0 Is|<1
f)=4(6-1)? s>1
(s+1)? s<-—1.
It is seen that F is not strongly convex-strongly concave and the solution set of
problem (7.14) is {(x,0) : |x| < 1}. By doing some algebra, one can check that

F has a quadratic gradient growth with uy = 1 while it is not strongly convex
with respect to the first component. For the case that F(:, y) is neither strongly
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convex nor is F(x,-) strongly concave, one may consider uncoupled problem
minxe]R{ maxye]Rf(X) _f(.)’)-

In what follows, by using performance estimation, we establish that Algo-
xy»>0,0) has
a quadratic gradient growth. Without loss of generality, we may assume that
(0,0) = I, ((xo, yo)). To establish the linear convergence, it suffices to show
that

rithm 7.1 enjoys the linear convergence whether F € F(L,,L,,L

d3.(Geh y D) < P+ 11y P < adZ. (0, y0)),

for some a € [0,1). Similarly to Section 7.2, we formulate the following opti-
mization problem

0 0,012 0 0,012

X7 = tGoN% + [y + e G7

(1O + [y ©]|2
0. ~0,k. 70,k 0 0,0. ~1,k. 1,k .ok, ek .
s.t {(x7; G FR), (k7 —tG G F X)), (0; G°5 F™0)} satisfy (2.4) for

ke{0,1,*} wrt. u, =0,L,

(% GEO FR0), (v +£GY0; G 1 PR, (0; G o)) satisfy (7.3) for
k€{0,1,*,x} wrt. u, =0,L, (7.15)

IGE" = G < Lyy lly = y7Il, i,J,k €{0,1,%}

G = GIHII < Ly lIx = x7II, 1,j,k €{0,1,%}

pr (117 +11y°117) < (G2, x%) = (G20, ¥°),

Gy* =0, Gy =0.

max

Note that in the formulation (7.15), we only use a subset of constraints for the
performance estimation. In the next theorem, we prove the linear convergence of
Algorithm 7.1 when F has a quadratic gradient growth.

Theorem 7.9. Let F € F(L,,L,,L,,,0,0) and L = max{L,,L,}. Assume that F
has a quadratic gradient growth with up > 0. If

2y . 1,1
te|o, , then Algorithm 7.1 generates (x", such that
( Lup+2Ly, MF(L—MF)+L,%y) g g (% %)

dz.((x', y1) < adZ.((x°, y°)), (7.16)

where

o=t (2L, /up(L—pe) + pp(Lt —2) +t12 )+ 1.
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Proof. The argument is similar to that of Theorem 7.2. It is seen that for any step
length t in the given interval, a € [0, 1). We may assume without loss of generality
Ly, = 1. By the assumptions, F(-,y) € F, (R") and F(x,-) € F; ,(R™) for any
fixed x, y. Suppose that

a=t(2t/up(L—pp) +ppe(Lt—2)+t)+1, B =1>(upv/I—pp + Viiz),

n=r (—JMF— + uF) yy = Sl i)
pr(L—pr) ? Ur >

2 pp (L+pp)+ 4/ wr (L—up)
r=— i L+ A= t2t, ve= 30 (Vi —p) +1).

One may readily verify that v{,y,,73,74 = 0. By doing some algebra, one can
show that

2
s R D R G T
)+ val 20— R0+ (600,20) — & l6:0 - 620 ) o PO—
: ) + h(F*’* —F% +(G%,x%) — & ||c%*||* ) + yl(Fo’* —FO04
0+ 0\ _ 1 2 00 _ p0x_[A00 L0\ _ 1 2
<Gy ,y> 2L 12| F F <Gy ’y> 2L +
1 2 1 2
yZ(—F*’°+F*’*—ﬂ | )+yl(—F*’*+F*’°+<G;°,—y°>—ﬂ ‘ )+
2
(O NG R (R0 Eo (X R
2
a0l = oo ) v (11 = 620 = 62 ) s (11 = l62IF)
==y X0+ 8,60 = 15(G% — G2O)||* — £, || 620 — 62 — G20 —

) ;
4 =

° —ec20* + |

0 0,0
y + tGy

62— Gy

o |
2L

*k 1 0,%
F 2L ||Gx

0+ _ 0,0
Gy Gy

0,0 _ ~0,x
G}’ G}’

G0

*,0
G y

y

*,0
x

0,%
G}’

2
<0,

yo— CZG%O - Cs(G?f* - G;’O) Gg,o - G;O o G%*

where the multipliers {1, {5, {3, {4 are given as follows

B 5 ) g 1, (W n+)
$1=ur L_“F_MFt ) gZ_ZNFJM_FfZ_E’ C3= 2upt? ’

2
¢, = 1 [ 2t (20 2 (up=L)+6 +/T—pir)
474 v up(L—ur) up(L—pip)t? o/ up(L—up) ’

One can show by some algebra that {;, 4 > 0. Hence, for any feasible solution
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of problem (7.15), we have
0 0,0]|2 0 00|
“x —tGX’ || + |y +tGy’
<

2 2
111" + 11yl

and the proof is complete. O

We obtained the linear convergence by using quadratic gradient growth in
Theorem 7.9. The next theorem states that quadratic gradient growth property is
also a necessary condition for the linear convergence.

Theorem 7.10. If Algorithm 7.1 is linearly convergent for any initial point, then F
has a quadratic gradient growth for some up > 0.

Proof. Let (x°,¥%) € R" x R™ and (x!, y') be generated by Algorithm 7.1. Sup-
pose that (x*, y*) = ITg. ((x?, ¥!)). As Algorithm 7.1 is linearly convergent, there
exist a € [0, 1) with

d3. (', y")) < add (%, YO < a(llx® =112 + 11y° = y"1I7) - (7.17)

By setting x' = x° —tV,F(x° y%) and y' = y° +tV,F(x° y°) in inequality
(7.17), we get

2 (I =112+ 1y = y*117) < (Vo F(x% ¥9), x0 —x* )<V, F(x°, °), y°— "),
which implies that
ppd2 (x%, y°) < (V,F(x°,y%),x0 —x*) = (v, F(x% y°),y° —y*),

for up = 12_—t“ and the proof is complete. O

7.4 Concluding remarks

In this chapter, we provided a new convergence rate for the gradient descent-
ascent method for saddle point problems. Furthermore, we gave some necessary
and sufficient conditions for the linear convergence without strong convexity. We
employed the performance estimation method for proving the results. For future
work, it would be interesting to consider the case where the variables x and y
in the saddle point problem are constrained to lie in given, compact convex sets,
since many saddle point problems fall in this category. In this case, one could use
the performance estimation framework to analyze other methods, e.g. proximal
type algorithms.
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Marie Curie

On the convergence rate of the
difference-of-convex algorithm (DCA)

Preamble

In this chapter, we study the non-asymptotic convergence rate of the DCA (difference-
of-convex algorithm), also known as the convex—concave procedure, with two dif-
ferent termination criteria that are suitable for smooth and non-smooth decom-
positions, respectively. The DCA is a popular algorithm for difference-of-convex
(DC) problems and known to converge to a stationary point of the objective un-
der some assumptions. We derive a worst-case convergence rate of O(1/+/N)
after N iterations of the objective gradient norm for certain classes of DC prob-
lems, without assuming strong convexity in the DC decomposition and give an
example which shows the convergence rate is exact. We also provide a new con-
vergence rate of O(1/N) for the DCA with the second termination criterion. Fur-
thermore, we study the convergence rate for the proximal gradient method. Addi-
tionally, we study the impact of using regularization in DCA. Moreover, we derive
a new linear convergence rate result for the DCA under the assumption of the
Polyak-t.ojasiewicz inequality. The novel aspect of our analysis is that it employs
semidefinite programming performance estimation. This chapter is based on the
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paper [AdKZ23c], except for Section 8.2.2, 8.3.3, 8.3.4 and 8.5 that deals with an
example for DCA, studying the gradient descent method, studying the proximal
gradient method, and DCA with regularization, respectively.

8.1 Introduction

We consider the general difference-of-convex (DC) optimization problem,

inf f(x) := f1(x) — fa(x) (8.1)

s.t. x € R",

where f1,f, : R" — (—o00,00] are convex functions and f is an lower-
semicontinuous function on R" to (—oo, 00]. Throughout the chapter, we as-
sume that the infimum in problem (8.1) is finite, and denote by f* a lower bound
of f on R™.

DC problems appear naturally in many applications, e.g. power allocation
in digital communication systems [ASP14], production-transportation planning
[HT99a], location planning [CHJT98], image processing [LZOX15], sparse signal
recovering [ GRC0O9], cluster analysis [BU18, BTU16], and supervised data classi-
fication [AFG12, LTN17], to name but a few.

This wide range of applications is to be expected, since some important classes
of nonconvex functions may be represented as DC functions. For instance, twice
continuously differentiable functions on any convex subset of R" [Har59], and
continuous piece-wise linear functions [Mel86] may be written as DC functions.
Furthermore, every continuous function on a compact and convex set can be ap-
proximated by a DC function [HT99b, THH*98]. We refer the interested reader
to [HU85, THH'98] for more information on DC representable functions.

The celebrated Difference-of-Convex Algorithm (DCA), also known as the
convex-concave procedure, has been applied extensively to problem (8.1); see
[LTPD18, LB16, TA97] and the references therein. Algorithm 8.1 presents the
basic form of the DCA.

In the description of the DCA in Algorithm 8.1, (sub)gradients of f; and f,
are assumed to be available at given points, the so-called black-box formulation.
The DCA is sometimes also presented as a primal-dual method, where a dual sub-
problem is solved to obtain the required (sub)gradients; see [LTPD18, LB16] for
further discussions of this topic. In recent years, some scholars have also extended
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Algorithm 8.1 DCA
Pick x° € R™.
For k =0,1,... perform the following steps:

1. Choose g’z< € 3 f,(x").

2. Choose
xMle argmin, cgn f(x) — falx®) — (g;‘, x —xk). (8.2)

3. If the termination criteria are satisfied, then stop.

the DCA and proposed some new variations; see [GTT18, LZ19, LZS19, PRA17,
Ss22].

The first convergence results for Algorithm 8.1 were given in [TA97, Theorem
3(iv)]. The authors showed that, if the sequence of iterates {x*} is bounded, then
each accumulation point of this sequence is a critical point of f.

Le Thi et al. [LTHPD18] established an asymptotic linear convergence rate of
{x*} under some conditions, in particular under the assumption that f satisfies the
Lojasiewicz gradient inequality at all stationary points. Recall that a differentiable
function f is said to satisfy this inequality at a stationary point a (Vf(a) = 0), if
there exist constants 6 € (0,1), C > 0 and € > 0 such that

F) = f(@I° < CIVFIif [Ix —all e, (8.3)

where the constant 6 is called the Lojasiewicz exponent. This inequality is known
to hold, for example, for real analytic functions, but has been extended to include
classes of non-smooth functions as well by considering general sub-differentials
instead of gradients; see [BDLO7, BST14], and the references therein.

The convergence rates established by Le Thi et al. [LTHPD18] depend on the
value of the Lojasiewicz exponent, as the following theorem shows. The theorem
stated here is a special case of Theorems 3.4 and 3.5 in [LTHPD18], to give a
flavor of the convergence results in [LTHPD18].

Theorem 8.1 (Theorems 3.4 and 3.5 in Le Thi et al. [LTHPD18]). Let f; and f, be
proper convex functions and let the domain of f be closed. Also assume that at least
one of f; and f, is strongly convex, and f; or f, is differentiable with locally Lipschitz
gradient in every critical point of the DC problem. Finally, assume the sequence {x*}
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is bounded, and let x°° be a limit point of {x*}. Then x°° is also a stationary point.
Moreover, if f satisfies the Lojasiewicz gradient inequality (8.3) at all stationary
points, then
1-6
1. if 6 €(1/2,1), then ||x* — x°°|| < ck1=20 for some ¢ > 0.
2. if 6 €(0,1/2], then ||x* — x°°|| < cq* for some ¢ > 0 and q € (0, 1).

In particular, item 2 shows a linear convergence rate when 6 € (0,1/2]. Yen
et al. [YPWL12] had already shown linear convergence earlier for a much smaller
class of DC functions. We will present a complementary result to this theorem (see
Theorem 8.20 below), for the case 8 = 1/2, where we show linear convergence of
the objective function values, and give explicit expressions for the constants that
determine the linear convergence rate. Moreover, we will relax the assumption of
a bounded sequence of iterates, and the assumption of strong convexity.

In the absence of conditions like the Lojasiewicz gradient inequality (8.3),
only weaker convergence rates are known for the DCA. In particular, Tao and An
[TA97, Proposition 2] and Le Thi et al. [LTPD21, Corollary 1] have shown an

1

@] (J_N) convergence rate after N iterations under suitable assumptions, as given

in the next theorem.

Theorem 8.2 (Corollary 1 in [LTPD21], Proposition 2 in [TA97]). If x°° is a limit
point of the iteration sequence generated by the DCA, and at least one of f; and f,
is strongly convex, i.e. , for some Wy, Uy = 0 such that pu; + g >0,

x = fi(x)— %llx”2 is convex for i € {1,2},

then the series ||x* — x*~1|| converges, and, after N + 1 iterations,

N

k k=112 o 206 (D)—F (™))
k§ ik — xk1 2 < S C),
=0

and, consequently,

. k_ ket 4| 206G =F) (1
og}clgNHx = (uq + ua)N O(\/N)

We will derive some variants on this O (Jiﬁ) convergence result in Corollary

8.7 and in Section 8.3.2, where we improve the constants in the O (‘%ﬁ) bounds.

We also show that we obtain the best possible constants, by demonstrating an
example where our bound in Corollary 8.7 is tight.
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Outline and further contributions of this chapter

The novel aspect of the analysis in this chapter is that we will apply performance
estimation to derive convergence rates. This chapter is organized as follows. In
Section 8.2 we review some definitions and notions from convex analysis, which
will be used in the following sections. We continue with a simple example to
show how DCA works in Section 8.2.2. We study the DCA for sufficiently smooth
DC decompositions in Section 8.3. By using performance estimation, we give
a convergence rate of O(1/+/N) in Corollary 8.7, without any strong convexity
assumption, thus extending and complementing Le Thi et al. [LTPD21, Corollary
1]. We construct an example that shows this @(1/+/N) bound is tight. Since
the first termination criterion is not suitable for the analysis of nonsmooth DC
compositions, we investigate the DCA with another stopping criterion in Section
8.4, and we show a convergence rate of O(1/N). This result is completely new to
the best of our knowledge. Furthermore, we investigate DCA with regularization
and derive a convergence rate for this version. Moreover, we discuss the best
choice of regularization parameter from worst-case complexity perspective. In
Section 8.6 we study the DCA when the objective function satisfies the Polyak-
Lojasiewicz inequality, and we derive a linear convergence rate in Theorem 8.20,
thereby refining some linear convergence results in Le Thi et al. [LTHPD18] as
described above.

8.2 Basic Definitions and Preliminaries

Iy, stands for the indicator function on R, U {o0}, i.e.,

I (x) 1 x>0uU{oo} 8.4)
X)= .
o 0 x<0U{—oo}.

We denote the convex hull of X € R" by co(X). We adopt the conventions that,
. b _ _ +b  __
fora,b,c,d e Rwithc#danda#0, o5 =0,0x 00 =0 and o= = 4.
Let L € (0,00] and u € (0,00). We call an extended convex function f :

R" — (—00, co] L-smooth if for any x;, x, € R",

llg1 — g2ll < Lllxy —xo|| Vg1 € f(x1), g2 € 0f(x3).

Note that if L < oo, then f must be differentiable on R". In addition, any ex-
tended convex function is co-smooth.
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Lemma 8.3. If — < u, then F, ;(R") + gII 2= Fpan,L4nR").

Proof. First, we show the inclusion 7, ; (R") + 2 - 1> € Fuan,1+n(R"). Let f €

Fu

the definition. It is easily seen the inclusion holds when L = oco. Hence, we

- The (u + n)-strong convexity of the function f + g|| -||? is immediate from

investigate L < 00. By L-smoothness, we have

FO) S FE)+(VFx),y —x)+ 5lly — x|
By adding g||y||2 = g||x||2 +(nx,y —x)+ gHy — x||? to the above inequality, we
get

FO+ 3P < £+ FxlP + (VF (o) +nx, y —x) + =2 ly — x|,

which establishes (L + n)-smoothness f + glI -||I?; see Theorem 2.15 in [Nes18].
Now, we establish the converse inclusion. Suppose that f € F,, ., ;.,(R"). By the
definition, it follows that f — || - || is u-strongly convex. The L-smoothness of f
is proved similar to the former case and the proof is complete. O

In the next lemma, we extend the descent lemma for DCA when L; or L, is
finite.

Lemma 8.4. Let fl S f“l:Ll(Rn) and f2 S ‘FHZ;LZ(RH) and let f = fl —fz. If
g1 € 9f1(x) and g, € 0 f5(x), then

fr Sf(x)—m||g1—gz||2~

Proof. If L; = oo, the proof is immediate. Let L; < oo. By L-smoothness and
strong convexity, we have

AG) <A+ (g, y —x) + 2y —x|1%,
fo(y) = folx) + (g2, y —x) + %lly—xllz,

for y € R™. By the above inequalities, we get
Li—
FO)SFO)+ (81— 82,y —x) + 252y —x|1*.

Hence, by taking minimum on both sides of the last inequality with respect to y
for fixed x, we get

fr Sf(x)_m”gl — gl
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Since the DC optimization problem (8.1) may have a non-convex and non-
smooth objective function f, we will also need a more general notion of subgra-
dients than in the convex case which is defined in Section 2.1.6.

