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Abstract

Optimization problems occur in many areas in science and engineering. When the
optimization problem at hand is of large-scale, the computational cost of the op-
timization algorithm is a main concern. First-order optimization algorithms—in
which updates are performed using only gradient or subgradient of the objective
function—have low per-iteration computational cost, which make them suitable for
tackling large-scale optimization problems. Even though the per-iteration computa-
tional cost of these methods is reasonably low, the number of iterations needed for
finding a solution—especially if medium or high accuracy is needed—can in prac-
tice be very high; as a result, the overall computational cost of using these methods
would still be high.

This thesis focuses on one of the most widely used first-order optimization algo-
rithms, namely, the forward—backward splitting algorithm, and attempts to improve
its performance. To that end, this thesis proposes novel first-order optimization al-
gorithms which all are built upon the forward—backward method. An important fea-
ture of the proposed methods is their flexibility. Using the flexibility of the proposed
algorithms along with the safeguarding notion, this thesis provides a framework
through which many new and efficient optimization algorithms can be developed.

To improve efficiency of the forward—backward algorithm, two main approaches
are taken in this thesis. In the first one, a technique is proposed to adjust the point at
which the forward—backward operator is evaluated. This is done through including
additive terms—which are called deviations—in the input argument of the forward—
backward operator. The deviations then, in order to have a convergent algorithm,
have to satisfy a safeguard condition at each iteration. Incorporating deviations pro-
vides great flexibility to the algorithm and paves the way for designing new and
improved forward-backward-based methods. A few instances of employing this
flexibility to derive new algorithms are presented in the thesis.

In the second proposed approach, a globally (and potentially slow) convergent
algorithm can be combined with a fast and locally convergent one to form an effi-
cient optimization scheme. The role of the globally convergent method is to ensure
convergence of the overall scheme. The fast local algorithm’s role is to speed up the
convergence; this is done by switching from the globally convergent algorithm to
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the local one whenever it is safe, i.e., when a safeguard condition is satisfied. This
approach, which allows for combining different global and local algorithms within
its framework, can result in fast and globally convergent optimization schemes.
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1

Introduction

Mathematical Optimization, which is a branch of applied mathematics, appears in
many areas in science and engineering such as artificial intelligence [Le et al., 2011;
Sra et al., 2012], statistics [Everitt, 2012], finance [Gilli et al., 2019], control [Darup
et al., 2019; Giselsson and Rantzer, 2014], and transportation [Perea-Lopez et al.,
2003; Yin, 2002], to mention a few. Due to the advancements in providing compu-
tational power, methods for large-scale mathematical optimization play a vital role
in many applications involving massive amounts of data. Nowadays, mathematical
optimization is viewed as a pivotal element in many modern machine learning and
data science applications.

Mathematical optimization can be used to effectively answer decision-making
or prediction questions; whether it is tuning the weights of a deep neural network
to find a predictive model, route planning for logistic trucks, or devising the relative
weights of a selection of equities in an investment portfolio to maximize the return
while maintaining a tolerable risk level.

A mathematical optimization problem consists of an objective (loss) function
and decision or optimization variables (or simply variables) which are possibly
subject to some constraints. The objective function—which we wish to either mini-
mize or maximize—provides a means to quantitatively measure the performance of
a system under study. The objective function itself can consist of a combination of
various quantitative measures of performance and depends on particular attributes
or properties of the underlying system. Each of theses attributes can be represented
by a decision variable. The decision variables are often confined to take values from
certain ranges or sets. Such restrictions on the decision variables are called con-
straints. For instance, in a deep learning based classifier we may have a categorical
cross entropy error as the objective function, the weights (and biases) of the net-
work as variables, and enforcing the absolute values of the weights to be less than
a certain value as the constraint; in route planning for logistic trucks, the objective
function can be overall fuel consumption of the fleet of trucks, fuel consumption
and travelling time of each truck can be seen as decision variables, and restricting
the permissible fuel consumption of each logistic truck to a full tank may be con-
sidered as constraints; in an investment portfolio optimization, we may consider the
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Chapter 1. Introduction

local minimum
local/global minimum global minimum

Figure 1.1: (left) a convex function where local minimum is a global minimum
as well; (right) a non-convex function with a local minimum that is not a global
minimum.

expected return (profit) as the objective function, the weight (or number of units) of
each equity as the decision variables, and having the weighted sum of the monetary
value dedicated to each equity less than or equal to the total asset (capital) under
management as a constraint.

The goal in an optimization problem is to find the decision variables that opti-
mize the objective function while satisfying the constraints. Such a variable is called
a solution to the optimization problem. Depending on the formulation of mathe-
matical optimization problems, they can be categorized as convex or non-convex
optimization problems. For convex optimization problems, any local minimum (op-
timum) is a global minimum as well; however, this is not the case for non-convex
problems (a global minimum is a point at which the objective function value is less
than or equal to that of all other points; whereas, the function value at a local min-
imum needs to be merely less than or equal to that of its neighboring points; see
Fig. 1.1). The theory around convex optimization is vast and well-developed, as a
result, a convex optimization problem can often be solved to global optimality.

After formulating the optimization problem, an optimization algorithm can be
used to solve it. Most optimization algorithms are iterative. Given an initial guess
of where an optimal point is, iterative optimization algorithms generate a sequence
of iterates (points) that, under some conditions, converges to a solution of the op-
timization problem. There exist a variety of optimization algorithms that can be
used for solving an optimization problem. However, some may exhibit better per-
formance compared to the others. In fact, each class of optimization algorithms is
tailored towards particular categories of optimization problems. Selecting unsuit-
able algorithms for solving the problem at hand could result in a poor performance
and the algorithm may even fail to find a solution.

Many optimization algorithms for solving convex optimization problems can be
categorized as first- or second-order methods. A first-order algorithm uses merely
the first-order information, i.e., the information on the gradient or—in case of non-
differentiablity—subgradient of the objective function. On the other hand, second-
order algorithms require also second-order information, i.e., information on the
second derivative (Hessian) of the objective function. Therefore, generally speak-
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1.1 Outline

ing, first-order optimization methods have lower computational complexity, which
makes them more suitable and efficient for solving large-scale optimization prob-
lems; however, smaller problems can be solved very efficiently using second-order
algorithms.

Monotone operator theory is an area of nonlinear analysis that has applications
in many fields such as partial differential equations, variational inequalities, math-
ematical economics and, in particular, optimization [Borwein, 2010; Combettes,
2018; Minty, 1969; Ryu and Boyd, 2016]. Many convex optimization problems can
be cast as finding a zero of a sum of monotone operators. The framework of mono-
tone operators provides a unifying tool for derivation, analysis, and understanding
of a variety of first-order convex optimization algorithms.

In this thesis, the focus is on first-order algorithms for convex optimization prob-
lems which are viewed through the framework of monotone operators theory. This
framework is used to both develop families of novel optimization algorithms and
improve performance of some of the existing first-order optimization methods.

1.1 Outline

The thesis consists of two main parts. The first part provides a background for non-
experts in the field and the second part contains the collection of papers that is the
main part of the thesis.

The remainder of this chapter, as well as chapter 2, are dedicated to introduc-
ing basic notions and definitions along with some relevant fundamental algorithms.
Chapter 3 lists the papers that are included in the thesis along with the contributions
of the authors of each paper

1.2 Notations and basic definitions

In this section, after introducing the notations, we present some fundamental notions
related to convex analysis followed by basic concepts from set-valued analysis.

Notation

The set of real numbers and the d-dimensional Euclidean space are respectively
denoted by R and RY. The extended real line is defined as R := RU {+o0}. 7 and
¢ denote real Hilbert spaces that are equipped with inner products and induced
norms, which we denote by (x,y) and ||x|| = 1/ {x,x), respectively.

The adjoint operator of a linear bounded operator L : 5 — ¢ is denoted by
L* satisfying (Lx,y) = (x,L*y) for all x € 5 and y € J¢. A linear and bounded
operator L : 7 — S is called self-adjoint if (Lx,y) = (x,Ly) for all x,y € 5.
A linear, bounded, and self-adjoint operator M: ¢ — ¢ is said to be strongly
positive if there exists some ¢ > 0 such that (x,Mx) > ¢||x||* for all x € 7. We
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Chapter 1. Introduction

denote the set of linear, bounded, self-adjoint, and strongly positive operators on

Sy M(H).

Convex analysis

A set S C S is convex if x,y € S implies Ox+ (1 —0)y € S for all 6 € [0, 1]. The
empty set 0, singletons (sets that contain only one element), and R? are examples
of convex sets. For the convex set S, the line segment connecting any two points in
S, lies within S; see Fig. 1.2.

Figure 1.2: (left) a convex set; (right) a non-convex set.

The (effective) domain of a function f : 7 — R is defined as
dom(f) :={x€ 2 : f(x) < 4oo}.

A function f : # — R is proper if its effective domain is nonempty. The epigraph
of a function f : .2 — R is the set of points above its graph, which is formally
defined as

epi(f) :={(x,00) € ' xR : f(x) < o}.

A function is said to be closed or lower semi-continuous if its epigraph is a closed
set. A function f : # — R is a convex function if for all x,y € 7 and 6 € [0, 1]

F(0x+(1-0)y) <O0f(x)+(1—0)f(y).

Alternatively, we say a function is convex if its epigraph is a convex set; see Fig. 1.3.

Figure 1.3: (left) epigraph of a convex function; (right) epigraph of a non-convex
function.
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1.2 Notations and basic definitions

Set-valued analysis and operators
Let 27, %, and & be nonempty subsets of the real Hilbert space ., and let 2%
denote the power set—the set of all subsets—of 2". An operator 7T is said to be
a mapping or an operator from 2" to ¢ if it maps every point in 2~ to a point
Tx=T(x)in % . Thisisdenotedas T : £ — ¥

In what follows we present some basic notions that are frequently used through-
out the thesis.

The set-valued operator A : 2" — 2% maps every point x € 2 to a (potentially
empty) set Ax C % . For a given set S C .27, we define A(S) := U,cgAx. The graph
of an operator A : 2~ — 27 is defined by

gra(A) ;== {(x,u) € Z x ¥ :u € Ax}.

An operator is uniquely characterized by its graph. The domain and range of an
operator A : 2 — 27 are respectively defined by

dom(A) :={x € Z :Ax # 0},
ran(A) :=A(Z").

Scaling, summation, and composition are other notions that are frequently used for
operators. Given A : 2" — 27 B: 2 — 27 and A € R, we define A + AB as

gra(A+AB) :={(x,y1 +Ay2) € Z X ¥ :y; € Ax,ys € Bx}.

GivenA: 2 — 2% and C: % — 27, the composition C oA is defined via its graph
as
gra(CoA) :={(x,z) € £ x Z :Jysuch that y € Ax,z € Cy},

or alternatively, it can be defined as (CoA)x = C(Ax) = U;ea, Cy for all x € 2.
The identity operator is denoted by Id and defined as

Id := {(x,x) : x € H}.

The inverse operator of A : 2" — 2% is denoted by A~'% — 2% and defined via
its graph as
gra(AY) == {(u,x) € ¥ x X : (x,u) € gra(A)}.

Observe that, by this definition, we have (A~!)~! = A, and thus, dom(A) =ran(A~!)
and ran(A) = dom(A~"). The zero set of an operator A : 2" — 2% is defined as

zer(A) =A"1(0):={x € 2 : 0 € Ax}.

A mapping T : 5 — S is said to be L-Lipschitz continuous (with L > 0) if for
all x,y € 7
1Ty = Tx|| < Ly —x]|.
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Chapter 1. Introduction

An operator T : 7 — S is nonexpansive, if it is 1-Lipschitz continuous. If the
mapping T :  — S is Lipschitz continuous with Lipschitz constant L < 1, we
say that it is a contractive mapping or a contraction. We say that an operator T :
S — A is a-averaged with a € (0,1) if

T=(1-a)ld+aN

for some nonexpansive operator N.
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2

Background

This chapter, besides collecting some basic concepts and definitions that are needed
for the rest of the thesis, describes our approach towards solving convex optimiza-
tion problems. More specifically, some notions and definitions from the areas of
fixed-point theory, convex analysis, and theory of monotone operators which this
thesis relies on, are presented. This chapter merely touches upon the surface of
these subjects and to the extent that provides sufficient background for the rest of
the thesis. For a technically in-depth treatment of these subjects, interested readers
are referred to textbooks on convex optimization, monotone operator theory, and
iterative methods, for instance [Bauschke and Combettes, 2017; Boyd and Vanden-
berghe, 2004; Kelley, 1999; Rockafellar, 1970; Ryu and Yin, 2022].

2.1 Fixed-point iterations

We say x € 7 is a fixed point of a mapping T : 5 — S if x = Tx. The set of fixed
points of T is denoted by fix(7T") and defined as

ix(T) ={x € 5 : x=Tx}.

Observe that the fixed-point set of T is identical to the zero set of its fixed-point
residual mapping 1d —T, that is, fix(T) = zer(Id —T).

The literature on iterative methods for finding a fixed point of a mapping
T . 5 — 5 is rich and extensive [Berinde and Takens, 2007; Kelley, 1995; Kel-
ley, 1999]. In this section, we consider Picard, Krasnosel’skii-Mann, and Halpern
iterations, which are widely used iterations in optimization frameworks.

Picard iteration
Given xo € # and a mapping T,

X1 = Txp, forallm e N

17



Chapter 2. Background

is called a fixed-point iteration which sometimes is referred to as the Picard it-
eration. This algorithm, in general, even for nonexpansive 7 is not guaranteed to
converge. A classical example to show that is the two-dimensional rotation operator

R — cos® —sinb
= |sin® cos@ |’

with 6 # 2km where k is an integer number. For Ry, given xo # 0, its only fixed
point x* = 0 cannot be found using the Picard iteration. Nevertheless, if fix(7') is
nonempty, under some suitable assumptions on 7', the Picard iteration is guaranteed
to find a fixed point x* € fix(T). More specifically, the Picard iteration is guaranteed
to weakly converge to a fixed point of the mapping T if it is either a contractive or
an averaged mapping [Ryu and Boyd, 2016]. Note that contractivity is considered a
strong assumption in many optimization settings, however, averagedness is a milder
assumption and is quite common.

Krasnosel’skii-Mann iteration
Given xo € ¢ and a nonexpansive operator T, the algorithm of Krasnosel’skii—
Mann is given as

Xnt1 = (1 — a)xy + 0, Txy, foralln € N

where o, € [0,1]. If fix(T') is nonempty, under some appropriate assumptions on
(0),cn» the sequence of iterates generated by this algorithm converges weakly
to a fixed point of T [Bauschke and Combettes, 2017, Theorem 5.15]. The Kras-
nosel’skii—Mann iteration can be viewed as a generalization to the Picard iteration,
as with o, = 1 it reduces to the Picard iteration.

Observe that it is possible to find a fixed point of the nonexpansive operator
T by first a-averaging it—with o € (0,1)—and then, using the Picard iteration
on the resulting averaged operator. This approach is equivalent to using 7 in the
Krasnosel’skii—-Mann iteration with ¢, = o and for all n € N.

Halpern iteration

Given xp € .7 and the nonexpansive operator 7', the Halpern iteration reads as
Xntr1 = (1 —ap)xo + 04, Txy, foralln € N

where o, € (0,1). If fix(T) is nonempty, under some suitable assumptions on

() ,ery» Halpern iteration converges strongly to a x* € fix(7') [Bauschke and Com-

bettes, 2017, Theorem 30.1].

2.2 Convex optimization

An optimization problem of the form

minimize  fy(x) 2.1
xeS

18



2.2 Convex optimization

where fy(x) : # — R is a convex function and S C J# is a convex set is called a
convex optimization problem. The function f is called the objective function or the
cost function and x is referred to as the optimization variable or the decision vari-
able. We refer to the set S as the feasible set or the constraint set of the problem.
If the set S is the whole Hilbert space 7, then the problem is said to be uncon-
strained, otherwise, the problem is constrained. A point x* € S is a solution to the
optimization problem (2.1), if fo(x*) = p* where

p* =inf{fo(x):x € S}.

The set of all solutions to the optimization problem (2.1) is called its solution set.

In this thesis, we consider a formulation of optimization problems that is slightly
different compared to the one given by (2.1). This formulation is known as the
composite form and is introduced in the following section.

Composite form of optimization problems

In this thesis, we consider optimization problems of the form

migé%ze flx)+g), (2.2)

where f: 7 — R is a convex and smooth function and g : # — R is a convex
and potentially non-smooth function. The function f is said to be B-smooth, if its
gradient Vf is B-Lipschitz continuous. This formulation of convex optimization
problems is more common in the setting of first-order optimization algorithms. Note
that the optimization problem given in (2.1) can be cast in the form of (2.2) as well.
For that, we can encode the constraint x € S into the formulation of problem (2.2)
using the notion of indicator function. The indicator function of a set S € J7 is
denoted by 15 : # — R and defined as

0, xes,
15(x) = o, x¢S

Note that if the set S is convex, then ig is a convex function. Therefore, setting
f(x) = fo(x) and g(x) = 15(x) in the optimization problem (2.2) makes it equivalent
to problem (2.1).

The optimality condition of problem (2.2) can be defined based on the notion
of subdifferential operator. The subdifferential of a proper function f : 7 — R ata
point x € J# is denoted by d f(x) and defined as

Af(x)={s€H: f(y) = f(x)+(s,y—x), forallyeZ}.

Observe that by definition, d f is a set-valued operator, which is defined from 57 to
its power-set 277, For a differentiable function f, df(x) is equal to {Vf(x)}, and
thus, it is a single-valued operator.
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Chapter 2. Background

By Fermat’s rule [Bauschke and Combettes, 2017, Theorem 16.3], a point x* is
a solution to the optimization problem (2.2) if and only if it satisfies the optimality
condition

0€d(f+g)(). (2.3)

2.3 Monotone inclusions

In this section, after introducing some notions, the general definition of a monotone
inclusion problem and an approach to solve it are presented. Next, a specific class
of monotone inclusion problems that is studied in this thesis, a standard approach
for solving it, and examples of its applications are presented.

DEFINITION I —MONOTONE OPERATOR
An operator A: 7 — 27 is said to be monotone if for all (x,u), (y,v) € gra(A),

(u—v,x—y) >0. O

For instance, the identity operator and the subdifferential of a proper function are
monotone operators.

DEFINITION 2—MAXIMAL MONOTONICTY

A monotone operator A: 7 — 27 is maximally monotone if there exists no mono-
tone operator B: .# — 27 such that gra(B) properly contains gra(A). o

A monotone operator A: J# — 27 is maximal if and only if ran(Id+A) = 7.
This is known as Minty’s theorem [Minty, 1962]. For example, the subdifferential
of a convex, closed, and proper function is maximally monotone.

DEFINITION 3—COCOERCIVE OPERATOR
An operator T: 5 — I is %-cocoercive with respect to the metric ||-||,, with
B>0and M € # (), if for all x,y € I,

1
(Tx—Ty,x—y) > BHTX—TyIIfWI. O

Since cocoercive operators are monotone and Lipschitz continuous [Giselsson,
2021], they are maximally monotone, as well [Bauschke and Combettes, 2017,
Corollary 20.28]. When the cocoercivity is considered with respect to the canon-
ical norm, i.e., when M = Id, we do not mention the underlying metric; that is, it
is merely said that the operator at hand is %-cocoercive (note that cocercivity with
respect to one metric implies cocoercivity with respect to other metrics, as well).
For instance, the gradient of a smooth convex function is a cocoercive operator. In
fact, a convex differentiable function f is B-smooth if and only if its gradient V f is
%-cocoercive. This result is recognized as the Ballion—-Haddad theorem [Bauschke
and Combettes, 2017, Corollary 18.17].
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2.3  Monotone inclusions

DEFINITION 4—PROXIMAL OPERATOR
Given a function f: .# — R, the proximal operator of f at z € ./ is defined as

prox (z) :argmin{f(x)+;||z—x||2}, a

xeH

For a convex, closed, and proper function f, the argmin uniquely exists, and thus,
the proximal operator is single-valued.

DEFINITION 5—RESOLVENT OPERATOR

The operator (Id+yA)~! is called the resolvent operator of A and is denoted by
JyA- O
The resolvent of a maximally monotone operator A is single-valued and %—averaged.
In addition, if A is maximally monotone its resolvent has a full domain, that is,
dom(Jy4) = ran(Id+yA) = J. For a convex, closed, and proper function f we
have prox, = Jy.

Monotone inclusion and proximal point algorithm
The problem of finding x € J# such that

0 € Ax, (2.4)

where A: 7 — 27 is a monotone operator, is called a monotone inclusion prob-
lem. This type of problem is closely related to convex optimization problems. For
instance, the optimality condition of problem (2.2) is a monotone inclusion prob-
lem of the form above with A = d(f + g). Therefore, the techniques that are used to
solve monotone inclusions, can be utilized to find solutions to convex optimization
problems.

The problem of finding zeros of the maximally monotone operator A can be cast
as the problem of finding fixed points of an associated mapping. For that, letting
Y > 0 and x € JZ, from the monotone inclusion (2.4), we obtain

0cAx << 0€eyAx
— xex+yAx=(Id+yA)x
= x=(Id+yA) x=Jpu(x)

where in the first equivalence, both sides of the inclusion are scaled by 7; in the
second equivalence, x is added to both sides; and in the last one, the single-valued
operator (Id+7yA)~! is applied to both sides of the inclusion.

As seen above, the zeros of A are the fixed points of the operator J,4, hence, in
order to find a solution to the inclusion problem (2.4), one can solve the associated
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fixed-point problem x = Jy4x, and any solution of this fixed-point problem would
be a zero of A. Since Jy4 is averaged, it is guaranteed that the Picard iteration,

Xn+1 = J’J/A(xﬂ)7

converges to a fixed-point of Jy4, if such a point exists.

In the iterative algorithm resulting from the Picard iteration, the step size y has
to be a fixed positive value. However, it was shown in [Rockafellar, 1976], that we
can allow for a varying (iteration dependent) step size as in

Xn+1 = Jy,lA ()Cn), (2.5)

where %, > € > 0 (n € N) is the step-size. This algorithm is known as the proximal
point algorithm. Given xo € S, if fix(Jy,4) is nonempty, the sequence of iterates
generated by the proximal point algorithm converges weakly to a point in zer(A)

[Rockafellar, 1976].

EXAMPLE 1

We are interested in finding a minimizer of the non-smooth function g : 7 — R
which is convex, closed, and proper. An optimality condition for the underlying
optimization problem is given by 0 € dg(x). Since g is convex, closed, and proper
its subdifferential operator is maximally monotone; hence, this optimality condition
is equivalent to the monotone inclusion (2.4) with A = dg. Substituting this in (2.5)
and using Jyg p = prox,, yield

Xp+1 = ProX, (). O

If the solution set of the underlying optimization problem is nonempty, provided
that 3, > € > 0, for all n € N, the sequence of iterates generated by the proximal
point algorithm converges weakly to a minimizer of g.

Forward-backward splitting

Let us consider the problem of finding zeros of the operator A 4 C, that is, the
problem of finding x € 2# such that

0 € Ax+Cx, (2.6)

where A is maximally monotone and C'is a %-cocoereive operator with 8 > 0. Since
the operator C is maximally monotone and has full domain, i.e., dom(C) = 5Z, by
[Bauschke and Combettes, 2017, Corollary 25.5], the operator A + C is maximally
monotone. Hence, this problem can basically be solved using proximal point algo-
rithm. However, in many cases, evaluation of Jy(4 ) is computationally expensive
which rules out applicability of the proximal point algorithm for finding roots of
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A+ C. In that case, we can use operator splitting algorithms. In simple words, split-
ting techniques enable us to decompose the maximally monotone operator at hand
to separate operators such that the resulting algorithm utilizes the decomposed oper-
ators at different steps of the algorithm, each of which can be evaluated at a reduced
computational cost. Below, it is shown how to arrive at the forward-backward op-
erator associated with problem (2.6).

Let ¥ > 0 and x € 7. Then, from the monotone inclusion (2.6), we obtain

0cAx+Cx << 0e€yAx+7yCx
— —yCxc yAx
<« x—7yCxe (Id+yA)x
—  x=(Id+yA) ' (Id—yC)x = Jyu (Id —yC)x

2.7

where in the first equivalence, both sides of the inclusion are scaled by the positive
coefficient ¥; in the second and third equivalence, —yCx and x are added to both
sides of the inclusion; and in the last one, the single-valued operator (Id+yA)~!
is applied to both sides of the inclusion. As seen, the zero set of A+ C is equal to
the fixed-point set of the mapping Jy4 (Id —yC). The mapping Jy4 (Id —yC) is called
the forward-backward operator. With y € (0, %), the forward-backward operator
is averaged [Bauschke and Combettes, 2017, Proposition 26.1]. Therefore, we can
use the Picard iteration to find a zero of A + C. The resulting iterative method reads
as X1 = Jya(Id —yC)x,, where v is the step-size. This algorithm was introduced in
[Bruck Jr, 1975; Lions and Mercier, 1979] and is known as the forward-backward
splitting algorithm. To get its varying step-size variant, similar to the proximal point
algorithm, it is possible to replace y with an iteration dependent step-size 7,. Then,
we obtain

Xpt1 = Jya (Id=7,C)x,,. (2.8)

If zer(A+C) is nonempty and ¥, € [€, % — g] with small enough € > 0, the sequence

of iterates generated by this algorithm converges weakly to a point in zer(A + C)
[Combettes, 2004].

The following example exhibits an application of the approach described above
for solving convex optimization problems.

EXAMPLE 2—PROXIMAL—GRADIENT METHOD
Consider the following problem

minimize
inimize () +g()

where f : ## — R is a smooth convex function and g : . — R is a convex, closed,
proper, and potentially non-smooth function. Then, x € 77 is a solution, if and only
if, it satisfies the optimality condition 0 € J(f + g)x. This optimality condition can
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be cast as 0 € Vf(x) + dg(x). As V£ is cocoercive and dg is maximally monotone,
the monotone inclusion (2.6) with A = dg and C = V£ is equivalent to the desired
optimality condition. Substituting these in (2.10), we get

Xn+1 = ProXy o(Xn — %V f(%n))-

This algorithm is recognized as the proximal—gradient algorithm. Given xy €
and vy, € [e, % — €] (n € N) for small enough & > 0, the sequence of the generated
iterates of this algorithm converges weakly to a minimizer of the underlying opti-
mization problem, as long as such a point exists.

Observe that setting g = 0 in the proximal—-gradient algorithm, results in

Xp4+1 = Xn — 'anf(xn)v

which is the well known gradient (descent) algorithm. O

Preconditioned forward-backward algorithm
Let us consider the problem of finding x € .7 such that

0 € Ax+Cx, 2.9)

where A is maximally monotone and C is a +-cocoercive operator (8 > 0) with
respect to the metric ||-||,, (M € .#(¢)). To find an associated operator whose
fixed-points are solutions to (2.9), we can take similar steps as in (2.7). However,
in the third equivalence in (2.7), instead of adding x, Mx has to be added to both
sides of the equivalence. Hence, the resulting operator would be of the form (M +
yA)~!(M — yC) and is known as the preconditioned forward—backward mapping.
An appropriate choice of the preconditioning M can improve the rate of convergence
compared to the non-preconditioned case. In addition, if due to a particular structure
in A the evaluation of (I + yA)~! is expensive, the preconditioning can be used to
make the evaluation of (M +yA)~! computationally cheaper.

Given xg € 57 and M € 4 (57, the preconditioned forward-backward algo-
rithm reads as

Xpr1 = (M +%,A) " (M — 7,C)x,, (2.10)

where 7y, > 0 is the step-size. Given ¥, € [g, % —g|, forall n € N, with small enough
€ > 0, and provided that zer(A + C) is nonempty, the sequence of iterates generated
by this algorithm converges weakly to a point in zer(A + C) [Combettes and V4,
2014]. With M = 1d, the algorithm (2.10) reduces to the standard forward—backward
algorithm (2.8).

In the rest of this section, we study a family of monotone inclusion problems that
are not of the form (2.9) but can be transformed to that form using a primal-dual
trick.
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Monotone inclusions involving composition with linear operator
Let us consider the problem of finding x € 5 such that

0 € Ax+ L*BLx+Cx, @2.11)

where A : # — 27 and B : # — 2 are maximally monotone operators, L :
H — & is a linear and bounded operator, and C : 77 — 7 is %-cocoercive. Let
us assume that due to the presence of L and L* there is no easy way to evaluate the
resolvent of A + L*BL; thus, we cannot directly use the forward—backward method
to solve this problem. However, it is possible to reformulate the monotone inclusion
(2.11) such that the preconditioned forward—backward splitting can be used to find
its zeros. To that end, by introducing an auxiliary variable u € B(Lx), that is called
a dual variable, the monotone inclusion (2.11) can be cast as

0 dw+Ew, (2.12)

where w = (x, ) € 5 x 2 and (with slight abuse of notation)

A L c 0
s o]

where o/ is maximally monotone by [Bauschke and Combettes, 2017, Proposition
26.32] and % is 1/B-cocoercive with respect to the metric ||-||,,, with

I —TL*

M= l:—TL rG'I] :

Given 0,7 > 0 such that 67||L||> < 1, the operator M is strongly positive. With
this translation, the resulting monotone inclusion (2.12) can be solved using the
preconditioned forward—backward algorithm (2.10). Inserting 2, ¥, and M into
this algorithm, after some simplifications, the following algorithm is obtained:

Xn+1 = J‘L’A (xn - TL*IJn — Tan) s

(2.13)
M1 = JO'B*l (‘u.n + GL(2.X”+| —xn)) .