Definition 8.5. Let f;, f, be closed proper convex functions, and let f be lower
semi-continuous.

* The point ¥ € dom(f) is called a critical point of problem (8.1) if
df1(x)N 3 fy(x) # 0. (8.5)
* The point X € dom(f) is called a stationary point of problem (8.1) if
0€d,f(x), (8.6)

where J; stands for general subdifferential, see Section 2.1.6.

Obviously, the stationarity condition is stronger than criticality. We recall that
a convex function will be locally Lipschitz around x providing it takes finite values
in a neighborhood of x; see Theorem 35.1 in [Roc97]. Consequently, if f; or f,
takes finite values around a neighborhood of a stationary point X, then X is a
critical point; see Corollary 10.9 in [RW09]. However, its converse does not hold
in general. For instance, consider f : R — R given as f(x) = x. The function f
may be written as f = f; — f, where f;(x) = max(x,0) and f,(x) = max(—x,0).
Suppose that X = 0. It is readily seen that J f;(x) N df,(x) # @, but x = 0 is
not a stationary point of f. It is worth noting that, if f, is strictly differentiable
at X, these definitions are equivalent; see Example 10.10 in [RWO09]. Recall that
function f is strictly differentiable at X, if

pn )= FO) = (VA x —x)
1m

()= (,0) [[x — x|

x#x!

=0.

We refer the interested reader to [AT05, JBK*18, PRA17] and references therein
for more discussions on optimality conditions for DC problems.
8.2.1 The DC problem

In this section, we consider

min f (x) = f1(x) = fo(x) (8.7)

s.t. x € R",
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where f; € 7, ;. (R") and f; € F,,, ; (R"). Here, we assume that L, L, € (0, 00]
and uq, Uy € [0,00), and consequently f may be non-differentiable. We may
assume without loss of generality that f; and f satisfy the following assumptions:

Ll > Us, LZ > Uq. (8.8)
Indeed, if L; < u,, then for x, y € R" and A € [0, 1], we have

AR )+ =DAG) < AAx + A=)y + A0 =) Flx =y
—Af2(x) = (1 =D fa(y) < —=fo(Ax + (1= )y) = A1 = D llx = y1I%;

see Theorem 2.15 and Theorem 2.19 in [Nes18]. By summing the above inequal-
ities, we obtain

Af()+(1=A)f () < FAx +(1—2A)y) + 21— 1) B2 |l — y |2,

which implies concavity of f on R". In this case, problem (8.7) will be unbounded
from below. This follows from the fact that a concave function on R" is unbounded
from below unless it is constant. Likewise, one can show that problem (8.7) will
be convex providing Ly < u.

The Toland dual [Tol79] of problem (8.7) may be written as

min f;(x) — f;(x) (8.9)

s.t. x € R™.

It is known that problems (8.7) and (8.9) share the same optimal value [Tol79].

In what follows, we investigate the convergence rate of Algorithm 8.1 with
the termination criterion || gi‘ — g’z‘ll < €. As a motivation of this criterion, recall
that ||g’1< — g’z‘II = 0 implies that x is a critical point of (8.1) in the non-smooth
case, and a stationary point of f if f, is differentiable; see our discussion following
Definition 8.5. In Section 8.3 we will derive results for the case that at least one
of f; or f, is differentiable, and we will consider the more general situation in
Section 8.4.

For well-definedness of the DCA (Algorithm 8.1), throughout the chapter, we
assume that

x* € dom(8f;)ndom(8f,) k=0,1,...,

where dom(2f;) = {x : f1(x) # @}. It is worth noting that similar algorithm
has been developed for the dual problem in [LTPD18], and (8.2) is equivalent to
xk+1 e afl*(glg)
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8.2.2 One iteration of DCA on an example

Consider the following unconstrained optimization problem (see Figure 8.1).

. 1.4 2.3 1.2 0_
Ecneln%f(x)'_ 7XT—5x7 —5x"+2x, x°=3. (8.10)
f(x)

Figure 8.1: Illustration of the function (8.10)

It is easily seen that the problem can be written in the following form.

flx)= }‘x4—%x3+2x2) — %x2—2x+2x2), (8.11)

fi f2

where f; and f, are convex functions (see Figure 8.2).

fi(x) fa(x)

Figure 8.2: Illustration of the functions f; and f, of problem (8.11)
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By taking x° = 3 as the starting point of the algorithm, the following subprob-
lem of the algorithm should be solved (see Figure 8.3).

miﬂrgu(x) = (%{x4 — %x?’ + 2x2) — (16.5+13(x—3)) (8.12)
x€ -~
f F2(x0)+£5 (x0)(x—x0)
fa(x)
u(x)
f(x)
X x
x° x! x©

Figure 8.3: Illustration of the subproblem (8.12)

By solving subproblem (8.12), DCA generates x' = 2.5 which is illustrated in
Figure 8.4.

f(x)

Figure 8.4: Illustration of the first iteration of the Algorithm 8.1 on the function
(8.10)

For this example, in the next iteration DCA generates x? ~ 2.2728, x> ~
2.1576 and so on that converges to the local minimizer at x = 2.
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8.3 Performance analysis of the DCA for smooth f; or f,

In this subsection, we apply performance estimation for the analysis of Algorithm
8.1 for the case that at least one of f; or f, is L-smooth for some finite L > 0.
The worst-case convergence rate of Algorithm 8.1 can be obtained by solving the
following abstract optimization problem:

max ( min Hg’f—g’z‘Hz)

0<k<N
g’lv, gIZV, xN,...,x! are generated by Algorithm 8.1 w.r.t. fi, f5, x°
f(xX)=f" VxeR" (8.13)

fr€Fu 1, R, fr€F,, 1,(R")

fl(xo) _fz(xo) —fr<A

x° eR",
where A > 0 denote the difference between the optimal value and the value of f
at the starting point. Here, f;, f, and x*, g’f and g’z‘ (k € {0, ...,N}) are decision
variables, and A, uy, Lq, Uy, L, and N are fixed parameters.

Problem (8.13) is an intractable infinite-dimensional optimization problem with
an infinite number of constraints. In what follows, we provide a semidefinite pro-
gramming relaxation of the problem.

By Theorem 2.37, problem (8.13) can be written as,

masx ( min, J¢% ")

1 1
S.t. (—
2(1—%) L

fi=fl={g1x' =) jeto...N)

=gl ot = - 2 (] - ghoxl -1} ) <

112 )
[ L|lgi—g/ R 1| TP A B S
2(1—&)(E gZ_gZH + 1z [ = x| —L—f<gz—g2,x1—x >)s
Ly

fzi_f2j_<g£,xi—xj> i,je{0,...,N} (8.14)
gl =gk kefo,...,N—1}
ff=f5 - gk —gkII> > f* ke{o,...,N}

2(Ly — )
f]o_fzo_f* <A.

In problem (8.14), f* and xk, gi‘, g’z‘, flk, fzk, k € {0,...,N}, are deci-
sion variables. By virtue of Lemma 8.4, constraints f(x) = f* for each x € R"
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is replaced by flk —f2 pTo MZ)||g1 — g2||2 f*, k €{0,...,N}. Due to
the necessary and sufficient optimality conditions for convex problems, x**! e

argmin, cga f1 (x) — fo(x¥) — (g&, x —x*), k € {0,...,N — 1} implies ng = gk for
some g]f“ € 8f(x**1); see Theorem 3.63 in [Becl 7] By substituting gk = gk*1,
k e{0,...,N —1}, the above formulation may be written as:

max £

s.t. gl —gP=¢ iefo,....N—1}
”gl — 8 H =4
) 12
i (Ll_l g8 —8&
L,
ff—ff—(g{,xi—xj> i,je{0,...,N}
2(1_1%)(3—2 g1 — g7y o — |- 22 2 (g — gt x/ — xi>)£
2
fi=f (g™, xi—xf> i,jelo,...,.N—1} (8.15)
o (Rt =l [l - g gl
2

<V —f (g™ 2" %)) je{o,...N~1}

201 [ =] -3 <gA gy, x) —x >) =

201 1—)( & HZ"'“2{|xi_XN||2 2 2 (g — &', XN_xi>)

<fi—fN—(g),x'—xV) iefo,...,N—1}
fl"—fz"—mllgi‘—gi‘ﬂllzzf* ke{o,..,N—1)
A e I S SETR

flo_fzo_f* <A.

By using this formulation, the next result (Theorem 8.6) provides a convergence
rate for Algorithm 8.1. Since the proof is quite technical, a few remarks are in
order. The proof uses the performance estimation technique of Drori and Teboulle
[DT14], that consists of the following steps:

1. Observe that problem (8.15) may be rewritten as a semidefinite program-
ming (SDP) problem (for sufficiently large N) by replacing all inner prod-
ucts by the entries of an unknown Gram matrix.

2. Use weak duality of SDP to bound the optimal value of (8.15) by construct-
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ing a dual feasible solution.

3. The dual feasible solution is constructed empirically, by first doing numeri-
cal experiments with fixed values of the parameters A, N, uy, L1, 4o, L, and
noting the dual multipliers.

4. Subsequently, the analytical expressions of the dual multipliers are guessed,
based on the numerical values, and the guess is verified analytically.

5. In the proof of Theorem 8.6, the conjectured dual multipliers are simply
stated, and then shown to provide the required bound on the optimal value
of (8.15) through the corresponding aggregation of the constraints of (8.15).

Theorem 8.6. Let f; € F,, ; (R") and f, € F,, ;,(R") and let f(x°)—f* = A.
Suppose that L, or L, is finite. Then after N iterations of Algorithm 8.1, one has:

: AA
omin, &1 —ea < \l;, (8.16)

where

A=2(L1Ly—ps Lol (Ly — L) — pia LIy, (Ly — Ly)),
L L
B=L;+ L+ (ﬁ—B)IﬂL (L, —L2)+Mz(ﬁ _S)IR+ (Ly—Ly),

and
LiLy—puiLolg, (L1 —Ly)—uglqIg, (Ly—Ly)
Ly—pua

C =

2

where Iy stands for indicator function defined by (8.4).

Proof. We investigate two cases L, > L, and L; < L,. Suppose that U denotes the

square of the right-side of inequality (8.16) and let B = %. To prove this bound,

we show that U is an upper bound for problem (8.15). First, we consider L; > L.
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Let

1= 2(L1Ly—py(2Ly — Ly))
L Ly(Li—
N Ly Ly (72 -3)) + 2t
iy = !
1 L Ly(L
(B Lo+ (12 —3)) N + i)
L
i} i—Zl+(L1 + Ly —3uy)
M= L Ly(Li—py)’ k€{2,...N}
(Ll + L2 +‘U’1(L_2 —3))N + = =
A
N1 =1—1M1— Mk = I (L
k=2 (Ll + Ly +M1(L_; _3))N + Zill_ugl)

By direct calculation, one can verify that

N

=+ ([l =l =€) + 2 (k™ — g5 =€) + i ([l — &5 [ —¢)

k=2

+B(f*—ff’+f2°+A)+B(f{V—f2 —ﬁng1 T f*)+

Bz(fl_ e k>‘@(ﬁllg? — gt

N
(st =) ) )3 2 (! (et

k=1

(2 e o - Bt —e0)
2

21
) N-1 )
+(a_B)Z(zk—l_fzk_<gllc+1’xk—l_xk> o _)(LZ ||gll<_g11<+1|| +
k=1
,u2||xk—1_xk||2 2u2(811<+1 gk, xk —x* ))+(A B)( TN (gl N1 )

— s (s et =l [ = = (el — g = 1>))
2

+7L(f2 — T (g N =N 2(1j,£_2)(%||g11\’_g12\’||2+“2||XN—1_XN”2
2

— 22 (gl — gl xN —xN™ 1)))=
- N - . 1 2
—/51‘12||/518§ —pigi —arx +apx! || —aglz”azx —dyx = Bogh +/52811+1||
i=1 i=1

1

—a,! ||5‘2XN —apxN — gl + Bagl || <0,
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where

- _ B 5 u,B
G=s—", =",
2(Ly — 1) 2L5(Ly — 1)
G = (—u1 L3 — 2uq gLy + Uy Ly Ly + pytip Ly + ppLy Ly)B
? 2(Ly —p1)(Ly — pz) ’
B, = (LyLophy =21t Ly + g tip Ly — g L3 + iy L1 Ly)B
? 2Lo(Ly — py (Lo — o) .

It is readily seen that A, 7, (k € {1,...,N +1}),A—B, 1, d, > 0. Thus we have
{ < U for any feasible point of problem (8.15). Now, we consider L; < L,. In
this case, because bound (8.16) does not depend on p;, we may assume y; =0
in problem (8.15). Let

2(L1Ly —uy(2L; — Ly))

A=
L Li(Ly—
Lo(L1+
i 2( £1 MZ) _2'u/2
= L Ly(Ly—
Ly 1(La—ps)
(L]_ + L2 + .Ulz(Ll 3))N + _L1—N2
Ly(L1+p2) _
. -1, T (L —3uz) ke N}
T Lyt (2 — )N il
1 27T M2 L L=y,
N Li(Ly—po) N
A —1— _ZA _ Ly—uy +Li—up
NN+ = m e = L L) "
k=2 (L1+L2+H2(L_1—3))N+W
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With some calculation, one can establish that

(—v+i (e —gl|*—€)+ Z’ﬂk(lg — k[ =€) + A (Jl&Y — &Y "~ 0)

N_ 1 NNz
s e e P

GBS (1 — (g1 ) gk g 1)
k=1

N
+AZ( P =) = o ek =)

1

N-1

k_ k=1 k ok k=1

+B (fz_z —(gp,xf =)=
k=1

+B(f*—f1°+f2°+A)+B( N_fN

s (sl =32 2 =g =)
2

+B(f2N_ 21v—1_<g11v,xN_xN—1>_

2(1_1‘#) (75 llat = &3 "+ bz o XNHZ_ZL%@QI_g{V’xN_XMWU
2

N
:—[31—12||[§1g§—1—[§1g§—&1x1 +apxt || —0‘212 ||0‘2X T —ayx' = Brgl + Pagl +1||2
[ i=1

s N—1 & A A 2
—0121 ||a2xN 1@, —ﬂzgi\’ +[52g£]|| <0,
where
Ly
G = NZB(l_LZ) & UsL,B [3 N2B(1_L2 ﬁ) sB
1 2L1(1—Iz—§) T 2w P17 L%(l 27 2(Ly—py)

It is readily seen that A, N (ke{l,...,N+1}), A—B, [31, A, = 0. The rest of proof
is similar to that of the former case, and the proof is complete. O

The theorem implies that Algorithm 8.1 is convergent when at least one of the
Lipschitz constants is finite. In the following corollary, we simplify the inequality
(8.16) for some special cases of Ly, Lo, t1, and u,.

Corollary 8.7. Suppose that f; € F,, ;,(R") and f, € F,, ; (R"). Then, after N
iterations of Algorithm 8.1, one has.

i) If Ly = 00, Ly < 00, then

min
0<k<N

e 2B =)
”gl g “ S\J N(L2+‘u1) '
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ii) If Lo = 00, L < 00, then

i, I~ <

212 (L — i) (F (x0) — £ )
(L2—p)N+12

(8.17)

0<k<N

iii) If L,,Ly < 00, and uy = Uy = 0 then

min “ Kk k||< 2L1Ly (f(x0)—f*)
osken 181 7820 =N T TN L,

One can compare the results in Corollary 8.7 to that of Le Thi et al. [LTPD21]
as reviewed earlier in Theorem 8.2. First of all, Corollary 8.7 part iii) does not
assume strict convexity of f; or f,, and in this sense it is more general than the
result in Theorem 8.2. If we do assume u; +u, > 0, then, for example, if L; < 0o,
Theorem 8.2 implies,

e ke A 20GD =)
omin et —ezll < L\ =~

which is weaker than our bound (8.17) since u; < L;, although the O(1/vN)
dependence on N is the same. We will do a further, more direct, comparison of
Theorem 8.2 and Corollary 8.7 in Section 8.3.2, where we consider the conver-

gence rate of the sequence ||x**1 —x||.

8.3.1 An example to prove tightness

In what follows, we give a class of functions for which the bound in Corollary 8.7,
part ii), is attained, implying that the @(1/+/N) convergence rate is tight. This
result is new to the best of our knowledge.

Example 8.8. Let L, € (0, 00). Suppose that N is selected such that U := ,/ m <
1. Let f; : R — R be given as follows,

L . L,Ui(i—1)(1-U
bix—i—u)?+n8EDA0 e lay, Biyr)

AG) = LiUB(x =) + B + BESRE x e[, a)

%xz x € (—00,0),

where, fori € {1,...,N+1}, a; =i—U, f; =i—1, and By,o = 00. Note that
f1 € Fo,1,(R). Suppose that f, : R — R is given by

= i — _ )4 WG=DLU
fz(x)—1Srinéall\§<+1 {LlU(l Dx—i)+-— }
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An easy computation shows that

3f2(l):[L1U(l—1),L1Ul] iE{].,...,N,}
3f2(N + 1) = LlUN.

Note that f; € Foo(R). One can check that, at x® =N +1, one has f;(x°) —
fo(x%) = 1, minep f1(x) = fo(x) = 0 and argmin,.cg f1(x) = fo(x) = [0,1-U]
By taking x° as a starting point, Algorithm 8.1 can generate the following iterates:

xk=N+1—k, ke{0,...,N}.

Here at iteration, k € {0,...,N}, we set g’2‘ = L,U(N—k). It follows that |V f(x;)—

2L
gkl=1/7%, k€{0,...,N}. Hence,

Jmin flef g5 =/ %3,

which shows bound (8.17) in Corollary 8.7 is exact for this example.

8.3.2 Convergence rates for the iterates

In this section we investigate the implications of our results so far on convergence
rates of the iterates {x*}.

Proposition 8.9. Let f; € F, ; (R") and f, € F,,, ; (R") and let f(xO)—f* <A
If uq or u,, is strictly positive, then after N iterations of Algorithm 8.1, one has:

min ||xk+1—xk||£( A -A) ,
0<k<N-1 BN +C

=

where

A=2(uy =Ly e, (it — D) — Ly e, (ut — g ),
B=py +urt + 150 (2 =3) Iy, (uyt =) + 17 (2 = 3) e, (" —1s30),
and

B | 1 1,41 I
[ St IR+(“2 — My )_Ll Mo IR+(A“1 — My )

C=
Wy =Ly

Proof. The proof is based on the computation of the worst case convergence rate
of DCA for problem (8.9) by applying Theorem 8.6. By Toland duality, f* is also
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a lower bound of problem (8.9). By virtue of conjugate function properties, it fol-
lows that fz*(gg)—fl*(gg) —f*<Aandf; € ngl,Mgl (R") and f}* € .FLII,“;I (R™M.
In addition, x**! e 8f1*(g§) and xk e afz’“(g’z‘) for k € {0,...,N —1}. Hence,
all assumptions of Theorem 8.6 hold, and subsequently the bound follows from
Theorem 8.6. O

Recall the known result from Theorem 8.2:

: k+1 k 2(f(x0)—f*)
o == () 19

Nl —

By employing Theorem 8.9, we get

min
0<k<N-1

1
2(Ff(x)— £+ 2
k1 — x| S( (f(x)=f") )
N(uy + p) +
which is tighter than the bound (8.18). Moreover, the bound given in Proposition
8.9 provides more information concerning the worst-case convergence rate of the
DCA when L; < o0 or L, < 00,

8.3.3 The gradient descent method

In this section, we study the relationship between the gradient descent method

and DCA given by Algorithm 4.1 and 8.1, respectively. Using the convergence rate

provided by Theorem 8.6 we derive the same convergence rate for the gradient

descent given by Theorem 4.3 when the step length t; = ¢ lies in (O, %].
Consider the following optimization problem

inf f(x)

x€Rn
where f is lower-bounded by f* and is an L-smooth function on R" with L < 00,
thatis f € 7_; | (R"). It is easily seen that the function f can be written as
1

L
Fo)i= el = (5

||x||2—f(x)),

where ¢ is in (0,7]. We define f; := 5-|Ix||* and f, := %[Ix[|> — f(x). Both
functions f; and f, are convex since t is in (0O, %]. If we solve the subproblem of
the DCA at iteration k given by

. 1 1 2 1
o A N (X"))—<;X"—Vf (X")’x—xk>’
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we get
xKL = Xk — v £ (x5,

which is exactly the steps of the gradient descent method; see Algorithm 4.1.
Note that f; and f, are %-smooth %-strongly convex and (% + L)-srnooth (% - L)-
strongly convex functions, respectively. Using the Theorem 8.6, one can derive
the following convergence rate for the gradient descent method.

Proposition 8.10. Suppose that f(x) is an L-smooth function. If N iterations of
the gradient descent method runs with t € (O, %], then

min ||g"| SJ () = f)

0<ksN (4t —Lt2)N + 2

As the given bound with Proposition 8.10 matches the bound given by Theo-
rem 4.3 when t;, =t € (0, %], the given bound by Theorem 8.6 is tight for some
cases.

8.3.4 Proximal gradient method

As a by-product of our analysis, we conclude the section by giving a convergence
rate for the proximal gradient method (known as forward-backward algorithm)
with constant step length for non-convex problems. Consider the non-convex
optimization problem,

inf ¢ (x) := g(x) + h(x) (8.19)
s.t. x € R",

where g is an L-smooth function on R" and h € Fj, o (R"). Algorithm 8.2 below
describes the proximal gradient method with constant step.

Remark that Algorithm 8.2 reduces to the gradient method when h = 0. To
the best knowledge of the authors, the proximal gradient method for non-convex
problems, first is developed in [FM81].

We use the first-order optimality condition for computing the convergence
rate. Note that X satisfies the first order optimality condition with accuracy € > 0
if

min ||&]| <e. (8.21)
ged (%)
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Algorithm 8.2 Proximal gradient method with constant step length
Pick x° € R" and the step length t > 0.
For k =0,1,... perform the following steps:

1. Compute the proximal operator of th at x* — tVg(x*), that is,

Xkt = argmin, cgath(x) + % ||x —xk+ th(xk)”2 . (8.20)

2. If the termination criterion is satisfied, then stop.

It is worth noting that (8.21) implies that
¢'(x;d) = —e, |ldlI=1,

where ¢’(x;d) denotes the directional derivative of ¢ at X in the direction of d;
see [Nes13].

Suppose that t < % and the sequence {x*} is generated by Algorithm 8.2.
We define f; = h+ o||.|[> and f, = 5:|.|> — g. Clearly, f; € F1 oo (R") and
f2 € F1_; 1, (R"). Consider the functions f; and f, as just defined above. The
subpro]tnlen; (8.2) is

1
2t

k+1

. 1 1
x**1 = argmin e h(x) + —||x||> — anknz +g(x)— (?xk — Vg (xk), x —xF).

The optimality conditions imply
X = xk — ¢ (Vh(xM! + vg(xh)).

The last expression is the same as x**! generated by considering optimality con-
ditions of subproblem (8.20). This shows that Algorithm 8.2 and Algorithm 8.1
share the same sequence {x*}. Hence, one can obtain the following convergence
rate by using Corollary 8.7.

Proposition 8.11. Let g be a L-smooth function on R" and h € F, oo(R") and let
—00 < ¢* = minyegn (x). If t < %, then after N iterations of Algorithm 8.2, we
have

. ( . ) Jz(u%)zw(xl)—w)
min min ||&]] | < ) .
0<k<N \ €3, ¢ (xk) (L+3)N
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If h = 0, in the same line by using Theorem 8.6, one can infer the following
convergence rate for the gradient descent method with fixed step length %,

‘ r 4L(¢(x))—¢")
< \/:
OrgrllgNIIV(b(X i< IN+3

which is established by authors recently; see [AdKZ22, Theorem 2] and Theorem
4.3.

8.4 Performance estimation using a convergence crite-
rion for critical points in the nonsmooth case

Theorem 8.6 addresses the case that f; or f, is L-smooth with L < co. In what
follows, we investigate the case that f; and f, are proper convex functions and
where both may be non-smooth. For this general case, we need to adopt a different
termination criterion to obtain results, since the termination criterion ||g’f—g’2‘|| <
€ may be of no use in this case. For example, suppose that a DC function f : R —
R U {oo} is given by

ﬂﬂ:{hurﬁum x20
oo

x <0,
where
fi(x)= max {—n(x—2"")+2-2""—n2™"},
neNU{0}

fo(x)= max {—(n+1)(x—2"")+2—-3(27")—n27"}.
neNU{0}

With x° = 1 and the given DC decomposition, Algorithm 8.1 may generate
xk=27F gh=—(k-1), gk=-k ke{1,2,.}.

As | g’f — g12‘| = 1, Algorithm 8.1 never stops by employing the given termination
criterion while it is convergent to global minimum X = 0. We therefore will use
the termination criterion of the following value being sufficiently small:

T = f1(x") = fo(x) — min (f1(x) = fo(x*) — (g5, x —x))
= i) = LR — gk, 1k — X)), (8.22)
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Note that T(x**1) > 0. It follows that if T(x**1) = 0 then f(x*) = f(x**1),
and x* € argmin, g fi(x) — fo(x¥) — (gé‘,x — x*). Indeed, by the optimality
conditions for convex problems, we have 8 f;(x*) N 8 f,(x*) # @. Consequently,
T(x**1) = 0 implies that x* is a critical point of problem (8.7). The aforemen-
tioned stopping criterion has also been employed for the analysis of the Frank-
Wolfe method for nonconvex problems; see equation (2.6) in [Ghal9].

In what follows, we investigate Algorithm 8.1 with the termination criterion
T(x**1) < € for the given accuracy € > 0. The performance estimation problem
with termination criterion (8.22) may be written as follows,

max {

s.t f1 (oK) = f1GF) = (R xk —xk ) > ¢ iefo,...,N—1}

—z(l_lg_l)(ﬁ gl =P = 3 (el -l )
1

<fi—f—(gl.x'=x) i,jefo,...,N}

g a0 2 (5 g0 )

& —&

1 (L
20-72) \ 12
< fi—f (g xi=xT) i,jefo,... ,N—1} (8.23)

] il 2 G )

g -8

<~ {g ) s l0 N
P (% it =g I+ [l = [ = 32 (& =i, 2 =)
<fl—fN—(g),x'=x) ie{o,...,N—1}

fk—fk>f* kef{o,...,N}
R=f2—fr <A

Note that we do not employ Lemma 8.4 in this formulation because we con-
sider a general DC problem. Using the performance estimation procedure as de-
scribed before the proof of Theorem 8.6 once more, we obtain the following result.

Theorem 8.12. Let f; € F, 1, (R") and f, € F,,, ;,(R"). Then, after N iterations
of Algorithm 8.1, one has

Osgl{}_lfl(xk)—fﬂxkﬂ)—(glg,xk—xk“) < (8.24)
. Ly L, o .
i i W g U
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0y £+ 0y_ £
Proof. We show separately that Llﬁ,{g‘ Jr)u 2f) ) and If,z((sz (quz) f “3 are upper bounds for

problem (8.23). The proof is analogous to that of Theorem 8.6. First, consider
Li(f(x9)=f")

the bound N 0)

may assume without loss of generality that L, = 00 and u; = 0. Suppose that

B With some algebra, one can show that

. Since the given bound does not depend on u; and L,, we

—_ L
17 N(Li+u)”

N
E=BiA+ > (Ft— R —(gk xk 1 —xky =)+ By (N =N — )+
k=1

N
By (f* = f2+ £+ A)+ (=B D (A — A = (g Lk —xF ) — ok gk — i)
k=1

N
+B, Z (fzk - zk_1 _<g11<>xk _xk_1>_ M_22 ka —XHHZ)
k=1
N 2
=22 3 - - el s <o
k=1

The rest of proof is similar to that of Theorem 8.6. Now, we consider the

L 0)—f* . .
%. Without loss generality, we may assume that L; = oo and

Uy = 0. By doing some calculus, one can show that

bound

C—ByA+By (f2—fl (gl x®—x") =)+ By (fN — £V — f7)
N

+B, (f*_f10+f20+A)+ }V_flz ( 1k_1_f1k_<gf’xk_1_xk>_€)
k=2

+a

M=

R e Lt

Fel
\%]

+Bzz(f2k - zk_l —<g’f,x" —xk_1>— ﬁ ||g]f+1 _gmz)
k=1

By (N — N = (g =) = o |l g — &)

N

_ _B ||,N_ N Z_QZ

=2, ”gz &1 H 21,
k=2

=4

2
k—1 k__ al k—1 k
&1 —gl—B—;(x —X )|| SO:

_ L, _ 1-By .
where B, = N, and a = {= — B,. Since we assume L, > U, we
have B,, a > 0. The rest of the proof runs as before. O

The important point is that the last result provides a rate of convergence even
if neither L, nor L, is finite, and we therefore state it as a corollary.
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Corollary 8.13. Let f; € F, (R") and f, € F,, oo(R"), i.e. consider any DC
decomposition in problem (8.1). Then, after N iterations of Algorithm 8.1, one has

min G f G = (ghxF— k) < < (P - £).

This result is new to the best of our knowledge.

8.5 Performance analysis of DCA with regularization

Pang et al. [PRA17] developed a version of Algorithm 8.1 with regularization. The
DCA with a regularization term is described in Algorithm 8.3. As r > —min(u;, Us),

Algorithm 8.3 DCA with regularization
Pick x° € R", N €N, r > —min(u,, u,) and € > 0.
For k=0,1,...,N — 1 perform the following steps:

1. Choose glf € 8 f;(x*) and g’z‘ € 8 fy(x"). 1If ||gi‘ — g;‘” < €, then stop.
2. Choose

xM € argmin o f1(x) — fo(x) — <g’2‘,x — xk> + 3 “x — xk”2 . (8.25)

the regularization parameter may take negative values. Our aim for the investiga-
tion of regularization parameter on this large interval is to have a comprehensive
analysis. One can check that subproblem (8.25) is convex; see Lemma 8.3. It is
worth noting that they [PRA17] consider only the fixed regularization parameter
r = 1. Subproblem (8.25) may be reformulated as follows:

X € argmin, g f1 () + S1x117 = f20) = Sllel® — (g5 +rack, x —xF).

Corollary 8.14. Let f; € F, ; (R"), f, € F,, [ (R") and f = f1 —fo. Ifr =
—min(u,, Us), then f has a DC decomposition of form

f :fl_fZJ

where i € Fyyirpyor(RY) and fy € Fop 4 (RY) given by f1(x) = £,(x) + §lx|I?
and fo(x) = fo(x) + 5 x>



148

Proof. The proof is immediate from Lemma 8.3. O

By Corollary 8.14, it is readily seen that Algorithm 8.3 is the same as Algorithm
8.1, but with a different decomposition of f. It is clear that 3 f;(x) = 8 f;(x) +rx
and 8 f,(x) = 8 f,(x) +rx. Hence, by using Theorem 8.6, the following corollary
gives a convergence rate for Algorithm 8.3.

Corollary 8.15. Let f; € F,, ; (R") and f, € F,,, ;,(R") and let L, or L, be finite.
Suppose that f(x°)— f* < A and r > —min(u,, u,). Then after N iterations of
Algorithm 8.3, one has:

N=

min Hg’f—g’é“ < (BN+C -A) )

0<k<N
where
A= 2((L1 +r)(Ly+7)—(ug +1)(Ly + r)IR+(L1 —Ly)—(ug +1r)(Lq + r)IR+(L2 —L1));

B=(Ly+1)+(Ly+ 1)+ (g + 1) (B —3) I, (L — Ly) + (o + 1) (B2 —3) g, (L3 —Ly),

and

o (Ly+7)(Lo+7)—Ig, (L1 —Lo) (g +7) (Lo + 1) —Ig, (Lo —L1) (ua +1r)(Ly + T‘).
Ly—uy
One interesting question concerning Algorithm 8.3 is the choice of suitable
regularization parameter, r. By minimizing the right hand side of bound given
in Corollary 8.15 with respect to r, the next proposition provides the optimal
regularization parameter in terms of the worst-case convergence rate.

Proposition 8.16. Let the assumptions of Corollary 8.15 hold. Then, the optimal
regularization parameter is ¥ = —min(, o).

Proof. By Corollary 8.15, the following optimization problem gives the optimal
regularization parameter,
(Ly + 1)Ly +1r)—(uy + 1)Ly +71)

Li+ )
_L;+: —3))N+L1—M1

min  h(r):=
r=—min(yt;, 1) (L1 + )+ Lo+ 1)+ (g + 1)

It is readily seen that h is positive on [—min(u,, 45), ©0). In addition, we have

dh(r) _ (Ly—=p1)(Ly +1) (203N — Ly(uy + 4y N) — py (14 2N)r + Ly (L + 24N + 7+ 2N 1))

dr (12N — Ly(ug +3u1N) — g (1 4+ 2N)r + Ly (L + LyN + pyN + 1+ 2N 7))
_ (L1 —=p1)(Ly +7)(r(2N +1)(L; —pg) + 2N (uy (Ly — Lp) + Ly(Ly — 1)) + Lo(L1 — p1))
(L%N —Lo(uy +3uN)—p(1+2N)r + Li(Ly + LyN + u;N +r + 2Nr))2
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For r > —min(uq, 4y) = —Uy, we have

r(Ly— )+ L2 + Lypy — 2Lopy = —pg (L — py) + L3 + Ly — 2Lopy = (Ly —p41)* > 0,

which implies positivity of %(rr) on the given interval. Hence, the aforementioned

problem attains its minimum at ¥ = —min(u, U,)- O

The result of Proposition 8.16 is unexpected. Due to Lemma 8.3, the Lip-
schitz modulus and strongly convex constant alter equally by the change of r.
The underlying reason for this result may be that Lipschitz modulus plays a more
important role than the strongly convex constant in the worst-case convergence
rate.

Remark 8.17. For undominated D.C. decompositions, one has min(uy, 4,) = 0.
(Recall that a D.C. decomposition f = f; — f, is undominated if there is no other
D.C. decomposition, say f = fl — fz, such that f; — fl is convex but not affine; see
e.g. [AH18] for more details on undominated D.C. decompositions, including their
construction for polynomials.)

Thus, if we only consider given instances with undominated decompositions f =
f1—f, the optimal regularization parameter (with respect to the worst-case conver-
gence rate) is zero.

In the last part of the section, we investigate the nonsmooth case with regu-
larization. First, we need to adopt an appropriate termination criterion. Suppose
that » > —min(u,, 45). Similar to the termination criterion (8.22), we stop the
algorithm if the following value is sufficiently small:

T, = £ = (e = min (60 = H65) = (g, x = xF) + § =)
= AL — £ () — (gh, ok — ) — & [k k| (8.26)

One has T,(x**') > 0 and one can show that 3 f;(x*) N 3 f,(x*) # @ providing
T(x*1) =o.