This algorithm is the basic form of the Condat—Vi algorithm [Condat, 2013; VA,
2013]. Given (xo, 4o) € # x # and 6,7 > 0 such that 67||L||*> < 1, the sequence
(%n) ey converges weakly to a point in zer(A +L*BL+C).

In what follows an application of the algorithm above in solving convex opti-
mization problems is presented.

In some optimization problems, the objective function consists of two non-
smooth convex functions one of which has its input argument mapped by a linear
and bounded operator L. Hence, due to presence of L, evaluation of the proximal
operator of this function might be expensive. This case is covered in Example 3.
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This example uses the notion of conjugate function; the conjugate function of a
convex, closed, and proper function h: Z — R, is denoted by 4*: 5 — R and,
for all s € J#, defined as

R (s) = iu}};{(s,@ —h(x)}.

Given prox,,(+), the proximal operator of 4*, for all z € .7, can be found using
O prox,-1,(z/0) 4+ prox g, (z) = z,

where ¢ > 0. This identity is known as the extended Moreau decomposition [Beck,
2017].

EXAMPLE 3—PRIMAL-DUAL HYBRID GRADIENT METHOD

We are interested in solving

minimize g(x)+ h(Lx) (2.14)
xeH

where g: # — R and h: # — R are convex, closed, proper, and potentially non-
smooth functions and L : 5 — ¥ is a bounded and linear operator. Under some
assumptions [Bauschke and Combettes, 2017, Theorem 27.2], the optimality con-
dition of this problem can be given by

0 € dg(x)+L"dh(Lx).

A point x € . is a solution to the optimization problem under study if and only if it
satisfies the optimality condition above. Since dg and dh are maximally monotone
and L is a linear and bounded operator, the monotone inclusion (2.11) with A = dg,
B = 0dh, and Cx = 0 for all x € S is equivalent to the desired optimality condition.
Inserting these into (2.13), we get the iteration

Xnt1 = ProXeg (Xn — TL* ) ,
Hn+1 = ProXgy« (I-Ln + GL(ZX,H.] _xn)) ,

which is known as the primal—dual hybrid gradient method or the Chambolle—Pock
algorithm [Chambolle and Pock, 2011]. Given the initial point (xq, to) € 2 X H
and ,7 > 0 such that 67||L||* < 1, the sequence (x,),.y generated by this algo-
rithm converges weakly to a solution, if one exists, of the optimization problem at
hand. m]

2.4 Overview of papers

There are many ways to modify the algorithms presented in Section 2.3 to achieve
a better performance [Beck and Teboulle, 2009; Chambolle and Pock, 2011; Com-
bettes and Vi, 2014; Condat, 2013; d’ Aspremont et al., 2021; Giselsson et al., 2016;
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Kim, 2021; Nesterov, 1983; Themelis and Patrinos, 2019; Vi, 2013; Walker and Ni,
2011; Zhang et al., 2020]. The focus of this thesis is to find new methods to improve
performance of these algorithms. In this thesis, two general approaches are taken to-
wards that end: a direct approach or the approach of nested scheme [d’ Aspremont
etal., 2021].

Here a simple example is used to illustrate how the direct approach works. Let
Ti, be the forward-backward operator. Then, given xy € 7, the standard forward—
backward algorithm is of the form x,4; = Ty, (x,,). Now, in a direct approach, one
would alter the point at which Ty, is evaluated to change its convergence pattern. To
that end, given yg € .77, an iteration of the following form can be used

Xn = Tpp (Yn)a
Yn+1 = update equation of y,,.

The update rule of y, can, for instance, be defined based on a linear combination of
the past iterates. If the update rule is devised appropriately, this strategy can result
in performance improvement. This approach have been used in various accelera-
tion techniques for optimization problems (Nesterov’s accelerated gradient method
[Nesterov, 1983] and FISTA [Beck and Teboulle, 2009]), monotone inclusions (ac-
celerated proximal point method [Kim, 2021]), or fixed-point iterations (Anderson
acceleration [Walker and Ni, 2011]).

The general idea of nested scheme is to combine two optimization algorithms.
One as the outer iteration inside which the other algorithm is run as the inner
loop. The nested optimization scheme switches between the two algorithms based
on some rule. If the switching strategy is designed appropriately, combining the
algorithms in this way can enhance the performance. This approach have been
used in acceleration techniques for optimization problems and fixed-point iterations
[Giselsson et al., 2016; Lin et al., 2015; Scieur et al., 2017; Scieur et al., 2016;
Themelis and Patrinos, 2019; Zhang et al., 2020].

In what follows, a concise overview of the papers that are included in the thesis
is presented. In Papers I-111, a direct approach is utilized to develop new algorithms,
and in Paper IV, a nested scheme is used for that purpose.

Paper |

This paper presents a weakly convergent extension to the standard forward—
backward splitting method to solve the monotone inclusion (2.9). In this paper, the
direct approach is used to improve performance of the standard forward-backward
algorithm. A simplified version of the proposed algorithm is given by

Pn = (Id+%A)71 © (Id_%cxyn)
Yn+1 = Pn — Un + Unt1

where u, is a deviation vector. The only requirement on the deviation vector to
guarantee convergence is that its norm has to be bounded by a quantity that can be
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computed at each iteration. This approach gives great flexibility to the algorithm
and paves the way for designing new and improved forward—backward-based al-
gorithms, while retaining global convergence guarantees. For instance, using the
proposed algorithm, variations of the primal-dual hybrid gradient algorithm and
the Krasnosel’skii—-Mann iteration that incorporate deviations are presented.

Paper Il

This paper is an extension to the work done in Paper I and presents a novel vari-
ation of the standard forward-backward splitting algorithm to solve the monotone
inclusion problem (2.9). This algorithm, in addition to including deviation vectors,
incorporates iterates from the past. The past information is incorporated in different
places of the algorithm in the form of momentum-like terms. Several new algo-
rithms can be derived based on the proposed method. For instance, for a particu-
lar choice of the deviations and the parameters of the algorithm, it reduces to the
Halpern iteration and the accelerated proximal point method that both converge as
2 (niz) in squared norm of the fixed-point residual.

Paper Il

This paper showcases an application of the algorithm proposed in Paper 1. The pro-
posed algorithm uses the main algorithm of Paper I as the basis and combines it with
the extrapolation technique used in Anderson acceleration to improve local conver-
gence. In particular, the extrapolation technique of Anderson acceleration is used to
select a direction for the deviation vector whose norm is bounded by a quantity that
is computable based on available information. Combining these two methods leads
to a fast and globally convergent algorithm.

Paper IV

With the goal of alleviating the slow convergence rate of first-order optimization
algorithms, this paper proposes a framework for combining a family of stochastic
variance reduced algorithms such as SVRG with a fast locally convergent method
like Anderson acceleration, using a nested scheme. The variance reduced optimiza-
tion method is used as the outer loop whose role is to ensure global convergence of
the whole scheme. Within the outer loop, an iterative algorithm is used which has
the role of accelerating the convergence of the optimization scheme. The scheme
switches between the two based on a specific safeguarding condition. As a result
of such a combination, the resulting optimization scheme can exhibit good perfor-
mance while guaranteeing global convergence.
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Publications

In what follows, a list of the papers that form the main part of the thesis is presented,
along with a statement on the contributions of the authors for each paper.

Paper |

Sadeghi, H., S. Banert, and P. Giselsson (2021). Forward—backward splitting with
deviations for monotone inclusions. arXiv: 2112.00776v1 [math.0C].

The general idea of this paper was proposed by S. Banert. Most of the results
were derived through collaboration between the authors. Implementations, numeri-
cal experiments, and preparation of the manuscript were conducted by H. Sadeghi.

Paper Il

Sadeghi, H., S. Banert, and P. Giselsson (2022). Incorporating history and devia-
tions in forward-backward splitting. arXiv: 2208.05498 [math.0C].

H. Sadeghi contributed with the majority of the work including the general idea
of the work, derivation of the results, and writing of the manuscript. Part of the
results were found through an idea from S. Banert. S. Banert and P. Giselsson helped
revising the manuscript.

Paper Il

Sadeghi, H., S. Banert, and P. Giselsson (2021). Dwifob: a dynamically weighted
inertial forward-backward algorithm for monotone inclusions. arXiv: 2203 .
00028 [math.0C].

H. Sadeghi contributed with the majority of the work including the idea of the
work, implementations, and writing of the manuscript. S. Banert and P. Giselsson
helped revising the manuscript.
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Paper IV

Sadeghi, H. and P. Giselsson (2021). Hybrid acceleration scheme for variance re-
duced stochastic optimization algorithms. arXiv: 2111.06791 [math.0C].

The general idea of the paper was proposed by P. Giselsson. The results were
found by H. Sadeghi in collaboration with P. Giselsson. Implementations, numerical
evaluations, and writing of the manuscript were carried out by H. Sadeghi.

30



Bibliography

Bauschke, H. H. and P. L. Combettes (2017). Convex analysis and monotone op-
erator theory in Hilbert spaces. 2nd ed. CMS Books in Mathematics. Springer.
DOI: 10.1007/978-3-319-48311-5.

Beck, A. (2017). First-order methods in optimization. SIAM. DOI: 10.1137/1.
9781611974997.

Beck, A. and M. Teboulle (2009). “A fast iterative shrinkage-thresholding algorithm
for linear inverse problems”. SIAM journal on imaging sciences 2:1, pp. 183—
202. poI: 10.1137/080716542.

Berinde, V. and F. Takens (2007). Iterative approximation of fixed points. Vol. 1912.
Berlin: Springer. DOI: https://doi.org/10.1007/978-3-540-72234-2.

Borwein, J. M. (2010). “Fifty years of maximal monotonicity”. Optimization Letters
4:4, pp. 473—490. DOI: 10.1007/s11590-010-0178-x.

Boyd, S. P. and L. Vandenberghe (2004). Convex optimization. Cambridge univer-
sity press. DOI: 10.1017/CB09780511804441.

Bruck Jr, R. E. (1975). “An iterative solution of a variational inequality for certain
monotone operators in hilbert space”. Bulletin of the American Mathematical
Society 81:5, pp. 890-892. DOI: bams/1183537239.

Chambolle, A. and T. Pock (2011). “A first-order primal—dual algorithm for convex
problems with applications to imaging”. Journal of Mathematical Imaging and
Vision 40:1, pp. 120-145. DOI: 10.1007/s10851-010-0251-1.

Combettes, P. L. (2018). “Monotone operator theory in convex optimization”. Math-
ematical Programming 170:1, pp. 177-206. DOIL: 10 . 1007 /s10107 - 018 -
1303-3.

Combettes, P. L. (2004). “Solving monotone inclusions via compositions of nonex-
pansive averaged operators”. Optimization 53:5-6, pp. 475-504. DO1: 10.1080/
02331930412331327157.

Combettes, P. L. and B. C. Vi (2014). “Variable metric forward—-backward split-
ting with applications to monotone inclusions in duality”. Optimization 63:9,
pp- 1289-1318. DOI: 10.1080/02331934.2012.733883.

31



Bibliography

Condat, L. (2013). “A primal—dual splitting method for convex optimization involv-
ing Lipschitzian, proximable and linear composite terms”. Journal of Optimiza-
tion Theory and Applications 158:2, pp. 460—479. DOIL: 10 . 1007 / s10957 -
012-0245-9.

d’Aspremont, A., D. Scieur, A. Taylor, et al. (2021). “Acceleration methods”.
Foundations and Trends® in Optimization 5:1-2, pp. 1-245. DOI: 10. 1561/
2400000036.

Darup, M. S., G. Book, and P. Giselsson (2019). “Towards real-time admm for
linear mpc”. In: 2019 18th European Control Conference (ECC), pp. 4276—
4282. DOI: 10.23919/ECC.2019.8796239.

Everitt, B. (2012). Introduction to optimization methods and their application in
statistics. Springer science & business media. DOI: 10.1007/978-94-009-
3153-4.

Gilli, M., D. Maringer, and E. Schumann (2019). Numerical methods and optimiza-
tion in finance. Academic Press. DOI: 10.1016/C2017-0-01621-X.

Giselsson, P. (2021). “Nonlinear forward-backward splitting with projection cor-
rection”. SIAM Journal on Optimization 31:3, pp. 2199-2226. DOI: 10.1137/
20M1345062.

Giselsson, P., M. Filt, and S. Boyd (2016). “Line search for averaged operator iter-
ation”. In: 2016 IEEE 55th Conference on Decision and Control (CDC). IEEE,
pp- 1015-1022. por: 10.1109/CDC.2016.7798401.

Giselsson, P. and A. Rantzer (2014). “Generalized accelerated gradient methods for
distributed mpc based on dual decomposition”. In: Distributed model predictive
control made easy. Springer, pp. 309-325. DOI: 10 . 1007 /978 - 94 - 007 -
7006-5_19.

Kelley, C. T. (1995). Iterative methods for linear and nonlinear equations. STAM.
DOI: 10.1137/1.9781611970944.

Kelley, C. T. (1999). Iterative methods for optimization. SIAM. DOI: 10.1137/1.
9781611970920.

Kim, D. (2021). “Accelerated proximal point method for maximally monotone oper-
ators”. Mathematical Programming 190:1, pp. 57-87. DOI: 10.1007/s10107-
021-01643-0.

Le, Q. V., J. Ngiam, A. Coates, A. Lahiri, B. Prochnow, and A. Y. Ng (2011). “On
optimization methods for deep learning”. In: ICML. DOI: 10.5555/3104482.
3104516.

Lin, H., J. Mairal, and Z. Harchaoui (2015). “A universal catalyst for first-order

optimization”. Advances in neural information processing systems 28. DOI: 10.
5555/2969442.2969617.

32



Bibliography

Lions, P-L. and B. Mercier (1979). “Splitting algorithms for the sum of two nonlin-
ear operators”. SIAM Journal on Numerical Analysis 16:6, pp. 964-979. DOLI:
10.1137/0716071.

Minty, G. J. (1962). “Monotone (nonlinear) operators in hilbert space”. Duke math-
ematical journal 29:3, pp. 341-346. DOI: 10.1215/S0012-7094-62-02933-
2.

Minty, G. J. (1969). “On some aspects of the theory of monotone operators”. Theory
and Applications of Monotone Operators (Proc. NATO Advanced Study Inst.,
Venice, 1968), pp. 67-82.

Nesterov, Y. E. (1983). “A method for solving the convex programming prob-
lem with convergence rate o (1/kﬁ)”. In: Dokl. akad. nauk Sssr. Vol. 269,
pp- 543-547. URL: https://vsokolov.org/courses/750/2018/files/
nesterov.pdf.

Perea-Lopez, E., B. E. Ydstie, and 1. E. Grossmann (2003). “A model predictive
control strategy for supply chain optimization”. Computers & Chemical Engi-
neering 27:8-9, pp. 1201-1218. DOI: 10.1016/50098-1354(03) 00047 -4.

Rockafellar, R. T. (1970). Convex analysis. Vol. 18. Princeton university press. DOTI:
10.1515/9781400873173.

Rockafellar, R. T. (1976). “Monotone operators and the proximal point algorithm”.
SIAM journal on control and optimization 14:5, pp. 877-898. DOI: 10.1137/
0314056.

Ryu, E. K. and S. Boyd (2016). “Primer on monotone operator methods”. Appl.
Comput. Math 15:1, pp. 3-43. URL: https://web.stanford.edu/ “boyd/
papers/pdf/monotone_primer.pdf.

Ryu, E. K. and W. Yin (2022). Large-scale convex optimization via monotone op-
erators. Cambridge University Press. URL: https://large-scale-book.
mathopt.com/.

Scieur, D., F. Bach, and A. d’Aspremont (2017). “Nonlinear acceleration of
stochastic algorithms”. Advances in Neural Information Processing Systems
30. URL: https : / / proceedings . neurips . cc / paper /2017 / file/
£cal0789e7891cbc0583298a238316122-Paper . pdf.

Scieur, D., A. d’Aspremont, and F. Bach (2016). “Regularized nonlinear
acceleration”. Advances In Neural Information Processing Systems 29.
URL: https : / / proceedings . neurips . cc / paper / 2016 / file /
bbf94b34eb32268adab7a3beb062fe7d-Paper. pdf.

Sra, S., S. Nowozin, and S. J. Wright (2012). Optimization for machine learn-
ing. Mit Press. URL: https : / /mitpress . mit . edu/ 9780262537766 /
optimization-for-machine-learning/.

Themelis, A. and P. Patrinos (2019). “Supermann: a superlinearly convergent algo-
rithm for finding fixed points of nonexpansive operators”. IEEE Transactions on
Automatic Control 64:12, pp. 4875-4890. DOI: 10.1109/TAC.2019.2906393.

33



Bibliography

Vi, B. C. (2013). “A splitting algorithm for dual monotone inclusions involving
cocoercive operators”. Advances in Computational Mathematics 38:3, pp. 667—
681. DOI: 10.1007/s10444-011-9254-8.

Walker, H. F. and P. Ni (2011). “Anderson acceleration for fixed-point iterations”.
SIAM Journal on Numerical Analysis 49:4, pp. 1715-1735. po1: 10. 1137/
10078356X.

Yin, Y. (2002). “Multiobjective bilevel optimization for transportation planning and
management problems”. Journal of Advanced Transportation 36:1, pp. 93—105.
DOI: 10.1002/atr.5670360106.

Zhang, J., B. O’Donoghue, and S. Boyd (2020). “Globally convergent type-I An-
derson acceleration for nonsmooth fixed-point iterations”. SIAM Journal on Op-
timization 30:4, pp. 3170-3197. DOI: 10.1137/18M1232772.

34



Paper I

Forward-Backward Splitting with
Deviations for Monotone Inclusions

Hamed Sadeghi Sebastian Banert Pontus Giselsson

Abstract

We propose and study a weakly convergent variant of the forward—backward
algorithm for solving structured monotone inclusion problems. Our algorithm
features a per-iteration deviation vector which provides additional degrees of
freedom. The only requirement on the deviation vector to guarantee conver-
gence is that its norm is bounded by a quantity that can be computed online.
This approach provides great flexibility and opens up for the design of new and
improved forward-backward-based algorithms, while retaining global conver-
gence guarantees. These guarantees include linear convergence of our method
under a metric subregularity assumption without the need to adapt the algo-
rithm parameters.

Choosing suitable monotone operators allows for incorporating deviations
into other algorithms, such as Chambolle—Pock and Krasnosel’skii-Mann iter-
ations. We propose a novel inertial primal—dual algorithm by selecting the devi-
ations along a momentum direction and deciding their size using the norm con-
dition. Numerical experiments demonstrate our convergence claims and show
that even this simple choice of deviation vector can improve the performance,
compared, e.g., to the standard Chambolle—Pock algorithm.

Available on arXiv.



Paper 1. Forward—Backward Splitting with Deviations for Monotone Inclusions

1. Introduction

Forward—backward (FB) splitting [Bruck, 1975; Lions and Mercier, 1979; Passty,
1979] has been extensively used to solve structured monotone inclusion problems
of finding x € S such that

0€Ax+Cx, I1.1)

where A: # — 27 is a maximally monotone operator, C: 7 — J is a cocoer-
cive operator, and .7 is a real Hilbert space. The algorithm sequentially performs
a forward step with the operator C followed by a backward step with A to arrive at
the iteration

Xnp1 = (1d+%A) " o (Id—1C)x, (1.2)

where ¥, > 0 is a step-size parameter.

One of the most important special cases of this setting is first-order algorithms
for convex optimization: let f: 7 — R be a convex, differentiable function whose
gradient is Lipschitz continuous and g: # — RU {4} be a proper, convex and
lower semicontinuous function, and let A = dg (the subdifferential of g) and C =
Vf. Then, (I.1) is the problem of finding a minimizer of f + g, and (I.2) describes
the proximal gradient method [Combettes and Pesquet, 2011].

In this paper, we present a weakly convergent extension to the standard FB split-
ting method to solve the monotone inclusion (I.1). A simplified instance of our al-
gorithm is given by

=Id+LA) To(Id—L10)(x, +u
Pn ( B ) ( B )(n n) (13)
Xn+1 = Pn — Un

where uy, is a deviation (vector) and % > 0 is a cocoercivity constant of C. By letting
u, =0, a step of (I.3) reduces to the standard FB step in (I.2). The addition of u,
therefore gives added flexibility that can be utilized to improve performance. In
order to ensure convergence of this algorithm, u, has to satisfy the norm condition
|2

un|* < ZE N puct — Xnet + 1 ||, (L4)

where € € [0,1) is arbitrary and the quantity to the right-hand side of the inequality
is computable online since the variables are known from previous iterations.
Safeguarding is a common technique to ensure global convergence in opti-
mization algorithms, for instance the Wolfe conditions in line-search [Nocedal and
Wright, 2006, Chapter 3] ensure a sufficient decrease in the objective function value,
and trust-region methods [Nocedal and Wright, 2006, Chapter 4] are based on a
quadratic model having sufficient accuracy within a given radius. Recently, a norm
condition similar to (I.4) has been combined with a deep-learning approach to speed
up the convergence [Banert et al., 2021]. Even for monotone operators, line-search
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strategies with safeguarding have been developed, see [Tseng, 2000, Eq. (2.4)] for
an example. In contrast to line search, (I.4) does not require to compute (and pos-
sibly reject) several steps per iteration. For other examples of safeguarding, see
[Giselsson et al., 2016; Sadeghi and Giselsson, 2021; Themelis and Patrinos, 2019;
Zhang et al., 2020].

Our main algorithm (Algorithm 1) is more general than (I.3). It uses two de-
viation vectors and a slightly more involved safeguard condition. A similar algo-
rithm with deviation vectors has been proposed in [Banert et al., 2021] to extend the
proximal gradient method for convex minimization. The fact that we consider the
more general monotone inclusion setting, allows us to apply our results, e.g., to the
Chambolle—Pock [Chambolle and Pock, 2011] and Condat—Vi [Condat, 2013; Vi,
2013] methods that both are preconditioned FB methods [He and Yuan, 2012]. To
facilitate the derivation of these special cases, we derive our algorithm with explicit
preconditioning, such as in [Chouzenoux et al., 2013; Combettes and Vi, 2012;
Giselsson, 2021; Giselsson and Boyd, 2015; Giselsson and Boyd, 2014a; Giselsson
and Boyd, 2014b; Pock and Chambolle, 2011; Raguet and Landrieu, 2015].

Our algorithm is also related to inexact FB methods, which are studied in the
framework of monotone inclusions [Raguet et al., 2013; Solodov and Svaiter, 2000;
Solodov and Svaiter, 2001; Vi, 2013] and in a convex optimization setting [Condat,
2013; Schmidt et al., 2011; Villa et al., 2013]. By including error terms in the FB
splitting algorithms, these works allow for inaccuracies in the forward and backward
step evaluations. The convergence of the algorithm is usually based on a summa-
bility assumption on the error sequences and would therefore allow arbitrarily large
errors as long as they only happen for a finite number of iterations. The idea be-
hind our method is in stark contrast to these methods, as our method is designed for
actively choosing the deviations with the aim to improve performance.

We instantiate our general scheme in three special settings; the standard FB set-
ting, the primal-dual setting of Condat—V1i, and the Krasnosel’skii-Mann setting.
We also propose a further specialization of the primal-dual setting of Chambolle—
Pock in which we select the deviations in a heavy-ball type [Polyak, 1964] momen-
tum direction (see [Sadeghi et al., 2022a] for another novel usage of the deviations
in a primal—dual setting). The resulting algorithm bears similarities with the inertial
FB methods [Alvarez, 2000; Alvarez and Attouch, 2001; Attouch and Cabot, 2019;
Cholamjiak et al., 2018; Lorenz and Pock, 2015] when applied in a primal-dual set-
ting. Numerical experiments show improved performance of our method compared
to Chambolle—Pock and a primal—dual version of Lorenz—Pock [Lorenz and Pock,
2015].

Contributions. The most notable differences of this work to existing literature
can be summarized as follows:

— Compared to the standard FB, we extend the degrees of freedom by allowing
the input argument to the FB operator to deviated from a pre-specified point.
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— Unlike various known examples of momentum methods, the increase is not
achieved with a fixed number of parameters, but the design parameter has the
dimension of the underlying problem.

— In contrast to inexact FB algorithms [Condat, 2013; Raguet et al., 2013; Vi,
2013; Villa et al., 2013], the bound on the deviations is a scalar condition
with known quantities in each step instead of a summability condition that
has limited meaning for a finite number of steps.

— In contrast to the deviation-based FB method for convex optimization in
[Banert et al., 2021], our work considers more general monotone inclu-
sion problems. Hence, we immediately obtain the algorithms of Chambolle—
Pock [Chambolle and Pock, 2011] and Krasnosel’skii-Mann with deviations
as special cases. Moreover, our convergence result is slightly stronger than
[Banert et al., 2021, Theorem 3.2]. To the best of our knowledge, neither
algorithm is a special case of the other.

— In addition to showing weak convergence of our algorithm, we show that
under a metric subregularity assumption the algorithm converges strongly to
a point in the solution set of the problem with a linear rate of convergence.

— As an example for the expressiveness of the deviation-based approach, we
introduce a novel inertial primal-dual algorithm by selecting the deviations
along a momentum direction—in the sense of Polyak [Polyak, 1964]—and
deciding their size using the norm condition.

Outline of the paper. The organization of the paper is as follows. In Section 2,
we provide notations and some definitions. In Section 3, the proposed algorithm is
introduced. In Section 4, we prove weak convergence of the method and linear and
strong convergence under a metric subregularity assumption. In Section 5, some
special cases of the proposed algorithm are presented and Section 6 further special-
izes one of these to arrive at a novel inertial primal-dual algorithm. We conclude
the paper by presenting the numerical results in Section 7.

2. Preliminaries

Throughout the paper, the set of real numbers is denoted by R; .7 and ¢~ denote
real Hilbert spaces that are equipped with inner products and induced norms, which
are denoted by (-,-) and ||-|| = +/(-,-), respectively. A bounded, self-adjoint operator
M: ¢ — S is said to be strongly positive if there exists some ¢ > 0 such that
(x,Mx) > c||x||* for all x € #. We use the notation .# (%) to denote the set of
linear, self-adjoint, strongly positive operators on .77’. For M € .# (.7¢) and for all
x,y € A, the M-induced inner product and norm are denoted by (x,y),, = (x,My)
and |x||,, = v/ (x,Mx), respectively.
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3 Forward-backward splitting with deviations
Young’s inequality

o, 0o 1 2
(x,y) < *HXHMJF%H)’HM*I

holds for all x,y € 57, ® > 0, and M € .# (5¢). Hence, with the same variables,
I1+w
2 2 2 2 2
lbet-3llar = [lxllay + ¥l +20c My) < (14 @) [xlly + ==y llys-

Let M € A (), x € #, and S C S be a nonempty closed convex set. The
M-induced projection of x onto the set S is defined as IT¥ x = arg minyeg [[x =,

and the M-induced distance from x to S is defined by disty(x,S) = ||x— H]S”xHM.

The notation 27 denotes the power set of 7. Amap A: . — 27 is character-
ized by its graph gra(A) = {(x,u) € S x H : u € Ax}. An operator A: A — 27
is monotone if (u—v,x—y) > 0 for all (x,u),(y,v) € gra(A). A monotone oper-
ator A: 7 — 277 is maximally monotone if there exists no monotone operator
B: s — 27 such that gra(B) properly contains gra(A).

Let M € .# (). An operator T: € — S is said to be

(i) L-Lipschitz continuous (L > 0) w.r.t. ||-||,, if

1Tx =Tyl -1 < Lllx—ylly, for all x,y € 2,

(ii) %-cocoercive (B >0) wrt. |||, if
1
(Tx—Ty,x—y) > B||Tx7Ty||§,I,1 forall x,y € J7;

(iii) nonexpansive if it is 1-Lipschitz continuous w.r.t. ||-||;
(iv) firmly nonexpansive if
Tx =Tyl + |(1d=T)x— (d=T)y|> < |k —y|?  forall x,y € .
By the Cauchy—Schwarz inequality, a %—cocoercive operator is 3-Lipschitz contin-

uous. The resolvent of a maximally monotone operator A: .7 — 27 is denoted by
Jya: A — A and defined as Jyy = (Id +}/A)’1. Jya has full domain, is firmly non-
expansive [Bauschke and Combettes, 2017, Corollary 23.8], and is single-valued.

3. Forward-backward splitting with deviations
We consider structured monotone inclusion problems of the form
0 € Ax+Cx, (1.5)

that satisfy the following assumptions.
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ASSUMPTION 1 Assume that § > 0,
(i) A: A — 27 is maximally monotone.
(ii) C: H — His %—cocoercive with respect to ||-||,, with M € 4 ().
(iii) The solution set zer(A+C) := {x € 5 : 0 € Ax+ Cx} is nonempty. O

Observe that, as a cocoercive operator is maximally monotone [Bauschke and Com-
bettes, 2017, Corollary 20.28], and since C has a full domain, the operator A + C is
maximally monotone [Bauschke and Combettes, 2017, Corollary 25.5].

We present and prove convergence for the following extended variant of FB
splitting for solving (L.5).

Algorithm 1 Forward-backward splitting with deviations

1: Input: initial point xo € 7, the sequences (&y),cn»> (An)pers and (¥n),en @S
per Assumption 2, and the metric ||-||,, with M € .# (5¢).