By defining convex functions f;(x) = f;(x)+5 x| and f5(x) = fo(x)+51x%,
it is readily seen that

T, (") = fi(xF)— A1) — (g5 + rak, xK —x 1),

By analysis similar to that of Corollary 8.15, the next remark provides a conver-
gence rate.
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Algorithm 8.4
Pick x° € R", N €N, and € > 0.
For k=0,1,...,N — 1 perform the following steps:

1. Choose glz< € 8 f,(x*) and
. 2
X1 € argmin, g f1() = fo(x") = (g5, x —x) + 5 | —x*[|". (8.27)

2. If f1(xK) — f (oK) — (gh, xck —xkH1) — £ ||xk —ka”Z < ¢, then stop.

Remark 8.18. Let f; € 7, ; (R") and f, € F,, 1, (R"). Then, after N iterations of
Algorithm 8.4, one has

k k+1 k Lk k+1 k k+1|2
0<§<r21{11 1f1(x) AGT) = <g2’x —X >_%”x —X H < (8.28)
: L1+T‘ L2+r } 0 .
" {N(L1+uz+2r)’N(L2+u1+2r)—ul_r (FCD=F7).

Note that this result holds even if L and L, are not finite. In this case one has the
bound
2 1 .
min () = (") = (g5, 1 =2 = | =T < (£ - £7).

0<k<N-1

8.6 Linear convergence of the DCA under the Polyak-
Lojasiewicz inequality

In the section, we provide some sufficient conditions under which the DCA is
linearly convergent. Similar to the former sections, we employ the performance
estimation for obtaining convergence rate.

In recent years, the linear convergence of some optimization methods for non-
convex problems have been investigated under the Polyak-Lojasiewicz (PL) in-
equality; see [AdKZ23a, BNPS17, KNS16] alongside with Chapter 5 and the ref-
erence therein. We say that f satisfies PL inequality on X if there exists n > 0
such that

F)=f" < 5 lIEIP, Vx €X,VE € co(8,f (x)). (8.29)

Note that when f is differentiable inequality (8.29) is a special case of (8.3) with
6 = % and different ground set. If f, is strictly differentiable, we have have
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co(d,f) = f, — 3f,; see Example 10.10 in [RWO09]. Hence, the performance
estimation problem with the PL. inequality may be formulated as follows:
(fll _le) _f*
max ———o——
(fy =f)—f

1 1|,i J
S.t. ‘g —g
20-7) (Ll tet

[ == 2 gl el )
Sfll_flj_<g{’xl_x]> l:] € {0’1}

: (% BT +Mzlel—xJHz—%(gi—géix)—xl»

szi—fzj—<8§,xi—xj> ,j€{0,1} (8.30)
== ke{o,1}
g =81

(fE=f3)—F" < zllgf —g5l%, ke{o,1}.
The following lemma shows that n < L;.

Lemma 8.19. Let f; € F,, 1, (R") and f, € F,, ;,(R"), where Ly is finite. If f
satisfies the PE inequality on X = {x : f(x) < f(x®)} with modulus n > 0, then
n <L

Proof. Without loss of generality, assume that u; = u, = 0. Let g; € df; and
g5 € df5. According to the PL inequality,

N 1
fx)—f < Z”gl — g% Vxex,

and using Lemma 8.4, we obtain

1 *
gl < f)—f" VxeX,
1

which implies n < L;. O
By doing constraint aggregation in problem (8.30) as before (i.e. demonstrat-

ing a dual feasible solution and using weak duality), we obtain the following linear
convergence rate for the DCA under the PL inequality.
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Theorem 8.20. Let f; € F, ; (R") and f, € F,, 1, (R"). If Ly is finite and if f
satisfies PE inequality on X = {x : f(x) < f(x®)} with modulus 0 < 1 < Ly, then
for x! from Algorithm 8.1, we have

fah—fr (171
Fe0—f+ = (1+L"_2)' (©:31)

Proof. Since the given bound is independent of u; and u,, without loss of gener-
ality, we assume that y; = u, = 0. In addition, we assume that f* = 0. Direct
calculation shows that

n

(fll—le)—f*_(1+g)((flo_fzo)_f*)"_(1jﬂ)x

2 LZ
(70t ~(ehe" =)= g el =)

n
1 .
(g 0= tator ==t =l + (2 )

n
Lo 12,0, 0 Ly Aoy a2, )
(2,,’ ||g1 g1|| fi +f2)+(1+2%)(2’f) ”gl g2|| fi +f2)—0.

As all the multipliers in the last expression are non-negative, for any feasible so-
lution of problem (8.15), we have

I,
n
1+L_

f(xl)—f*—(

n
1 )(f(xo)—f*) <0,

2

completing the proof. O

Note that Theorem 8.1 by Le Thi et al. [LTHPD18] does not imply Theorem
8.20 if inequality (8.3) holds on {x : f(x) < f(x®)} with 6 = %, since we assume
neither strong convexity of f; or f,, nor boundedness of the sequence of iterates.
Moreover, we give explicit expressions for the constants that determine the linear
convergence rate of the sequence of objective values.

8.7 Conclusion

We have shown that the performance estimation framework of Drori and Teboulle
[DT14] yields new insights into the convergence behavior of the Difference-of-
convex algorithm (DCA). As future work, one may also consider the convergence
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of the DCA on more restricted classes of DC problems, e.g. where f; and f, are
convex polynomials, as studied in [AH18]. For constrained problems, even the
case where f; and f, are quadratic polynomials is of interest, e.g. in the study of
(extended) trust region problems.
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Nothing contributes so much to tranquilize the mind as a steady purpose - a
point on which the soul may fix its intellectual eyes.

Mary W Shelley

The exact worst-case convergence rate of
the alternating direction method of
multipliers

Preamble

Recently, semidefinite programming performance estimation has been employed
as a strong tool for the worst-case performance analysis of first-order methods. In
this chapter, we derive new non-ergodic convergence rates for the alternating di-
rection method of multipliers (ADMM) by using performance estimation. We give
some examples which show the exactness of the given bounds. We also study the
linear and R-linear convergence of ADMM under some assumptions. We estab-
lish that ADMM enjoys a global linear convergence rate if and only if the dual
objective satisfies the Polyak-t.ojasiewicz (PL.) inequality in the presence of strong
convexity. In addition, we give an explicit formula for the linear convergence rate
factor. Moreover, we study the R-linear convergence of ADMM under two new
scenarios. This chapter is based on the paper [ZAdK23].
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9.1 Introduction
We consider the optimization problem

min [ (x)+ g(2), (9.1)

(x,z)ERMXRM
s.t. Ax + Bz = b,

where f : R" - RU {oo} and g : R™ — R U {oco} are closed proper convex
functions, 0 # A € R™", 0 # B € R™™ and b € R". Moreover, we assume
that (x*,z*) is an optimal solution of problem (9.1) and A* is its corresponding
Lagrange multipliers. Moreover, we denote the value of f and g at x* and g* with
f* and g*, respectively.

Problem (9.1) appears naturally (or after variable splitting) in many appli-
cations in statistics, machine learning and image processing to name but a few
[BPC*11, ROF92, HTW15, LLF22]. The most common method for solving prob-
lem (9.1) is the alternating direction method of multipliers (ADMM). ADMM is a
dual based approach that exploits separable structure and it may be described as
follows.

Algorithm 9.1 ADMM

Set N and t > 0 (step length), pick A°,2°.
For k =1,2,...,N perform the following step:
1. x* € argmin f (x) + (A*71, Ax) + 5||Ax + Bz*"!1 — b||?

2. 2% € argmin g(2) + (A"}, Bz) + §||Ax* + Bz — b||?
3. Ak =214 r(Axk + B2k —b).

ADMM was first proposed in [GM76, GM75] for solving nonlinear variational
problems. We refer the interested reader to [GOY17] for a historical review
of ADMM. The popularity of ADMM is due to its capability to be implemented
parallelly and hence can handle large-scale problems [BPC*11, Han22, MKL15,
SBG*20]. For example, it is used for solving inverse problems governed by par-
tial differential equation forward models [IV21], and distributed energy resource
coordinations [LSW'22], to mention but a few.

The convergence of ADMM has been investigated extensively in the litera-
ture and there exist many convergence results. However, different performance
measures have been used for the computation of convergence rate; see [FRV18,
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GOSB14, ST22, GMS13, HY12, MS13, LLF22, LL19]. In this chapter, we consider
the dual objective value as a performance measure.

Throughout the chapter, we assume that each subproblem in steps 1 and 2
of Algorithm 9.1 attains its minimum. The Lagrangian function of problem (9.1)
may be written as

L(x,z,A) = f(x)+ g(z)+ (A,Ax + Bz — b), (9.2)
and the dual objective of problem (9.1) is also defined as

D(A)= min f(x)+g(2)+ (A,Ax + Bz —D).
(x,z)ERMXRM

We assume throughout the chapter that strong duality holds for problem (9.1),

that is

aré%D(l) =Axr+nB'§1:bf(X) +g(2).

Note that we have strong duality when both functions f and g are real-valued.
For extended convex functions, strong duality holds under some mild conditions;
see e.g. [Becl7, Chapter 15].

Some common performance measures for the analysis of ADMM are as follows,

* Objective value: \f(xN) +gE@N)—f—g*

5

Primal and dual feasibility: HAxN +BzN — bH and ||ATB(zN —zNh

B

Dual objective value: D(A*) — D(AN);
« Distance between (xV,z"V,A") and a saddle point of problem (9.2).

Note that the mathematical expressions are written in a non-ergodic sense for
convenience. Each measure is useful in monitoring the progress and convergence
of ADMM. The objective value is the most commonly used performance measure
for the analysis of algorithms in convex optimization [Ber15, Bec17, Nes03]. As
mentioned earlier, ADMM is a dual based method and it may be interpreted as a
proximal method applied to the dual problem; see [Ber15, LLF22] for further dis-
cussions and insights. Thus, a natural performance measure for ADMM would be
dual objective value. In this study, we investigate the convergence rate of ADMM
in terms of dual objective value and feasibility. It worth noting that most perfor-
mance measures may be analyzed through the framework developed in Section
9.2.
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Regarding the dual objective value, the following convergence rate is known
in the literature. This theorem holds for strongly convex functions f and g; recall
that f is called strongly convex with modulus u > 0 if the function f — 5| - I|? is
convex.

Theorem 9.1. [GOSB14, Theorem 1] Let f and g be strongly convex with moduli

2
wy > 0 and uy > 0, respectively. If t < i/lmax(ATi;;zz BTB)’ then

max

A1 =27

*\ N
D(A*)—D(A )S—Zt(N—l)'

(9.3)

In this study we establish that Algorithm 9.1 has the convergence rate of (’)(%)
in terms of dual objective value without assuming the strong convexity of g. Under
this setting, we also prove that Algorithm 9.1 has the convergence rate of (’)(%)
in terms of primal and dual residuals. Moreover, we show that the given bounds
are exact. Furthermore, we study the linear and R-linear convergence.

Outline of the chapter

The chapter is structured as follows. We present the semidefinite programming
(SDP) performance estimation method of ADMM in Section 9.2, and we develop
the performance estimation to handle dual based methods including ADMM. In
Section 9.3, we derive some new non-asymptotic convergence rates by using per-
formance estimation for ADMM in terms of dual function, primal and dual resid-
uals. Furthermore, we show that the given bounds are tight by providing some
examples. In Section 9.4 we proceed with the study of the linear convergence of
ADMM. We establish that ADMM enjoys a linear convergence if and only if the
dual function satisfies the P% inequality when the objective function is strongly
convex. Furthermore, we investigate the relation between the PL inequality and
common conditions used by scholars to prove the linear convergence. Section
9.5 is devoted to the R-linear convergence. We prove that ADMM is R-linear con-
vergent under two new scenarios which are weaker than the existing ones in the
literature.

Terminology and notation

We have the following identity

Eedf(x) & xedf*&). (9.4)
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By using conjugate functions, the dual of problem (9.1) may be written as

D(A)= min _ f(x)+g(z)+ (A,Ax+Bz—b)
(x,z)ERMXRM

=—(A,b) = f*(-A"A) — g" (=B 2). (9.5)
By the optimality conditions for the dual problem, we get
b—Ax*—Bz* =0, (9.6)
for some x* € df*(—ATA*) and 2* € dg*(—BTA*). Equation (9.6) with (9.4)
imply that (x*,2*) is an optimal solution to problem (9.1).
The optimality conditions for the subproblems of Algorithm 9.1 may be written
as
0€af(x*)+ATAF ! + AT (Axk +BzF 1 —b),
0€ dg(z*)+ BT A1 4+ ¢BT (Ax* + BzX —b). 9.7)
As 2K = A1 4 t(Axk + BzX — b), we get
0€df(x*)+ATA* +tATB(z5 1 —2F), 0eag(z")+BTA . (9.8)
So, (x*,z¥) is optimal for dual objective at A if and only if A”B (z¥~! —z) = 0.
We call A”B (2571 — 2) dual residual.

9.2 Performance estimation

In this section, we develop the performance estimation for ADMM. Gu and Yang
[GY20] employed performance estimation to study the extension of the dual step
length for ADMM. Note that while there are some similarities between our work
and [GY20] in using performance estimation, the formulations and results are
different.
The worst-case convergence rate of Algorithm 9.1 with respect to dual objec-
tive value may be cast as the following abstract optimization problem,
max D(A*)—D(AN)
s.t. {xk, 2k, Ak le is generated by Algorithm 9.1 w.rt. f, g,A,B, b, A%,2° t
(x*,2") is an optimal solution with Lagrangian multipliers A*
A0 = 27|12 + 2 |20 — 2|5 = A
feF! R, geF) (R™) (9.9)
A eR,z2°eRMAc R, BER™*™ beR’,
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where f, g,A,B,b,2z° A%, x* z*, A* are decision variables and N, t, ¢y, ¢5, A are the
given parameters. Note that problem (9.9) will be unbounded unless we impose

o e, o, . * * 2
some initial condition. We regard boundedness of || A°—A*||? +t2 Hzo —z"||; asan

initial condition. The boundedness of t™1||A° — A*||? + ¢ ||z° —z* 2 is commonly
used for the convergence analysis of ADMM; see e.g. [BPC*11, LLF22]. We opt
to utilize the positive multiplication of this criterion for notational convenience

as t is a fixed positive constant in Algorithm 9.1. Moreover, we use this measure
to establish R-linear convergence in terms of dual objective; see Section 9.5 for
more discussion.

Note that D(A*) = f*+¢* and (¥,%) € argmin f (x) + g(2) + (AN, Ax + Bz —b)
if and only if

E+ATAN =0, 77+BTAN =0, (9.10)

for some & € 3f(%) and 7j € dg(%). It is worth noting that a point % satisfying
these conditions exists, as function f is strongly convex relative to A. In addition,
one may consider # = z" by virtue of (9.8). For the sake of notational conve-
nience, we introduce x¥*! = % and £¥*! = £. The reader should bear in mind
that xN*! is not generated by Algorithm 9.1. Therefore,

DAM) = f(xM ) + (M) + (AN, AxNH + B2V — b)

for some xNV*! with —ATAN € 9 f(xN*+1).

By using Theorem 2.40 to replace the conditions f € .7-"2 @), and g €

B .. . . I . . . .
e, oo (R™) by finite interpolation conditions, and by using the optimality condi-
tions (9.7), problem (9.9) may be reformulated as a finite dimensional optimiza-



Chapter 9. convergence rate of ADMM 161

tion problem, through the performance estimation technique:

maxf*+g*—(fN+1 +gN+<7LN,A)<N+1 +BzN—b>)

s.t. {(xK; ikgfk)}llwrl U {(x*;&™; f*)} satisfy interpolation constraints (2.5)
{(z"; nk;gk)}gl U{(z*;m"; g")} satisfy interpolation constraints (2.5)
(x*,2") is an optimal solution with Lagrangian multipliers A*

120 =A% + 62 [|s0 —2°||; = A 9.11)
gk = tATh — tATAx* — tATBzK1 —ATA! ke{1,..,N}

n* =tBTb—tBTAx* — tB"Bz* —BTA*!, ke {1,..,N}

A=A 4 t(Axk + B2k —b), ke{l,..,N}

ENHL L AT QN —

AMeR,z2°ceR"Ac R, BeER™*™ beR'.

In problem (9.11), A, B, {x*;&%; FFH™ 2, {(x*; &% £ L AR, (=5 n"; g*1Y
{(z*;m*; g")}, A", b are decision variables. To handle problem (9.11), without loss
of generality, we assume that the matrix (A B) has full row rank. Note this as-
sumption does not appear in our arguments in the following sections. In addition,
we introduce some new variables. As problem (9.1) is invariant under translation
of (x, z), we may assume without loss of generality that b = 0 and (x*,z*) = (0, 0).
In addition, due to the full row rank of the matrix (A B) we may assume that

A0 (A B)( )andl* (A B)(z)forsomexx Z,2". So,

£ =—-ATAx —ATBz € 3f(0), n* =—BTAx —B Bz € 94(0),

and D(A")=f*+g*.
By using equality constraints of problem (9.11) and the newly introduced vari-
ables, we have for k € {1,...,N}

k
A= (Ax"+Bz") + Z t(Ax' + BzY), (9.12)

i=1

X‘

—1

—(ATAXT +ATBz") — > t(ATAx! + ATBz") — tATAxk — tATBzF"! € 9 f (x5),

—(BTAxT+B"Bz")— > t(BTAx' + BTBz!) € 9 g(z").

M» EM

I
-
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Hence, problem (9.11) may be written as

N
max f*+g*—fN+1—gN—<Ax"L+BzJ"+Zt(Axi+Bzi),AxN+1+BzN>
i=1
) k=1
S.t. % ||xk —x’”A < <Ax"L +Bz' + Z t(Ax' + Bz') + tAx* + tBzk"1 A(x! —xk)> +
i=1
fi—fk kef1,...,N}, je{l,...,N+1},

N
2 ||xNJr1 —xj||j < <Ax"r +Bz' +Z t(Ax' + Bz"),A(x’ —xNH)> +
i=1
fI=fN, jed{l,...,N},

k
=l (i ot n () )+
i=1
g —g5 jkefl,...,N}, (9.13)

Sk < £ £ 7 +{A% + Bz, AXY), ke{l,...,N+1},

&
2

k=1
k|| < — <Ax"‘ +Bz"+ > t(Ax' +Bz') + tAx* + thk—l,Axk> +
i=1

fr—fk ke{1,...,N},

N
ol i Sf*—fN“—<Ax"”+BzT+Zt(Axi +Bzi),AxN+1>,
i=1
2 |l#|7 < gk —g* + (A% +B5,Bz¥), ke{l,...,N},
k
R (LR TED ST VR T

i=1
|Ax" +Bz" — (A% + B2)||” + ¢2||z°|2 = A,

xTeRY, 20,2 e R, Ac R"™" B R™™.

In problem (9.13), A, B, {x*, fF}N*1 (2K, "} xT,27, %, f*,2, g*,2° are deci-
sion variables. By using the Gram matrix method, problem (9.13) may be relaxed
as a semidefinite program as follows. Let

U=(x" x' ... XN &), v=_2" 20 ... N z).
By introducing matrix variable

y=(au BV) (aU BV),
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problem (9.13) may be relaxed as the following SDB
max f*+g* — Nt — gV —tr(L,Y)
s.t (L] Y) < fimfl, i, j€{1,.,N+1,4)
tr(Lf:jY) <g'—g/, i,je{l,...N,*}
tr(LyY)=A (9.14)
Y =0,

where the constant matrices L{ P ij,

straints of problem (9.13). In the following sections, we present some new con-

L,, Ly are determined according to the con-

vergence results that are derived by solving this kind of formulation.

9.3 Worst-case convergence rate

In this section, we provide new convergence rates for ADMM with respect to some
performance measures. Before we get to the theorems we need to present some
lemmas.

Lemma 9.2. Let N > 4 and t,c € R. Let E(t,c) be (N + 1) x (N + 1) symmetric
matrix given by

[ 2c 0 o o ... 0 O 0 t—c\
0 Ay ﬁz 0 0 0 0 —t
O ﬂz OL3 /53 e O 0 e 0 t
E(t,c)= : 5
( ) 0 0 0 0 (04N ﬂk 0 t
0 0 0 0 ... 0 0 ... ay Py
\t—c —t t t ... t t ... By ayy
where
6¢c —5t, k=2
2(2k?—3k+1)c—(4k—1)t, 3<k<N-1
a;, =
T ) aN(N=1)c— (2N + 1), k=N
2Nc—(N +1)t, k=N+1,

b = 2kt —(2k? —k—1)c, 2<k<N-1
“Tar—2n=1)c, k=N,
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and k denotes row number. If ¢ > 0 is given, then
[0,c] S {t:E(t,c)>=0}.

Proof. As {t : E(t,c) > 0} is a convex set, it suffices to prove the positive semidef-
initeness of E(0, ¢) and E(c, ¢). Since E(O0, ¢) is diagonally dominant, it is positive
semidefinite. Now, we establish that the matrix K = E(1, 1) is positive definite. To
this end, we show that all leading principal minors of K are positive. To compute

the leading principal minors, we perform the following elementary row operations
onK:

i) Add the second row to the third row;
ii) Add the second row to the last row;
iii) Add the third row to the forth row;
iv) Fori=4:N—1

e Addi—throwto (i+1)— th row;

* Add 3 S 3 — times of i — th row to the last row;

v) Add &=L IN=< 5 times of N — th row to (N + 1) — th row.

It is seen that Kj_; j + Ky p = —Kj41 for 2 < k < N — 1. Hence, by performing
these operations, we get an upper triangular matrix J with diagonal

2, k — 1
2k —3k—1, 2<k<N-1
ik =
3N =5, k=N
(N—1? _ §N-1_(i=3)° —
N—2—55= _Zi:4 zizl_gi_l, k=N+1.

It is seen all first N diagonal elements of J are positive. We show that Jy_q y41 is
also positive. For i > 4 we have

(i—3)? (i-1)? +4 2

BT = T = z+_(l 2" (9.15)
So,
2 NZl 2 2
2N2—9N+9 (i—-3) (N—2)(N2—5N+10)
~3N—5 2i2—3i—1 = 2N(3N-5) >0,

i=4
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which implies Jy ;1 y11 > 0. Since we add a factor of i —th row to j—th row with
i < j, all leading principal minors of matrices K and J are the same. Hence K is
positive definite. As E(c,c) = cK, one can infer the positive definiteness of E(c, ¢)
and the proof is complete. O

In the upcoming lemma, we establish a valid inequality for ADMM that will
be utilized in all the subsequent results presented in this section.

Lemma 9.3. Let f € ]-"é oo(R"), g € Fy oo(R™) and x* = 0, 2* = 0. Suppose that

ADMM with the starting points A% and £° generates {(xk;zk;kk)}. If N > 4 and
v €R’, then

N(AN,AxN 4+ BzV) — (AN + tAxN + tBz" 1 AxN —v) + (A% + tAx! + tB2%, Ax! —v)+

LA =P = & (| = 2% + £ |0 — ¢ (Ax" —Ax® + (N + DAY + Bz, v) —
N N N—1
tZ(Axk’v) + @ IvII> — %1 ”lej"‘Z% ||Xk||§+z/3k<Axk,Axk+l>+
k=3 k=2 k=2
EN BV, AxY —v) + t(AxN, BgN) — (0TI [|gN — gN71||12 — A2 || AxN 4 B[P —
s+ F D) = FOM) +N (f (M) — £+ g(xM) —g") 20, (9.16)

where

(4k—1)t—2(2k?—3k+1)c;, 2<k<N-1,
a;, =
“Tl@N+1)t—(2N2—5N +3)c;, k=N,
B = (2k* =k —1) ¢, — 2kt.

Proof. To establish the desired inequality, we demonstrate its validity by summing
a series of valid inequalities. To simplify the notation, let ¥ = f(x*) and g =
g(z") for k € {1,...,N}. Note that b = 0 because x* = 0,z* = 0. By (2.5) and
(9.7), we get the following inequality
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Z(kz (karl <Ak71+tAkarthkq’A(xkﬂ_xk))_% ||xk+1_xk||i)

+Z(k2_k)(fk_fk+1+<Ak+tAxk+l+thk’A(xk k+1)> ”xk+1 k”j)

N N-1
+Z( —f* + ” %”xk”i)_i_ K2 (gk_gk+1 Ak+1 B(zk — k+1)>)
k=1 k=1
N—1 N
+Z(kz+k) k+1_gk+<Ak’B(Zk+1_Zk)>)+2(gk_g*+<k*’sz>)
k=1 k=1

+ 5 ||Ax? + Bz —v||* > 0.

As AF = A1 4 tAxk + tBzX, the inequality can be expressed as

N—-1
Z:(k2 -1) ((tAxk + tBzF 1 A(xck ! —xk)> -3 ”karl — kai) +
k=
o
Dk = 1) ((AF, AxF1) — (AR, Axk) — (tAxk + eB2F, Axk1)) +
k=
v
Z(kZ_k)(<tAxk+l+thk’A(xk k+1)> H k+1 _ k”i)Jr
&
D2 — k) (AR, Axk) — (2K, Ax*L) + (eAx + tB2k, Axk)) +
k=
v
D (k2 + k) (A%, B2k) — (Ak1, B2F) — (tAx® + tBz*, B2k)) +

k=1

N—-1

kz((Ak—l,sz) — (A%, B2F1) + (tAxk + tB2k + tAx*! + tB2*! B2*) —
k=1
N
(tAx 1 + th“l,Bz"“)) + Z ((A*,Ax" +BzK)— 2 ||xk||j) +1 ||Bz°||2 +
k=1

§HAxl—vH2+t<A)c1—v,BZO>+f1 — NN =+ gV —gH)>0.
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After performing some algebraic manipulations, we obtain

N-1
N{(AN7L AxN + BzV) — (AN, AxN) + (A0, Ax — A, AxFHL 4 BgR )+
k=0
At —v|* + £ ||B=°|” + ¢ (Ax? —v,Bs®) — £(N? — 3N + 1)(Ax", Bs" 1)~
N—-1
£ (k= 1| Ax|2 — (k? — k) (Axk, Ax**Y) — (k2 — 1) (Ax* 1, B2K1) ) —
k=1

N-1

£ > (k2 —k+D)IB2" 1% + (—k2 + k + 1){Ax¥, Bz¥) — k?(Bz*, Bz**1)) -
k=1

N-1
t > ((2k* = 3k)(Ax*, Bz*)) — t(N — 1)%||BzV||> — ¢(N? — 3N + 2)||Ax" ||>—

k=2
N—-1
(N —12(AxY, B2Y) = > (2K —k = 1)% [|x 1 —xM|[F + & *1|3) -
k=1

G+ =Y NG =+ g — g 0.
By using AN 71 = AN — tAxN — tBz" and
2(2K — A%, AxKH 4 BgRHT) = LARH 20|12 — LAk — A% — el Ak + BsRH |12,
we get

N{(AY, Ax™ 4+ BzN) — (AN + tAXN + tBzV 1 AxN —v) + (A% + tAx! + tB2%, Ax! —v)

+ & 0= A= & AN = A+ 1205 — £ {Axt —Ax® + (N + 1AxY + Bz, v)
N N—1
— > axk,v) = £ > [[(k— )BT — (k — 1)Bz* + kaxk — (k + DAxk v
= k=2
N—-1
O = 2 [l =2 2+ 5 D (k= 1) e =2 (2K =3k + 1)) o
k=2

2
N

+ ((2k2 k—1)c; —2kt) (AxK, Ax**) + (2N + 1) e = (N2 = EN + ) e ||V

-
Il

1N (B Ax —v) + ¢ ax¥, Be) — L[|~
— O flax 4 B[P+ £ = Y N (P = 4 gV ) 20,

which implies the desired inequality.

We may now prove the main result of this section.
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Theorem 9.4. Let f € }é wo(R™) and g € Fy oo (R™) with ¢c; > 0. If t < ¢; and
N >4, then

||KO—7L*||2+ t2 ||ZO_Z* 2

ANt

D(A*)—D(AN) <

(9.17)

Proof. As discussed in Section 9.2, we may assume that x* = 0 and z* = 0. By
(9.10), we have D(AN) = f(&N) + g(zV) + <)LN,A)?N +BzN> for some %N with
—AT 2N € 2 f(xN). By employing (2.5) and (9.7), we obtain

N (g™ —g"+ (A", Bs")) + (N = 1) (F (™) — £+ + (A", 4x™) — S [|xV][}) +
(FGEY) = FON) + (20 + tAx! +tB20, AN —Ax) — Z [| &Y —x1|[}) +

(2N — 2)(f(ch) —FOM) + (AN — B2V + B2V ARN —AxN ) —

o1

> 2)=>o. (9.18)

&N —xNHj) +(fEN)—f+ (0 A2Y) - &

By substituting v with A%Y in inequality (9.16) and summing it with (9.18), we
get the following inequality after performing some algebraic manipulations

2N (f(&M) + g(x™) + (AN, A%V + B2V ) — f*—g*) + 5 |A°— A7
3 [|AY = A"+ eV — DAXN + eARN + tNBzNHZ—

a1 e

LN —1)(B2"! —B2V) + tAxN —

(9.19)
Lu(E(e)(axt ..ooafY) (At . AzY)) >0,

where the positive semidefinite matrix E(t,c;) is given in Lemma 9.2. As the
inner product of positive semidefinite matrices is non-negative, inequality (9.19)
implies that

N (D(A)—D(AY)) < & [|A°—2*|”

t
+§|Z

and the proof is complete.
O

In comparison with Theorem 9.1, we get a new convergence rate when only f
is strongly convex, i.e. g does not need to be strongly convex. Also, the constant
does not depend on A!. One important question concerning bound (9.17) is its
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tightness, that is, if there is an optimization problem which attains the given con-
vergence rate. It turns out that the bound (9.17) is exact. The following example
demonstrates this point.

Example 9.5. Suppose that ¢; > 0, N > 4and t € (0,¢;]. Let f,g : R — R be
given as follows,

1 2 1 N-1 1 1
f(x)=3lx|+ %X , &(2) = smax{~—F(z— 557) — 387> —2}-
Consider the optimization problem

min _f(x)+ g(2),
(x,2)ERXR

s.t. x+2=0,

It is seen that A= B = I in this problem. Note that (x*,z*) = (0, 0) with Lagrangian

multiplier A* = % is an optimal solution and the optimal value is zero. One can check

that Algorithm 9.1 with initial point A° = _71 and z° = 0 generates the following

points,
xk=0 ke{l,...,N}
k= ke{l,...,N}
A=tk ke{l,...,N}.

“Ao_kknzﬁz ”zo_z* “123
- 4Nt

At AN, we have D(AN) = 4_T1t =
bound (9.17).

, which shows the tightness of

One important factor concerning dual-based methods that determines the effi-
ciency of an algorithm is primal and dual feasibility (residual) convergence rates.
In what follows, we study this subject under the setting of Theorem 9.4. The next
theorem gives a convergence rate in terms of primal residual under the setting of
Theorem 9.4.

Theorem 9.6. Let f € ]-"é wo@®M) and g € Fy oo(R™) with ¢; > 0. If t < ¢; and
N > 4, then

2
VIR0 =212 + 22120 —=* 13

|[AxN + Bz — b|| <
tN

(9.20)
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Proof. The argument is similar to that used in the proof of Theorem 9.4. By setting
v =Ax" in (9.16), one can infer the following inequality

t[1.,0l2
+5 (=[5

N
_ C
et ) SR e )= o

N (AN, AxN + BV ) + (2% + tAx! + ¢Bz®, Ax" —AxV ) + & [|2° — 2|

=2

_1((2k— )e—(2k* =3k +1)c,) Hx"Hj+ (BN=32)t—(N*=3N+3)cy) HxNHi+

T
Lod

N ___N-1||2 _
2,

2 (| AxN + BN ||* + £ (D) — F M) N (f (M) — £+ + g (M) —g7) = 0. (9.21)

(2K =k — 1) ¢ — 2kt ) (Ax*, AxkH1) — O g
k=2

tN? 2

By employing (2.5) and (9.7), we have

N(f" = (M) = (A + BN — B2V, AxN) — &

2)+
(FOM) = 14 (20 + tAx! + B2, AxY —Axt) — § |2V —x!}) + (9.22)
N(g"—g(x™)—(a",Bz")) > 0.

By summing (9.21) and (9.22), we obtain

LA

N N N
-2+ {mop X

2 laxN + BV || = L (D) (Axt . AxN) (ax! L. AxV))>0,  (9.23)

where the matrix D(t,c;) is as follows,

(2, 0 0 0 .. 0 0 .. 0 t—c )
a By O ... 0 O ... O  ~—t
0 ﬁz as /33 0 0 0 t
D(t,¢;) = :
(t.c1) O 0 0 0 a P 0 el
O 0 0 0 0 0 ay1 Py

\ t—Cl —t t t ..: t t . ﬂN—l AN j
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and
6C1—5t, k:2
ap =1 2(2k*—3k+1)c; —(4k—1)t, 3<k<N-1,
NZ
(2N2—4N+4)cl—(3N—5+(N_—1)2)t, k=N,

B =2kt —(2k*—k—1)c;, 2<k<N-1

As the matrix D(t,c;) is positive semidefinite, see Appendix A.3 Lemma A.1, in-
equality (9.23) implies that
O AN + B2V || < & |20 At

2 t 012
+ 5 [|=°]]5

and the proof is complete. O

The following example shows the exactness of bound (9.20).

Example 9.7. Let ¢; >0, N >4 and t € (0,c;]. Consider functions f,g : R — R
given by the formulae follows,

Fx) = 3lx|+ 32,
g(z)=max{(; - 5)(z—57) 2 (7 —2)}-
We formulate the following optimization problem,

min _ f(x)+ g(z),
R

(x,2)ERx

s.t. Ax + Bz =0,

where A= B = 1. One can verify that (x*,z*) = (0,0) with Lagrangian multiplier
A= % is an optimal solution. Algorithm 9.1 with initial point A° = _71 and z2° =0
generates the following points,

xk=0 ke{l,...,N}
gh = ke{l,...,N}
Af= 2N ke{1,...,N}.

. . A0—2x||242]|20—z~ |2
At iteration N, we have ||AxN +BzV|| = tl = il P2 I

N tN
tightness of bound (9.20).

, which shows the
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In what follows, we study the convergence rate of ADMM in terms of resid-
ual dual. To this end, we investigate the convergence rate of {B (zk_l —zk)} as
“ATB (zk_l —zk)” < |IA|l ||zk_1 —zk || - The next theorem provides a convergence
rate for the aforementioned sequence.