2: set:ug=vop=0

3: forn=0,1,2,...do

4 Yn = Xp+ Uy

5: Zn = Xn + (;:t;ﬁgﬁ Up 4V

6: Pn= (M +%A)" (Mz, — %Cyn)

7 Xn+1 :xn*'“ln(pn*Zn)

8 choose u,+1 and v,11 such that

;Ln 1Yn IB 2 ;Ln I(zfln 1Y lﬁ) 2 2
i B et e + 25z ety < G (L6)
is satisfied, where
gi _ )Ln(4_2§fn_7nﬁ) ‘ An¥nB 2(1=2n) (17)

Pn=Xn 320, ~ 322,78,

9: end for

Our convergence analysis requires that the parameter sequences ()
(An) wenys and (7,),en satisfy the following assumption.

neN»

ASSUMPTION 2 Choose € € (O, min (1, ﬁ) ) , and assume that, for all n € N, the
following hold:

(i) 0<g <1—¢

(i) & <7 < 45 and

(iii) eglngz_%_

2
5-
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3 Forward-backward splitting with deviations

The sequence (), relates the norm of the deviation vector (u,41,Vv,41) in
(I.6) to its maximum permissible value; (%), iS a sequence of step-size parame-
ters for the FB step 6, and (4,),,cy can be seen as a sequence of relaxation parame-
ters for (x,),c in step 7 .

For our convergence analysis in Section 4, we have to choose these sequences
in such a way that all the coefficients multiplying the norms in (1.6) and (I.7) have a
positive lower bound. Indeed, if (},),cy and (A,),,c satisfy Assumption 2, then

42— P > e (1.8)

and

2 2
2—1,,%[322—(2—7”2[5—§>yn[3=£’;ﬁ+2(1—””2ﬁ) 2%. (1.9)

Algorithm 1 handles the evaluation of C and A in step 6 differently than the stan-
dard FB method (I.2) in two ways. First, the operator M acts as a preconditioning for
the resolvent of A, and secondly, the points y, and z, can be different. Algorithm 1
also allows for deviations u, and v,, which can be seen as design parameters of the
algorithm. They can in general be chosen in a subset of .72 with non-empty interior
af 6,21 > 0 in step 8). Hence, the degrees of freedom in the parameter choice are
determined by the dimension of .. It is important to note that the upper bound ¢2,
as it is seen from (I.7), is computable at the time of selecting u,, 1 and v,,1. See
[Sadeghi et al., 2022b] for a generalization of Algorithm 1.

Below, we present some special cases of our method. We defer a more detailed
discussion on special cases to Section 5.

EXAMPLE 1
With the trivial choice of u,+; = v,4+1 = 0, the condition (I.6) is already satisfied,
and Algorithm 1 reduces to the relaxed preconditioned FB iteration
Pn= (MJF 'ynA)7] (Mxn - Yncxn)7
Xn+1 = Xn +A'n(pn _xn)'
With M =1Id and A, = 1 (n € N), we recover (1.2). O

EXAMPLE 2

With M =1d, y, = %, A =1, v, =uy, and §, = 1 — € (n € N), we recover the
simplified version from (I.3) in Section 1. It is easy to see that this choice satis-
fies Assumption 2. a

EXAMPLE 3—NO RELAXATION
With A, = 1 for all n € N, Algorithm 1 simplifies to the iteration

pn=(M+ VnA)_l(M(xn +Vn) = 1 C(xn +un)),
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Xn4+1 = Pn—Vn

with the norm condition

2

B
2—mB

’)/nJrlﬁ
Z_Ynﬂ—lﬁ

||un+l||12v1+HVn+l||12V1 < DPn—Xn+ Up

Cn(27nl3)‘
2

M O

EXAMPLE 4—FORWARD ITERATION WITH DEVIATIONS
With Ax = {0} for all x € 57, v, =0, and ¥, = 2/ for all n € N, Algorithm 1
simplifies to the iteration

Yn = Xp + Un,

Xn+1 = Xn — 2,#]Milcyn

with the norm condition

1 2 2
Uy — —M_ICy,,

An
a1l < Gudn (1= A) g

1-— 2ferrl

M O

EXAMPLE 5—BACKWARD ITERATION WITH DERIVATIONS
With Cx = 0 for all x € 7 and u, = 0 for all n € N, Algorithm 1 simplifies to the
iteration

Pn = (M+ '}/nA)_lM(xn +Vn)7

Xn+1 :xn+ln(pn —Xn — Vn)-

Since C is 1/B-cocoercive for all § > 0, it is possible to set f = 0 in the norm
condition, which then takes the form

An
vt By < G2~ A)

PR — X, —
2—1,14,[ p}’l n

REMARK 1 Many works exist that allow for error terms in FB algorithms [Condat,
2013; Raguet et al., 2013; Vi, 2013; Villa et al., 2013]. Convergence is often based
on a summability argument so that any summable sequence of errors is allowed.
The strength of our condition (1.6) is that it is iteration-wise; hence, arbitrary large
errors would not be accepted. A major difference is that our algorithm does not
treat the deviations as errors or inaccuracies in the computation. Instead, they are
introduced to allow for actively selecting the deviations with the aim to improve
performance. O
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4 Convergence analysis

4. Convergence analysis

In this section, we provide a convergence analysis for Algorithm 1. We start by
describing the points in the graph of A 4 C constructed by Algorithm 1 (Lemma 1)
and introducing a Lyapunov inequality in Lemma 2. Both results are later used to
show weak convergence in Theorem 1 and strong and linear convergence under a
metric subregularity assumption in Theorem 2.

LEMMA 1 Suppose that Assumption 1 holds. Let (x,),cn (V) pens (2n)perys and
(Pn)nen be sequences generated by Algorithm 1. Then, for all n € N, (p,,A,) €
gra(A +C), where

Mz, —Mpy

An = T - (Cyn _Cpn)~

Moreover,

1
8ul-t < 26— ) =B =l + & =

B2 —1B)
2— VB

+g”xn_pn+un”M- (1.10)
O

(2= B ) (X0 — pn) Up +2vy

_
ZYn M

Before we prove Lemma 1, note that the right-hand side of (I.10) only contains data
that is computed in Algorithm 1, whereas evaluating A, requires the knowledge of
Cp,. Therefore, (I.10) can be used to check the accuracy of the current iteration or
to define a stopping criterion without any extra evaluations of C.

In Example 2, (I.10) reduces to

184l < Bllya = ul :ﬁH (Id—(1d+,§A)l 0 (Id—;;C))yn

Hence, the right-hand side of (I.10) plays the role of a residual for the iteration in
Algorithm 1.

Proof of Lemma 1. Let n € N. Step 6 in Algorithm 1 is equivalent to the inclusion

Mz, — M
S = O dpy, 111)
n

to which adding Cp, on both sides yields the desired inclusion A, € (A4 C)p,.

43



Paper 1. Forward—Backward Splitting with Deviations for Monotone Inclusions

Furthermore, we have

1 B 2
HAmél(H%&pﬂﬁnbmpah4+2MMpﬂM)

2
2||Zn Pallis +1Cvn —Cpull3y-1 — = (20 — PuyCyn — Cpy)

7 Ya
2 BZ 2
472”2( Pn)_ﬁ')/n(yn_pn)HM ”)’n Pn”M
B _ _ _
2,)/ H2( pn) ﬁ}/n(yn pn)”MHyn anM

2
= ”Cyn _Cpn”}z\/[fl - ?<Zn _pn;C)’n _Cpn>

n

2
> B
- 7“)% —pally + ?<zn — PnsYn— Pn)y
n

27,,”2( Pn)_BYn(yn—Pn)”MHyn_PnHM
= [|Cyn — Cpn”irl =B n—Pn,Cyn—Cpn)
1
+ }’<2(Zn - pn) - ﬁyn()’n _pn)7 gM(yn - pn) - (Cyn - Cpn)>

ZYnHZ( pn)_ﬁyn(yn_pn)HM”yn_PnHM’

(L12)
Notice that, by the 1/f-cocoercivity of C w.r.t. |||

(1.13)

2
[lyn _Pn”M > HC)’n —Cpp— ZM(yn— pn)
ﬁ M1
The inequality part in (I.10) then follows from (I.12), using the 1/fB-cocoercivity
again, inserting (I1.13), and applying the Cauchy—Schwarz inequality. The equality
in (I.10) is easily obtained by inserting the definitions of y, and z,. O

LEMMA 2 (LYAPUNOV INEQUALITY) Suppose that Assumption 1 and Assump-
tion 2 hold. Let (x,),cr (#n)penes (Vi) nens (Eﬁ)neN be sequences generated by Al-
gorithm 1 and x* be an arbitrary point in zer(A +C). Then,

2 2 2 n in 2 Z’I’l n 2
s =1 €2 < b =23+ 2 a4 2 2B 2 114
and
s =13+ < e =+ Gt B (L15)
hold for all n € N. O
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Proof. Letn € N be arbitrary. Step 6 in Algorithm 1 is equivalent to the inclusion

Mz —M
Z”T”” — Cyn € Apy. (1.16)
n

Since x* € zer(A +C), we also have

—Cx* € Ax*. 1.17)

Using (I.16), (I.17), and the monotonicity of A gives

Mz —M
O§<Z"ypn—Cyn+Cx*,pn—x*>. (L18)

n

By the 1/B-cocoercivity of C w.r.t. ||-||,, we have

FlICyn = Cx* [t < (Cyn—Cx*, 3 —x). (1.19)
Adding (I.18) and (1.19) yields

Mz, —M
0< <y”p —x*> +(Cyn—Cx* 3= pa) — FICyu—Cx* [y
n

Then, from step 7 in Algorithm 1, we substitute z, — p, = %( — Xp+1) to obtain

0< nl;Ln <xn —Xn+15Pn _X*>M + <Cyn - CX*a)’n - I’n> - %”Cyn - Cx*”[zvrl

2 2 2 2
= WIM (”xn —X*HM + (%041 —PnHM — []%n _pn”M — X011 _X*HM)
+ <CYn *Cx*ayn - pn> - é”cyn 7CX*||121/1*1

2 2 2 2
< stz (I =" et = Pl = = plly = sns = x*13)

2
+§||yn _PnHM

where we use the identity 2(a —b,c —d),, = |la—d||3; + ||b—c||3; — |la—c|[3; —

|b—d||%, for all a,b,c,d € 2 and Young’s inequality. Multiplying both sides of
the last inequality by 2%,A, and reordering the terms yield

en1 =13 = 1w — 137
< Nnrr = pallay = = palldy + 222 |y, — pall3,
= 1t = Pu+ Aa(n — 20) 37 — 0 — Pallys + 22E 1y — pallyy
= A211Pn = 2nlly + 220 (0 — Pus Do —Zn) g M”ﬁllyn Pullis
= 22— X)) |0 — 2allyr + 22 (Pn — Zns X — Zn) g
S L 7

(1.20)
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where we, once again, used step 7 in Algorithm 1 to substitute back x,+1 = x, +
An(pn — z,) into the expression to the right-hand side of the inequality. Now, using
the definitions of y, and z, in steps 4 and 5 of Algorithm 1, we observe that

2 A'i’ll’l nin 1 2"l
2 = (22— 2) = 228) || py — o + 2515, + 3, a21)
2
= A2 )| n = 2l 20 (2= ) || 00 — oy v |

n 2 n
+22fn(2 - )vn)<pn — Zn, 2—771,,3)/,,/3 Up — TuB— Z{Zﬁ l,,) >M

Mt

2
2By — vy — 22

lnyn (1 2’")

’z B Y T pB—20-2) V"

1—2n
*ln'}/nﬁ<pn Yns 3= )Lyn[j "+yﬁ(2(2 )l) >M'

We can estimate the left-hand side of (I.14) by adding (1.20) and (I.21). Let us do
this step by step. First, let us look at the two inner products with p, — z,,.

27Ln<pn—Zn’xn— n+(2—A )(2 AntnB Yﬁ22gﬁ7@1) )>M
= 28—, (BB U Y, — (14 D))
:2M<p” iy 3= lﬁyﬁ "+y1(l; g(%ynfn)v">M

This can be combined with the last term in (I.21), so that we get

M

2 2
Pt =13y = lln =" [l3 + 65

1 =My
< Z)Ln’}/nﬁ <yn — Zn, 3 In7nPB Up + Vnﬁ( 20 )M) >M

2 1.22)
2-%B
+24’l(2 2‘ ) 2= A,ynﬁ Up — YWB—-2(2— ),,7) M
2
1 (1-A)
- 21""”“ 2B T B2 V|
With y, — 22 )Ly;/ﬁ BUn =V, the right-hand side of (1.22) is a quadratic expression

in u, and Vi alone
i1 =23 = [en =13 +
1-7.8 YuB—3+A, (1=2)
Szafn}/nﬁ< “TutuB M T 20—, V1 2— Anynﬁ Un + 3 B2 ) ' >

2
+An(2— A)

2-mB
2— lynﬁ Un = %p—227m) "1

"
In order to verify (I.14), it suffices to check the coefficients of ||uy, |2, |[va || and
(Un,vn),, on the right-hand side. This results in
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en1 = 5[ = [l —x* I3 + €3
< 22 B(1=10B)+ A V2 B2 (2—2n)

BB,
+ —zxn)/nﬁ(Ynﬁ_3+xn)(1_li1)+zfn(2_ln)(2_'ynﬁ> Hv ||2
(1mB—202—1))” M
+ 22 mBA=1%B) (1 =A0) =22 ¥ B (1B =34+An) =240 ¥u B (2—20) 212 B) <Lt v >
2= B) (1B—2(2—An)) mrnIM
AnmB A (=24+Xa B

S22 a3+ 2B vl

showing (I.14). Finally, (I.15) follows from inserting (I1.6). O

The following theorem is the main convergence result of the paper that guaran-
tees weak convergence for the sequence of iterates obtained from Algorithm 1.

THEOREM 1 Suppose that Assumption 1 and Assumption 2 hold. Let the sequences
() pens (Un)ens (V)pens and (£7),  be generated by Algorithm 1. Then, the
following hold:

(i) The sequence (£3),_ is summable and the sequences (i), and (vi),ery
are convergent to zero.
(ii) For all x* € zer(A + C), the sequence (||x, — x*|;),cp cOnverges.
(iii) The sequence (x,), . converges weakly to a point in zer(A 4-C). O

Proof. We start by proving Theorem 1 (i) via a telescoping argument for (I.15). To
this end, let N € N. We sum (I.15) forn =1,2,...,N to obtain

N—1
v =5l + 5+ X (1= G < [l —x*[[3+ Gof6.
n=1

Then, rearranging the terms gives

Z (1= &)t < I =x* g = lhevsr =2l — Sl
< bt =" [[3 + ot

Since the right hand side of the last inequality is independent of N, we conclude that
Z (1- Cn)eﬁ < oo,
n=0
which, along with §, < 1 — € from Assumption 2, implies that
20 (1.23)
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as n — oo. Then, (1.6) implies that u, — 0 and v,, — 0 as n — oo. This proves Theo-
rem 1 (i).

The proof of Theorem 1 (ii) follows from the property that (I.15) defines a Lya-
punov function: since §, < 1, we get from (I.15) that

et =713+ 6 < o = x* 3 + €,

i.e., the sequence (||x,, - *let,, +£ﬁ_1) is nonincreasing. As it is also nonnega-
neN

tive, it is convergent, say ||x, — *Hi,, + 02| — £+ >0 as n — oo. Moreover, {2 — 0
by Theorem 1 (i) as 1 — o, 50 ||x,, — x*||3; — £y+, proving Theorem 1 (ii).

For the proof of Theorem 1 (iii), recall that (p,,A,) € gra(A+C) foralln € N
by Lemma 1. Now, by (1.8), we have w > €2/2 for all n € N. By this
and /,, — 0 as n — oo, we have that

MY B 2(Aa—1)
Pn=Xnt 573, g tn + 527, 5,5 Vn — 0

Next, from u, — 0 and v,, — 0, together with (I.8) and (I.9), we conclude that p, —
Xp — 0 as n — oo, Then, by Lemma 1

. Afn}/nﬁ (2 — Ynﬁ)

2
2—dmp T

1
|mwM1<2yH@—ﬁme—p@

M
2 pu

hence, A, — 0 as n — oo,

Now, from Theorem 1 (ii), we know that (Hxn —x* ||12v1) o is convergent, which
implies that the sequence (x,),. is bounded. Therefore, t’Ille latter has at least one
weakly convergent subsequence (X, ),cy» SaY Xk, — Yoo € H as n — oo. By the
arguments above, we have p; — xj,. and Ay, — 0. Therefore, (x3,.,0) € gra(A +
C) by the weak-strong closedness of gra(A + C) [Bauschke and Combettes, 2017,
Proposition 20.38]. Then, Theorem 1 (iii) follows from [Bauschke and Combettes,
2017, Lemma 2.47], and the proof is complete. O

4.1 Linear convergence

In this section, we show the linear convergence of Algorithm 1 under the following
metric subregularity assumption.

DEFINITION 1—M-METRIC SUBREGULARITY

Let M € ./ (). A mapping T : s — 27 is called M-metrically subregular at &
for y if (%,7) € gra(T) and there exists a k¥ > 0 along with neighborhoods % of x
and 7 of ¥ such that

disty (x, 7)) < kdisty,—1 (5, T (x) N ¥) (1.24)
forallx e % . O
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4 Convergence analysis

This definition is equivalent to that in [Dontchev and Rockafellar, 2009], but uses
the M- and M~'-induced norm distances instead of the standard canonical norm
distance. Using this definition simplifies the notation in the linear convergence anal-
ysis. Metric subregularity is an important notion in numerical analysis. For a set-
valued operator 7 and an input vector y, it simply provides an upper bound of how
far a point x is from being a solution to inclusion problem y € T'(x). This upper
bound is given by (1.24) in terms of the distance of T'(x) from the input vector ¥.
For a detailed discussion on this subject, see [Dontchev and Rockafellar, 2009].

THEOREM 2 (LINEAR CONVERGENCE) Consider the monotone inclusion prob-
lem (I.5) and suppose that Assumption 1 and Assumption 2 hold, that A + C is
M-metrically subregular at all x* € zer(A + C) for 0, and that either . is finite-
dimensional or that in Definition 1 the neighborhood % at all x* € zer(A+C) is the
whole space 7. Then, there exists 0 < g < 1 such that the following statements
hold.

(1) There exists 0 < & < 1 such that

dist}; (x,11,zer(A+C)) + (1 - 8)£2
< q(disty; (xn,zer(A+C)) + (1= 8)62_))

foralln > 1;
(ii) there exist x* € zer(A +C) and ¢ > 0 such that ||x, —x*||* < ¢g" forall n > 1.
Hence, x,, — x* even if 7 is infinite-dimensional. O

Proof. We start by proving (i). Let x* € zer(A + C) be the weak cluster point of the
sequences (X,),cy and (pn),cn according to Theorem 1. From the metric subreg-
ularity of A+ C at x* for 0, we get k¥ > 0 and neighborhoods % of x* and ¥ of 0
such that

disty(x,zer(A +C)) < xdisty,—1(0,(A+C)(x) N Y) (1.25)

forallx e % .

If 27 is finite-dimensional, then p, — x*, and there exists ng € N such that
pn € % for all n > ng. If S is infinite-dimensional, then % = 57, and p, € % for
alln e N.

Now, Lemma 1 gives A, € (A4 C)p, for all n € N, and A, — 0 by the proof of
Theorem 1. Let ng € N be chosen such that A, € ¥ in addition to p, € Z for all
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n > ng. Setting x = p, in (1.25) hence gives

distys (pn,zer(A+C))
< kdisty, 1(0,(A+C)(pn)NY)
< K[| Anlp-1

< % (2= B) (6 — pa) —

AatiB(2—1B) (1.26)

Uy, +2v,
2— An'}/nﬁ "

M

K
28— py
for all n > ng, where we used (I.10) in the last step. From Lemma 2 we have that
s =22+ B < o =2+ G - (1.27)

Now, set x}; 1= H%r(A+C) (xn)- Then, from (1.27), we get

dist3; Xy 1,2er(A+C)) 4 £2 < |01 — x5 |[3, + 2
2
< loen =313 + Cnflngl
= dist}; (x,,zer(A +C)) + & 162, (1.28)

Next, we will estimate both sides of (I.26) in terms of dist3(x,,zer(A +C)), £2, and
2 . Letp):= H%r( A1c)(Pn)- Then, since ITe;(4 4 ) is the projection onto a convex
set w.r.t. the M-induced metric, [Bauschke and Combettes, 2017, Theorem 3.16]
yields

distlzu(pn,zer(AJrC))
> |pn— Pyl — 2065 — % D — X1
= 1w — Pllas — 205 — xn. 2 — Py — 2085 — Xu Pu — X3y
= [lpn — P — x5+ ullyy — 126 — a3y — 2065 — X, pn — X300
> [l — X3y — 2085 — Xn Pn — Xy

2 2
> %Hx;; _le”M 2| pn _xn||M7
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4 Convergence analysis

where we used Young’s inequality in the last step. Combining this with (1.26) gives

: dist3; (x,, zer(A+C))
K

S -
<2n

2
K
+ﬁz|xn—pn+unllM> +2[pn —xallyy (1.29)

AT (2 = 1aB)

(Z_B%T)(xn_pn)_ Z_An,ynﬁ

U, +2v,

M

2 2

M YuB(2—1B)
2 - An’}/nﬁ

K
< 2,)/% (2= B1)(xn — pn) —
B2K2

2
where we used Young’s inequality in the last step. It remains to estimate the right-
hand side of (1.29) in terms of ¢2 and ¢2_,. To this end, we use the following
lemma. =

U, +2v,

M

+ ||xn_Pn+un||12\/1+2”pn_xn”12v[7

LEMMA 3 Let (x1),cn» (Pn)pens (Un)perns (Vn)pen» and (éﬁ)neN be generated by
Algorithm 1 under Assumption 2, and let (a,),,cry» (bs),en» and (¢p),,cy be bounded
sequences of real numbers. Then there exist c1,c; > 0 (which do not depend on n)
such that

||an(pn_xn)‘i‘bn”n‘f'cnvnlevl §61€;21+C2€i—1' g

Proof. The assertion is proven by repeatedly applying Young’s inequality and sub-
sequently using the norm condition (I1.6):

”an(pn _xn) +bu, + cnVn”i/[

_ . Afn'Vnﬁ o 2(]_)%)
= an(pn xn+2—ln'ynﬁun 4_21n_7/nﬁvn
2
AnYuBay ) ( 2a,(1—2,) )
b5t |t —F7— 5 |
( 27}'1’!’}/”[3 ! ‘ 472&n*’}/nﬁ " M
2
SZa,% pn_xn"‘ lrz’ynﬁ 2(1_ln)

2= 2B =22 —1B "y
+2H<bn—l"y”ﬁa” >un+ (cn+2a"(l_)“") )vn

2

2— VB 4 -2, —v.B

M
< 4aﬁ grzl
)vn(4 - 2241 - Ynﬁ)

An n n 2 2 n 1—},,, 2
+4(bn—”3°‘) |uni4+4(cn+”’) vl

2 — XY 4 -2, — 1P
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< da, P 140,801 12
T (=20 —pB)
with
2— nYnﬁ( An Yo Bt >2
0, := max b, — )

4_2201_7nﬁ (C 2an(1_)~n) )2
ln(z - )LH’YHB) " 4-— 21}1 - VnB .

2
It is straightforward to show, by using Assumption 2, that m and 40,1
are bounded, completing the proof. a

Now, we are in the position to complete the argument of this section’s main
result.

Proof of Theorem 2 continued. Since all the relevant coefficients on the right-hand
side of (I1.29) are bounded due to Assumption 2, using Lemma 3 on all the norms
and combining the results yields ¢, ¢, > 0 such that

1 disty; (xq, zer(A+C)) < 12 +caly_.
Multiplying this with any 6’ > 0 and adding (1.28) gives
dist; (xn41,2er(A+C)) + (1 —8'cy) (2
< (1 - %) disty (x,, zer(A+C)) + (Gt + 8'c2) 2,
< (1 - %/) disty; (X, zer(A+C)) + (1 —e + 8'c2) l2_,.
Choosing (for example) &’ as the smaller of the two solutions to
(1_7’)(1_5%1) =(1—g+8c),

namely

5/

(1.30)

_ 142c1 426 (142¢c1+26:)*  2e
N 2C1 4C% C1 ’

proves Item (i) with 8 = 8¢y and ¢ = 1 — &’ /2. For the proof of Item (ii), choose
¢, ¢, > 0 according to Lemma 3 such that

(1 _ln)?’nﬁu .
2_afiﬂ/nﬁ " "

2
<cly+cht, 1 131
M

2
%41 *xn”M = A’r%

Pn—Xn—
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5 Special cases
for all n > 1. From Item (i), we get 6 > 0 and 0 < ¢ < 1 such that
disty; (xns1,zer(A+C)) + (1 — §)€2 < g(disty; (x, zer(A+C)) + (1 - §)2_,)

for all n > 1. Repeatedly applying this relation gives

‘

2 < (disty; (xur1,zer(A+C)) + (1—8)67)

—
(<7}

q

n

<

(disty; (x1,zer(A+C)) + (1 — 8)£5).

—_
|
<9

Inserting into (I.31) and taking square roots on both sides yields

)+ )
1Xn1 —Xnlyy < q"/z\/11_26/61(dlst}2w(x1,zer(A—|—C)) +(1-8)43).

Let us choose m > n > 1 and apply the triangle inequality,

m—1

(R —x,,||M < Z k41 _kaM
k=n

< Z k2, [C1te g/q(dist,%,(xl,zer(A+C))+(1—5)53)

o / N
<Y ¢ %(distﬁ(xl,zer(A+C))+(l -8)2)
k=n -

; 1 i+ /q, .
:‘1/21—\/67\/ N (disty (v, zer(A+C)) + (1= 8)¢5)
(1.32)

showing that (x,),.y is a Cauchy sequence, hence x, — x* as n — co with x*
from Theorem 1. The other claim of Item (ii) follows by letting m — oo in (1.32). O

REMARK 2 The analysis in Section 4 requires § > 0, but it can in an analogous

way be done with the choice C = 0 and § = 0 without division by zero, leading to
the iteration and safeguarding condition mentioned in Example 5. a

5. Special cases

In this section, we present some special cases of our algorithm.
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5.1 Primal-dual splitting with deviations
We are concerned with the primal inclusion problem of finding x € /¢ such that

0 € Ax+ L*B(Lx)+Cx (1.33)
under the following assumption.
ASSUMPTION 3 We assume that
(i) A: A — 27 is a maximally monotone operator;
(ii) B:.# — 2% is a maximally monotone operator;

(iii) L: 5 — ¢ is a bounded linear operator;

)

(iv) C: I — Hisa %-cocoeroive operator with respect to || -

(v) the solution set zer(A+ L*BL+C) 1= {x € 5 : 0 € Ax+ L*B(Lx) + Cx} is
nonempty. O

Problem (1.33) can be translated to a primal—dual problem [He and Yuan, 2012]:
X € J is a solution to (1.33) if and only if there exists t € B(Lx) (the dual variable)
such that

0€Ax+L"u+Cx,
. (1.34)
0 —Lx+B .

Define the primal-dual pair w := (x, 1) € 5 x % . Then, (1.34) can be restated as
0 dw+Bw, (1.35)

where (with slight abuse of notation in the infinite-dimensional setting)

A L* c 0
v=[4 E) o

The operator <7 is maximally monotone by [Bauschke and Combettes, 2017, Propo-
sition 26.32] and € is 1/f-cocoercive with respect to the metric ||-||;,, with

1 —tL*
M= |:—’L'L rc‘l} (L.37)

where ¢, 7 > 0 such that o t||L|* < 1.

The translation of (I1.33) to (I.35) via the two operators .« and % shows that
Algorithm 1 using the metric M can be used to solve problem (I.33). We present this
special case in Algorithm 2, along with the subsequent result on its convergence.
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5 Special cases

Algorithm 2

1: Input: (xo, 1o) € 5 x £, the sequences (A,),cy and (&), oy as defined in
Assumption 2, and &, 7 > 0 such that o7||L||> < 1.

2: set: uy g = vy =0,v,0=0.
3: forn=0,1,2,...do

4: Xp =Xy + Uy p
_.un Hn Vun
6: -pr,n _ Jea (xAn — Ly — TCin)
. [ Pun Jop-1 (fn+OL(2pxn _fft))
7. xn+l:| _ [xn:| A, (|:Px,n:| _ |:JEn )
_.un+1 ,un Pu,n ,un_
8: choose upi1 = (thxpt1,Upns1) and Vi1 = (Ve g1, Vns1) such that
A, B 2 A1 (2—4, B)|l |V 1 2
n+17, nt 12— A1 T xX,n+
2—X,117PB ||ux3n+1 H + 4—2Ap+1—7B ‘ |:V[l7n+l:| ‘M
M (4=2M—1B) || | Pxn | _ |*n MtB  |Uxn
compal] sl oo
2
_2(1=An) | Vxn
4-21,—1B Vi "
9: end for

COROLLARY | Consider monotone inclusions (I.35) and suppose that Assumption
3 holds. Let (x,),cy and (U,),cy denote the primal and the dual sequences, re-
spectively, that are obtained from Algorithm 2. Then (x,), .y converges weakly to

a point in zer(A + L*BL+C).