Theorem 9.8. Let f € ]—"é o®M) and g € Fy oo (R™) with ¢; > 0. If t < ¢; and
N > 4, then

N 2
V120 =212 + 2 120 —=* 13

||2N_ZN_1HB = (N—l)t

(9.24)

Proof. Similar to the proof of Theorem 9.4, by setting v = Ax" in (9.16) for N—1
iterations, one can infer the following inequality

(N =AML AN 4+ B2 )+ lIA° = AP — e AT = A%+
é HZOHIZB N (AN—I + AN 4 tBZN—2,AXN—1 _AXN> n t(N2_2)||XN||f‘+
(A0 + tAx! + B2, Ax! — AxN) — t (Ax! —Ax? + NAxN ! + BN 1, AxN)

N—2

> ((4k—1)t—2(2k> =3k +1) ;) ||| + e (Ax" ", BN 1)+
k=2

1
+ =
2
2

=z

((2k* —k—1) c; — 2kt) (Ax*, Ax*H) + £(N — 1)(BzV 2, AxN 1 — Ax™)
=2
1N -3~ (282~ 9N +10)ey) [ —e 22— § 1| -

N—-1
t(N;Z)Z ”ZN—l _zN—z“lZ3 . t(N2—1)2 ||AxN_1 +BzN_1||2 _¢ Z(Axk,AxNH
k=3
FO =N+ W -DFEN D)=+ gV —g) 0. (9.25)

=
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By using (2.5) and (9.7), we have
(N*—3N + 2)(f(xN_1)—f(xN) + (AN 4 A + B2V LA (XN T = xN)) —
2| —xN‘1||j) + (f(xN)—f(xl) + <A° + tAx! + tBz0 A(xN —x!) >—
SlxN — x1||§) +N(N—1)(g=")— g+ (A", B (=" —2"1))) + (9.26)
(N2—3N + 1)( FOM) = FOAN) + <)LN‘1 — Bz + tBeN 2, A(xN — xN7) >
— ZIxN —xN—1||§) +(N—1)(g"—g@")— (A" + tAx" + tBz",Bz")) +

(N — 1)(f* —f(xN T — <7LN_1 —tBzV ! 4+ thN‘Z,AxN‘1> — Z{|xN! ||i)+
(N—1)*(g""1)—gz") + (ANﬁl + tAxN + BzN, B (zV! —zN)>) >0.
By summing (9.25) and (9.26), we obtain

. 2 t(N —1)> _
e [0 =2 [P+ g ]|y = O (| i + BN | - = [l = -
(N—22)2t BzN"2_paN-14 %AXN—l _ (1 = 2)2 )AXN
Lu(Flee)(axt .o axd™) (axt . AxY)) >0,
where the matrix F(t,c;) is as follows,
(2 0 0 0 .. 0 0 0 t—c \
Ay ﬂz 0 . 0 0 ce 0 —t
0 /32 O3 [33 . 0 0 . 0 t
Floed= 5 5 o o a P 0 '
0 0 0 0 0 0 aAn_—1 le 1
\ t—c; —t t ot t Pn—1 ay J
and
6C1 - St, k=2
ap=12(2k*—3k+1)c; —(4k—1)t, 3<k<N-1,
(2N2—6N +4)c; —2(N + ko — 527 —3)t. k=N,

|2kt —(2k*—k—1)¢;, 2<k<N-2,
Tl —1DE—(@N2—6N +3);,  k=N-—1,
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The rest of the proof proceeds analogously to the proof of Theorem 9.6. O

The following example shows the tightness of this bound.

Example 9.9. Assume thatc; >0, N > 4andt € (0,c; ] aregiven,and f,g : R — R
are defined by,

f(x)= % max {—%x, x} + %xz,
_1 1 N-3 1
8(z)= zmax{ t((N—1) % N—1 (z - t(N—l))} .
Consider the optimization problem

. o),
(x,gggxmf (x)+g(z)

s.t. Ax +Bz =0.
where A = B = I. The point (x*,2*) = (0,0) with Lagrangian multiplier A* = %
is an optimal solution. After performing N iterations of Algorithm 9.1 with setting
20 = _71 and 2° = 0, we have

xk:O, ke{1,...,N},
1
o [ kellv -1,
07 k:N’
2k+1—-N
Ak: Z(N_l)’ ke{l’ ’N 1}:
%) k:N

A0 A* 12+ £2([20—z* |12 )
It can be seen that HATB (=N —zN_l)” = (N—ll)t _ (I|\|[_+1t)tllz il ”B, which shows

that the bound is tight.

Theorem 9.4 and 9.6 address the case that f is strongly convex relative to ||.||4
and g is convex. Based on numerical results by solving performance estimation
problems including (9.13) we conjecture, under the assumptions of Theorem 9.4,

that if g is c,-strongly convex relative to ||.||, Algorithm 9.1 enjoys the following
convergence rates

A0 — A2 + 2|20 — 2*||2
DS — DY) < I I llz" —2*|I5

2cqc¢ ’
4Nt+ﬁ
AO—A*HZ'FtZ“ZO—Z*HZ
N N \/H B
lax® + Bz || < i .

Cq +C2
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We have verified these conjectures numerically for many specific values of the
parameters. Nevertheless, we could not manage to guess a closed-form formula
for the residual dual in this case.

9.4 Linear convergence of ADMM

In this section we study the linear convergence of ADMM. The linear conver-
gence of ADMM has been addressed by some authors and some conditions for lin-
ear convergence have been proposed, see [DY16, LYZZ18, Han22, HSZ18, HL17,
NLR*15, YZZ20]. Two common types of assumptions employed for proving the
linear convergence of ADMM are error bound property and L-smoothness. To the
best knowledge of authors, most scholars investigated the linear convergence of
the sequence {(x*,z*,A¥)} to a saddle point and there is no result in terms of
dual objective value for ADMM. In line with the previous section, we study the
linear convergence in terms of dual objective value and we derive some formulas
for linear convergence rate by using performance estimation. It is noteworthy to
mention that the term "Q-linear convergence" is also employed to describe the
linear convergence in the literature.

As mentioned earlier, the error bound property is used by scholars for estab-
lishing the linear convergence; see e.g. [IYZZ18, HSZ18, HL17, PVZ21, YZZ20].
Let

D*(A) :=min f(x)+ g(z) + (A, Ax + Bz — b) + §||Ax + Bz — b||?, (9.27)

where stands for augmented dual objective for the given a > 0 and A* denotes
the optimal solution set of the dual problem. Note that the function D¢ is an (1—1
smooth function on its domain without assuming strong convexity; see [HL17,
Lemma 2.2].

Definition 9.10. The function D? is said to satisfy the error bound property if we
have

dp-(A) < 7||[VDYA)|l, LR, (9.28)
for some T > 0.

Hong et al. [HL17] established the linear convergence by employing the error
bound property (9.28).
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Recently, some scholars established the linear convergence of gradient meth-
ods for L-smooth convex functions by replacing strong convexity with some mild
conditions, see [NNG19, AdKZ23a, BNPS17] and references therein. Inspired by
these results, we prove the linear convergence of ADMM by using the so-called
PL inequality. It is worth noting that we employ the nonsmooth version of the PL
inequality introduced in [BDLO7]. Concerning differentiability of dual objective,
by (9.5), we have

b—Adf*(—ATA)—Bag*(—BTA) € 8 (—D(1)). (9.29)

Note that the inclusion in (9.29) holds as an equality under some mild conditions,
see e.g. [Becl7, Chapter 3].

Definition 9.11. The function D is said to satisfy the PL inequality if there exists
an L, > 0 such that for any A € R" we have

D(A")—D(A) < ﬁllﬁllz, £€d(=D(A). (9.30)

Note that if f and g are strongly convex, then —D is an L-smooth convex

T T
function with L < Ama’;fA A | 2o BBy this setting, we have L, < —l‘“"";fA A4

T
W. This follows from the duality between smoothness and strong convexity

and

IVD(A) = VDW)|| < || VF* (AT ) = Vf*(=AT»)||, + || Ve* (=BT A) — Vg* (=BT ») |,

1 |[AT T 1 T T Amax(ATA) | Amax(B"B)
< LJATA—AT v, + L |[BTA—BTv||, < (2=l 4 2uulBEB Y5 oy
In the next proposition, we show that definitions (9.28) and (9.30) are equiv-
alent.

Proposition 9.12. Let L, = % denote the Lipschitz constant of VD, where D% is
given in (9.27). Suppose that (9.29) holds as equality.

i) If D satisfies the error bound (9.28), then D satisfies the PE inequality (9.30)

. _ 1
with L, = T

ii) If D satisfies the PE inequality (9.30), then D satisfies the error bound (9.28)
L

. —_ P
with T = ThaL, -
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Proof. First we provei). Suppose A € R” and & € b—Ad f *(—ATA)—Ba g*(—BT ).
By the identity (9.4), we have & = b — Ax — B% for some (X, %) € argmin f (x) +
g2(2)+ (A,Ax + Bz — b). Due to the smoothness of D and (9.28), we get

D(A*)—D%(») < 1| VD (|2, veR’, (9.31)

where A* € A* with d,. = ||v— A||. Suppose that ¥ = A —a(Ax + Bz — b). As we
assume strong duality, we have DY(A*) = D(A*). By the definitions of X, y, we get

(%,%2) € argmin f (x) + g(2) + (¥,Ax + Bz — b) + 5||Ax + Bz — bl|?.

By [HL17, Lemma 2.1], we have VD%(¥) = Ax + BZ—b. This equality with (9.31)
imply

Lyt

D(A*)—D(A) < D*(A*)—D*(¥) < =~ ||Ax + Bz — b||?,

and the proof of i) is complete.

Now we establish ii). Let A be in the domain of VD?. By [HL17, Lemma 2.1], we
have VD%(A) = Ax + BZ — b for some (X,%) € argmin f (x) + g(z) + (A,Ax + Bz —
b) + $llAx + Bz — b||*, which implies that

0€df(x)+AT (A +a(Ax +Bz—b)),0€ dg(2) +BT (A +a(Ax + Bz —D)).
(9.32)

Supposing v = A + a(Ax + Bz — b). By (9.32), one can infer that D(v) = f(x) +
g(2)+(v,Ax+Bz—Db). In addition, (9.4) implies that b—Ax—Bz € b—Ad f *(—AT v)—
B3 g*(—BT v). By the PL inequality, we have

51> IA% +BZ = b|I* > D(A") = D(v) = D(A") = D%(A) - § ||A% + BZ — b|*,

where the equality follows from D(v) = D%(A) + 5 [|AX + BZ — b||? and DY(A*) =
D(A*). Hence,
D) =D (W) < (5 +§) IVD I

This inequality says that D satisfies the PL inequality. On the other hand, the PL
inequality implies the error bound with the same constant, see [BNPS17], and the
proof is complete. O

In what follows, we employ performance estimation to derive a linear con-
vergence rate for ADMM in terms of dual objective when the PL inequality holds.
To this end, we compare the value of dual problem in two consecutive iterations,
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. D(A*)—D(A?)
that is, DA )=D(AD)*

vergence rate,

The following optimization problem gives the worst-case con-

D(A*)—D(A?)
max 55"pa

s.t. {x2,22, A%} is generated by Algorithm 9.1 w.rt. f,g,A,B, b, A1zt (9.33)
(x*,2%) is an optimal solution and its Lagrangian multipliers is A*
D satisfies the PL inequality
feFl oRM,geF) (R
AMeR 2z eRMA€R™,BER™™ beR'.

Analogous to our discussion in Section 9.2, we may assume without loss of
; _
generality b = 0, A! = (A B) (XT) and A* = (A B) ()_C) for some x,x",z,2".
2 Z
In addition, we assume that X! € argmin f (x) + (A!,Ax) and %2 € argmin f (x) +
(A2, Ax). Hence,
D(AY) = f(*)+g(N)+(A1AR +Bz'), D(A*) = f(2*)+5(z")+ (A%, AR +Bz2?),

and

—ATAteaf(xh, —BTAl e dg(zh), (9.34)
—ATA2 € df(%?), —BT2% € 9g(z?).

Moreover, by (9.34) and (9.29), we get
—A%' —Bz' €0 (-D(AY)), —A%*—Bz*>€d(—D(A?)).

On the other hand, A% = A! + tAx? + tBz?. Therefore, by using Theorem 2.40,
problem (9.33) may be relaxed as follows,
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fr+g —f2—g*— (Ax" +Bz' + tAx? + tBz2,A%* + Bz2)
ax -
fr+g —fl1—g'—(Ax" + Bz, A% + Bz1)
s.t. { (&L, —ATAx! —ATBz', f1), (x?,—ATAx" — ATBz" — tATAx? — tATBs!, £2),

m

(2%, —ATAxT —ATBz" — tATAx? — tATB22, 2),(0,—ATAX —ATBz, f*) }
satisfy interpolation constraints (2.5)
{ (z',—B"Ax" —B"Bz',g'), (%, —BTAx" — B"Bz" — tBTAx* — tB B2?, g?),
(0,—B"Az —B"Bz,g") } satisfy interpolation constraints (2.5)
A%+ Bz (9.35)

frrg—fl—g'—(Ax" + Bz, A% + Bz') < ﬁ
A)%2+Bzz{|2

fr+g —f?—g*—(Ax" + Bz + tAx® + tBz? A%* + Bz?) < o |
AeR" BeR™™,

By deriving an upper bound for the optimal value of problem (9.35) in the next
theorem, we establish the linear convergence of ADMM in the presence of the PL

inequality.

Theorem 9.13. Let f € }"fl w@®M and g € ]-"CB2 oo R™) with ¢y, ¢y > 0, and let D
satisfies the PL inequality with L,. Suppose that t < ,/¢iC;.

(D) If ¢y = ¢y, then

*\ 2 . 2
D(A*)—D(A*) < 2c1cy—t , (9.36)
D(A’*)_D(Al) 2C]_C2_t2+Lpt(4C1C2_C2t—2t2)

in particular, if t = ,/ciCo,
D(A*)—D(A?) - 1
D(A*)_D(Al) N 1+Lp (21/C1C2_Cz).

(i) If ¢; < cq, then
D(A*)—D(A?
bA)=D(A7) _ 9.37)
D(A*)—D(AY)
4c§ —2¢y,/C1¢5 — t2
4¢3 — 2y /Crey — t2+ Lyt (8c§ +5cyt —2,/C1C5 (1 + é) (2¢, + t)).

Proof. The argument is based on weak duality. Indeed, by introducing suitable
Lagrangian multipliers, we establish that the given convergence rates are upper
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bounds for problem (9.35). First, we prove (i). Assume that a denotes the right
hand side of inequality (9.36). As 2cqcy — t2 > 0 and 4cycy — cot —2t2 > 0, we
have 0 < a < 1. With some algebra, one can show that

f 4+ g —f2—g*>—(Ax" + Bz" + tAx? + tBz* A%® + Bz?)—
a(f*+g —fl—g'—(Ax" +Bz",A%' + Bz!)) +
a(fz—fl + (Ax" + Bz, AX* —AR") — 2 || = %! |j)+

+(Ax" + Bz' + tAx? + tB2?, Ax* —AR?) — F ||x® — %2

a

)
)+

Q

G
(f2 f2+ (Ax" +Bz" + tAx® + tBz' A%* —Ax?) — 3
G

a "+ Bz, Bz% — Bz!) ” 1” )
(l—a)(—f —g*+(Ax"'+Bz'*'+tAx2+th AR +Bz®) + 2+ g%+

L }
2L,

2
2 2 tcy 2 te=2¢16+t? 4 a2
a(cl 2¢, ) ”AX + 2¢1c,—t2 Bz t2—2¢;c, Ax

02+ 22" ) = =52 |21 — 22

|2_ﬂ
A

2
Bz' —Bz? + LAx? — LAR?
2 2

Hence, we get

Fr4g —f2—g2—(Ax" +Bz' + tAx? + tB2% A% + Bz2) <
a(f*+g —f'—g' —(Ax"+Bz", A% + Bz"))

for any feasible point of problem (9.33) and the proof of the first part is complete.
For (ii), we proceed analogously to the proof of (i), but with different Lagrange
multipliers. Let 8 denote the right hand side of inequality (9.37), i.e.

4c§ — 20y /C1C; — t2
4c2 —2cy /CrC; — 2 + Lyt (8c§ +5cyt —2,/C1C (1 + é) (2¢9 + t))

It is seen that 0 < 3 < 1. By doing some calculations, we have
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fr+g —f2—g%—(Ax" +Bz' + tAx® + tBz? A%% + Bz%)—
B(f*+g —f'—g'—(Ax" +Bz',A%" + Bz")) +

B(f2—Fl+ (ax' + B, A2 —A%) — 4 |22 -

2
% |A)+

26 (2= f2+ (Ax" +Bz' + tAx? + tB2?, Ax® —AR%) — § ||x? — £2

5&1

)+

2p (fz—f2 + (AxT + Bz" + tAx? + tBz! , AX* —Ax?) — 2 22—x2{|j)+

2p(g2—g' +(Ax" + Bz, Bz? —Bal) —  ||ls2 — 2|} ) +
(J2-1) ﬁ(gl — g2+ (Ax" +Bz" + tAx? + tBz? Bz! — Bz%)—
%||zl—zz||§)+(1—ﬁ)(—f*—g*+<Ax"+Bz"f+tAx2+thz,Afcz+Bzz>+
A)%2+Bzz||2)
Y
(A (T [ (L Al
2L, 4./c6, —BLyt%+2/E (2B Lyt + f—1)
(Z(Zﬂchp(ch)Jrm(/j—/&chz—l)))5322 2
—BLyt?+2/E 65 (2BLyt + f— 1)

{.’AZ 2 1
2

& —%2 Bz!

—_ab
- 2

The rest of the proof is similar to that of the former case. O

We computed the bounds in Theorem 9.13 by selecting suitable Lagrangian
multipliers and solving the semidefinite formulation of problem (9.35) by hand.
The semidefinite formulation is formed analogously to problem (9.14). Note that
the optimal value of problem (9.35) may be smaller than the bounds introduced
in Theorem 9.13. Indeed, our aim was to provide a concrete mathematical proof
for the linear convergence rate. However, the linear convergence rate factor is not
necessarily tight. Needless to say that the optimal value of problem (9.35) also
does not necessarily give the tight convergence factor as it is just a relaxation of
problem (9.33).

Recently the authors showed that the PL inequality is necessary and sufficient
conditions for the linear convergence of the gradient method with constant step
lengths for L-smooth function; see[AdKZ23a, Theorem 5]. In what follows, we
establish that the PL inequality is a necessary condition for the linear convergence
of ADMM. Firstly, we present a lemma that is very useful for our proof.
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Lemma 9.14. Let f € ]-"fl w(@®Mand g € .7-"CB2 oo (R™). Consider Algorithm 9.1. If
(%1,21) € argmin f (x) + g(2) + (A}, Ax + Bz — b), then

(A%! +Bz' — b,Ax? + Bz — b) < [|A%" + Bs" —b||*. (9.38)

Proof. Without loss of generality we assume that ¢; = ¢, = 0. By optimality
conditions, we have

FED— (A A —ARY) < f(x*), g(z")—(A',Bz* —Bz') < g(z%),
F(x®) — (A + t(Ax?® + Bz — b), A% — Ax?) < F(&D),
g(z%) — (A + t(Ax? + Bz® — b), Bz — Bz?) < g(zh).
By using these inequities, we get
<L(FOA)—FED+ (A A2 =A%) + 1 (g(zH) — g(z") + (A1, Bz —Bz')) +

LFGED = FGD) + (A + t(ax + Bz — b), A" —Ax?)) +
(8 —g(") + (A" + t(Ax + Bz> — b), Bz' — Bz”))

*1 +Bz! — b”2 - (Afcl +Bz' —b,Ax* + Bz —b) — 3 ||B (2 —22)||2—
||A ' —x?)+1B(z ”
Hence, we have
(A%' + Bz'! — b,Ax? + Bz> — b)
|[A%! + Bz1 — b||?
which completes the proof. ]

<1,

The next theorem establishes that the PL inequality is a necessary condition
for the linear convergence of ADMM.

Theorem 9.15. Let f € ]-"é’oo(]R”) and g € ]—'C';’OO(R’“). If Algorithm 9.1 is linearly
convergent with respect to the dual objective value, then D satisfies the PE inequality.

Proof. Consider A! € R" and £ € b—Adf*(—ATA') —Bdg*(—BTA'). Hence,
&= b—A)“c1 Bz! for some (%!,2') € argmin f (x) + g(2) + (A, Ax +Bz—b). If one
sets z2° =z and A° = A! — t(A%! + Bz! — b) in Algorithm 9.1, the algorithm may
generate A!. As Algorithm 9.1 is linearly convergent, there exist y € [0, 1) with

D(A*)—D(A*) <y (D(A")—D(AY)).
So, we have

(1—7) (D)= DY) < D(A*) — D(A!) < (Ax! + Bz! —b, A2 — A1),
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where the last inequality follows from the concavity of the function D. Since
A% — Al = t(Ax? +Bz? — b), Lemma 9.14 implies that

D(A)—D(AN) < = IEIR,
so D satisfies the PL inequality. O

Another assumption used in the literature for establishing linear convergence
is L-smoothness; see for example [NLR*15, DY16, GB16, DY17]. Deng et al.
[DY16] show that the sequence {(x¥,z* A%)} is convergent linearly to a saddle
point under Scenario 1 and 2 given in Table 9.1.

Table 9.1: Scenarios leading to linear convergence rates

Scenario Strong convexity Lipschitz continuity Full row rank

1 f.g Vf A
2 f:g vf:Vg -
3 f Vf,Vg BT

It is worth mentioning that Scenario 1 or Scenario 2 implies strong convex-
ity of the dual objective function and therefore the PL inequality is implied, see
[AdKZ23a]. Hence, Theorem 9.13 implies the linear convergence in terms of dual
value under Scenario 1 or Scenario 2. Deng et al. [DY16] studied the linear con-
vergence under Scenario 3, but they just proved the linear convergence of the
sequence {(x*,BzX,A5)}. In the next section, we investigate the R-linear conver-
gence without assuming L-smoothness of f. Indeed, we establish the R-linear
convergence when f is strongly convex, g is L-smooth and B has full row rank.

Note that the PL inequality does not imply necessarily Scenario 1 or Scenario
2. Indeed, consider the following optimization problem,

min f(x) + g(2),
s.t. x+z=0,
x,z € R",
where f(x) = %Hxll2 + ||x||; and g(2) = %Hzll2 + ||z||;. With some algebra, one
may show that D(A) = >, h(};) with
—(s—1)%, s>1
h(s)=10, Is|<1
—(s+1)%, s<-1.
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Hence, the PL inequality holds for L, = % while neither f nor g is L-smooth.

As mentioned earlier the performance estimation problem including the PL
inequality at finite set of points is a relaxation for computing the worst-case con-
vergence rate. Contrary to Theorem 9.13, we could not manage to prove the linear
convergence of primal and dual residuals under the assumptions of Theorem 9.13
by employing performance estimation.

9.5 R-linear convergence of ADMM

This section focuses on examining the linear convergence rate for ADMM from
a weaker convergence rate perspective than Q-linear which is already studied in
Section 9.4. This concept is known as R-linear convergence where R stands for
root [NW06]. Recall that ADMM enjoys R-linear convergence in terms of dual
objective value if there exists sequence {s;} € R, such that

D(AY)—D(AN) < s,

and s; tends Q-linearly to zero. It is easily seen that the linear convergence im-
plies R-linear convergence. For an extensive discussion of convergence rates see
[NWO6, Section A.2] or [BGLS06, Section 1.5] and Section 1.4.

We investigate the R-linear convergence under the following scenarios:

e (S1): f e ]—"Q,OO(R") is L-smooth with ¢; > 0 and A has full row rank;

e (S2): f e }"fl oo R™) with ¢; > 0, g is L-smooth and B has full row rank.

Under these scenarios, we could not manage to find a value of q within the
range [0, 1) that satisfies the inequality:

D(A)—D(AN*) < q(D(A")—D(AM)).

As a result, we turn our attention towards studying the R-linear convergence.
Our technique for proving the R-linear convergence is based on establishing
the linear convergence of the sequence {V*} given by

VE = Ak =A% + 2 |25 =2 (9.39)

B"

Note that V* is called Lyapunov function for ADMM and it decreases in each it-
eration; see [BPCt11]. It is worth noting Q-linear and R-linear convergence of
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ADMM have been studied under similar scenarios for some performance mea-
sures, see e.g. [DY17, GB16, NLR*15]. However, to the best of knowledge, no
existing results in the literature address the dual objective and V* under Scenario
(S1) and (S2).

First we consider the case that f is L-smooth and c;-strongly convex relative
to A. The following proposition establishes the linear convergence of {V*}.

Proposition 9.16. Let f € ]—"A oo (R™) be L-smooth with ¢; > 0, § € Fy oo(R™)

and let A has full row rank. If t <4/ ﬁ, then

Ve < (1 2l vk, (9.40)

crd+2c t+t2

where d = m

Proof. We may assume without loss of generality that x*,2z* and b are zero; see
our discussion in Section 9.2. By optimality conditions, we have

Vf(x)=—AT2", n'=-B'2"
for some n* € dg(z**1) and n* € dg(z*). Let a = 2L . By Theo-

c2d2+2c dt2—4c 2+t
rem 2.5, we get

a(t?+¢d)’ (FF) = F7+ (A7, A ) — L |JAT (2% + tAx** + B2k — 1)
2at?(c;d + t2) (f* —fx*H—2 |x"+1 Hi - (Ak + tAx* 4 thk,Axk“)) +
2%t (g(zkﬂ) _ g* + <A*,sz+1 >) + 92t (g* _ g(zk+1) _ <Ak+1,sz+l )) +

Y

a(cid*— t4)(f* — flky — ()Lk + tAx* 4 thk,Axk”>—

2)20.

As [JATA|I2 = L||A]12 and AR = Ak + tAxkH! + ¢B2*+1 we obtain the following
inequality after performing some algebraic manipulations

(1= i) (25 =2 [ 3 F) = (] = 27|+ 2 B4 ) -

t242¢; t4cyd 2 +c d
A A+ 11 1 Axk+1 1 H >0.

3 AT (A% + tAX*! + tBzk — 1)

2
Zotc1 t

The above inequality implies that

k+1 _ 2¢it ) k
14 S(l crd+2c t+t2 v

and the proof is complete. O
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Note that one can improve bound (9.40) under the assumptions of Proposition
9.16 and the u-strong convexity of f by employing the following known inequality

(FIVFE) = VEOIP +pllx —yI? = 2 (VF ()= VF(¥),x =)
< F() = F) = (VF(x),y —x).

Indeed, we employed the given inequality but we could not manage to obtain
a closed form formula for the convergence rate. The next theorem establishes
the R-linear convergence of ADMM in terms of dual objective value under the

201-7)

assumptions of Proposition 9.16.

Theorem 9.17. Let N > 4 and let A has full row rank. Suppose thatf S ]-"A oo (R™)

is L-smooth with ¢; > 0 and g € Fy oo (R™). If t < min{c,, }, then

(AAT )

D(A)—D(AM) < p (1—L)N,

crd+2cqt+t2

2cqt )_4

_ L Vo (1 2t
where d = T (AATY and p = 16t (1 crd+2c; t+t2

Proof. By Theorem 9.4 and Proposition 9.16, one can infer the following inequal-
ities,

DA —D(AN) <

1

N—4
< V (1 . 2C1 t )
16t crd+2c; t+t2 ’

which shows the desired inequality. O

In the sequel, we investigate the R-linear convergence under the hypotheses
of scenario (S2). The next proposition shows the linear convergence of {V*}.

Proposition 9.18. Let f € ]—'?1 oo(R") with ¢; > 0 and let g € F oo(R™) be L-
smooth. Suppose that B has full row rank and k > 1. If t < min{%, m},
then

k+1 L k
Vit < (L+mmm(BBT)) Ve (9.41)

Proof. Analogous to the proof of Proposition 9.16, we assume that x* =0, z* =0
and b = 0. Due to the optimality conditions, we have
ghtl = —AT (AF + AT 4 ¢B2F), & =—ATA",
vg(zk):_BTAk’ Vg(zk-l—l):_BTAk-Fl’ Vg(z*)Z—BTA*,
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for some £+ € 3f(x**1) and £ € 3f(x*). Suppose that d = m and

a= %. By Theorem 2.5, we obtain

a(d?+t?)

d2 — ¢2
d?+¢?

aElz_ 2 ) (f(xkﬂ)_f(x*)‘k<”’Axk+l>_ 3 ”ka”j)"'

a(g(z") —g" + (a7, B2 1) — L ||BT (A7 — ak+1)|") +

a(g'— g — (A, B4 ) — 5 BT (A" = 2)[) +

a(g(zk)_g(zkﬂ) n <)Lk+1’sz_sz+1>_ % ”BT (kk+1 _Ak)”Z)Jr

a (g(zk“) — g(z") + (A%, B2k — Bzk) — o ||BT (A% — Ak)”Z) > 0.

(f*_f(xk+1)_<kk T tAxR & thk:Aka)_ % ||xk+1HZ)+

By employing ||[BT 4|12 > L[IA|? and A%F! = Ak + tAx*+! + ¢BzK*1, the aforemen-
tioned inequality can be expressed as follows after some algebraic manipulation,

> 2t(d?+t%)(cd?—dt(c+)—t3)

(d2—2)?
2

—a?

4

2t? k+1 k ) pok+l
(dz_dt)Ax +Bz*—(1+%)Bz

2 3 N2
Ak —A + (de#)mk“ +(d + t)BzF*!

x|~ i

+(%) (ka 2

Hence, we have

‘e B2 ) (||/1"+1 AP +e2 ||sz+1||2) >0

vkl < (%)2 Vk,

and the proof is complete. O

As the sequence {V¥} is not increasing [BPC* 11, Convergence Proof], we have
V! < VO Thus, by using Theorem 9.4 and Proposition 9.18, one can infer the

following theorem.

Theorem 9.19. Let f € ]—'Q’OO(R”) with ¢, > 0 and let g € Fy oo (R™) be L-smooth.
Assume that N > 5 and B has full row rank. If t < min{% > m} then

2N
D)= D) < p ( ot ) - (9.42)

_ Vo L 10
where p = 15 (mem(BBT)) :
In the same line, one can infer the R-linear convergence in terms of primal and
dual residuals under the assumptions of Theorem 9.17 and Theorem 9.19. In this
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section, we proved the linear convergence of {V¥} under two scenarios (S1) and
(S2). By (9.5), it is readily seen that function —D is strongly convex under the
hypotheses of both scenarios (S1) and (S2). Therefore, both scenarios imply the
PL inequality. One may wonder that if the PL inequality and the strong convexity
of f imply the linear of {V¥}. By using performance estimation, we could not
establish such an implication.

As mentioned above, function —D under both scenarios are u-strongly convex.
Hence, the optimal solution set of the dual problem is unique and one can infer
the R-linear convergence of AN by using Theorem 9.17 (Theorem 9.19) and the
known inequality,

LAY =2 |* < D) — DAM).

9.6 Concluding remarks

In this chapter we developed a performance estimation framework to handle dual-
based methods. Thanks to this framework, we could obtain some tight conver-
gence rates for ADMM. This framework may be exploited for the analysis of other
variants of ADMM in the ergodic and non-ergodic sense. Moreover, similarly to
[KF16], one can apply this framework for introducing and analyzing new accel-
erated ADMM variants. Moreover, most results hold for any arbitrary positive
step length, t, but we managed to get closed form formulas for some interval of
positive numbers.

It is worth mentioning that ]-'fl o = ]-'Tf‘_qzcl’ oo
relative to ||.||, is assumed throughout the chapter when A is the first block of
the constraint matrix, which is fixed for a given problem. If one considers strong
convexity relative to ||.||.4, they need to modify constraints accordingly. In what

However, strong convexity

follows, we investigate two possible cases, and show that these transformations
have no influence.

Case 1. Consider the following problem

min f(x) + g(z)
s.t. TA(T'x) +Bz = b.

1

To be consistent with problem (1), we define new variable y = 77 x, and the
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problem is formulated as

min h(y) + g(z)
s.t. TAy +Bz = b,

where h is given by h(y) = f(7y). Itis seen that f is c-strongly convex relative
to ||.]|4 if and only if h is c-strongly convex relative to ||.||;4. In addition, we have
the same initial condition as (t*x*,2*, 1*) is a saddle point for the new problem.
Hence, we get same results for both formulations.

Case 2. Consider the following case,

min f(x)+ g(z)
s.t. TAx + TBz = Tb.

For this problem (x*,z*, 77'A*) is a saddle pointand f € ‘F:iqzcl,oo' Let {(x*, 2%, A%}
be the generated points via ADMM for solving Problem (9.1) with initial point
(z°,1°) and step length t. It is seen that ADMM can generate {(x*,z*, t711%)}
for solving the new problem with initial point (2°, 77*A°) and step length T—2t.
In this case, we also get the same results as

LA =A% 4+ ¢ |20 — 2|2 =

— — — 2
L= tT1—2||T 1)(,0—1' ll*“2+tf 2”20—2*

TB*
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Not what we have, but what we enjoy; constitutes our abundance.

Epicurus

Conclusion and outlook

The primary focus of this thesis has been the complexity analysis of first-order
methods. This line of investigation has far-reaching implications for researchers
and practitioners across various fields, particularly in the realm of machine learn-
ing, as first-order methods are used extensively to solve the optimization problems
that arise in real-world applications. The use of performance estimation methods
has allowed us to study the worst-case behavior of some first-order methods.
Using this methodology, we started with one of the most famous first-order
methods, the gradient descent method with fixed step length. We studied the
complexity of this algorithm over L-smooth functions and by means of Proposition
4.4 showed that the presented bound is in fact tight for some step lengths. We
show that in this case the bound is tight for step-lengths in the interval (0, %]. It
is known that the gradient descent method is convergent if the step-length lies in

(0, 2).

Open problem 10.1. Consider the class of L-smooth functions. Given the norm of
the gradient as the stopping criterion for the gradient descent method, what is the
tight bound when all step-lengths are within the interval (%, %)?

We continued to study the gradient method by providing necessary and suf-
ficient conditions so that the algorithm enjoys linear convergence, namely if the

191
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function class under the study satisfies PL inequality; see Theorem 5.8. As the
given bound under the PL inequality is not tight, an important question to be
answered is the following.

Open problem 10.2. When may a function that satisfies the PL inequality at a given,
finite set of points be extended to a function that satisfies the same PE inequality on
some open set containing these points?

We also studied the relation between this class of functions with other class of
functions; see Section 5.3.

We continued by studying the coordinate descent method, a variant of the
gradient descent method. We showed that the worst-case bounds given in the
literature are not tight for some class of functions. As the bounds we obtained
via SDP are only numerical, see Sections 6.2 and 6.3, it is important to provide
a mathematical proof as well as a closed-form formula for the given bounds. We
also studied worst case behavior of the non-linear Gauss—Seidel method as well
as the related weighed Jacobi method; see Sections 6.3.1 and 6.3.2, respectively.
Another important question might be to find interpolation constraints to find a
better bound for the randomized coordinate descent method. These constraints
not only contribute to refining the bounds for the randomized coordinate method
but also pave the way for effectively addressing other stochastic methods, such
as the widely used stochastic gradient descent method in the machine learning
community, and answers several open questions in this area.

Proceeding with the examination of gradient-based algorithms, we studied
the gradient descent-ascent method which is mainly used to find saddle points of
minimax problems. In this study, we presented a tight convergence rate for one
iteration of the algorithm for some class of functions as well as an optimal step
length based on the given bound; see Section 7.2. Moreover, we studied necessary
and sufficient conditions that the algorithm enjoys linear convergence under those
conditions; see Section 7.3. As it is mentioned, the given bound is tight only for
one iteration, this might be because of the lack of an interpolation constraint for
minimax problems.

Open problem 10.3. What are the condition(s) that a saddle-point function F(x,y),
with properties provided in Section 7.1, must satisfy for a finite set of given points to
be extended to a function with the same properties on some open set containing these
points? In other words, what is the interpolation constraint for this function class?