O

Proof. In Algorithm 1, replace A by .2/ and C by € as devised by (1.36), and substi-
tute (x,, 4y, ) in place of x,, and also set p, = (Pxn, Pun)s Yn = (Xn, Un)s 2n = (Xn, ),
up = (Ux,0), Vo = (Veps V), M asis in (1.37), and ¥, = 7 (n € N). These changes,

along with the update formula

Pn= (px.mpu,n) = (M+ 7427)71 (MZn - T%yn)

I+ TA

|2t 1o 'I+1B7!
_ [ t+tA) (%

~ U+oB T HA

0

Ry — TL iy — TCEy
—tL%, +to ',

|

|

—tL*{, — 1C%,)
n + GL(sz,n - xAn))
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Jra (£, — TL* 1, — 1C%,)
Jo‘B*' (lan + GL(sz,n _xAn)) ’

result in Algorithm 2. Therefore, Algorithm 2 is a special instance of Algorithm 1;
and the corollary is an immediate consequence of Theorem 1. a

REMARK 3 In Algorithm 2, it might be expected that we get fi,, = U, +uy ,, which
is the dual counterpart of X, = x,, + u,,, but we do not. That is because the corre-
sponding part of fi, of the operator ¢ in (1.36), i.e. its second column, is zero, and
thus, there is no need to define the dual counterpart of %,. ]

REMARK 4 In Algorithm 2, letting all deviations uy , Vx5, Vun (n € N) be zero and
A =1 give

Xn+1 = J‘L’A (xn - TL*I-Ln - Tcxn) )

Hot1 = JO.B—I (.un + GL(2X”+| _xn)) .
This is the Condat—Vii algorithm in its basic form [Condat, 2013; Vi, 2013], which,

with C = 0, reduces to the basic form of the Chambolle—Pock primal-dual method
[Chambolle and Pock, 2011]. O

REMARK 5 By letting C =0, 8 =0, and u,,, = 0 for all n € N in Algorithm 2, we
arrive at a Chambolle—Pock method with deviations and the condition (1.38) reduces

to
v ? =2 ) Q=AM || | P X A |V ?
x,n+1 — 1) (2= An)An x,n n 1— X,n
‘ [Vﬂ,ml} ’M < At [Pu,n} L‘J 2= [Vu,n} M
5.2 Krasnosel’skii-Mann iteration with deviations
Consider the fixed-point problem
x=Tx, (1.39)

where T : 77 — ¢ is a nonexpansive operator. Then, by [Bauschke and Combettes,
2017, Remark 4.34, Corollary 23.9], there is a maximally monotone operator A :
A — 27¢ for which Jya = %Id—l—%T, with ¥ > 0. This correspondence suggests
that Algorithm 1 can be used to solve (I.39). Letting C =0, B =0, M =1d, and
u, = 0 for all n € N in Algorithm 1, results in Algorithm 3, that can be used to solve
problem (I.39). Weak convergence of Algorithm 3 is shown in Corollary 2.

COROLLARY 2 Consider the fixed-point problem (1.39); suppose that its solution
set is nonempty and let Jyy = 31d+37T. Then, the sequence (x,),y. that is gen-
erated by Algorithm 3, converges weakly to a point in the solution set of the prob-
lem. O
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6 A novel inertial primal-dual splitting algorithm

Algorithm 3

1: Input: xo € 77, and the sequences (A,),crs (V) perys and (n),cry according to
Assumption 2.

2: set: vg =0
3: forn=0,1,...do
4: Zn =Xp+Vp
5: Dn = %(Id—l—T)(x,, +v)
6: Xnt1 = (1= A)xn 4+ A (pn— )
7: choose v, 11 such that
An(2=20) (2=, 1|7

on|? < & 220G e) ) 4 Jucly, (1.40)

8: end for

Setting v, = 0 for all n € N in Algorithm 3 results in

Xn+1 = ( - %)xn + %T(Xn),
which is the standard Krasnosel’skii—-Mann iteration [Bauschke and Combettes,
2017, Corollary 5.17].

6. A novel inertial primal—dual splitting algorithm

In this section, we present a novel inertial primal-dual method to solve problem
(I1.33) with C = 0. We construct this algorithm from Algorithm 2 by consider-
ing a special structure for the deviation vector. We preset the deviation vector
direction at the n-th iteration to be aligned with the momentum direction, i.e.,
Vi = an(Xy — Xy—1, Uy — Un—1), and use the bound on the norm of deviations to
compute a,. Since this algorithm is an instance of Algorithm 2, its convergence
is guaranteed by Corollary 1.

REMARK 6 Even though Algorithm 4 has similarities with translations of the al-
gorithms of [Alvarez, 2000; Alvarez and Attouch, 2001; Attouch and Cabot, 2019;
Cholamyjiak et al., 2018; Lorenz and Pock, 2015] to a primal-dual framework, to the
best of our knowledge, the former and the latter cannot be derived from each other,
and thus, are essentially different. O

6.1 Efficient evaluation of the norm condition

In order to compute the bound on the coefficients a, using (I.41), one needs to
compute some M-induced norms, which involves evaluating L and L*. Depending
on the complexity of evaluating L and L*, these evaluations may be computationally
expensive. However, by scrutinizing Algorithm 4, it is observed that some of the
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Algorithm 4

1: Input: (xo, to) € 5 x ¢, and the sequences (), and (§,),cy as stated in
Assumption 2.

2: set: ap =0

3: forn=0,1,2,...do

4: )E”} = [x”] +ay {x” _xnl]
L Hn M Hn — Un—1
S: pxﬁ} = { Joa ()En . TL*/'ALn)
. LPp.n Jop1 (fn+OL(2pxn —%n))
6: Xn+1:| _ I:xn:| +)~n (|:px,n:| B |:)E”:|>
| M1 Uy Pu.n i
7: choose a, such that
2
a2 |:xn+l _xn:|
n+1 W1 — Uy ”
2
An(2—2n)(2—Api 1) DPxn —Xn A1 Xp — Xp—1
ST +547, ¢ 141
8: end for

previous evaluations can be reused to keep the additional computational cost low
compared to the standard Chambolle—Pock algorithm. In what follows, we provide
more details on how to compute the required scaled norm of the vector quantities in
a computationally efficient manner.

As seen in line 7 of Algorithm 4, at each iteration one of each L and L* eval-
uations are performed. Similar operations take place at each iteration of, e.g., the
Chambolle—Pock algorithm. However, in our algorithm, we have other operations
involving evaluations of L and L*. Those are due to verification of the norm con-
dition in line 8 of Algorithm 4. More specifically, since the kernel M is given by
(I.37) for each evaluation of ||-||,,, we have one more evaluation each of L and L*.
This can lead to a substantially higher computational cost. However, except for the
first iteration, the extra L and L* evaluations can be computed from the computa-
tions which are already available from previous iterations. That is possible due to

the relations
LxAn = an + bn(an _an—1>7

L*ﬂn = L*,un + by (L*.un _L*Ianfl)a
Lxy1 = Lx, + A (pr,n - LxAn)a
L*.unJrl = L*.un +;Ln(L*pIJ7" —L An)v

1.42)

which are derived from lines 5 and 7 of Algorithm 4. In the relations above, for
n > 0, all quantities to the right hand side are already computed and can be reused,
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7  Numerical experiments

except for Lp, , and L*p, , that need to be computed via direct evaluation.

Table 1 provides the list of evaluations involving L and L* that we need to per-
form at the first three iterations. It reveals that at the first iteration, we need to
perform six different evaluations involving L or L*, of which four might be com-
putationally heavy and two can be done cheaply. After that, i.e. for n > 0, we only
need to perform two such heavy evaluations per iteration; namely, Lp , and L*py, ,,.
The rest of the L and L* evaluations can be done efficiently by exploiting previously
computed quantities and (1.42). This keeps the computational per-iteration cost of
our algorithm basically the same as that of the Chambolle—Pock algorithm.

n | Expensive evaluations Cheap evaluations
0 | Lxo, L* o, Lpxo, L* puo Lxy, L* 1y

1 Lpx1, L' puy L, Lxy, L™ flp, L™ tp
2 Lpo, L pun L3, Lxs, L™ 13, L* i3

Table 1: List of evaluations that involve L and L* for the first three iterations. The
second column shows direct and potentially expensive evaluations and the third
column shows evaluations that can be done cheaply via the relations in (1.42).

7. Numerical experiments
We solve an /;-norm regularized SVM problem for classification of the form

minimize f(Lx)+ g(x), (1.43)

given a labeled training data set {6;,¢;}Y ,, where 6; € R? and ¢; € {—1,1} are

i=1
training data and labels, respectively, and with
$16{ ¢
f(Lx) =1"max (0,1~ Lr),  g(x) =¢&llw]i, L= :

I

onOY ¢.N

where 0= (0,...,0)",1=(1,...,1)", x= (®,b) is the decision variable with b € R
and ® € R, max(-,-) acts element-wise, and & > 0 is the regularization parameter.
A point x* is a solution to (1.43) if and only if it satisfies

0€L"df(Lx*)+dg(x").

This holds, since f and g are proper, closed, and convex functions with full domains,
and thus, d f and dg are maximally monotone and L is a linear operator [Bauschke
and Combettes, 2017, Proposition 16.42]. This monotone inclusion problem is an
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instance of (I.33) with A = dg, B=df, and C = 0. As in Section 5.1, we transform
the problem into a primal—dual problem and solve it with primal-dual algorithms.

We compare our inertial primal-dual method, Algorithm 4, to the standard
Chambolle—Pock (CP) [Chambolle and Pock, 2011], and to the inertial primal—dual
algorithm of Lorenz—Pock (LP) [Lorenz and Pock, 2015]. In all experiments, we
set the primal and the dual step-sizes to T = o = 0.99/||L||, the regularization pa-
rameter of problem (1.43) to & = 0.1, and {, is, for each n € N, sampled from a
uniform distribution on [0, 1 — 107°]. The experiments are done using the liver dis-
orders data-set [Chang and Lin, 2011] which has 145 samples and 5 features. The
solution (x*, u*) is found by running the standard Chambolle—Pock algorithm until
the residual gets smaller than 1013,

10° Fy 10°F

= 10721 i 10721
= _4
7107t |10t
£ w0 EUN
>~ >~ in-8L
Z 10-8 = 10

| 10-10} ?‘ 10710

=
e | 3 1012+

%103 iteration x 103 iteration

Figure 1: Distance to the solution vs. iteration number for the /;-norm regularized
SVM (1.43) with & = 0.1, on the liver disorders data-set [Chang and Lin, 2011] with
145 samples and 5 features. Solved using Chambolle—Pock primal—dual algorithm
(CP), Lorenz—Pock inertial primal-dual method (LP), and Algorithm 4 with A =
1.0. The primal and dual step-sizes are set to T = o = 0.99/||L|| for all algorithms.
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Figure 2: Scaling factor a, of Algorithm 4 in the experiment shown in Fig. 1 vs.
iteration number for the first 1000 iterations.
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7  Numerical experiments

100 F 10°F

= 107%f i 10721

~ !

| 1074 | 1074}

- .

= jp0 = 00
= =
%, 1078F 1078

= 3.

|: 10-10 | 10-10f
= 3
—_— 10—12 = 10—12 L

0 50 100 150 200 0 50 100 150 200
x 103 iteration %107 iteration

Figure 3: Distance to the solution vs. iteration number for the /;-norm regularized
SVM (1.43) with & = 0.1, on the liver disorders data-set [Chang and Lin, 2011]
with 145 samples and 5 features. Solved using Algorithm 4 for some values of A
with 7=0 =0.99/||L||.

For the /1-norm regularized SVM problem, since f and g are piece-wise linear,
the resulting (primal-dual) monotone operator

_|dg L
v=% o]

is metrically subregular at any point in the solution set of the problem for 0, see
[Latafat et al., 2019, Lemma IV.4]. It therefore follows from Theorem 2 that the
algorithm exhibits local linear convergence, see Fig. 1 and Fig. 3. The figures re-
veal that our method needs about half the number of iterations to reach the same
accuracy as the other two methods. This improvement comes at essentially no extra
computational cost.

Figure 2 shows the first one thousand scaling factors a, of Algorithm 4 for the
same implementation as in Fig. 1. It is seen that the scaling factor attains mostly
values close to one.

In Fig. 3, the impact of the relaxation parameter A is investigated. In the sense
of convergence rate, it interestingly seems that A = 1.0 yields the best performance
in this example.
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Incorporating History and Deviations in
Forward-Backward Splitting
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Abstract

We propose a novel variation of the forward-backward splitting method for
solving structured monotone inclusions that incorporates past iterates as well
as two deviation vectors into the update equations. The deviation vectors bring
a great flexibility to the algorithm and can be chosen arbitrarily as long as
they jointly satisfy a norm condition. The method is derived from a Lyapunov
analysis from which we conclude convergence rates for various quantities. For
a specific choice of the parameters and the deviations, our algorithm reduces
to the Halpern iteration and the accelerated proximal point method that both

converge as & (n%) in squared norm of the fixed-point residual.
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1. Introduction

In this work, we consider the problem of finding x in the real Hilbert space .7 such
that

0e€Ax+Cx (I1.1)

where A: . — 277 is a maximally monotone operator with 2 denoting the
power-set of S, and C: 5# — ¢ is a cocoercive operator. This monotone in-
clusion has optimization problems [Eckstein, 1989; Raguet and Landrieu, 2015],
convex-concave saddle-point problems [Chambolle and Pock, 2011], and varia-
tional inequalities [Attouch et al., 2011; Chen and Rockafellar, 1997; Tseng, 2000]
as special cases.

Forward-backward (FB) splitting [Bruck, 1975; Lions and Mercier, 1979;
Passty, 1979] has been broadly used to find solutions of the monotone inclusion
problem (II.1). The FB splitting iteration is given by

Xpr1 = (Id+yA) "1 (Id —yC)x,, (I1.2)

where ¥ > 0 is a step-size parameter. The gradient method, the proximal point algo-
rithm [Rockafellar, 1976], and the proximal-gradient method [Combettes and Pes-
quet, 2011] are some widely used special instances of the FB splitting method.

Several attempts have been made to improve the convergence of the FB splitting
algorithm by incorporating information from the previous iterations. The heavy-
ball method [Polyak, 1964], the inertial proximal point algorithm [Alvarez, 2000;
Alvarez and Attouch, 2001], and inertial FB algorithms [Apidopoulos et al., 2020;
Attouch and Cabot, 2020; Attouch and Peypouquet, 2016; Attouch et al., 2018;
Beck and Teboulle, 2009; Chambolle and Dossal, 2015; Cholamjiak et al., 2018;
Lorenz and Pock, 2015] are a few instances that fuse previous information into the
current iteration by including a momentum term into the algorithm.

In this paper, we propose an extension to the standard FB splitting algo-
rithm (IL.2) to solve the monotone inclusion problem (II.1). In our algorithm, the
past information is incorporated in two ways. We use momentum-like terms to con-
struct two extrapolated/deviated points which are fed to the FB operator as its input
arguments. In addition, our proposed algorithm has a relaxation step in which the
momentum-like terms are included. As a result of fusing past information, our pro-
posed algorithm attains a sublinear rate of convergence of o(n%), which is faster

than nominal FB splitting that achieves 0(%).

Our algorithm, in its general form, in addition to incorporating iterates from the
past, embodies two deviation vectors. These deviations can be seen as adjustable pa-
rameters of the algorithm that have the same dimension as the underlying space of
the problem; hence, providing the algorithm with a great flexibility. This flexibility
can be utilized to control the trajectory of the iterates and improve the convergence

of the algorithm. Each iteration of the algorithm is safeguarded by requiring the
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1 Introduction

deviations to jointly satisfy a safeguard condition to ensure convergence. Unlike
the safeguard conditions in [Giselsson et al., 2016; Sadeghi and Giselsson, 2021;
Themelis and Patrinos, 2019; Zhang et al., 2020] that select between a globally
convergent and locally fast method, our safeguard condition limits the size of the
deviations such that the trajectory of iterates obtained from the algorithm is con-
trolled in all iterations. The deviations in this work have the same role as the ones
in [Banert et al., 2021; Sadeghi et al., 2021a; Sadeghi et al., 2021b], which in fact
are special instances of our algorithm.

Our Lyapunov analysis of the algorithm is based on using the monotonicity in-
equality of A and the cocoercivity inequality of C between the last iterate and a
solution as well as between the last two points generated by the algorithm. (Such
inequalities are referred to as interpolation conditions in the terminology of perfor-
mance estimation (PEP), see for instance [Ryu et al., 2020; Taylor et al., 2017b;
Taylor et al., 2017a].) This is in contrast to the analysis in [Sadeghi et al., 2021b]
that only uses these inequalities between the last iterate and a solution. The use of
the extra inequalities paves the way for deriving a Lyapunov analysis from which
we obtain convergence rates of order o n%), which is not attainable for the algorithm
given in [Sadeghi et al., 2021b].

A simplified version of our algorithm is given by

pn = (1d+yA) " (Id—yC)y,
Y1 = Yn+ 545 Vn = Yn-1) (I1.3)

n+1)(4— n
+ %ﬂ(ﬁn_)’n — 1 (Pn—1 —Yn—1))

where C is 4-cocoercive and 0 < Y < %, where, similar to what has been shown
in NOFOB [Giselsson, 2019] and AFBA [Latafat and Patrinos, 2017], the upper
step-size bound is larger as compared to nominal FB splitting. This algorithm is a
novel inertial-type FB scheme that incorporates past data into its iteration’s update
equation. It has the Halpern iteration studied in [Lieder, 2021] and the accelerated
proximal point method [Kim, 2021] as special instances. Note that algorithm (II.3),
which itself is a simplified instance of our proposed algorithm, extends the acceler-
ated proximal point (backward) method to the forward-backward setting for mono-
tone inclusion problems. For this case, we show that the sequence of fixed-point
residuals of the algorithm, y, — p,, converges to zero with a rate of & (%)

The paper is organized as follows. In Section 2, we provide some basic defini-
tions along with the notations used throughout the paper. Section 3, in addition to
the formal statement of the problem under study, presents our proposed algorithm
along with examples demonstrating some special instances of our algorithm. In Sec-
tion 4, we provide our convergence analysis. In Section 5, we derive several further
special instances of our algorithm, two of which lead to the Halpern iteration. We
conclude the paper in Section 6 by presenting some deferred results/proofs.
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2. Preliminaries

Throughout the paper, the set of real numbers is denoted by R; .7 denotes a real
Hilbert space that is equipped with an inner product and induced norm, which are
denoted by (-,-) and ||-|| = \/(-,-), respectively. A self-adjoint bounded operator
M: 5 — S is said to be strongly positive if there exists some ¢ > 0 such that
(x,Mx) > c||x||* for all x € #. The notation .# (%) is used to denote the set of
linear, self-adjoint, strongly positive operators on 5. For M € .# () and for all
x,y € 2, the M-induced inner product and norm are denoted by (x,y),, = (x, My)
and |x||,, = v/ {x,Mx), respectively.

The power set of . is denoted by 2. A map A: # — 27 is characterized
by its graph gra(A) = {(x,u) € # x # :u € Ax}. An operator A: 7 — 27 is
monotone if (u—v,x—y) >0 for all (x,u),(y,v) € gra(A). A monotone operator
A: A — 27 is maximally monotone if there exists no monotone operator B: J# —
27 such that gra(B) properly contains gra(A).

Let M € #(5€). An operator T : 5 — S is said to be

(i) L-Lipschitz continuous (L > 0) w.r.t. ||-||,, if

| Tx =Tyl <Lllx—ylly for all x,y € 2,
(i) %-cocoercive (B> 0) w.rt. |||, if
1
B

(iii) nonexpansive if it is 1-Lipschitz continuous w.r.t. ||-||;

(Tx—Ty,x—y)> =||[Tx—=Ty|3-1  forallx,y € .#;

By the Cauchy—Schwarz inequality, a %-cocoercive operator is 3-Lipschitz contin-

uous.
Let (ay),cn and (b,),cn be sequences of real numbers and let b, # O for all
n € N. we use the notation a, € &(b,) if there exists co > 0 such that |a,| < co|by|
for sufficiently large n; and we say a, € o(b,) if and only if
lim % = 0;

n—soo bn

and we use the notation a, € Q(b,,) if there exists some ¢; > 0 such that |a,| > ¢; |by|
for sufficiently large n.

3. Proposed algorithm

We consider structured monotone inclusion problems of the form
0 € Ax+Cx, (I1.4)

that satisfy the following assumption.
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3 Proposed algorithm

ASSUMPTION 1 Let 8 > 0 and assume that
(i) A: H# —27 is maximally monotone,
(ii) C: € — € is %-cocoeroive with respect to ||||,, with M € .# (), and
(iii) the solution set zer(A +C) := {x € 5 : 0 € Ax+ Cx} is nonempty. O

As the operator C has a full domain and a cocoercive operator is maximally mono-
tone [Bauschke and Combettes, 2017, Corollary 20.28], the operator A 4 C is max-
imally monotone as well [Bauschke and Combettes, 2017, Corollary 25.5].

We present a variant of FB splitting with deviations for solving problem (I1.4)
in Algorithm 1.

For the FB step to be implementable and the safeguarding step in (II.5) to be
satisfied for some u,,| and v, |, we require for all n € N that 7, 4,,, 6,, é,,, and 0,
are strictly positive and the parameters §,, W,, ¢, and &, are non-negative. If these
requirements are met, one trivial choice that satisfies the safeguard condition (IL.5)
is u, = v, = 0. For the convergence analysis, there are further requirements on some
of these parameters that are discussed in Section 4.

The FB step of Algorithm 1 allows the points y, and z, to be different, which
is in contrast to standard FB splitting (II.2) and the inertial FB method (II.3). The
points y, and z, are constructed based on a linear combination of the last iterate,
some momentum-like terms, and the deviations u, and v,,. We have a great flexibility
in choosing the direction of the deviations u, and v,, however, they are confined to
a subset of .7 which is defined by the condition (IL.5). At the step of selecting the
deviations, all the quantities involved in the right-hand side of (II.5) are computable.
The deviations can be viewed as design parameters of the algorithm, and thus, the
flexibility provided by them can be used to control the trajectory of the algorithm
with the aim of improving convergence of the algorithm.

In spite of the similarities between Algorithm 1 and the FB splitting with de-
viations algorithm of [Sadeghi et al., 2021b], there are several differences. First,
in the update equations of y, and z,,, momentum-like terms—a;,(y,—1 — x,) for y,
update and o, (y,—1 —x,,) and 0,(z,—1 — pu—1) for z, update—are included. Sec-
ond, the relaxation step of the algorithm, step 8, is equipped with an additional
relaxation-like term. Third, the safeguard condition includes an additional non-
negative expression on the right-hand side—compared to that of [Sadeghi et al.,
2021b]—which could potentially lead to a larger upper-bound on the norm of the
deviations. These differences are rooted from including additional monotonicity and
cocoercivity inequalities—so-called interpolation conditions in the terminology of
[Taylor et al., 2017b; Ryu et al., 2020; Taylor et al., 2017a]—in our analysis com-
pared to the analysis of [Sadeghi et al., 2021b]. Notably, beside using inequalities
between the points of the last iterations and a solution, which are the only interpo-
lations used in [Sadeghi et al., 2021b], we use inequalities also between the points
generated in the last two iterations of our algorithm. This gives an extra degree of

71



Paper II.  Incorporating History and Deviations in Forward—-Backward Splitting

Algorithm 1

1:

Input: initial point xo € J7; the strictly positive sequences (%,),cy and
(An) e the non-negative sequences (&,),,cr and (U ),cs and the metric |||,
with M € 4 ().

2:  Given the input parameters, for all n € N, define:
(1) Oy = )L,f—l:u,,;
N A e Yulln .
(1) O = 7=,
(111) Qn = (4 - ynﬁ)(z'n +,un) - 227%,
(iv) 6, 1= 24, + 20, — YuBA
(v) Qn = ln"".lvlrn_af,%’
(vi) 6, := ()Ln +.un)7/nB~
3: set: zo = yo = xp and ug =vo =0
4: forn=0,1,2,...do
5: Vi = Xn + 0 (Yu—1 — X)) + ty i
6: Zn = Xp+ an(pn—l _xn) + an(zn—l _pn—l) + eng:ﬁ Up+vy
7: Pn= (M+ ynA)_l (Mzn - Vnc}’n)
8: Xn+1 :xn+ln(pnfzn)+(_xnln(zn71 7pn71)
9: choose u, 1 and v, such that
Ans1 + 6 6,
e B 2 By iy ) <2 L)
Cn—&-l 9n+1 en-H
is satisfied, where
/2 — 6 1BAZ 26, |I?
n=— 72 ||Pn—%n + (Xn(xn _pn—1> + Tnun - Tnvn W
+ Zunyn< Zn;lﬂn _ Zn—;;[:n—l s Pn — p’l*1>M (116)
nin 2
+ %”pn —Yn— (Pn-1 *ynfl)HM
10: end for

freedom in our algorithm represented by the parameter u, that comes from how
much of these extra interpolation conditions that are used in the analysis. This addi-
tion allows us to arrive at convergence rate of £2 € o(ein) and in particular, by letting

An grow linearly with n—which makes 6, grow quadratically—a rate of 2 € o(niz).
Such rates are not achievable in [Sadeghi et al., 2021b] as setting u,, to zero takes
us back to the algorithm of [Sadeghi et al., 2021b].

We end this section by presenting some simplified variations of our algorithm

as special instances.
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EXAMPLE 1
With y, =0 and u, = v, = 0 for all n € N, the safeguard condition (IL.5) is always
satisfied, and Algorithm 1 reads

pn= M+ 7"A)_1(M — %C)xn
Xn+1 = Xn +An(pn _xn)

which is the relaxed preconditioned variant of FB splitting. If we further choose
M =1d and A, = 1 for all n € N, we recover the standard FB splitting (I1.2). a

EXAMPLE 2
With 9, = Y and u,, = v, = 0 for all n € N, the safeguard condition is already satis-
fied, we get y, = z,,, and Algorithm 1, after eliminating x,, can be simplified to

Pn = (MJV ’YA)il(M_ YC))’n
(1—06,,+|)06,,

Ynt1 =Yn+ W(yn —Yn-1)
+2fn(1 - an+1)(pn —Yn— an(pn—l _))n—l))'

This algorithm is a novel inertial-type FB algorithm. a

EXAMPLE 3
With %, = yand

2—yB) (At
Vn:< yﬁ)é(nn ,un)um

for all n € N, we get z, = y,, and Algorithm 1 reduces to

Yn :xn'i'an(ynfl _xn) + uy
pn=(M+ '}/nA)71 (M — %C)yn
Xn+1 = Xp +An(pn 7)’11) + anln(ynfl 7pn71)

where the safeguard condition (IL.5) reads as

(A'n+1 tTHnt1 )2

9,, 72(}')1+“rl) u
Cat 1011

n

Hun+1||12v[§%‘pn_xn‘i‘an(xn_pn—l)_ n

M

+.un'}/n<% - %717” _pn—1>M
nin 2
BBy — (Pat = Y1)y

In Section 5.2, we see that this algorithm, with a slightly tighter safeguard condition,
has the Halpern iteration [Lieder, 2021] and the accelerated proximal point method
[Kim, 2021] as special cases. O
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EXAMPLE 4
With u,, = 0 for all n € N, the algorithm reduces to the forward—backward splitting
with deviations [Sadeghi et al., 2021b]. If we further let

_ 2P
Vn = 1=y B-22, Un>

for all n € N, we get z,, =y, and Algorithm 1 is simplified to

Yn = Xp +Up
Pn=(M+9%A)" (M= 1%C)y,
Xn+1 = Xn + An(Pp = Yn)
and the safeguard condition (IL.5) reduces to

I HZ < Snt1a(4=1%B=220) (4= 11 B—2An11) 2
Un+1llpg = Y

v 2=mB-2A
‘p" M T T2,

=
This algorithm, is Algorithm 1 of [Sadeghi et al., 2021a] which itself is a special

instance of the forward-backward splitting with deviations algorithm [Sadeghi et
al., 2021b]. |

4. Convergence analysis

In this section, we present our Lyapunov-based convergence analysis of Algo-
rithm 1. In Theorem 1, we define a quantity V,—which we call a Lyapunov
function—based on the iterates generated by Algorithm 1, and present an iden-
tity that establishes a relation between V,, 1 and V,,. In Theorem 2, under a set of
assumptions on the the parameters of Algorithm 1, we introduce an inequality—
which we refer to as a Lyapunov inequality—from which, several useful results
can be deduced. Then, in Theorem 3, we use this inequality along with some as-
sumptions on the parameters to draw conclusions on the rate of convergence of the
algorithm, as well as, on the summability and convergence of some sequences of
the terms that appear in the Lyapunov function/inequality. This theorem is followed
by results that address two particularly important corner cases.

The proof of our first theorem is lengthy and only based on algebraic manipula-
tions and is therefore deferred to Section 6.

THEOREM 1 Suppose that Assumption 1 holds. Let x* be an arbitrary point in
zer(A+C) and Vg = ||xo — x* Hi,,, and based on the iterates generated by Algorithm 1,
foralln € N, let

Vgt = Xt —X*||2M+22w+17n+105n+1¢n +0, (IL7)

where
Oy = <7Z'l;pn yPn— x*>M + % [[Yn = Pn H}zvlv (IL.8)
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and £2 given by (IL.6). Then,
Vn+l + 2771()% - (_Xn+lln+l)¢n + Ei_l

6 )
= Vot () | " il + 5" vl
6, On

holds for all » € N. O

The identity relation provided in Theorem 1 becomes more insightful if we
know that all its constituent terms are non-negative. In that case, one can imme-
diately conclude, for instance, that (V,),cy is a non-increasing sequence. Non-
negativity of these terms relies on the joint selection of the parameter sequences
(C)pers (F)pens (Mn)pens and (A,),cn according, for instance, to the following
assumption.