In Chapter 8, we delved into the Difference of Convex Functions Algorithm
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(DCA). A large class of functions may be written as the difference of two convex
functions. In our study, we provided some worst-case convergence rate for some
class of functions. We provided the worst-case convergence rate for the case that
at least one of the two convex functions is L-smooth. We showed that the order
of the given bound is tight by providing an example; see Section 8.3.1. Moreover,
we studied the convergence of DCA when both functions are non-smooth. Also,
we studied the relation between DCA and the gradient descent method in Section
8.3.3, and DCA with the proximal gradient method in Section 8.3.4. In addition,
we provided necessary conditions that DCA enjoys linear convergence.

Open problem 10.4. Is the PL inequality a sufficient condition for the DCA to have
linear convergence?

The convergence of DCA with regularization also is studied in this chapter. As
a side result of our analysis, we derived a convergence rate for proximal gradient
method. Regarding this algorithm the following important questions arise.

Open problem 10.5. What conditions must a function satisfy in order to belong to
the function class {f | f := f1 — fa, f1 € Fu 1, R"), fo € Fy, 1, (R™)}, for some
0<p; <Ljand 0 < uy < Ly? In the words, what is a (easily verifiable) sufficient
condition for f € F,, 1 (R")—F, ; (R")?

Another open problem would be the following.

Open problem 10.6. Assume a function f with its gradient vector is only specified
on a finite set of points in R". Under what condition(s) can the function f be decom-
posed as f; — fo on some open convex set containing the points, where f; and f, are
convex? In other words, what is the interpolation theorem for the class of difference
of two convex functions? In particular, are the usual interpolation conditions for f;
and f, enough?

In the last chapter of the thesis, we studied convergence rate for the alternat-
ing direction method of multipliers (ADMM). We studied the convergence rate of
the algorithm for different class of functions. We derive new non-ergodic conver-
gence rates for ADMM and showed that the given bound are tight by providing
a worst-case example; see Section 9.3. In a similar vein, we also examined the
conditions that the algorithm enjoys linear convergence under those conditions,
namely PL inequality that is shown as necessary and sufficient condition for linear
convergence of the algorithm; see Section 9.4. Moreover, we study the R-linear
convergence of ADMM under two new scenarios; see Section 9.5. It is important
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for future research to study the convergence rate of ADMM for long-step sizes and
find the optimal step-length by the provided bound.

Open problem 10.7. Is ADMM convergent for long step-sizes? If so, what are the
optimal step-sizes for ADMM?

To the best of our knowledge, the accelerated version of ADMM is not studied
very deeply. Most of the researchers just use the same step-length as the step-
length given for the accelerated gradient method.

Open problem 10.8. What is the optimal step-length for the accelerated ADMM?

It is worth mentioning that, as our analysis does not depend on the dimension
of the problem n, the most of our results hold on any Hilbert space equipped with
an appropriate inner-product.

Likewise, to offer a viewpoint for subsequent investigations, besides the pos-
sible research topics that are mentioned earlier in this chapter or referenced in
the final segments of each chapter for the algorithm under the study, additional
areas of study that may hold potential for future exploration. As we derived con-
vergence rate of the proximal gradient method from the convergence rate of the
DCA, studying the relation of the algorithms and deriving convergence rate of al-
gorithms using other algorithms is very interesting research topic. As we studied
the convergence rate of the algorithms with fixed step length for a bounded step
length, it is shown in practice and, in some cases in theory, that the convergence
rate can be improved for considering a periodic long step regime. Therefore, for
algorithms like the descent ascent method it can be very interesting topic as well
as studying accelerated version of this algorithm. Moreover, there are some algo-
rithms that are not studied using performance estimation method or the known
bound is not tight, e.g., the Chambolle-Pock algorithm [CP11], studying their con-
vergence rate also can be interesting. At the end, in Table 10.1, we present a
summary of the main results presented in the thesis.
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Table 10.1: The summary of the main results on the convergence rates presented

in the thesis

Method Function class Analytical Rate of convergence Proven tightness
Gradient descent method L-smooth o Yes (Thm. 4.3) Sub-linear For some cases (Prop. 4.4)
L-smooth satisfying .
. . Yes (Thm. 5.4) Linear No
PL inequality
L- th N - N
Coordinate descent method Smoo . ° °
Quadratic No - No
. . L-smooth No - No
Randomized coordinate
p-strongly convex L-smooth No - No
descent method .
Convex quadratic No - No
Gradient descent-ascent Strongly convex-strongly concave smooth | Yes (Thm. 7.2) Linear For some cases (Prop. 7.4)
thod C; - th satisfyi
metho onvex .concav.e smooth satisfying Yes (Thm. 7.9) Linear No
quadratic gradient growth
. smooth Yes (Thm. 8.6) Sub-linear For some cases (Ex. 8.8)
Difference of convex .
) Nonsmooth Yes (Thm. 8.12) Sub-linear No
algorithm (DCA) P . . :
Smooth satisfying PL inequality Yes (Thm. 8.20) Linear No

ADMM

Strongly convex

Strongly convex with dual satisfying PL
One function is smooth and strongly
convex the other one is convex

One function is strongly convex the other
one is smooth

Yes (Thm. 9.4, 9.6, 9.8)
Yes (Thm. 9.13)

Yes (Thm. 9.17)

Yes (Thm. 9.19)

Sub-linear
Linear

R-linear

R-linear

Yes (Ex. 9.5, 9.7, 9.9)
No

No

No
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Appendices

A.1 Nonnegativity of multipliers in Theorem 7.2

Recall that, in the proof of Theorem 7.2, v is defined by
_ t(2(2+L2+Lp) —tBL+u+L—1)/ (Lt-+pr—2)*+42+2)

V(L t+pt—2)>+4t2

Y1

Since t is nonnegative, we only need to prove that

P1:=202=3Lt —ut + (Lt —1)/(Lt + ut —2)2 + 462 + L2t + Lut® + 2
is nonnegative. We show that the following optimization problem is lower bounded

by zero,

min
Lip 11

s.t. L>u,u>0,t>0,

where L, t,u are decision variables. First we consider the case that Lt —1 < 0.
We have the following optimization problem

nLlin(OI<niLlL 2% + L26% 4+ Lut? — 3Lt — it + (Lt — 1)/ (Lt + ut —2)2 + 412 +2)
ot <u<

s.t. Lt <1,L>u,t>0. (A1)
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The function 7, is concave in u, therefore, we just consider u =0 and y = L.
First we consider the case that u = 0. By substituting u = 0 in 7; we have

}71:2t2+(Lt—1)(Lt—2+ \/(Lt—2)2+4t2).

We argue that the above function is nonnegative on the feasible set of problem
(A.1). By a conjugate multiplication of Lt —2 + +/(Lt —2)% + 4t2 one has

" :2t2(1— 2(1—Lt) )
! 2—Lt)++/(Lt—22+4c2)’

since (2 — Lt) + +/(Lt—2)2+4t2 > 2(2 — Lt) we conclude that

2(Le—1) . 0 .
< <
0< o Jiorae = 1 which proves 7, is nonnegative.

Now we consider the case that yu = L. By substituting u = L we have

71 =262+ 2L%t%2 — 4Lt + 2(Lt — 1)/ (Lt —1)2 + t2 4+ 2.

Now we show that %?1 =t2+(Lt—1) ((Lt —1D)++/(Lt—1)2+ t2) is nonnegative
on the given set. Note that, again by conjugate multiplication,

7 =t2(1— 1-L0) )
! (1—Lo)++/Ti—12+2)

which always is nonnegative due to the nonnegativity of (1 —Lt).

N | =

Now we consider the case that tL —1 > 0. We have

71 =262+ L2t> + Lut® = 3Lt —ut + (Lt —1)4/(Lt + put —2)2 + 4t2 4+ 2
>2t2 4+ 122+ Lut? —3Lt —pt + (Lt —1)|Lt + ut — 2| + 2.
Here, we need to consider two sub-cases. Firstly, when 2 — Lt — ut > 0, we have
202+ 122 + Lut? —3Lt —ut + (Lt —1)(2— Lt —ut) +2— =22 > 0.
If Lt + ut —2 >0, we have
202 + L2t2 + Lut? — 3Lt —pt 4+ (Lt —1)(Ltut —2) + 2
=(Lt—2P+(L—u)t+t>+Lut>>0,

which completes the proof.
To show that y, is nonnegative we follow the same procedure. Recall the
definition of v,

t(t2(2+u2+Lu)—t(3,u+L)+(1—ut) V/ (Lt+ut—2)2+4t2+2)

V(L t+pt—2)>+4t2

Yo =
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We define 7, as

?22t2(2+,u2+L,u)—t(3,u+L)+(1—,ut)\/(Lt+ut—2)2+4t2+2.

Due to t > 0, we only need to show that 7, is nonnegative. To this end, we show
that the following optimization problem is lower bounded by zero.

{11[11‘} P9 = t2(2+,u2+L,u)—t(3,u+L)+(1—,ut)\/(Lt+,ut—2)2+4t2+2
s.t. L>u,u=>0,t=>0.
First we consider the case that 1 — ut > 0. We have
Po=t?(2+p2+Lu)—t@Bu+L)+(1—ut)|Lt+put —2|+2.

We consider two sub-cases. Firstly, Lt + ut —2 > 0:

s =t2(2+,u2+Lu)—t(3,u+L)+(1—ut)\/(Lt+ut—2)2+4t2+2
>t2(2+p2+Lp)—tBu+ L)+ (1 —ut) (Lt +ut —2)+2=2t>>0.

Now assume that Lt + ut —2 < 0.

s :t2(2+u2+Lu)—t(3u+L)+(1—ut)\/(Lt+ut—2)2+4t2+2
>t2(2+p?+Lp)—tBu+L)+(1—pt)(2— Lt —ut) +2
=2((ut—1)*+ (2 —put —Lt) +uLt*+t*) > 0.

Now we consider the case that 1 —ut < 0.

min[ min P, =t?2(24+u?+Lu)—t@Bu+L)+ (1 —ut)V (Lt +put —2)* +4t2 +2
Po=0?(2+p°+Lu n n u

Lo\ psrst

s.t. ut>1,u>0,t=>0.

Note that 7, is concave with respect to the variable L. Therefore, we should study
the boundaries of L. If we set L = u we have

7o =202 + p2t? —2ut + (1 —ut) /(ut —1)* + t2 + 1)
=2t2 4+ 2(ut — D((ut —1) — 4/ (ut — 1) + t2).

By conjugate multiplication, we have

t—1
79 =2t2 (1— (ne=1) ) > 0.

ut—1+ 4/ (ut —1)2+t2



https://s.t.xn--t-lmb/

200

By L < 2t e can see that L < 2 . Setting L = =

A

To =—ut + 2t% + p2t2 + (1 — ut) 4/ 4t2 + p2t2

0,2 2(ut—1)
=2t 1— > 0.
ut + +/ pu?t? + 4t2

This completes the proof.

A.2 Identity used in the proof of Theorem 7.2

The proof of Theorem 7.2 requires the following identity, that may be verified
through direct (symbolic) calculation:

2
—a(llf + )+ (P - {na0) -
(162 - G o~ 2463 - 62, —)) )+ o0 - o0

(620, i (3 028 =629+ o~ 2 (627~ :0,19)) ) a2

[0 eG20]F + 0+ e

F" -0 u)( la2*|” +““x0” (6, )‘H’l( *—F% (6%, x%) —

i (302 I+l - ) (0 =0 (60°,3) - iy
(o= + bl < >)) (<>
e et (et ) Gt

cesteler —%“<G;°,—y°>))+n(—F*’*+F*’°+<G;°,—y°>—
st s [ + o= (-300) ) v (I - g -] )+

o (I =) v el = o2 a2 F) v (I ~ oz

=~ [[x° = 5620 — £5(G> — G20)||” — ¢4 || 620 — 6% — G2°|* —

2
0,0 __ 0% _ %, _ %0 _ A0
Gy g3(Gy Gy Gy Gy
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where &3, 3, {3, {4 are given by

(= e (UL - 200 4 (14 e+ ) -2),

L—u
(L2 L—pPep) p—LPe(LtAut—3)—(LA+w) (p? 2 —2ut +20242) +pt
(=~ 202(L+w)2(Lu+1)—8Lut(L+u)+8Lu >
(L2 4+6Lp+p?) =262 (L) (Lu+1)—(L—p)B—2(L+u)
{3 =— 262(L+w)2(Lu+1)—8Lut(L+u)+8Lu >
_ t(B+Lt—pt)?
C4= "a-wp

Note that {4, {4 > 0, as required.

A.3 Proof for positive semidefniteness of the matrix pre-
sented in Theorem 9.6

Lemma A.1. Let N > 4 and t,c; € R. Let D(t,c;) be N x N symmetric matrix given
in Theorem 9.6. If ¢; > 0 is given, then

[0,c;] € {t:D(t,cq) = 0}.

Proof. The argument proceeds in the same manner as in Lemma 9.2. Due to the
convexity of {t : D(t,c;) = 0}, is sufficient to establish the positive semidefinite-
ness of D(0,c;) and D(cy,c¢;). As D(0,c;) is diagonally dominant, it is positive
semidefinite. Next, we proceed to demonstrate the positive definiteness of the
matrix K = D(1, 1) by computing its leading principal minors. One can show that
the claim holds for N = 4. So we investigate N > 5. To accomplish this, we
perform the following elementary row operations on matrix D:

i) Add the second row to the third row;
ii) Add the second row to the last row;
iii) Add the third row to the forth row;
iv) Fori=4:N—2

* Add i—th row to (i + 1) — th row;

e Add times of i — th row to the last row;

2231

v) Add % times of (N — 1) — th row to N — th row.
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By executing these operations, we transform K into an upper triangular matirx J
with diagonal

2) k:].
Jek =1 2k*—3k—1, 2<k<N-1

2 N2 (2N2—8N+9)? N—2 (i—3)> _
2N"—7N +8— (N-1)2~ "2N2-7N+4 _Zi:4 ssi-1» K=N.

It is seen all first (N — 1) diagonal elements of J are positive. We show that Jy y
is also positive. By using inequality (9.15), we get

N2 2N2—8N+92 N—-2 ._32
ON2—7N +8— _( )_Z (=37

(N—1)2 2N2—7N + 4 i=4212_3l_1
2N?—7N+8—2 —(2N?—-8N+9) - 2 -1+%4>5- % >0,

for N > 5, which implies Jy y > 0. Hence, D(cy, ¢;) = 0 and the proof is complete.
O



Summary

Academic Summary

This thesis presents a comprehensive analysis of the convergence rates and perfor-
mance of iterative optimization algorithms used in machine learning. Focusing on
gradient descent and other first-order methods, the study introduces novel theo-
retical insights on convergence rates of several methods by utilizing Performance
Estimation Problems (PEPs) formulated as semidefinite programming problems.
Key contributions include the establishment of exact worst-case convergence rates
and conditions under which these methods achieve linear convergence. This
work not only deepens the theoretical understanding of several optimization algo-
rithms, but also guides practical applications in machine learning where efficient
data processing is crucial.

Summary for Non-Experts

This thesis investigates how certain mathematical methods, known as iterative
optimization algorithms, where the best option must be chosen among feasible
alternatives. Specifically, it explores how quickly these methods can reach re-
liable conclusions. The study introduces and improves mathematical tools and
theories that help predict the performance of these algorithms, focusing on those
that use a technique called gradient descent. This research is important because it
helps improve the efficiency of algorithms that process vast amounts of data, mak-
ing them faster and more effective in applications like image recognition, voice
recognition, and other Al technologies.

203



204

Academische Samenvatting

Dit proefschrift presenteert een uitgebreide analyse van de convergentiesnelheden
en prestaties van iteratieve optimalisatie-algoritmen die gebruikt worden in ma-
chine learning. De studie richt zich op gradiéntafdaling en andere methoden van
de eerste orde, en introduceert nieuwe theoretische inzichten in de convergen-
tietempo van verschillende methoden door gebruik te maken van prestatieschat-
tingsproblemen (PSP’s), geformuleerd als semidefiniete optimalisatieproblemen.
Belangrijke bijdragen omvatten het vaststellen van exacte convergentietempo’s
in het slechtste geval en de omstandigheden waaronder deze methoden lineaire
convergentie bereiken. Dit werk verdiept niet alleen het theoretische begrip van
verschillende optimalisatie-algoritmen, maar faciliteert ook praktische toepassin-
gen in machine learning waarbij efficiénte dataverwerking cruciaal is.

Samenvatting voor Niet-Experts

Dit proefschrift onderzoekt bepaalde wiskundige methoden, bekend als iteratieve
optimalisatie-algoritmen, die zich bezighouden met het kiezen van de beste op-
tie uit haalbare alternatieven. Het onderzoekt wijst hoe snel deze methoden
betrouwbare conclusies kunnen bereiken. De studie introduceert en verbetert
wiskundige hulpmiddelen en theorieén die de prestaties van deze algoritmen
helpen voorspellen, met een nadruk op technieken zoals gradiéntafdaling. Dit on-
derzoek is belangrijk omdat het de efficiéntie van algoritmen verbetert die grote
hoeveelheden gegevens verwerken, waardoor ze sneller en effectiever worden in
toepassingen zoals beeldherkenning, spraakherkenning en andere Al-technologieén.



(y, us)-quasar-convex, 79
L-smooth function, 20
L-smooth functions, 2
L-smoothness, 128
Q-convergence, 4
Q-linearly convergent, 4
Q-super-linearly convergent, 4
R-convergence, 4
R-linear convergence, 184
u-strongly convex L-smooth
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Fenchel’s duality theorem, 20
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Strong duality, 25
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