ASSUMPTION 2 Choose €&,¢& € [0,1) and € € (O,min (1, %)), and assume that,
for all n € N, w,, > 0 and the following hold:

(i) 0< G <1-&;

(i) 2V P8 <y < HV2PE

(i) & < Puhn < Yoo 1At +2%(1 — 28) —g; and

. A2 4= 1B A2
(IV) &1 +Yn;\ﬂ7’}/nflxn71 S A’)r:"',un S ( 2’;’51}; . o

REMARK 1 Our convergence analysis entails that the parameter sequences
(en)neN’ (9,,)’1 N’ and (9,1)11 ey O be lower-bounded by a positive constant. This

follows by Assumption 2 since then, 8, > Be, 6, = (4 — 1,8) (An + ) — 242 > €,
and

O = 2(A+ H) = WuBAT = 2(An + 1) — 5%B (4= 1uB) (A + 1) — €)

i(%+un)(2—7nﬁ)2+;Ynﬁszs<1—m) O

In the following result, we introduce a so-called Lyapunov inequality that is the
foundation of the rest of the results in this section.

THEOREM 2 Suppose that Assumption 1 and Assumption 2 hold. Let x* be an ar-
bitrary point in zer(A + C), and the sequences (é%)neN, (Vi) penys and (@n),,cny be
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constructed in terms of the iterates obtained from Algorithm 1, as per (I1.6)—(IL.8),
respectively. Further, for all n € N, let

n—Pn n—1—"Pn— 2
[0 :<% - %J’n 7pn71>M - %”Cyn 7Cyn71 ||M*l

(IL.9)
+ <Cyn - Cynfl yYn —Yn—1— (pn - pn71)>'
Then, foralln € N,
(i) ¢, >0, and
Bl2y-1 2
Gut 5 || M (Cyn—Cyn-1)+Pn—Pn-1 = Yn+Yn-1 HM
‘n—Pn in—1 " Pn— 2,
= <% — e Py — P >M +B1lpn— Pt = yn+ynalliss
(ii) 63, ¢,, and V,, are non-negative;
(iii) and the following inequality holds
Vn+1+2'}/n(ln_(xn+1)~n+l)¢n+(l_Cn)ezfl SVH' ]
Proof. 1t follows from step 7 of Algorithm 1 that
Mz, —Mp,
o= BPn_ cy, € Apy. (IL.10)
Yu
From (II.10) and montonicity of A we get
0< (MM — gy, — Mot Mouct 4. €y, py = ooy ). (IL11)
From ﬁ-cocoercivity of C w.rt. |||, we have
0< <Cyn —CYn—1,¥n 7ynfl> - %Hcyn —Cyn1 ||12\/[*1 . (IL.12)

Adding (II.11) and (I1.12), yields

n_ n Mz, 1 —Mpy_
0= <%_Cyn_%+cyn—hpn_pn—l>

+(CYn = Cynt,3n = ¥n1) = FCYn = Cyni |3y
n—Pn Zn—1—"Pn— 2
= (st Sl p ) = EICYa = Crat
+ <Cyn—c)’n717yn —Yn—1— (pn _pn71)> = Qn-

Then, from the equality above, we have
(p — <Zn717n _ Zn—1"Pn-1 _ > + E” _ _ + ||2
n m vy o PnT Pn-l I Pn—Pn—1—=Yn T Yn-1llpm
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2
- %H%M‘I(Cyn —Cyn—1)+Pn— Pn—1 = Yn+Yn-1 HM I1.13)
where we used

(s,6) = LIt = S el — &)1 2m s — ||},

for all t,s € 7. Rearranging the terms in (II.13) gives the desired relation.

For Theorem 2 (ii), due to Remark 1 and Assumption 2 and by construction
of E,Zl as per (I1.6), and given ¢, > 0, it is evident that, for all n € N, Zfl > 0. By
x* € zer(A+C), we have

—Cx* € Ax* I1.14)

From (II.10) and (II.14), and montonicity of A we get
0< <W—Cyn+cf,pn—x*>. (IL.15)
From %-cocoercivity of C w.rt. ||-||,,, we have
0 < (Cyn—Cx*,yu = x") = §[|Cyn — Cx* 31 (IL.16)
Define

VA
+(Cyn = Cx" yn = x") = | Cyn = Cx* 31

an ::<M1n*Mpn —Cyy+Cx*, py _x*>

n—Dn * *[12
:<Z an 7pn_x*>M—|—<Cyn—C)c 7yn—pn>—%HCyn—C)C HM*"

which is constructed by adding (I.15) and (II.16), and thus, q;,, > 0 by construction.
Then, from (I1.8) we have

¢r1—< T 7Prz_x*>M+<Cyn_Cx*7yn_pn>_%”Cyn_cx*njzu—l

o1 n 2
= (222 =)+ Eln—pally

2
—B|3m vy pu— (L.17)
where in the last equality we used
2 2 — 2
(s.0) = §lsllhgr = §lelli = 11301l
for all 7, s € 7. Rearranging the terms in (II.17) gives
N Bll2a1s—-1 * 2
O§¢n+1H3M (Cyn_Cx)+pn_yn
(I1.18)

n_rn 2
= (252 pu=x*) + Bl = pally = 90

77



Paper II.  Incorporating History and Deviations in Forward—-Backward Splitting

and thus, ¢, > 0. Additionally, since Eﬁ > 0 and the coefficients of ¢, in (IL.7) are
non-negative by Assumption 2 (ii) and Assumption 2 (iii), V,, > 0 by construction.
For Theorem 2 (iii), by Theorem 1, we have

Vat1 +€;%71 +2'}/n()~n - an+1)~n+l)¢n
= Vit Qb ) (&l + & vl ).

Using this equality and (IL.5) gives
Vn+l +2’Yn(ln - an+l;lfn+l )‘Pﬂ +61%71 S Vn + Cn&%,1 .

Due to Assumption 2 (i), moving CM%A to the other side gives the desired result.
This concludes the proof. a

REMARK 2 As seen in the proof of Theorem 2 (i), the interpolation conditions be-
tween the points obtained from the last two iterations of the algorithm, mentioned
before, are in fact added to construct the condition ¢, > 0. Having this interpola-
tion in our analysis allows us to bring the adjustable parameter L, into the algorithm.
This parameter enters into the convergence analysis as the coefficient of the interpo-
lation condition @, > 0. As we see later in this section, the rate results are obtained
for our algorithm are all rooted into the presence of this parameter. O

REMARK 3 Note that from Assumption 2, one can potentially choose to fix A, let
it be growing with Q(n), or select any other variation in between these two. If 4, is
selected to be fixed for all n € N, then, u,, would be bounded from above and below
by Assumption 2 (iv). On the other hand, if one choose (A,),.y to be growing,
then (), has to be growing as well. In particular, by Assumption 2 (iv), if the
relaxation parameter (A,),,.y is chosen to be increasing as n increases, then (i),
must be growing with Q(A,7). O

Before stating the main convergence result, we present the following lemma on
boundedness of some sequences of coefficients.

LEMMA 1 Consider the quantities defined in Algorithm 1 and suppose that As-

sumption 2 holds. Given B > 0, the sequences (@> R (&) , ( O ) s
p ﬁ q 61/ neN 6n neN er% neN

(W’M) , and (A%) are bounded. =
neN n neN

n

Proof. By the assumption, we know that all the quantities in the denominator of the
sequences are lower-bounded by some positive constants. Thus, the only way that
these sequences can be unbounded is that the absolute value of their numerator grow
towards infinity with a rate faster than the rate of growth of their associated denom-
inators. We show that this can not be the case. The only way that the absolute value
of the numerators of these sequences can grow is to let (4,),. be increasing. Let
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4 Convergence analysis

us make that assumption. Then, according to Assumption 2, the sequence ('u")neN
grows with Q(2?2) (see Remark 3). By definition, the sequences (6,),,cy. (6x )neN,

and (Gn)n oy grow linearly with ,, and thus, they are increasing with Q(A2) as
well. Hence, we see that if the numerators of these sequences are increasing, their
associated denominators would be growing with the same rate. Therefore, none of
these sequences are unbounded. O

The following convergence theorem, which is based on Theorem 2, excludes the
edge cases of Assumption 2 where the constants € and €; can be chosen as zero. We
consider two corner cases corresponding to these choices after the theorem below.

THEOREM 3 Suppose that Assumption 1 and Assumption 2 hold. Let x* be an arbi-
trary point in zer(A+C), and the sequences (£7) . (Vi) pens (9n)ery> and (@) ey
be constructed in terms of the iterates obtained from Algorithm 1, as per (I1.6)-(11.9),
respectively. Then, provided that &, &, > 0, the following hold:

(i) the sequences (83) and (@), are summable, (V,,),cy is convergent, and
(Xn) pen 1S @ bounded sequence;
(ii) the sequences (A,uy),cn and (A,v,),cn are convergent to zero with a rate of
o(1);
(iii) xp41 —xp — 0asn — oo}
(iv) the sequences

( y
M neN
and

(<% — el py _Pn—1>M+ Bllpw—yn— (pn _ynfl)szyj)

l, 26,
n—Xn + an(xn _pn—l) + ylﬁ S Uy, — Tnvn

neN

converge to zero with the rates of o(ei) and o( ”L) respectively;
(v) the sequences (¢ ),y and

(

converge to zero with a rate of o(i);

+ gM_lCle - (pnfl —Yn-1+ ;M_lcynfl) H2
B B M

neN

(vi) the sequences (¢,),cy and (pn — Y+ %M*‘Cyn) . are respectively con-
ne

vergent to zero and Cx* with a rate of & (%) a

Proof. To show Theorem 3 (i), we use
Vn+l+2'}/n()tn_(-xn+l)tn+])¢n (l_gn) —1 <Vna
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from Theorem 2 (iii). The sequences ((ﬁ)n ene (Va)pens and (@), are non-
negative by Theorem 2 (ii). Additionally, by Assumption 2 (i) and Assumption 2 (iv)
respectively, the quantities 1 — §, and A, — @, A, are non-negative for all n € N;
and thus, the quantity 29,(A, — @1 Au+1)¢ + (1 — Cn)f,z,,l is non-negative for all
n € N. Therefore, by [Bauschke and Combettes, 2017, Lemma 5.31] the sequence
(Vi) nery converges and the sequence

(ZYn(An - (_xn+laﬂ+1)¢n + (1 - C”)ngl)neN

is summable. Moreover, for all n € N, we have liminf, ;7% > 0 by Assump-
tion 2 (ii), 1 — &, > & > 0 by Assumption 2 (i), and A, — @41 A.s1 > & > 0 by
Assumption 2 (iv), hence, summability of the sequence above implies that (E,zl)n eN
and ((/’),1)"GN are summable; thus, 6,2, — 0 and ¢, — 0 as n — oo. Since V,, is conver-
gent and its constituent terms in

Voo = [|xn — *levl +£3—1 + 220 Y 0 01,

are all non-negative, the sequence (||xn _X*szw) , converges which implies that
ne

the sequence (x, ), is bounded.
To show Theorem 3 (ii), note that due to (II.5) and Assumption 2 (i), the summa-
bility of (é,zl)n cny implies summability of

A 6 6
(;" (3 At [y + g ||zn+1vn+1||§4)> Sy
" neN

n+1 nt

Hence, as, for all n € N, by Remark 1 and Lemma 1 the coefficients in the expression
above are strictly positive and bounded, the sequences (A,u,),cr and (A,vy),en
must be convergent to zero with a rate of o(1).

For Theorem 3 (iii), note that since (ﬁﬁ)n ¢ 18 summable and it is comprised of
two positive terms, its constituent terms must be summable. Therefore, from (I1.6),

the sequence
(1 )
2
MJ neN

is summable. Next, we use Lemma 2 to replace the expression inside the norm
above by Lemma 2 (iii). Then, by taking the factor % out of the norm, we get
T

< 9" 2 >
222 )
" M neN

which is a summable sequence too. Since all the coefficients in the expression above
are bounded by Lemma 1, by Theorem 3 (ii), we get x,,+1 —x, — 0 as n — oo,

WBAy 20,
g, U= 5, Vn

Pn _xn+an(xn _pnfl)'i‘

0 2— A
Xn+1 —Xn + %Zlnun + ( Ynﬁéi n+‘u") )ann
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For Theorem 3 (iv), since (E%)n eN is summable, it is convergent to zero with
o(1). As a result, its constituent terms which are non-negative, are convergent to
zero at least with the same rate. Recalling the definition of ¢2 from (I.6) gives the
desired result.

Theorem 2 (i) along with Theorem 3 (iv) immediately imply the assertion of
Theorem 3 (v).

For the proof of Theorem 3 (vi), from (II.18) in proof of Theorem 2, we have

- 2
On :¢n+§H%M71(Cyn—Cx*)—&-p,,—y,l (I1.20)

M

Thus, due to the summability of (¢")neN from Theorem 3 (i), and since the terms
in the identity relation above are non-negative, both of them are convergent to zero,
which implies that p, —y, + %M ~1Cy,—Cx* as n — . Moreover, from Theorem 2

we have
2 2
Vi1 = ||xn+l _X*HM+£n+21n+l}/n+lan+]¢n <W.

Due to the fact that o, and 7}, are bounded for all n € N, from this we see that
(n),cn»> as well as its constituent terms, are convergent to zero with & (%) This
completes the proof. O

Next, we present a convergence result for one of the corner cases mentioned
before in which we assume that (}/n?L,,)neN is an increasing sequence, that € = 0 in
Assumption 2 and that the lower-bound of Assumption 2 (iv) holds with equality,
which implies that Assumption 2 (iv) reads as

Ly = Ynflﬁfnflln
7Y W VARY M (IL.21)
£ S ’Vnkn - 'ynfl)tnfl 5

for all n € N and with A_; = 0. Based on this assumption, as proven in the theo-
rem below, the (6,),.y grows quadratically with n, and as a consequence of Theo-
rem 3 (iv), we conclude a convergence rate of o(n%), at the cost of loosing summa-

bility of (¢),),. an boundedness of (x;),cx-

THEOREM 4 Suppose that Assumption 1 and Assumption 2 (i)-Assumption 2 (iii)
along with the assumptions given by (IL.21) hold. Let x* be an arbitrary point in
zer(A + C), and the sequences (Eﬁ)neN, (Vi) perns (@) e and (@), be con-
structed in terms of the iterates obtained from Algorithm 1, as per (IL.6)-(I1.9), re-
spectively. Then, provided that & > 0, the following hold:

(i) the sequence (Zﬁ)

is summable, and (V,,) N 1 a convergent sequence;

ne

and (v,),cy are convergent to zero with a rate of 0(%);

neN

(ii) the sequences (i) e
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>iii) xp41 —x;, > 0asn — oo
(iv) the sequences

( o

n—Pn n—1"Fn— 2
(<%_%7Pn_pn71>M+%”pn_yn_(pnfl_ynfl)HM)

whhi 28,
0, Un 8, 'n

Pn *xn‘i’an(xn 7pnfl)+

and

neN
converge to zero with a rate of 0(,%2);
(v) the sequences (@), and
<’ DPn—Yn+ %M_lcyn - (pnfl —Yn—1+ %M_lcynfl) Hz )
M/ pnen

converge to zero with a rate of 0(,%2);
(vi) the sequences (¢,),cy and (pn — Y+ % M‘len> N are respectively con-
ne
vergent to zero and Cx* with a rate of &'(1). O

Proof. From the assumption given by (IL21), (A,),cy grows with Q(n) and
() peny grows with Q(n?). By the definition of 6, and from (IL.21), we obtain

Gn = (4 - '}/nﬁ)(ln + .un) - 27{7%

}/n—lzfn—lln ) 2
— (4 1Pl ) g)2
( ! IB) <A'” %I)Ln - ’yrlfllnfl
_ (4_%1[3)7”}7% _2(%1)%_%;—1/1”—1)}7%
'}/nln - '}/nfl/lnfl
12

=——(4- 2%—1An—1 — 2% ).
}’nln*Yn—llnfl(( WB) Y+ 2%—1An1 Th n)
Due to this and by assumption (II.21) and Assumption 2 (iii), we conclude that
(6n),,cny grows with Q(n?).
Given the growth rates of (4,),cr> (Un) e and (60,),cny as above, it is straight-
forward to obtain the asserted results from Theorem 3. O

Note that in the theorem above,we cannot guarantee summability of (@),
as by (II.21), the coefficient of ¢, in the Lyapunov inequality is zero, that is A,, —
@, 1An1 = 0 for all » € N. As a consequence, we cannot coclude that

*112
(I =x"13)
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is convergent, and thus, our argument on boundedness of (x,), .y no longer holds.

Finally, we consider the corner case with &y = 0 and §, = 1 for all n € N and
equality in the lower bound in Assumption 2 (iv) as in Theorem 4, which gives
(IL.21). To get meaningful summability results, we tighten the safeguard condi-
tion (5) to

6, 6,
1+ o) | 2l + 2 a3 ) <2, @122
041 Ont1

where 72 := (2 — /% for all n € N, with £2 given by (I.6) and

02 . _ in—Pn __ Zn—1"Pn—1 _
En = 2/Jn'yn< T Yot y Pn pn—l>M

ﬁ 2 (11.23)
+ B2 pn = 0 = (Pa=1 = ya-1)lli-

Note that ,for all n € N, by Theorem 2 (i) and Assumption 2, @2 is non-negative and
due to Remark 1 and by definition, /2 is non- negative as well. With these choices,
the algorithm attains a convergence rate of 0( ) for the sequence (@), Which
as per Theorem 2 (i), is a combination of monoton1c1ty and cocoercivity inequalities
for two consecutive iterates.

We will show in Section 5.3 that Algorithm 1 with this setting, for some specific
choices of the parameters, leads to the Halpern iteration studied in [Lieder, 2021]
and we recover the same convergence rate for the fixed-point residual from our rate

result on (£7), -

THEOREM 5 Suppose that Assumption 1 and Assumption 2 (i)-Assumption 2 (iii)
along with the assumptions given by (I1.21) hold. Let x* be an arbitrary point in
zer(A+C), and (@n),cnys (Vi) peny> and (E?l)neN be respectively constructed as per
(IL.7), (IL.8), and (I1.23) by the iterates obtained from Algorithm 1 with its safeguard
condition modified to (I1.22). Then, the following hold:

() forallneN
Vn+l +é371 S Vn

(ii) the sequence (V,),cy is convergent and (£2), _ is summable;
(iii) the sequences

y

M/ neN

and

n—Pn n—1"#Fn— 2
(<% — %7pn 7pn,1>M+ §||Pn —Vn— (Pn1 *ynfl)HM)

converge to zero with rates of & (n%) and 0(,%2), respectively;

2 _
n_xn+an(xn_pn71)+ynﬁ Uy — %Vn

neN
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(iv) the sequences (¢,),r and

(

converge to zero with a rate of o(niz);

2
pn_yn+%M_1CYn_(pnfl_yn—l‘k%M_lcynfl)H )
M neN

(v) the sequences (@), and (pn —Yn+ %M ’len) N are respectively con-
ne
vergent to zero and Cx* with a rate of &'(1). O

Proof. To prove Theorem 5 (i), from Theorem 1 we have

Vi1 + 2% (A — Gy 1 A1) Pn +€£_1
= Vn + ()Vn + I»Ln) (%:

a3+ Sellvally )
Note that by (IL.21), A, — @, 1A+ is zero for all n € N. This gives

Vit 421 = Vit Gt ) ( &l + Sl )
Substituting £2 = /2 4 2, we obtain

n»

Vn+1 +é%_1 "‘gﬁ_l = Vn + (ln“r.un) (%:

2, 6, 2
a3+ Sl )
Using the new condition on deviations, given by (I1.22), yields the desired inequal-

ity.

For the proof of Theorem 5 (ii), observe that the sequences (V},),, and (?Zn)n N
are non-negative by Theorem 2 (i) and by construction, respectively. By Theo-
rem 5 (i), the sequence (V},),cx is nonincreasing and, by [Bauschke and Combettes,
2017, Lemma 5.31], it is convergent and (l%)n <y is summable.

The proofs of Theorem 5 (iii)-Theorem 5 (v) follow from very similar argu-
ments given in the proofs of Theorem 3 (iv) and Theorem 3 (vi), respectively. This
completes the proof. a

5. Special cases

In this section, we introduce some special instances of Algorithm 1 by giving spe-
cific choices of the parameters and the deviations.

5.1 Vanishing deviations
By letting u,, = v,, =0 for all n € N, Algorithm 1 reduces to

Yn =Xn+ an()’nfl _xn)
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5 Special cases

in = Xn +an(pn71 *xn) +&n(zn71 7pn71)
Pn=(M+%A)" (M2, — %,Cyn)
Xp+1 = Xn “")“n(pn _Zn) + anzfn(zn—l _pn—l)-

The algorithm given in Example 2 is a special case of this algorithm. To show that,
after eliminating x,, from the algorithm above, we obtain

Yn = Zn+ Cu(Pn—1 = 2n—1) + 0 (Yn—1 = Pn-1),
Pn= <M+ynA)7l (MZn - Yncyn)u

1-a, _
Tt = 2+ o Oy — GnZa1) (11.24)

+ (An — Oy 1 A — Oy 1 + Qi 1) (P — 2n)

*)Ln(_xn(l - arH»l)(pnfl 7Zn71)+ W%T%anfl-

Setting ¥, = ¥ gives y, = z, and &, = O, for all n € N. Substituting these into
(I1.24) yields the algorithm of Example 2. The algorithms above are convergent by
Theorem 3 with a rate of o(i).

REMARK 4 In the case that the deviations are identically zero, unlike Remark 1,
we do not require 6, to be strictly positive for all n € N. In fact, for our convergence
analysis to hold, it suffices to have 6, > 0 for all n € N; as in that case, the safeguard
condition (IL.5) is already satisfied. Therefore, we can drop the € from the upper-
bounds of Assumption 2 (iii) and Assumption 2 (iv). In particular, the condition on
A, can be restated as

’yrlln S ’}/nflzfnfl + ZYn (1 — YZB > (H.ZS)
O

In what follows, we present a special instance of algorithm (II.24), using

A‘Vl = 1 + ’}/’;;1 A’nfla
and 7, <2, for all n € N, which satisfy (I1.21) and (IL.25). Substituting y,, from
(IL.21) and definitions of a;, and &, from Algorithm 1 along with the choice of A,
above into (I1.24), we obtain

Yn=2n+ %(an _anl) + AZI (ynfl _pnfl)v
P = (M+1%A) " (Mz, — 1Cyn), (I1.26)

I Yol _ (An=D¥ut1
Tntl = Ynxn""YnJrlZn Yadn Y1 Pn Yl t+Yor1 Pn—1-

According to Theorem 4, this algorithm is convergent with a rate of o(n%)
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5.2 Parallel deviations

In this section, we consider Algorithm 1 with the alternative safeguard condition
given by (I1.22), and with the particular choice of the deviations as
Q 7}1 9’1 —/n
Up = 2(5214?2%) (pnfl *anl)a Yn = . gzé, nl) (pnfl —Zn—1 ) (1.27)

n

Having these parallel deviations along with the assumption of §;, = 7, implies y, =z,
for all n € N. Then, by substitution of the specified parameters and deviations into
Algorithm 1, and after eliminating x,,, we obtain

pn=(M+7yA)" (M—yC)y,

(1= 1)

Yo+l :)’nJFW(Yn —Yn-1)

i 16, (11.28)
e R A ) [
1- n nen
- (% + anln(l - an+1)) (pnfl _y”fl)a
where the parameters must be chosen such that
02, 16,11 <6, (I1.29)

is satisfied at each iteration, as the safeguard condition (II.22) reduces to this condi-
tion in the specified setting. This means that, we do not need to evaluate any norms
to ensure convergence of the algorithm.

By letting 4, = (1 +n)o, for all n € N, with ¢ being a positive constant such
that Assumption 2 (iii) and (I1.21) are satisfied, regardless of the value of o, (I1.28)
becomes

pn=(M+7yA)" (M —yC)y,,

_ yB(1+n) n(2—yp) (14n)(4—7B) n(4-yB)
Yntl = gy Ynt Ty V-1t 4, n = “ayon Pn—1

(I1.30)

which is an alternative presentation of the algorithm given by (II.3). Observe that
with the set of selected parameters that led to this algorithm, the condition (I1.29) is
always satisfied.

The following result shows that algorithm (I1.30) is convergent, with respect to
the norm of the fixed-point residual, with a rate of '( %)

PROPOSITION 1 Consider Algorithm 1 with the modified safeguard condition
given by (I1.22) and let the deviations be selected as per (I1.27). Given yy = xg € 5
and B > 0, let x* be an arbitrary point in zer(A + C), and for all n € N, A, =
(I+n)(1— @) Then, Algorithm 1 reduces to the algorithm given by (I1.30) which
converges as

2 2
1Pn—ynlliy < ( [1y0 = x*{[3- .

2
I—Tﬁ> (n+1)2
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Proof. Using the choices made by assumption, from Theorem 5 and the definition
of V,, in (IL.7), we obtain

2
2 2 2
2= (1=2) 0+ 12llpn —llly < Vit < Vo= llvo— I, = o — "I}
This concludes the proof. O

By letting Cx = 0 for all x € 5, M =1d and 8 = 0, we arrive at the accelerated
proximal point method [Kim, 2021] and the convergence rate results found in [Kim,
2021] can be recovered by Proposition 1. This means that this special case of our
general Algorithm 1 is a generalization of the accelerated proximal point method.

5.3 Halpern iteration
Given yg € S and the nonexpansive operator N : ¢ — ¢, a special case of the
Halpern iteration that is studied in [Lieder, 2021] is defined as

Ynt1 = 420+ 25 Ny, (I1.31)
for all n € N.

Prior to proceeding to the derivation of Halpern iteration from our algorithm,
we give the following result. The proof is straightforward and is left to the reader.

PROPOSITION 2 Given a nonexpansive operator N : .7 — ¢ and a positive con-

stant B > 0, the operator %(Id —N) is %-cocoercive. |

In what follows, we show that the algorithm given by (I.31) is a special case
of Algorithm 1. We derive the Halpern iteration from our algorithm in two different
ways. We first use the algorithm outlined in (I.26) in Section 5.1, and then, uti-
lize the algorithm presented in (I1.30). For both cases, we show that the algorithm
converges with o(n%)

Alternative 1. In the algorithm given by (II.26), having %, = 7, for all n € N,
implies that y,, = z,, and A, = 1 4+ n; and simplifies the algorithm to

Pn = (MJFYA)_I(M* YC)Yn,
Yn+1 = %)’n + %l’n - ﬁpn—la
which can alternatively be cast as
pu= (M +YA)~ (M —=¥C)yn,
1 n (11.32)
Yn+1 = n+2y0 n+2pn~
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Next, given the nonexpansive operator N, let us set Ax = {0} for all x € 57, M = 1d,
C= g(ld —N), and 73 = 2. By Proposition 2, the operator C is %—cocercive; and
hence, it can be inserted in place of C in (I1.32). This gives

2

1 n+1

Ynt+1 = myOﬂL mpn

2
Pn=Yn— B(ﬁ(ld_N))yn = Ny,
(I1.33)

which is the Halpern iteration as given by (I.31). Recalling Theorem 4, it is easy
to verify that this algorithm converges, for instance in ¢, value, with a convergence
rate of 0(”%)

Alternative 2. Similar to what is done above, given the nonexpansive operator N,
and having the choices Ax = {0} forallx € #, M =1d,C = g(ld —N),and 3,8 =2
for all n € N, invoking Proposition 2 and applying this setting, the algorithm pre-
sented in (I1.30) becomes (I1.33). Similar to the earlier alternative, from Theorem 5,
one can verify that this algorithm converges, e.g., in the value of ¢,, with a rate of
o(5z)-

"In addition to the rate result given above, for the approach taken in the latter
alternative, we can derive exactly the same rate as found in [Lieder, 2021]. This is
given in the following result.

PROPOSITION 3 Consider Algorithm 1 with the modified safeguard condition
given by (I1.22) and let the deviations be selected as per (IL.27). Given yy € 9,
B > 0, and the nonexpansive operator N : 5 — 2, let Ax = {0} for all x € 2,
M=1Id,C= %(Id —N), x* be an arbitrary fixed-point of the operator N, and for all
neN, B =2and A, = %(1 +n). Then, Algorithm 1 results in Halpern iteration
(II.31) which converges as

4
2 2
HNyn*y”” S (n—l—l)zHinx*” . U

Proof. The fact that with given assumptions, Algorithm 1 becomes the Halpern-
itaeration is already shown. Next, using the choices made by assumption, from
Theorem 5 and the definition of V,, in (II.7), we obtain

E2 1

2=+ 1P —ynll? <Vt Vo = flxo —"|1* = llyo — 2|1

By substitution of p, = Ny,, we obtain the desired result. O

We derived the Halpern iteration using two different approaches and verified that
both converge in, for instance ¢,, with a rate of o(niz) For the second alternative
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we recover the same rate—in the norm of residual—as the one obtained by [Lieder,
2021]. However, to the best of our knowledge, this is not possible for the first al-
ternative. This can be explained by the fact that we derived the same algorithm—
Halpern iteration—assuming two different sets of parameters and deviations. In the
setting that led to the second alternative, we used a tighter safeguard condition. This
resulted in the two approaches having different underlying Lyapunov inequalities,
and hence, their rates could be obtained for different quantities.

As a final remark, observe that with the choice of N = 2(1d —|—}/A)_1 —1d, the
Halpern iteration [Lieder, 2021] for finding fixed-points of the nonexpansive opera-
tor N and the accelerated proximal point method [Kim, 2021] of finding the root of
a maximally monotone operator A are equivalent, since, given the same initial point
Xo € S, they generate the same sequence of iterates. This was recently shown by
[Ryu and Yin, 2021].

6. Deferred results and proofs

In what follows, we present some results that have been used in the previous sections
along with the proof of Theorem 1 that was deferred to this section. Prior to that,
we define the auxiliary parameter

6, 1= (2— 1B tn +20,6, (I1.34)

which frequently appears throughout this section.
We begin by establishing some identities between the parameters defined in
Algorithm 1. These identities are used several times in the proof of Theorem 1.

PROPOSITION 4 Consider the auxiliary parameters defined in step 2 of Algo-
rithm 1. Then, for all n € N, the following identities hold

() 6, = (2~ %B)6n + Oy:
(i) en = 26 +(2- 'J/nﬁ)(ln_‘k Hn)s
(iii) A26, = 6, (A, + 1) —262. |

Proof. For Proposition 4 (i), from definition of 6, and én, we have

00 = (2= 1%B)0,+ 6,
= (2= 1%B) (An+ oy — A2) + (22 + 20, — 1BA?)
= (2= %B) (An+ ) — 227 + 1B A7 + (24 + 2, — 1BA;)
= (2= 1B) (An+ ) — 22,7 +2(An + )
= (4= %B) (An+ tin) — 2,

89



Paper II.  Incorporating History and Deviations in Forward—-Backward Splitting

which holds by definition of 8, in Algorithm 1. For Proposition 4 (ii) we have

0, = Zén +(2— Ynﬁ)(ln +I~1n)
=2(An = 20) + (2= %B) (A + )
= =20+ (4= %B) (A + tn)-
For Proposition 4 (iii), after moving all terms to the left-hand side of the equality
we get
A26,+262 — 6,(Ay + 1)
:l,f((Z—yn[})én+én)+292 6, (A + Wy
= 0,(A22— %B) +26,) — By (A + 1t — A
= 6,(24n + 2, — YuBA}) — 6,6, = 6,6, - 8,0,

where in the first equality 6, is substituted by from Proposition 4 (i) and in the
second and the third equality definitions of 8, and 6, are used, respectively. a

The next lemma provides alternative expressions for the term inside the first
norm in (IL.6).

LEMMA 2 Suppose that Assumption 1 holds and consider the sequences generated
by Algorithm 1. Then, for all n € N, the following expressions represent the same
vector

. 22 26,
(i) pn— (1= 0)Xp — Oy 1+Vnﬁ “Un — G Vns
/1 6; 26,0, (e .
(i) pn— Zn + 9, -V — - Q*anfl + #anl - ngnnynfl,
- 6 2-4,B) (ot
(iii) }T"(xn—&-l _xn) + ?nun + ( ylﬁ()’i . un)Vw O

Proof. We, first, show that Lemma 2 (ii) represents the same vector as Lemma 2 (i):

26 6 21, [ 26,8,
Pn— gnnzn'i_*:yn_ Tlnxn_ Fpn— 1+ 3 “Zn—1— o nyn 1
26, 21, [
=Pn— T:(Zn - anznfl) + FZ(yn - anynfl) - anxn - Q*anfl
26,
en

!

=Pn— g ((1 - (Xn)xn+ (an - an)l’n—l + Gng:ﬁ un+Vn)
1

b, 22, 2
+ FZ(( - (xn)xn +un) - Tnxn - szn—l
— pp— 2(pa,,)é,f(eifan)éﬁzxnxn _ 0,;+2é,,9(:x,,—a,,)pn_l
06,—202%B 26,
+ 6,6, Un— g, Vn
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nBA2 On
:pn*(lfan) Xp — Oy Pn— 1+Yﬁ Un %Vn

where the coefficients of the last equality are found as follows. The numerator of
the coefficient of x,, reads
2(1 =)0, — (1 — @) 0 +24,
= (1 - an)(en - (2_ '}/nﬁ)(ln +,un))
— (1= ) B (An + pn) + 22, (1.35)
=(1—=04)0, —2(1 —04) (A + ) + 24,

= (1= 00) 8 — 2522 (A + 1) + 22 = (1 — 04,) 8,

where in the first equality, 6, is substituted from Proposition 4 (ii), and 6, and o,
are substituted by their definitions in Algorithm 1. The numerator of the coefficient
of pp,_1 is

0) 420, (0 — &) = (2— VuB) tn + 20,0, + 26, (04 — &)
= (2= 1.B)tn +26, 0, (11.36)
= (2 - Ynﬁ)an(zfn + ,un) + 2én(xn = anen
where in the first equality (I1.34) is used, the third equality is obtained using the def-

inition of ,, and Proposition 4 (ii) is utilized in the last equality. For the numerator
of u,, we get

één - 2é;12/}’nﬁ = é'}/nﬁ (z'n + .un) - Zénzynﬁ
= ’}/nﬁ (én()bn + Iin) - Zér%) = ’ynﬁ)bnzen
where the first equality is obtained by substitution of the definition of 6, from Al-
gorithm 1, and in the last equality Proposition 4 (iii) is used.

Now, we show that Lemma 2 (ii) and Lemma 2 (iii) represent the same vector.
Starting from Lemma 2 (ii), we have

(1.37)

8, 2

6, 26,0, 0,0,
Pn— Tzn"_ B, yn_inxn_ (.szn—l +#Zn— - n =

, Yn—1

26, b 24,
=Pn— T:(Zn - anznfl) + Q*Z(yn - anynfl) - T;xn - Q*anfl

- %n(x}rFl —Xn) +2n+ 0 (Pn-1 —Zn-1) — %(Zn — Onn-1)
~ o
+%Z(yn_anyn71)_ Zelnnxn_ei”pnfl

T(xn+1 Xn) + G20 29" (2n — Cnzn—1) +% & ()’n = OhYn—1) = 2(;}:1)6”

0,6,—6]
+$Pn—l

= %(xnﬂ Xn) + 9”5759” ((l — Oy ) Xy + (Oty — Oy ) pr—1 + 6"(;:',‘[3 U, + vn)

91



Paper II.  Incorporating History and Deviations in Forward—-Backward Splitting

0, 9" n
+%Z((1*an)xn+un)7291nnxn+a Pn—1

1 61—20 ) 0,7, 8+6,,6, 29
= Tn(anrl _xn)+ ( - n)en’énn ~— n+ VY

0,—20, (1 o‘n)+én(1 Q) 217! —26,) (0 — 0ty +(Xn9n76;l
( ) 5 Xn (6n ) o ) Dn—1
1 en 2— nﬁ An""“-n
=7 (Xnt1 —Xn) + 2 gLt + C=B)Gatn) ()95 )vn

In the second equality, the definition of x,1 from step 8 of Algorithm 1 is used. In
the last equality, the coefficient of x, is found to be — - by (II.35), the coefficient
of p,—1 is zero by (I1.36), the coefficient of v, is found by Proposition 4 (ii), and for
the coefficient of u,, we have

(6, —26,)0,%B + 6,6, = 6,6,7.8 — 2627, + 6,6,
= 6,0,%B + Ynﬁlnzen
= nynﬁ (én _’_&12) = nynﬁ()“n + ”n)

where the second equality is obtained by (I1.37), and in the last equality the defini-
tion of 6, is used. This concludes the proof. O

6.1 Proof of Theorem 1
Proof. We define the following quantity
An = Va+l _Vn +2’)/n(ln - dn+]2,n+|)¢n +€,21 1

) (I1.38)
— (ot ttn) (& oy + )

and prove the result by showing that, for all n € N, it is identical to zero. By substi-
tuting V11 and V,, in (I1.38), we get

An = [Xng1 =X |3y + €2 + 22011 Y1 G 1 O
— [0 — *||12w — U = 22 Y OB
+ 2% (An — O 1 1)+ oy — (A +un)(
= |[xns1 =[5 — IIxn - *||12u + 0y = 22V O Bt + 2Vn A O
= -+ ) ( 2l + 2 vl )

2
+ & vl

where in the last equality we used ¥,0,+1 = Y,+10,+1. Next, substituting éﬁ from
(I1.6), and ¢, and ¢, from (II.8) on the right-hand side of the last equality above,
yields

2 2
Ay = ||xXn11 _X*”M — []2%n — *“M

92



6 Deferred results and proofs

_ 2
A2 26,
+ Yng oy — gnvn
n n M

+% n||Pn _xn+an(xn _pnfl)

Zn—Pn __ Zn—1"Pn—1 _

+2I-Ln')/n< " ey pn—1>M

n in 2
By — (pat =y )3
_27LnYnan (<%’Pn—1 _x*>M+ %”)’n—l _pn—1||/2V1)
20 (528, =)+ Bllva = pully)

), 2 0, 2

— (Rt ttn) (& o+ & ol )

= et =l = %o =13+ 220 2522 pu =)

- 21n%1“n<%7pn71 —PntPn _x*>M
+2,un'}/n<znyﬂpn - %,Pn — Pn—1 >M

212
+yn§ gy, — 299"Vn
n

2

+ %en Pn—Xn+ an(xn _pn—l)

M

A
nynzanﬁ ||yn |

1nin 2 2
+m”p _Yn_(pnfl_}’nfl)”M_ - _pnleM

lnn ~n 2 A}'l 2
28 1y, — pallog = o ) (2l + 11wl )

2
= [[n 1 = x* (I3 — [l — x* 13
+ 2<)~n(zn _pn) - anln(zn—l _pn—l)apn _x*>M

+ 2<.un(zn - pn) + ((_xnﬂvn - %un)(znfl - Pnfl),l?n — Pn—1 >M

2
+% n pn*xn+an(xn7pn71)+yn§jn n 299nvn M
nin 2 A'n 'nYn 2
4 B —yn—mfl—ynfonM—Mnyn,l—pHuM
n n n 2
o+ 28 v, — oy — (Rt 1) (&l + Sl )
We define
®, := Oy — 7" " i (I1.39)

and substitute it in the last equality above; and also from step 8 of Algorithm 1, we
replace A, (2, — pn) — 0w An(za—1 — Pn—1) bY Xn — Xn+1. Then, we get

An = i1 =53y = [1n = X" |3 + 2060 = Xng1, pw — X"y
+2<un(zn _pn) + wn(Zn—l _pn—l)apn _pn—1>

2
1 A 28
+§6n pn_xn'f'an(xn_pn—l)""ynginn envn W

2‘7! n'“n
AtaltaB |y, | —

n n 2 2
BBy — (a1 = Y1) | — Paily
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Ann én 2 én 2
B8 |y — a3y — o+ ) (Sl + Sl )

2
= ”xn—H _PnHM - Hxn _anM
+2</Jn(zn _pn) +wn(zn—1 _pn—l)apn _pn—1>

2
+ mjx,% _ 26,
6n

pn_xn+an(xn_pn—l) 6, 'n

+ 56,

M

nn 2 Ann n 2
BBy — (pat = a1~ Mn»ﬂ — Py

Avnn n 2
22 1y = palyy = G+ tta) (Gelltal iy + vl )

where in the last equality we used the identity 2(a—b,c—d),, + ||b—d H12v1 -
la—d|3; = |b—c||} — |la—c|3, for all a,b,c,d € 5. Now, inserting x, | from
step 8 of Algorithm 1, yields
A, = ||xn — Pn +)~n(Pn _Zn) +2~nan(znfl _pnfl)”i/[ - ||xn _pn”i/[
+2(fn(zn — Pn) + On(2n—1 — Pn—1),Pn — Pn—1)y

nBA2

+%6n pn_Xn+an(Xn—pn71)+,}lé§Tﬂ n 296nvn N

= 2 Y O 2
+m“l’n_)’n—(l’n_1—yn_l)HM_MHyn_l_pn_lnM

7 in 2

YﬁHyn anM (An Jr/,Ln)( an”M)

Vi) I~ )
+ 200 — Py An (P — 20) + MO (Za—1 — Pu—1)) g
+2<'un(zn_pn)+w”(z’1*1_pnfl)vpn_pn71>M
5 2

26 pn—xn+an(xn—pn_1)+7nﬂ iy — L, y

nin 241 nUn 2
+MHPn_Yn—(Pn_1—yn_l)HM_%ﬁ”yn_l_pn_lnM

x,,l 6, 2 b, 2
P |y = pallig = (1) (Selltnl g+ 2 003 ) -

Next, using Lemma 2 and steps 5-6 of Algorithm 1, we replace the terms including
u, and v, in terms of the iterates

A, = |M¢n(pn *Zn) +)Lnan(zn71 7pn71)||1214
+2<xn _Pny)tn(pn _Zn) +lnan(znfl _pnfl)>M
+2<“n(zn _pn) +wn(zrz—1 —Pn—l)’Pn _pn—1>

29n o) n Oy

26, 24 It —

Pn Zn+gYn 8, n pn 1+

2
[¢)
Z” yﬂ 1H

A
nynzanﬁ ||y’Z |

+ BB || b — vy — (pat = yu)l3y — 1= pa-tlly

n in 2’" n 9’1 2
J/ﬁ”yn pn”M Jr7M)”yn*(l*(xn)xn*anynfl”M
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2
+ (an - an)pnfl — OpZp—1+ Gn ny”ﬁyn 1 H

where we used

Vn=2n— (1 - Otn)xn + (an - an)pn—l — QpZpn—1— ﬁ GZY” Up

2 2—%PB)An = 2
=Zn— ng:ﬁ)’n_( ?éﬁ) X+ (O — @) Pp—1 — OnZn— 1+an ;YnﬁyrHl

n

which is obtained by substituting u, from step 5 into step 6 of Algorithm 1. Next,
we expand the terms on the right-hand side of the last equality above which include
pn- This yields

An =2 1Pallyy +2(Pms A (— 20+ Bazn 1 — Gupa1))
+ A2 |20 = Gnzn1 + Gupu1 |3y
- 27Ln||Pn||12w +2{pn, An(2n + Xn + OuPn—1 — 0nZn—1))
+ 2000, A (=20 — O P14 CnZn1))
— 24|l + 2(Ps Mz + (s — @) Pt + OnZa1) g
+2(Unzn + On(Zn—1 — Pn—1), —Pn—1)py + %9n||Pn||;2w
+2(pn % (- B0+ Gya—Boxa) )

+2<pna%l( 0, - Dn— 1+29 OCanh - nan)’n 1)>M

+36n zee"Zn‘f'e)’n 2 s — Pn 1+29"a"zn— - "a"yn 1H2
+ %”anM+2<pnv Wby (paes —ynq))>M
BBy (et — ) I3y — BBy — |3
o+ 28 3y — 2 p, iy, 4 B
— St |y, — (1 — )y — taya [}
ol i) o Bl OBl
+ (0 — Q) Pp—1 — OpZp—1 + a”e"y"ﬁyn 1”2

_ (&% _ (4—Ynﬁ)2(/l,,+#n) + %9ﬂ> ||Pn||12\/1
+2( s (o = A2 = B2+ (% — Cotplm )y, )
2 s (= i+ (1= )Pt 4t — 00— 36— B8 ) )
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+2<pn7 (lnzan — A0y + @y + én(_xn)znfl + <_%énan + %))’nfl >M

+A’;12Hzn — OpZp—1 + Oy pu—1 ||121/1 +2<xnaln(*zn — 0 pn—1+ 04,201 )>M
+2<.unzn ""wn(znfl _pnfl) _Pn71>

- 2
+1g, 29”Zn+9yn zz,l pn 1+29"°‘”zn7 _egfny"*]HM
By (pay =y 1>||Mf%""’3uyn4fpn,1||%w

MY
By, 2

/,L +ﬂn
s — 7”

Yn — (1—06n)xn—06nyn71||12u

_ 6umB 2=1%B)An
6, 2T 4,

_ én(lgﬂtn) z
n

Xn
A o 0,18 2
+ (an - an)l’n—l — OpZp—1+ ”é%ynq HM

All terms involving p,, in this expression are identically zero since their coefficients
become zero. This is for most terms straightforward to show by substituting 6, 6,,,
én, 6,’,, o, and @, defined in Algorithm 1 into the corresponding coefficients. We
show this for two coefficients for which it is less obvious. For the coefficient of
(P, Pn—1) ) We have

_Ay%dn +7Ln(_xn+.un — W — %6/ - %

n

=—M%+M%+w—@@zn

lJ-n) _ %er/l _ un%/nﬁ

O n 2—% n
= A0, + %3’71 Ly + % ~lg
= 228+ (A i) 0y + EBPM Loy
= 6,3, + 21 Lo — Lo/ 16) ~0,

where in the first equality m, is substituted from (II.39) and in the third equality the
definition of @, is used. For the coefficient of (p,,z,—1),,

A28, — Ay + @, + 6,01,
= Doy O — DOy + D0ty — 1= 1+ 0,8,

= )Ly%an - ()vn +,un)an + éndn = (én - én)an =

Next, for the terms containing z,,, we do a similar procedure of expanding, reorder-
ing, and recollecting the terms as we did for p,. This gives

A, = Ar%HZVl — 0yZn—1+ Qupn—1 H[zu + 2<xnyln(_zn — Oy Pn—1+ 04,201 )>M
+2<.unzn+wn(zn—l _pn—l) _pn—l>

20 2
9”@;"'9)’/1 nn n— pn 1+

29,, Oy, Zn1 9,, Oy

+36,

2
), Tn— IH
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nim A}ln 1
+ gy, Ml —

2 2
—(Pn 1= Yn— 1)||M— Pn71||M
m”y (lfan)xn*anynflnlzw

nin 27}1 l}’l
2 — gﬁy ( gnﬁ) X,

It 2
2By 12—

_ én (An “F“n)
(A

+ (0 — O) Pr1 — Cnzn—1 + = ”y”ﬁyn 1”2
= A2llznll37 +2(zn A2 (= nzn1 + 0upn—1))yy + A2 | — Ozt + Cupu—illyy
+2(2n, = AnXn) gy + 2, An (= O Pu1 4 OnZn—1)) gy
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_ én (An“r.un)

_ )l%lB (277nﬁ)ln
6, )

9, n 6,

Xn

2
v Py aﬂ nin
+(an*an)pn71 — OQpZp—1+ YByn IHM

Now, we show that all the coefficients of the terms containing z,, are identical to

zero. The coefficients of ||z,1H12V, and (zy,2,-1),, are zero by Proposition 4 (iii).For
the coefficient of (z,,x,),, we have

26,2 — 20 + (2= 1B) (An + tn) An = A (26, + (2 — 1 B) (An + phn) — 65)

which is identical to zero by Proposition 4 (ii). For the coefficient of (z,, pp—1) m We
have

A2 04,6, — 1,0, + 6,6, — 0, (A + W) (G — 0y
= 226,60 — 1B + 0, (2 — VBt +26,0,) — 0 (M + 1) (G — Ot
= @y (A 00426, — (A + 1) 0n) — 16,
+ (2= %B) a8 + (Ao + Hin) 0,
= (=6u+ (2= 1B)0:+0,) 11, =0
where in the first equality, 6, is substituted and in the third equality Proposi-

tion 4 (iii) is used and in the last equality Proposition 4 (i) is used. Therefore, all
terms containing z,, can be eliminated from A, and we are left with

A, =

Ay%H_ananl + 0 pn—1 ||%/[+2<xnazfn(_anpn71 + ananI»M
+2<pn71;7wn(zn71 7pn71)>

i 2
+300| G230 — 0 — g1 + Gz, ’eﬁfny”*‘HM
A
+ BB ||y, — py i [y — 2282y, s = poci [
l O (2,
n'ynﬁ ||yn||M MH)} l—an)xn—anyn—lni/[
O (An+11p) 0.7 2=%mB)A
— ol || — ”é: Yn— gn " Xn

+ (0w — Oy) Pt — Op2n—1 + ”Y"Byn 1”2
= A2\~ Cznt1 + Cupnt ||y + 260, (= GouPu1 + Gzu1))py
+ 2o, —Oulia = pact + 2yl
+2<yn, éz” (—%xn 9. Pn—17+ 26, ananl - é’éf"yn71)>M

+36,

2
J— 292/,[[‘[ ” pn l + 29” afl _ 9” afl yn 1 H
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Now, we show that all the coefficients of the terms containing y, are identically
zero. For the coefficient of ||y, ||, we have

(6261718 — 26,6, — 26,72 B%) (An+ 1a) + 6,6,
= (60¥0B (20 + 200 — A7 10 B) — 26,1 (An + ) — 26772 B?) (An + )
+ 626,
— (6, A7 +267) A+ ) o B+ (A + ) * 77 B2 6,
= ((lnﬂin) 00— 6u2y —26;) (A + 1) 12 B2,
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which, by Proposition 4 (iii), is identical to zero. Now, for the coefficient of (y,,x,),,
we have

0, (An + 1n) (1 — o) _xnénén - énlnynﬁ (A + 1) (2= % B)
- (9,1(/1,1 +,un)(1 - an) - 2dnén - én/ln(zf Ynﬁ))éﬂ
= (en - én - én(z - ’Vnﬁ))lnén

which is identically zero by Proposition 4 (i). For the coefficient of (y,, p,—1), we
have

1Y B 6 + 26, %B (An + i) (8 — @) — 6,6,
= U YuB 6 +26,6,(8, — ) — 0, ((2— %uB) tin +201,6,)
= U Yn B O + 26,6, 0, — 26,0,04, — (2 — 1, 8) 11n 6, — 2,60,6,
= Un VBB 6n —26,6,06, — (2 — %) 1n Oy
= Un¥aBOn — 26u 110 ¥a B — (2 = %) (An + ) ¥ B
= tnYuB (61 — 26, — (2= %uB) (A + pin))
= tnYaB (00 =2+ ttn — A7) = (2= 1aB) (A + thn))
= VB (60 + 247 — (4= 1%B) (An + thn))
which is equal to zero by the definition of 6,. The equivalence of the coefficient
of (yn,zu—1)y to zero follows from the definition of 6,. For the coefficient of
(s Yn—1)y We have
204,011 B> (Ao + Hn) — 67 60 + 26,6, 00 (A + 1) — 10 %23 6,6
=20,627,86, — 626,01, +26,6,0,(A, + 1) — 0,,6,6 é
= 0,0, (202%B — 6,0, +26,(A + 1) — 6,6,
= 0,0, (26718 — 6,6, + 6, (2(An + 1) —2(A,
= 0,6, (26; 1, — 6,6, + 6,2,] %, B)
= 0,6,(26; %8 — 6.1 B (A + 1) + 6.2, %)
= 00,7, (26; — 6,(An + i) + 6,2;)

+ ) + A7 B))

which by Proposition 4 (iii) is identical to zero. Therefore, all the coefficients of the
terms containing y, are zero and we can eliminate those terms. The remaining terms
are

A, =
z'nzH*(_annfl + 0 pn—1 ||12w+2<xnaz'n(*65npnfl + anznfl»M

By 3 2Pt~ O (20t — Puct))ag
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We want to show that all the coefficients of the terms containing x,, are zero. For the
coefficient of ||x, |3, we have

2228, (o + 1) (2~ B A2 — 608+ 110) (1 — 0,2
= 2/1,%@,1 - (ln + ,un)(2 - ’Vnﬁ)zlr% - en)tr%')/nﬁ
= )‘nz <2én - (xn +.un)<2 - ’}/nﬁ)z - nYnﬁ)
= 27 (222 + 200 — WBAT) — P+ ) (4= 4%B + % B7) — 6,7.)

a,,z(zynm,% O+ 1) (—4maB+ 72B°)

(4= 1B) 1) —Mi)ynﬁ)

= (~2%BA; + 22, %) =0
~ A (I1.40)
where in the first equality 6, and o, and in the third equality 8, are substituted by
their definition from Algorithm 1. For the coefficient of (x,, p,—1) we have
200 4 2 (2 = YaB) (An 4 1) (0 — Cn) — A0, 6,
= ;Ln ((2 - %tﬁ)ﬂn + zanén) + Aﬂ(z - YnB)(ln + .un)(an - an) - 2,,1(76"9”
= 220000+ (2= Y B) (An + 1) AnGip — 20,6,
— (2= %B) (A + ) A Oy + (2= Ya B) A
= 210, (20, + (2= 1uB) (An + ) — 6,)
- (2 - Ynﬁ)z'n,un + (2 - '}/nB))Lnlan

which by Proposition 4 (ii) is zero. For the coefficient of (x,,z,—1) we have
2@y 6y — 22,0, 0 — Ay 0 (2 — Y B) (A + )
= 200 (0y — 26, — (2= %B) (An + in))

which is identically zero by Proposition 4 (ii). For the coefficient of (x,,y,—1) we
have

Anén(xnén + énanln’)/nﬁ (2 - ’Ynﬁ)(ln +.un) - enénan(ln +.uvn)<1 - (Xn)
= )vnénanén + énanafnén(z - Ynﬁ) - enénanzfn
- )Lnénan (én + én(z - Ynﬁ) - eﬂ)

which by Proposition 4 (i) is identically zero. Now, expanding all the remaining
terms, reordering and recollecting them give

A=
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We show that all the coefficients in the expression above are identically zero. Start-
ing by the coefficient of || p,—; ||/2v1’ we have

20,A282 + Ol o B + 46,0 + 6, — 0,2V 0n B — 260 (A + 1) (8 — 00)2
= 20,4, 0 + Oullyu B — 46,0t + (2 — % B) +2an9n)
— O o B — ZénOWI + ) (0, — O‘n)z
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=28 (6uh,; +26; — 64 (A + ) + 44O (— 6, + 6,(2 — 1) + 6,)
+ Butha Y+ (2= B ) 1E — 602V 0B — 200 (A + 1) 087

= OubtaYu + (2= 1) 1t — 62 Y2 0B — 26,111 1,

= OuYuB (tn — An0ta) + (2= 1B 1 — 26,1400t

= OuYuB kO + (2= 1B)* (A + L) Ot — 26,11,

= 1 (6018 + (2= %uB) (o -+ 1) — 26,
where in the first equality @, = —0, L, is used and 6}, is substituted from (I1.34),
the third equality is attained from Proposition 4 (i) and Proposition 4 (iii), and the

expression to the right-hand side of the last equality is identically zero by (I1.40).
For the coefficient of (p,—1,z,—1) u We have

— A202 0, — 0,0, — 6,6, + 6,0, (A + 1) (0 — 0ty
= — 2,1 036 — @6, — 0,0y (2 — 1B ) + 28, 6,)
+ 6,8 (An + 1) (0, — O31)
= 0 (=2 60 =26, + 6, (A + 1)) — 020, — 6,001 (2 — % B)
= 0,8 (A + ) Ot
= G0 — 0,81 (2 — Y0 B) — 0, G
= Ot (6n — 0,(2 — 1) — 6)
which by Proposition 4 (i) is equal to zero. The third equality above is attained by
using Proposition 4 (iii). For the coefficient of (p,_1,yn—1) u we have
61,010 — ¥ O + A ¥ 0 B O — 200, ¥B (A + ) (Bt — 0t)
= (2= 9B n +28:6,) 6,00 — 1 YuB 6 + 21100 B 6,
—200,8,0, (0w — o)
= (2= B B0 — 1 Ya B 6 + Ao Y B O 0 +204,0,, 6,01
= (2= 1B Ha(An + tn) YaB 0w — (An + Hn) 0 Ya B O
+ A Y B 65 Ot + 20,6, 4 ¥ B
= (2= WB) tn (A + Hn) Yo B s — 1O Y B O + 201 0t 11 B
= VB 0 (2= 1B) (An+ btn) — 64 +26,)
which by Proposition 4 (ii) is identical to zero. For the coefficient of ||z,,—; ||12w’ itis

straightforward to see its equivalence to zero by Proposition 4 (iii). Likewise, the
coefficient of (z,—1,yn—1),, is identically zero by definition of 6,. The coefficient of

2 .
[ yn-1ll3 is

1Y B 6,6, —26,6,02 (A + 1) + 6,62 2 — A7, 04,86,,6,
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—2026. 72 B* (A + tin)
= (An + Hn) 0B 06 — 26,6, 02 (A + 1) + 6,07 02
— D Y036, 0 — 20676797 B (A + 1)
= U0 ¥nB 610y — 26,0,02 (N + i) + 0,67 7 — 2026772 B* (A + i)
= 10 Y B 0n 0 — 26, ¥ B Qo (A + 1) + 0161 VB &t — 20,11, 07 72 B2
= Un 0 YnB (626 — 26, (A + 1) + 6,6, — 26,7, 8)
= Un 0¥ B (6 8y — 22 — 2011) + 8,7 B (A + ) — 262%B)
= U 0¥ B (=022 % B + 621 B (A + ) — 262%,B)
= .unanysﬁz(*enlnz + én(ln + Up) — 29,%)

where by Proposition 4 (iii) is equivalent to zero. This concludes the proof. a
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Paper III

DWIFOB: A Dynamically Weighted Inertial
Forward-Backward Algorithm for
Monotone Inclusions

Hamed Sadeghi Sebastian Banert Pontus Giselsson

Abstract

We propose a novel dynamically weighted inertial forward—backward algo-
rithm (DWIFOB) for solving structured monotone inclusion problems. The
scheme exploits the globally convergent forward—backward algorithm with de-
viations in [Sadeghi et al., 2021] as the basis and combines it with the extrapo-
lation technique used in Anderson acceleration to improve local convergence.
We also present a globally convergent primal—dual variant of DWIFOB and nu-
merically compare its performance to the primal—dual method of Chambolle—
Pock and a Tikhonov regularized version of Anderson acceleration applied to
the same problem. In all our numerical evaluations, the primal-dual variant of
DWIFOB outperforms the Chambolle—Pock algorithm. Moreover, our numeri-
cal experiments suggest that our proposed method is much more robust than
the regularized Anderson acceleration, which can fail to converge and be sen-
sitive to algorithm parameters. These numerical experiments highlight that our
method performs very well while still being robust and reliable.
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1. Introduction

We consider structured monotone inclusion problems of the form
0 € Ax+Cx, (IIL.1)

where A : # — 27 is a maximally monotone operator, C : 5 — S is a coco-
ercive operator, and .77 is a real Hilbert space. This fundamental problem emerges
in many areas such as optimization [Eckstein, 1989; Raguet and Landrieu, 2015]
and variational analysis [Attouch et al., 2011; Chen and Rockafellar, 1997; Tseng,
2000]. For instance, consider optimization problems of the form

minimize f(x) + g(Lx) 4+ h(x), (IL.2)
xeH
where f: .7 — RU{+oo} and g : & — RU {+oo} are convex closed proper and
potentially non-smooth functions, 4 : .72 — R is a convex differentiable function
with B-Lipschitz continuous gradient, and L : 7 — %  is a bounded linear operator.
Given some constraint qualification, see for instance [Bauschke and Combettes,
2017, Corollary 16.48], a point x* € 7 is a minimizer of (IIL.2) if and only if it
satisfies the optimality condition

0 € df(x) + L*dg(Lx) + Vh(x), (IIL3)

where L* is the adjoint operator of L [Bauschke and Combettes, 2017, Theorem
16.3]. Therefore, one can solve the inclusion problem (III.3) in order to find a so-
lution of the optimization problem (III.2). With a transformation to a primal-dual
setting this problem can be reformulated as a monotone inclusion of the form (III.1),
see Section 4.

Forward—backward (FB) splitting [Bruck, 1975; Lions and Mercier, 1979;
Passty, 1979] has been widely used to solve structured monotone inclusions of the
form (IIL.1). The FB splitting method is given by

Xpp1 = (1d+%A) " o (Id—%C) (x,),

where ¥, > 0 is a step-size parameter. It involves evaluating the operator C in a
forward (explicit) step, followed by computing the resolvent of the operator A in a
backward (implicit) step. The FB splitting has many well-known special instances,
such as the gradient method, the proximal point algorithm [Rockafellar, 1976], and
the proximal-gradient method [Combettes and Pesquet, 2011].

The inertial proximal point algorithm in [Alvarez, 2000; Alvarez and Attouch,
2001] improves convergence by exploiting previous information in a momentum
term. By incorporating an additional cocoercive operator to the inertial proximal
point algorithm, several variations of inertial FB algorithms have been proposed
to solve monotone inclusions [Attouch and Cabot, 2020; Cholamjiak et al., 2018;
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Lorenz and Pock, 2015]. These algorithms provide enhanced performance, but are
limited to FB splitting algorithms.

Anderson acceleration [Anderson, 1965] is an acceleration scheme that is aimed
at expediting the convergence of fixed-point iterations including the FB algorithm.
This algorithm was originally developed to solve nonlinear integral equations and
was later used to solve fixed-point problems [Fang and Saad, 2009; Walker and Ni,
2011]. Lately, Anderson acceleration has gained considerable attention in the opti-
mization community [He et al., 2021; Ouyang et al., 2020; Sadeghi and Giselsson,
2021; Scieur et al., 2020; Zhang et al., 2020].

Local convergence of Anderson acceleration has been studied recently. For in-
stance, the authors of [Toth and Kelley, 2015] showed that Anderson acceleration, if
applied to a contractive fixed-point map, exhibits linear convergence provided that
the coefficients in the linear combination remain bounded. Along the same line, it
was shown in [Evans et al., 2020] that applying Anderson acceleration to a linearly
convergent fixed-point iteration improves the convergence rate in the vicinity of a
fixed point. Despite recent studies that investigate local convergence properties of
Anderson acceleration, yet, to the best of our knowledge, no global convergence
result for Anderson acceleration (and its regularized variants) has been reported in
the literature.

Recently, the FB algorithm with deviations was proposed in [Sadeghi et al.,
2021] to solve the inclusion problem (III.1). This algorithm uses two auxiliary
terms—called deviations—which are added to the iterates in order to define ex-
trapolated iterates. The algorithm uses a safeguarding norm condition in the form
of an iteration-dependent constraint on the norm of the deviations that has to be
satisfied at each iteration in order to guarantee convergence. As long as this norm
constraint is satisfied, the deviations can be chosen freely and point in any direction.
In [Sadeghi et al., 2021], one suggestion is to define the deviations along the mo-
mentum direction as a,(x, — x,—1 ), which gives an inertial-type method. An upper
bound to the momentum coefficient a,, is directly obtained by the norm condition.

In this work, inspired by the extrapolation technique of Anderson acceleration,
we propose a method to generate the deviation vectors of [Sadeghi et al., 2021] by
linearly combining multiple momentum terms. The aim is to construct a version of
FB splitting that exhibits fast local convergence while maintaining global conver-
gence of the algorithm, thanks to the norm condition. This is in contrast to Anderson
acceleration and its regularized variants [Scieur et al., 2020; Shi et al., 2019] that
are only locally convergent. We call our proposed algorithm dynamically weighted
inertial forward—backward method (DWIFOB).

The notion of safeguarding has been used also in other works to ensure global
convergence of nonlinear acceleration algorithms [Giselsson et al., 2016; Sadeghi
and Giselsson, 2021; Themelis and Patrinos, 2019; Zhang et al., 2020]. These are
hybrid methods that can select between a basic globally convergent and a locally
fast converging method, as decided by a safeguarding condition in every iteration.
Although having the same objective of achieving global convergence and fast local
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convergence, these safeguarding conditions are completely different compared to
what we use in DWIFOB.

Besides the DWIFOB scheme itself, we also propose a primal—dual version of the
DwIFOB scheme which is derived by a direct translation of the DWIFOB algorithm
into a primal-dual framework. We have compared the primal-dual DWIFOB algo-
rithm with the Chambolle—Pock algorithm in numerical experiments, which show a
significant advantage of our proposed method in both convergence rate and overall
computational cost. Moreover, our numerical evaluations show that regularized An-
derson acceleration, in addition to being only locally convergent, is very sensitive to
variations in the choice of parameters, while DWIFOB is more robust to parameter
selection with the significant added benefit of having global convergence guaran-
tees. The aforementioned robustness and global convergence property along with
fast local convergence make the DWIFOB algorithm well-performing and reliable.

The paper is outlined as follows. In Section 2, after presenting the notations
and stating the problem under consideration, we review two algorithms that our
algorithm is built upon. Section 3 describes our proposed DWIFOB algorithm and
Section 4 extends the DWIFOB algorithm to the primal—dual setting and suggests a
novel algorithm in this framework. Numerical evaluations are provided in Section 5
and concluding remarks are presented in Section 6.

2. Problem statement and preliminaries

In this section, we present our notation and state the monotone inclusion problem
and the associated assumptions. We then briefly review two methods [Sadeghi et
al., 2021; Walker and Ni, 2011] that can be used to solve the problem at hand.
These methods come with their own sets of weaknesses and strengths. Our proposed
method combines these two methods to benefit from their individual strengths and
avoid their drawbacks.

2.1 Notation

Throughout the paper, R and R? indicate the sets of real numbers and d-dimensional
real column vectors respectively. Additionally, s# and %" denote real Hilbert
spaces that are equipped with inner products (-, -) and induced norms ||-|| = /(, ).
A linear, bounded, self-adjoint operator M : 5 — S is said to be strongly positive
if there exists p > 0 such that (x, Mx) > p |x||* for all x € .. We denote the set of
such operators # (). For M € # (), the M-induced inner product and norm
are defined by (x,y),, = (x,My) and ||x||,; = /{x,Mx) (x,y € H), respectively.
By 277, we denote the power set of . A map A :  — 27 is characterized
by its graph gra(A) = {(x,u) € S x A : u € Ax}. An operator A : A — 27 is
monotone, if (u—v,x—y) >0 for all (x,u),(y,v) € gra(A). A monotone operator
A is maximally monotone if there exists no monotone operator B : 7 — 27 such
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that gra(B) properly contains gra(A). The zero-set of the operator A is defined as
zer(A) == {x € 7 :0 € Ax}.

For B > 0, a single-valued operator T: J# — ¢ is said to be %-cocoercive
with respect to ||-||,, with M € .# () if

(Tx—Ty,x—y) > |Tx—Ty||12V1,1 (Vx,y € F€).

5l
2.2 Problem statement

We consider structured monotone inclusion problems of the form
0 € Ax+Cx, (IIL.4)
that satisfy the following assumption.
ASSUMPTION 1 Assume that
(i) A:# — 27 is maximally monotone.
(ii) C: H — His %—cocoercive with respect to ||-||,, with M € # ().
(iii) The solution set zer(A + C) is nonempty. O

This assumption implies that the operator A + C is maximally monotone
[Bauschke and Combettes, 2017, Corollary 25.5].

2.3 Forward-backward splitting with deviations

The FB algorithm with deviations is an extension of the standard FB algorithm and
was introduced recently in [Sadeghi et al., 2021]. In its most general form, two ad-
ditive terms—called deviations—are added to the basic FB method to form extrap-
olations to the iterate. The algorithm uses the extrapolated points in the evaluation
of the forward and the backward steps. If the deviations are chosen wisely, this can
exhibit an improved convergence compared to standard FB splitting. Algorithm 1
presents an instance of the FB algorithm with only one deviation vector.

To ensure convergence of Algorithm 1, the deviation u,; must satisfy the
iteration-dependent norm bound in step 6 at each iteration [Sadeghi et al., 2021].
This bound is referred to as a norm condition. The requirements on the parameters
An> Yu» and &, are collected in Assumption 2.

ASSUMPTION 2 Choose € € (O,min { 1, ﬁ }), and assume that, for all n € N, the
following hold:

(i) 0<g <1—¢;

(i) & <7 < 45 and

(iii) eglngz_%_

2
5-

113



Paper IIl.  DWIFOB. A Dynamically Weighted Inertial Forward—Backward
Algorithm for Monotone Inclusions

Algorithm 1

1: Input: xo € ; and the sequences (),en» (An)enys and (8n),,cry according to
Assumption 2; and the metric ||-||,, with M € .# (€).

2: set: yo = xp and ug = 0.

3: forn=0,1,2,...do

4 Pn=(M+%A)"" o (M —%C)(y)

5 Xnt1 = X+ An(Pp —Yn)

6 choose u, 1 such that

2t 1B-2 2

IRy wey L

et 11l <

CZA 4 2 Ynﬁ)(472ln+1*'yn+lﬁ>
4An+l p

Yol = Xp+1 + Unt1
8: end for

The following result, which is adopted from [Sadeghi et al., 2021], provides a
convergence guarantee for the iterates that are obtained from Algorithm 1.

THEOREM 1 Consider the monotone inclusion problem (II.4) and suppose that
Assumption 1 and Assumption 2 hold. Let (x;,),cn be the sequence generated by
Algorithm 1. Then, the sequence (x;,),cn converges weakly to a point in zer(A +
O). a

Proof. In the FB splitting with deviations [Sadeghi et al., 2021, Algorithm 1], set

Zn = yu- This gives the relation

Vn 2—wmPB
= T B ln

between u,, and v,,, which yields Algorithm 1. Therefore, Algorithm 1 is an instance
of the FB splitting algorithm with deviations; consequently, Theorem 1 is a direct
consequence of [Sadeghi et al., 2021, Theorem 1]. O

There is a great flexibility in the choice of deviation vector u,, 1. This flexibility
has not been fully explored in [Sadeghi et al., 2021, Section 6], where only a simple
momentum direction has been considered. Our proposed method is an instance of
Algorithm 1 from [Sadeghi et al., 2021], where the deviations are chosen based on
ideas from the extrapolation step of Anderson acceleration with the goal of improv-
ing local performance while benefiting from the global convergence properties of
Algorithm 1.

2.4 Regularized Anderson acceleration
Consider the following fixed-point problem

find x € S such that x = T'(x), (1IL5)
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where T: ¢ — J¢ is a nonexpansive mapping. One way to solve this problem
is to use Anderson acceleration [Anderson, 1965; Walker and Ni, 2011]. Anderson
acceleration is easy to implement and often improves the convergence of fixed-point
iterations, particularly in their terminal phase of convergence, i.e., when close to a
solution. However, Anderson acceleration (in its original form [Anderson, 1965;
Walker and Ni, 2011]) suffers from numerical instability. This issue can, to some
extent, be addressed by adding a Tikhonov regularization term to its inner least-
squares problem. A regularized formulation of Anderson acceleration is given in
Algorithm 2 [Scieur et al., 2020; Shi et al., 2019]. In spite of their popularity and
benefits, there are not yet any global convergence results for the pure Anderson
acceleration or its regularized variant, to the best of our knowledge.

Algorithm 2 Regularized Anderson acceleration

1: Input: yy € 7; m > 1; and the regularization parameter &.
2: forn=0,1,2,...do

3 my, = min{m,n}

4: X0 =T (y)

5 find o) = ((xé"), . .,a,(,fl)) that solves

n

inimi Ol T Ol
minimize ||R,x +¢& HRn R HF o
o) eRmn+1 2 2
: T, (n) _
subjectto 1" o'V =1
where R, = (rp—m,,...,ra) and rj =y; —x; for j € {n—my,...,n}

6: Ynt+1 = Z,WZ() O‘,'<n)xn7mn+i
7: end for

Anderson acceleration is retrieved from Algorithm 2 by setting & = 0. The orig-
inal formulation of Anderson acceleration [Anderson, 1965] is more general as it
allows for the following damped (mixed) step to be taken

my my
Yn+1 = Up Z a,'(n)xnfm,ﬁri + (1 - .un) Z a,‘(”)ynﬂnm%y
i=0 i=0

instead of step 6, in which p,, > 0 is the damping (mixing) parameter. In this work,
we consider the regularized variant of Anderson acceleration, given in Algorithm 2,
and refer to it as RAA.

REMARK 1 Anderson acceleration (Algorithm 2 with & = 0) can be viewed as a
quasi-Newton method [Eyert, 1996; Fang and Saad, 2009; Walker and Ni, 2011;
Zhang et al., 2020]. To see this, first observe that the inner optimization problem of
Anderson acceleration can be written as the following unconstrained least-squares
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problem
minimize ||r, — AR, 0™ || (111.6)
o) cRmn 2
where AR, = (Fy—my+1 = Fnomys---7n — a_1) and @ = ( é"),...,a)r(n:)fl) with
w,.(") = j-:o(xj(-") for i € {0,...,m, — 1}. Then, defining AY, = (Yp—m,+1 —
Yn—mys--->Yn —Yn—1), the extrapolation step of AA can be cast as

Ynt1 =Yn — Guly

where G, = Id+(AY, — AR,)(ARTAR,,)) "' ART . In this framework, Anderson ac-
celeration can be seen a quasi-Newton method where G, is an approximate inverse
Jacobian of x — T'(x) that minimizes ||G, — I||r subject to the inverse multi-secant
condition G,AY,, = AR,,. O

3. Dynamically weighted inertial FB scheme

In this section, we present a dynamically weighted inertial forward-backward
(DWIFOB) scheme to solve the problem introduced in Section 2.2. It is based on
Algorithm 1 with a choice of deviation vectors inspired by RAA (Algorithm 2).

The DWIFOB scheme exploits a history of search directions similar to RAA to
find a deviation vector, and it uses the norm condition in step 6 of Algorithm 1 to
bound the norm of the deviation. This results in an algorithm that addresses the
drawbacks of Algorithm 1 (slow local convergence) and RAA (no global conver-
gence guarantee) and benefits from their favorable properties; namely, global con-
vergence of Algorithm 1 and the often fast local convergence of RAA.

The convergence of DWIFOB follows from Theorem 1, that shows the conver-
gence of Algorithm 1, of which DWIFOB is a special instance with a specific class
of deviations.

COROLLARY 1 Consider the monotone inclusion problem (II1.4) and suppose that
Assumption 1 and Assumption 2 hold. Let (x,),cn be the sequence generated by
Algorithm 3. Then, the sequence (x,),cn converges weakly to a point in the solution
set zer(A +C). i

4. Primal-dual variant of DwWIFOB

In this section, we consider a specific type of monotone inclusion problems that,
after being translated to a primal-dual framework, can be efficiently tackled by
DWIFOB. We propose a primal—dual algorithm based on Algorithm 3 for solving
such problems.
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Algorithm 3 DWIFOB

1: Input: xo € 7; m > 1; the sequences (A,) ey (V) enys and (&) o as defined
in Assumption 2; the regularization parameter &; the metric ||-||,, with M €
M (H); and € > 0.

2: set yo = xo and ug = 0.
3: forn=0,1,2,...do
4: my, = min(m,n)
RE pn=(M+ VnA)71 o (M —%C)yn
6: Xn+1 :xn‘i“ln(pn*yn)
7. find a = (aé"), ...,0a") that solves
2 2
minimize HiRnot(") +§HIR£3Q,1||FHOC(")
a(n)ERm;H»l 2 2
subjectto 17 =1
where R, = (Frn—m,,-.-,rn) and r; = xj11 —y;
8: ﬁn+1 =Xn+1 — Z:Zlo ai(n)xnfanriH
2
. 2 M(4=24—1B) (42N 1 —Yur1B) 2+ B2
o L= e A T
10: i = Gollal sty
11 Yol = Xp1 + Un41
12: end for

Problem statement. We consider primal inclusion problems of finding x € 7
such that

0 € Ax+L*B(Lx) +Cx I11.7)
with the following assumptions.
ASSUMPTION 3 Assume that
(i) A: A — 27 is a maximally monotone operator;
(ii) B: # — 27 is a maximally monotone operator;
(iii) L: 5 — 2 is a bounded linear operator;
(iv) C: H — Hisa %-cocoercive operator with respect to the metric || - ||;

(v) The solution set zer(A + L*BL+ C) is nonempty. ]
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Translation to a primal-dual framework. The inclusion problem (III.7) can be
translated to a primal—dual setting [He and Yuan, 2012] to get the inclusion problem

0e A7+%Cz (II1.8)

in which, with some abuse of notation,

A LIF c 0
M{L B‘l} %{0 o] (I1L.9)

and z:= (x, ) € H x J is a primal—dual pair. It holds that x is a solution to (IIL.7)
if and only if there exists some y € % such that z = (x, it) is a solution to (IIL.8).

In this setting, the operator .7 is a maximally monotone [Bauschke and Com-
bettes, 2017, Proposition 26.32] and the operator % is 1/3-cocoercive with respect
to the norm ||-||,,, with

(I11.10)

M:{ I —TL*:|’

—1L to

where T > 0 and ¢ > 0 are chosen such that 67||L|> < 1, which ensures that M
is strictly positive. Therefore, the inclusion problem (III.8) can be solved using
the DWIFOB algorithm. Algorithm 4 describes our primal-dual DWIFOB algorithm
which is derived by a straightforward application of DWIFOB to (IIL.8). With C =0
and m = 1, this algorithm is equivalent to [Sadeghi et al., 2021, Algorithm 4], an
inertial primal—dual algorithm.

The following is a result on weak convergence of the iterates generated by Al-
gorithm 4. It is based on showing that Algorithm 4 is a special case of the weakly
convergent Algorithm 1.

COROLLARY 2 Consider the monotone inclusion problem (III.7) under Assump-
tion 3 and suppose that Assumption 2 holds. Then the sequence (x,),p in Algo-
rithm 4 converges weakly to a point in zer(A + L*BL+C). ad

Proof. Comparing Algorithm 4 with Algorithm 1, we set p, = (px.n, Pun)s Yn =
(X, Up), define 7 and € as in (I11.9), and let M be defined as in (I11.10). Then, we
have the following update

Pn= (Px.,mpu.,n) =(M+ UZ{)?I(Myn —TCYn)
_[I+7A 0 e - TL*lI, — TCX,
| —2tL to 'I+1B7! —1lx, +to'h,
[ (I +1A)" (%, — tL* i, — TCXy,)
(I +0B7" ) ({ly + OL(2pxn — %))
[ Jea (R — L, — TCX)
Jop-1 (Hn+OL(2pxn—%)) ]|’
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Algorithm 4

1: Input: (xo, o) € A x ;5 m > 1; the sequences (4,),cy and (§,),cny as de-
fined in Assumption 2; the regularization parameter &; ¢ > 0,7 > 0 such that
ot||L||> < 1; and € > 0.

2: set (56\07[.70) = ()C(),uo) and (uxp,u“,o) = (0,0)
3: forn=0,1,2,...do
4: my, = min(m,n)
5: Prn = Jra (X — TL* Uy — TCXy)
6: Pun = Jop-1 (tn + OL(2pxn —Xn))
7. Xpt1 =X+ )vn (px,n _xn)
8: Hp1 = I~Ln+)~n(pu,n_un)
9: find o) = (aén), . .,Oc,(,f;)) that solves
2
minimize HfR,,a(") +§"RZR,1|‘FHO£( )
a) eRmn+1 2
subjectto 17 =1
where Ry, = (Fu—m, ;- -, 7n) Where rj = (xXj1 —Xj, Mj1 )
10: /"fx,nJrl _ Xn+1| Z;nno a( n) | Xn—my+i+1
| U,n+1 | Un+1 Hn—my,+i+1
2
11: 02— An(4— ZAn—Tﬁ )42, 1 —TB) || | Pxn | _ + 2 +1B—2 | Uxn
. n n+l p[lﬂ 4— 2}»,,—1[3 u n I
12: Mx7”+1 — Cnlfn‘ ”x,n+1
' _MIJJH‘I_ 8+||(‘7x,n+lsﬁu‘n+l)| M M[J,n—}—]
13: Xn+1 = Xp41 + Uy nt1
14: Hn+1 = M1 + Uy py1
15: end for

which gives the resolvent steps of Algorithm 4 (steps 5 and 6). Moreover, it is also
straightforward to verify that, by substituting (x,11, Un+1) in place of x,,1 | in Algo-
rithm 1, the relaxation steps of Algorithm 4 (steps 7 and 8) are equivalent to that of
Algorithm 1. Additionally, with the devised choice of 41 = (t4x 41, Uy nt1) in Al-
gorithm 4, the norm condition of Algorithm 1 holds. Therefore, since Algorithm 4
is a special instance of Algorithm 1 and due to equivalence of (II.7) and (IIL.8), a
direct application of Theorem 1 concludes the proof. O

REMARK 2 For the choice of A, =1, uy, =0and uy , =0foralln € Nand C =
0, Algorithm 4 reduces to the standard Chambolle—Pock iteration [Chambolle and
Pock, 2011], that is

‘]TA (xn - TL*,Lln) D

(xn-HvlJn-‘rl) = Jo'B—l (un+oL(2Xn+] 7)6”)) .
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4.1 Efficient evaluation of the M-induced norm

In Algorithm 4, we need to evaluate two M-induced norms per iteration, where M is
given by (II1.10). This means that, in addition to evaluating L and L* in the resolvent
steps, two extra evaluations each of L and L* are needed due the M-induced norms.
These extra evaluations can be computationally expensive, which would make the
algorithm computationally inefficient. However, by utilizing a similar approach as
in [Sadeghi et al., 2021, Section 6.1], the extra evaluations can be efficiently done
by reusing some of the previous computations.

We next show that we only need to apply L and L* once per iteration (except for
the first) in Algorithm 4. Observe that, by applying the operator L on steps 7, 10,
and 13 (after substitution of step 12) of Algorithm 4, we obtain the following rela-
tions

Lxy41 = Lx, + )Ln (pr,n - L;C\n>7

My
Lﬁx,nJrl =Lxyt1 — Z O‘i(n>anfmn+i+1 ) (III.11)
i=0
Gl

€+|| (i‘\x,n+] «,ﬁp‘n+l ) ||M

L)/C\nJrl =Lxpy1+ Lit\x,nJrl .
In these relations, for all n > 0, we only need to evaluate Lp, ,. The rest of the quan-
tities to the right-hand sides of the above relations are already computed and can be
reused. This means that, in practice, we only need to only evaluate one of each L
(for Lpy ) and L* (for L*[i,) at each iteration, except for the first. Therefore, since
the most computationally expensive part of our algorithm often is evaluating L and
L*, exploiting this technique keeps the computational cost of our algorithm similar
to that of the Chambolle—Pock method. However, in order to use this approach, one
needs to store m,, + 4 vectors of the same dimension as the dual variable. Hence, in
applications where storage is a bottleneck, using a large m,, might be restrictive.
Evaluation of the M-induced norm of, for instance, ||(itx1, %) | ,, can be done

as
~ 2 ~ ~ 2 ~ ~
| @ ) |3y = Nenl” + || ||” — 27 (s L), (I11.12)
where Liiy, is already available from the stored set of quantities. The other M-

induced norm in step 11 of Algorithm 4 can be computed in the same way as above
without extra evaluations of L or L*.

5. Numerical experiments

In this section, we evaluate the performance of the primal-dual variant of the
DWIFOB algorithm and compare it with the Chambolle—Pock primal-dual method
and RAA.
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We consider a support vector machine (SVM) problem with /;-norm regulariza-
tion for classification of the form

N
minimize Z max (0,1 — ¢;(w” 6;+b)) +5||wl|; (1IL.13)
(W,b)ERdXR i=1

given a labeled training data set {(6;,¢;)}Y |, where 6; € R? and ¢; € {—1,1} are
training data and labels respectively, 6 > O is the regularization parameter, and
x = (w,b) with b € R and w € R? is the decision variable. This problem can be
reformulated as

minimize f(Lx)+ g(x) (11.14)

xeRd+1
with
N $0n6] ¢

fO) =L max (O 1-y),  gx)=8lofi, L= 2
= o6y On
where f, g: R*! — R are proper, closed, and convex (and non-smooth) functions
with full domain and L is a bounded linear operator. A point x* € R4*! solves
problem (III.14) if and only if

0 L*9f(Lx) + dg(x), (II1.15)

where d f and dg are the subdifferentials of f and g, respectively [Bauschke and
Combettes, 2017, Proposition 16.42]. By [Bauschke and Combettes, 2017, Theo-
rem 20.25], d f and dg are maximally monotone. Therefore, we solve the monotone
inclusion (III.15) in order to find a solution to problem (III.14), which, by setting
A =0dg, B=4df, and C = 0, fits into the framework of problem (IIL.8). We use the
following algorithms to solve the problem:

e Chambolle and Pock’s primal-dual method (CP) [Chambolle and Pock,
20117,

* The primal-dual DWIFOB method in Algorithm 4 (Alg4);

* Regularized Anderson acceleration (RAA), Algorithm 2, [Scieur et al., 2020;
Walker and Ni, 2011], applied to the fixed-point map of Chambolle—Pock,
see Remark 2.

In the algorithms listed above, evaluating L and L* in the resolvent steps and
solving the least-squares problem, if there is one, are the computationally intensive
parts. Since the Chambolle—Pock algorithm does not involve solving a least-squares
problem, it has a cheaper per-iteration cost compared to the other algorithms. To
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provide a fair comparison, we compare the methods using scaled iterations. Let
Ccp and Cy, be the average per-iteration computational cost of the Chambolle—
Pock method and one of the algorithms mentioned above (alg € {CP, Alg4,RAA}),

respectively. The scaled iteration is the iteration count scaled by the ratio %. The
iteration costs Ccp and Cyj; are numerically approximated by measuring the aver-
age per-iteration elapsed time of the individual algorithms. The benefits of using
the notion of scaled iteration are two-fold. In addition to considering the relative
per-iteration computational cost of the algorithms, it eliminates the impact of com-
putational capacity/power of the platform that the algorithms are implemented on,
which makes the results more reproducible.

The experiments are done using three different benchmark datasets; the breast
cancer dataset with 683 samples and 10 features, the sonar dataset with 208 samples
and 60 features, and colon cancer dataset with 62 samples and 2000 features, all
from [Chang and Lin, 2011]. The numerical experiments are done on a laptop with a
1.4 GHz Quad-core Intel Core i5 processor with 16 GB of memory. The algorithms
are implemented using the Julia programming language (Version 1.3.1).

In all experiments, the primal and the dual step-size parameters are chosen as
T=0=0.99/||L||% { =0.99 forall n € N, & = 0, and a fixed relaxation parameter
A = 1.0 for Algorithm 4 is used. Unless otherwise stated, the algorithms are initial-
ized at (xo, o) = 0. We report results from the numerical experiments in a sequence
of figures. The M-induced distance to a solution is used as the convergence mea-
sure where the individual underlying solutions are found by running the standard
Chambolle-Pock algorithm until [|x, —x,_1|| < 1071 and ||y, — w,—1|| < 10713,
All algorithms that converge do so to the same solution. Moreover, all evaluations
of L, L*, and ||-||,, are done using the proposed recursive method of Section 4.1,
unless otherwise stated.

Figures 1 to 3 provide a comparison between the Chambolle—-Pock method and
Algorithm 4 for several memory size values using different datasets. The figures
show that for the considered different values of the memory size m, Algorithm 4
outperforms the Chambolle—Pock method. It can also be seen that increasing the
memory size m in Algorithm 4 improves the local convergence rate. However, by
increasing m in Algorithm 4, the computational cost of solving the least-squares
problem increases, while the computational cost of the resolvent steps is fixed.
Therefore, it is expected that there is an optimal memory size beyond which in-
creasing m degrades the performance (compared to the optimal one). This can be
better seen in Fig. 4, which shows the number of scaled iterations until the M-scaled
distance of (x,, ;) to the solution is less than some value fol, against the memory
size. It is seen that we get good performance for a wide range of memory sizes (typ-
ically 10 < m < 25). It is also good to mention that even for small or large m, we
still see a considerable improvement compared to the Chambolle—Pock method.

Figure 5 shows the impact of using direct evaluation of L, L*, and ||-||,, instead
of the proposed recursive method of Section 4.1, on the convergence pattern of Al-
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CPvs. Algd (A = 1.0,m,& = 1075)
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Figure 1: Normalized M-induced distance to the solution vs. iteration number (/eft)
and scaled iteration number (right) for the /j-norm regularized SVM, problem
(II1.13), with 6 = 0.5, on the breast cancer dataset [Chang and Lin, 2011] with 683
samples and 10 features. Solved using the Chambolle—Pock algorithm and Alg4
(A = 1.0, m, & = 107°) for several memory sizes m, all with T =& = 0.99/||L||.

CP vs. Algd (A = 1.0,m,& = 107°)
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Figure 2: Normalized M-induced distance to the solution vs. iteration number (/eft)
and scaled iteration number (right) for the [;-norm regularized SVM, problem
(II1.13), with 6 = 1.0, on the sonar dataset [Chang and Lin, 2011] with 208 samples
and 60 features. Solved using the Chambolle-Pock algorithm and Alg4 (A = 1.0,
m, & = 107°) for several memory sizes m, all with T = o = 0.99/||L]|.

123



Paper IIl.  DWIFOB. A Dynamically Weighted Inertial Forward—Backward
Algorithm for Monotone Inclusions
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Figure 3: Normalized M-induced distance to the solution vs. iteration number (/eft)
and scaled iteration number (right) for the /;-norm regularized SVM, problem
(II1.13), with & = 0.1, on the colon cancer dataset [Chang and Lin, 2011] with 62
samples and 2000 features. Solved using the Chambolle—Pock algorithm and Alg4
(A = 1.0, m, & = 1079) for several memory sizes, m, all with T = ¢ = 0.99/||L].

gorithm 4. The experiment is done with the same setting as in the one reported in
Fig. 3 for the case of m = 25. The top right plot shows that the suggested method
of recursive evaluation of Algorithm 4 considerably decreases the overall computa-
tional cost, in this instance by about 30%. Additionally, it is observed that by using
the suggested recursive evaluation of L, L*, and ||-||,,, we might see some unex-
pected spikes in the plots, which are caused by accumulated errors due to recursive
evaluations, while using the direct evaluation method does not result in such spikes.
The bottom plot in Fig. 5 compares

)1
1 *
Hos K X ) (IIL.16)
—1 u
(2= Pxn| |*n + I x,n
n( ") |:pu,n I'Ln 2—)&,, uu,n
for the case of direct and recursive evaluation methods. According to [Sadeghi et
al., 2021, Lemma 1] with exact evaluation of L, L*, and M, this quantity should be
decreasing, which is confirmed by the figure. However, this is not the case for the
recursive evaluation method due to accumulated errors.

The results of experiments with the Chambolle—Pock method, Algorithm 4, and
RAA are shown in Fig. 6. The plots on the left-hand side compare the Chambolle—
Pock algorithm and Algorithm 4 and the plots on the right-hand side show the con-
vergence of RAA versus the Chambolle—Pock algorithm. For these experiments, the

algorithms are initialized far from the origin (at (xo, o) = 10* x 1494, where 1604 is
a vector of ones with 694 elements). We see that RAA is not globally convergent;

2
Vn::’

M
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Figure 4: Number of scaled iterations until the normalized M-induced distance to
the solution gets smaller than some value fol vs. memory size with the settings in the
experiments of Fig. 1 (tol= 1078, top left panel), Fig. 2 (tol= 1075, top right panel),
and Fig. 3 (tol= 1074, bottom panel); using Algorithm 4, where m = 0 corresponds
to the Chambolle—Pock method and m = 1 corresponds to the inertial primal—dual
method of [Sadeghi et al., 2021].

however, when it converges, it does so fast. It is also seen that RAA is really sensi-
tive to parameter variations; and besides that, for it to perform well, there should be
a reasonable match between the regularization parameter and its memory size (see
the middle plot of RAA). On the other hand, Algorithm 4 is more robust against
variations in parameters. These results suggest that Algorithm 4 is more reliable
than RAA in the sense of robustness against variations in parameters and also pre-
dictability of its behavior.

The distances to a solution for RAA that do not converge to zero in Fig. 6 have
not converged although they seem to have flat asymptotes. In fact, consecutive it-
erates differ a lot and the primal iterate inserted into the objective function (III.14)
gives values that are several orders of magnitude larger than the optimal value, also
at the end of the simulation. This rules out that the algorithm converges to a different
solution (if it exists) than all the other methods do.
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Figure 5: Comparing the impact of recursive and direct evaluation of L, L*, and
||]l5; on the convergence pattern of Algd (A = 1.0, m = 25, & = 10~%) for problem
(II1.13) with 6 = 0.1, on the colon cancer dataset [Chang and Lin, 2011]; Top pan-
els: normalized M-induced distance to the solution vs. iteration number (fop left)
and scaled iteration number (fop right); bottom panel: V, (defined in (II1.16)) vs.
iteration number.

6. Conclusion

We have proposed a novel scheme to solve structured monotone inclusion prob-
lems. By combining a variant of FB splitting with deviations with an extrapolation
technique similar to that of Anderson acceleration, we introduced the DWIFOB al-
gorithm. Using the flexibility that the FB algorithm with deviations provides, we
introduced a primal—dual variant of the DWIFOB algorithm. Numerical experiments
on an /;-norm regularized SVM problem showed that the primal—dual variant of the
DWIFOB algorithm outperforms the Chambolle—Pock primal-dual method. Addi-
tionally, we compared the performance of the primal-dual variation of DWIFOB to
the regularized Anderson acceleration on the same benchmark problem. The results
showed that, in addition to only being locally (though fast) convergent, Anderson
acceleration is very sensitive to the variations in choice of parameters while primal—
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Figure 6: Normalized M-induced distance to the solution vs. iteration number for
the I;-norm regularized SVM problem (II1.13) with 6 = 0.5 on the breast cancer
dataset [Chang and Lin, 2011] with 683 samples and 10 features. Solved using the
Chambolle-Pock algorithm, Algd (A = 1.0, m, &) (left-hand side plots), and RAA
(m, &) (right-hand side plots) for several memory sizes and Tikhonov regularization
parameters, all with T = ¢ = 0.99/||L||. In this case, the initial point is set far from
the origin, namely, at a distance of approximately 2.6 x 10° to the origin.
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dual DWIFOB is much more robust against them. This makes the behavior of the
DWIFOB algorithm more reliable and predictable.
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Paper IV

Hybrid Acceleration Scheme for Variance
Reduced Stochastic Optimization
Algorithms

Hamed Sadeghi Pontus Giselsson

Abstract

Stochastic variance reduced optimization methods are known to be globally
convergent while they suffer from slow local convergence, especially when
moderate or high accuracy is needed. To alleviate this problem, we propose an
optimization algorithm—which we refer to as a hybrid acceleration scheme—
for a class of proximal variance reduced stochastic optimization algorithms.
The proposed optimization scheme combines a fast locally convergent algo-
rithm, such as a quasi—-Newton method, with a globally convergent variance
reduced stochastic algorithm, for instance SAGA or L-SVRG. Our global con-
vergence result of the hybrid acceleration method is based on specific safeguard
conditions that need to be satisfied for a step of the locally fast convergent
method to be accepted.

We prove that the sequence of the iterates generated by the hybrid acceler-
ation scheme converges almost surely to a solution of the underlying optimiza-
tion problem. We also provide numerical experiments that show significantly
improved convergence of the hybrid acceleration scheme compared to the basic
stochastic variance reduced optimization algorithm.

Submitted (Available on arXiv).
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Optimization Algorithms
1. Introduction

We consider convex finite—sum optimization problems of the form

minimize F(x)+ g(x), (IV.1)
xeR4

where F : RY — R is the average of convex and smooth functions f; : RY — R, that
is,

for all x € RY and g : R — RU {eo} is a closed, convex, proper, and potentially
non—smooth function that can be used as a regularization term or to model convex
constraints. Such finite—sum optimization problems are common in machine learn-
ing and statistics where they are known as regularized empirical risk minimization
problems [Schmidt et al., 2017; Teo et al., 2007].

One approach to solve the finite—sum optimization problem (IV.1) is to use the
proximal—gradient method [Beck and Teboulle, 2009]. However, at each iteration,
the proximal—gradient algorithm requires as many individual gradient evaluations as
the number of component functions of the finite—sum, which can be computation-
ally expensive. Another approach is to apply stochastic proximal—gradient descent
[Nitanda, 2014; Rosasco et al., 2020], which requires only one gradient evaluation
at each iteration, but, due to the variance in the estimation of the full gradient, suf-
fers from sub—linear convergence rate, even in the strongly convex setting [Johnson
and Zhang, 2013; Kovalev et al., 2020]. Several stochastic variance—reduced op-
timization algorithms such as SDCA [Shalev-Shwartz and Zhang, 2013], SVRG
[Johnson and Zhang, 2013], and SAGA [Defazio et al., 2014], have been designed
to reduce the gradient approximation variance. These methods have been shown to
be practically efficient and achieve global (linear) convergence for (strongly) convex
problems. However, their local convergence is often slow in practice.

To improve convergence, pre—determined data preconditioning [Li, 2017; Yang
et al., 2016] or metric selection [Giselsson and Boyd, 2015] can be used. These are
generic approaches that can be applied on top of acceleration schemes. However,
finding the optimal or even a good metric is problem— and algorithm—dependent
and might be computationally expensive. Quasi—Newton type methods, such as An-
derson acceleration [Anderson, 1965; Walker and Ni, 2011] and limited—memory
BFGS [Liu and Nocedal, 1989], instead find a suitable metric on the fly. Compared
to stochastic optimization algorithms, these methods have higher per—iteration cost,
but, often exhibit very fast local convergence. However, global convergence results
are scarce for non—smooth problems, whereas some results exist for fully smooth
problems [Rodomanov and Nesterov, 2021a; Rodomanov and Nesterov, 2021b;
Rodomanov and Nesterov, 2021c].
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In this paper, we provide a generic algorithm that combines a method with lo-
cally fast convergence (that will be called acceleration method) with a globally
convergent proximal stochastic optimization algorithm (that will be called basic
method). The key feature of the general algorithm is a set of safeguard conditions
that decide if an acceleration step can be accepted while maintaining global con-
vergence. If the safeguard conditions are not satisfied, a step of the basic method is
taken. This results in a hybrid scheme that automatically selects between two dif-
ferent algorithms and benefits both from the global convergence properties of the
basic method and the fast local convergence of the acceleration method. We refer to
our proposed algorithm as the hybrid acceleration scheme.

The idea of a hybrid algorithm that selects between a globally convergent
method and locally fast, but not globally, convergent method has been explored,
e.g., in [Themelis and Patrinos, 2019; Zhang et al., 2020], whose selection criteria
are extensions of the one in [Giselsson et al., 2016]. A key difference between our
approach and [Themelis and Patrinos, 2019; Zhang et al., 2020] is that their methods
are based on a deterministic basic method, while ours is based on a variance reduced
stochastic method. This difference necessitates a completely different convergence
analysis and enables for faster progress far from the solution in our finite—sum prob-
lem setting since our method takes advantage of that particular problem structure
[Schmidt et al., 2017].

Due to the flexibility of our scheme, many different locally fast methods can be
used. For instance; limited—-memory BFGS (IBFGS) [Liu and Nocedal, 1989], An-
derson acceleration [Anderson, 1965], and the class of vector extrapolation methods
[Smith et al., 1987] to which, e.g., the regularized nonlinear acceleration [Scieur et
al., 2016] and its stochastic counterpart [Scieur et al., 2017] belong.

We instantiate our hybrid method with two different local methods, namely
limited-memory BFGS (IBFGS) [Liu and Nocedal, 1989] and Anderson acceler-
ation [Anderson, 1965]. In our numerical experiments, we combine these methods
with Loop—less SVRG [Kovalev et al., 2020] in our hybrid acceleration method.
Our numerical experiments show that our hybrid acceleration scheme can exhibit
significantly improved convergence compared to the basic stochastic optimization
algorithm.

The paper is outlined as follows. In Section 2, we recall some basic definitions.
Section 3 discusses the problem formulation and the link between deterministic and
stochastic gradient methods and introduces the family of stochastic optimization
algorithms that is considered in this work. In Section 4, the hybrid acceleration
method is introduced and in Section 5, we prove its convergence. Numerical exper-
iments are presented in Section 6 and concluding remarks are given in Section 7.
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2. Preliminaries

The set of the real numbers and the d-dimensional Euclidean space are denoted by
R and R? respectively. For a symmetric positive definite matrix I" and x,y € R?,
(x,¥), ||x||, and ||x||r are the inner product, the induced norm, and the weighted
norm ||x||r := 4/ {x,Tx) respectively. Moreover, the d X d identity matrix is denoted
by Id'

The notation 28’ denotes the power set of R, Amap A:R? = 2R’ is charac-
terized by its graph gra(A) = {(x,u) € R? x R? : u € Ax}. The operator A is mono-
tone, if (u—v,x—y) > 0 for all (x,u),(y,v) € gra(A). A monotone operator A is
maximally monotone if there exists no monotone operator B : RY = 2R’ such that
gra(B) properly contains gra(A). A mapping T : R? — R is L-Lipschitz continuous
if |7 (x) —T(y)|| < L||x—y| forall x,y € R¢, and is nonexpansive if it is 1-Lipschitz
continuous. Further 7 : RY — R is

1) firmly nonexpansive if

e =y = (T @) =TO)IP < =3P = ITx) =TO)?  Vx,yeR?,

ii) %-cocoercive if

(T()=TW)x—=») 2T -TW)I?  vayeR?

For a mapping T, %—cocoercivity implies its L-Lipschitz continuity. The other di-
rection does not hold in general. However, if the mapping is the gradient of a
convex function, then its L-Lipschitz continuity and %-cocoercivity are equiva-
lent [Bauschke and Combettes, 2017, Corollary 18.17]. A differentiable function
F :R? — R is said to be L-smooth, if its gradient is L-Lipschitz continuous.

The subdifferential of a function f: RY — R U {eo} at x € R? is denoted by
df(x) and defined as

Af(x)={veRe: f(y) > f(x)+ (v,y—x) forall y € R%}.
The proximal mapping of a closed, convex and proper function g : RY — RU {40},

is defined as prox; ,(v) = argmin (g(x) + 1 llx=v[?), where A > 0.
X

The set of fixed—points of a mapping .7 : R¢ — R, is denoted by fix(.7") and
defined as fix(.7) = {x € R? : x = Fx}. The zero-set of a map Z : R — R is
indicated by zer(%) and given by zer(#) = {x € R? : 0 = %x}. It is evident that
fix(7) = zer((Id — 7)), where Id — .7 is the residual map of the operator .7.
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3 Problem formulation and basic method

3. Problem formulation and basic method

We are interested in solving the following convex optimization problem

N

minimize 3 Y fi(x) 4+ g(x), (IV.2)
xeRd i=1

under the following assumptions.
ASSUMPTION 1 We assume that

(i) Foreachie€ {1,...,N}, the function f; : R4 — R is convex, differentiable and
L;-smooth.

(ii) The function g : R — RU {+oo} is convex, closed and proper.
(iii) The solution set of the problem is nonempty. O

The necessary and sufficient optimality condition for this problem is given by
Fermat’s rule as
0€d(F+g)(x) =VF(x)+dg(x), (IV.3)

where the equality holds since all f; have full domain and g is proper [Bauschke and
Combettes, 2017, Theorem 16.3 and Corollary 16.48]. This means that any x* that
satisfies the optimality condition (IV.3), is a solution to the associated optimization
problem (IV.2). It is also known that fixed—points of the proximal—gradient operator,
namely, the set {x € RY : x = prox;,(x —AVF(x)),A > 0}, are solutions of prob-
lem (IV.2). In fact, all solutions of the inclusion problem (IV.3), are fixed—points
of the proximal—gradient operator or, equivalently, zeros of its residual mapping,
which is given by
Hx = x —prox,, (x —AVF(x)),

for any A > 0 [Parikh and Boyd, 2014, Section 4.2]. For 0 < A < % with L being the
smoothness modulus of F, iterating the proximal gradient mapping finds a solution
of problem (IV.2) [Combettes and Pesquet, 2011].

The optimality condition (IV.3), can be reformulated in a primal-dual form by
storing all gradients of component functions f;. In that case, the optimality condition
becomes

0€dg(x)+x XN yi

0=y1—Vfi(x) V.4)

0=yv—Vin(x)

where y; denotes the i—th dual variable. This is clearly equivalent to (IV.3). There-
fore, a primal—-dual solution z* := (x*,y},...,yy) satisfies (IV.4), if and only if x*
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satisfies (IV.3) and is a solution of (IV.2). It also holds that z* satisfies (IV.4) if and
only if it satisfies Zz* = 0, where Z is the primal—dual residual mapping

X — Prox; , (x — %Z?Ll yi)

Rzi= n=VA (IV.5)
v — Vin(x)
in which z = (x,y1, e yn) is the primal-dual variable. We record the equivalence

between zeroes of & and solutions to (IV.2), in Proposition 1 (with proof in Ap-
pendix A.1) and Lipschitz continuity of % in Proposition 2 (with proof in Ap-
pendix A.2).

PROPOSITION | Given the residual map in (IV.5), the primal-dual point z* =
(%7, ..., yy) satisfies Zz* = 0, if and only if x* solves (IV.2). Furthermore, for
each index i, y; is unique. O

PROPOSITION 2 Letforalli€ {1,...,N}, fi(x) be L;-smooth, then the primal—-dual
residual mapping, % in (IV.5), is Lipschitz-continuous. o

In order to find zeros of %, one way is to form iterates based on (IV.5), and
evaluate all y;’s (the full gradient) at each iteration, which would be similar to the
proximal—gradient algorithm. However, when N is very large, a key challenge is the
high per—iteration cost of N gradient evaluations which makes the algorithm very
expensive. This gives rise to the idea of using a cheaply evaluable approximation of
the true gradient instead, and randomly evaluate gradients of only one or some of
fi’s at each iteration. The following gives such an approximation

=

~

Vi (6,3) = g (VA0 = i) + 5 Xy, (IV.6)

i
k l

Il
—

in which i is an index randomly drawn from {1,...,N} based on some probability
distribution and p;, is its associated probability. This stochastic approximation is
based on the average of the dual variables which is modified by a correction term,
(Vfi, (x) —yi,)/(Npi,). The correction term is added in order to progressively im-
prove the approximation by incorporating the latest gradient information and also
to make %ikF (x,y) an unbiased estimate of the true gradient.

Using the approximation VF (x) & §ikF (x,), and inspired by the proximal gra-
dient algorithm, a family of proximal stochastic optimization algorithms can be
formulated as

= Prox;,, ()d‘ f/'L§ikF(xk,yk)> ,

Y =g (VA =), vie{l,...,N},

AV.7)
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where k is the iteration counter, x* is the primal variable, y* = (y’l‘, e yf\,) with yf-‘
being the i~th dual variable, A > 0 is the step size, €€ {0,1} is a random binary
variable that determines whether the i—th dual variable is to be updated at iteration
k (the associated probability of &X = 1 is p;), and V; F(xX,y*) is the stochastic ap-
proximation of the true gradient that is defined in (IV.6). This approximation of the
full gradient is unbiased since

N
(V) =)+ % Yt

i=1

I
2=
M=

Ek(vikF(xkayk))

Il
R

V() = VF (),

I
==
™M=

I
-

in which, E; denotes expected value operation given all available information up to
step k. We refer to (IV.7) as the basic method. On the other hand, there are algo-
rithms that use a biased estimation of the true gradient [Morin and Giselsson, 2019;
Roux et al., 2012], but in this work we only consider the unbiased case. The algo-
rithm in (IV.7) has been analyzed in [Davis, 2016] in the monotone operator setting
and in [Morin and Giselsson, 2020] in the strongly convex setting.

The class of stochastic optimization algorithms (IV.7) has L-SVRG [Davis,
2016; Kovalev et al., 2020] and SAGA [Defazio et al., 2014] as special cases.
The L-SVRG algorithm is extracted from (IV.7) with uniform sampling of i, €
{1,...,N} and

Vie{l,...,N},

81' — .
0 otherwise

. {1 ifg<p
where ¢ is uniformly sampled from [0, 1] and 0 < p < 1. Therefore, all dual variables
are updated together and on average once every p~! iterations. The algorithm in
(IV.7) reduces to SAGA with i; uniformly sampled from {1,...,N} and

| o
ek = BIRE0 O wie (1, N,
0 otherwise

Therefore, for SAGA, at each iteration, only one of the dual variables is updated
and the others remain unchanged.

4. Hybrid acceleration scheme

In this section, we introduce a novel hybrid strategy to accelerate local convergence
of proximal stochastic optimization algorithms of the form (IV.7), in which the
approximation of the true gradient and the update law of the dual variables, vary
depending on the choice of basic method. The basic method (IV.7), is devised to
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solve large—scale finite—sum optimization problems of the form (IV.2), and is glob-
ally convergent while it has slow local convergence. Therefore, in our acceleration
scheme, they are combined with a locally fast convergent method. The proposed
acceleration scheme is given in Algorithm 1 and discussed below.

Algorithm 1 General framework of the hybrid acceleration scheme

1: Input: initial point 2, positive constants C, D, 8, merit function V(.), acceler-
ation algorithm &7(.) and its memory size m (if needed), Ky, the basic method
and its parameters, primal and dual probability distribution, the step size A,

r = blk.diag(ld, N p}]” rla,-- ij\lz o I;), and the maximum permissible number
of iterations Ky,
2: sethk=kyy =0
3: while k < k4, do
4 My, = min{m, kaa }
5: find 77 = o7 (F, 251 . ,zkﬂﬂ”"kaa) from acceleration algorithm
. ; V() k k
6: lfV(Z+) S W and HZ+ —Z HF S DV(Z ) then
7: set Kt =zt and kyp < kpa + 1
8: k< k+1and kyy + kpa+1
9: else
10: set (xo,y?,...,y?v):zk
11: fors=0,1,---  Ko—1do
Xt = prox;, (fc‘ - l%isF(?c‘,?)) ,
Y =W+e(VAF)-W), Vie{l,...,N}.
Zk+1 _ (Xs-&-l’j)s]-&-l" - &7\/-&-1)
k—k+1
12: end for
13: end if

14: end while

Description of the algorithm. In order to initialize the scheme one needs to se-
lect (i) the parameters and probability distributions used in the basic method; (ii)
an acceleration algorithm <7 (.) along with its associated parameters; and (iii) an
initial point z°. The acceleration algorithm .7 (.) can be algorithms such as IBFGS
or Anderson acceleration that both store and use a history of past m iterates to find a
next iterate. Then, the algorithm works as follows: at the beginning of each iteration
the iterate from the acceleration algorithm, z, has to be computed. If 7T satisfies
some safeguard conditions, that we will discuss below, we set it as the true next iter-
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ate, 71 and the main counter of the loop, k, and also the acceleration algorithm’s
counter, k,,, are increased by one; then, we proceed to the next iteration. Otherwise,
K steps of the basic method are performed in the inner loop of the algorithm. It is
evident that K can differ among different iterations of the outer loop of the scheme,
but, we considered it as a constant for simplicity. The algorithm is to be run as above
until the last iteration is reached or some termination criteria are met. Note that if
the iterate from the acceleration algorithm is accepted, the basic method steps need
not to be performed, that is, the basic method and the acceleration algorithm are not
being run in parallel.

Safeguard conditions and merit function. For a nominal next iterate of the ac-
celeration algorithm, z*, to be accepted as the actual next iterate of the scheme, the
following conditions have to be satisfied

V(z") <CV(E) (1 +kga) ~1F9), (IV.8)
Hf—zkHr <DV (), (IV.9)

N+1)

where 8, C and D are positive constants, V : R( 4 _y R is a merit function (that

is discussed below), and

I’ = blkdiag(I,, Np’}Ll I, ..., NpiLNId).

The safeguard condition (IV.8) enforces the merit function to be convergent to zero.
Condition (IV.9), is to ensure that the sequence (||Z¥*! — z*||r)ies,,» Where L, is the
set of indices for which the next iterate is obtained from acceleration algorithm, is
diminishing and finally convergent to zero.

Our convergence theory, that will be given in the next section, assumes that;
i) the merit function outputs nonnegative values, ii) for any sequence (z*)cn, the
merit function is such that

viF)—=0 = H’%_jZkH — 0.

Therefore, a feasible choice for the merit function can be the following scaled /-
norm of %z~
V(&) = H%—’zkHr. (IV.10)

For this choice of merit function, which we use in this work, both requirements on
the merit function are met. Other options for the merit function could be the sum or
maximum of the vector of the last p scaled l,—norm of residuals.

5. Convergence results

In this section, we provide results on convergence of the basic method and the hybrid
acceleration scheme. Before proceeding to convergence results, we summarize the
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notations and the assumptions that are used in the theorems and their proofs. The
proofs are given in the Appendix.

Notation. 2™ indicates the solution set of problem (IV.2), z = (x,yy,...,yy) de-
notes a primal—dual variable for (IV.5), Z is the primal—dual residual operator de-
fined in (IV.5), z* = (x*,y7,...,¥y) is an arbitrary point in the set of zeros of the
primal—dual residual mapping with y; = V f;(x*), p; is primal sampling probability,
pi is the i~th dual variable update probability, A > 0 is the step size, E; denotes
the expected value operator glven all the information up to the k—th iteration, and
I' = blkdiag(/y, ﬁldv ’NPNLN —*—1I;). Moreover, X = ()ck,y’f7 ...,¥) denotes the
k—th primal—dual iterate; and (z)zen, (¥)ien, and (Y¥)ren are the sequences of
primal—dual-, primal-, and the i—th dual iterates, respectively.

The following is a result that is used in proof of Theorem 2. The proof can be
found in Appendix A.3.

PROPOSITION 3 Under Assumption 1, almost sure (a.s.) convergence of (z )keN
to a 7 € zer(#), implies a.s. convergence of (x*);cry and (Y¥)reny to a ¥ € 27* and
¥ = Vf;(X) respectively. ]

The result in Theorem 1 and its proof (given in Appendix A.5) share similarities
with [Davis, 2016; Morin and Giselsson, 2020].

THEOREM 1 Let zX be the k—th primal—dual iterate associated with the basic
method iterates in (IV.7), then given Assumption 1, the following holds

Eell =2 IF < 1 =217~ &,

with

N
G= YA = ) (19469 = VAP + b =571

2)LZHZ yl ||2—|—/12HVF( ) — VF(X*)Hz av.an

+Ex H)éj<+1 — X+ A (Vi F (5" — VF ()|
Furthermore, if 0 < A < min; 2’5' }, then (zF) e converges a.s. to a random variable

z € zer(#) and (x*)ren and (y¥)en converge a.s. to random variables ¥ € 2 and
¥ = Vfi(X) respectively. O

REMARK 1 In order to ensure a.s. convergence in Theorem 1, the coefficient of all
terms in §; must be positive. Then, from relation (IV.11), it is evident that for each
LO<A< 2” . must hold. Therefore, the smallest of these has to be set as the upper
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6 Numerical experiments
bound of A, that is, 0 < A < min; %} The largest upper bound of the step size
is attained when we have Lipschitz probability distribution for primal sampling,
namely, p; = ﬁ O

The following result is on a.s. convergence of the sequence of iterates that are
obtained from Algorithm 1. The proof is presented in Appendix A.6.

THEOREM 2 Suppose that Assumption 1 holds, that 0 < A < min;{32}, and that

2L
the merit function V : R¥+1D4 5 R is nonnegative and such that for all sequences

(ZF)ren satisfying V(zF) — 0 we have | ZZ"|| — 0. Then (ZF)ken in Algorithm 1
converges a.s. to a random variable Z € zer(%). Moreover, (x**)icy and (Y¥)ien
converge a.s. to random variables ¥ € 2™ and y; = V f;(¥) respectively. O

6. Numerical experiments

We solve a regularized logistic regression problem for binary classification of the
form

N
mmim;)ze Z log(l + ee,Terh) _ Mj(eiTW—f— b) + %HW||%7 (IV.12)
=, i=1
where 6; € R? and u; € {0, 1} are training data and labels respectively, and & > 0
is a regularization parameter. The optimization problem variable is x = (w, b) with
weR?and b € R.
In the hybrid acceleration scheme, we use L-SVRG as the basic method and ei-
ther Anderson acceleration or IBFGS as the acceleration algorithms. The following
lists the algorithms that are used in the numerical experiments

e GD: Gradient descent method with fixed step size,
e L-SVRG: Loopless Stochastic Variance Reduced Gradient method,

e L-SVRG+AA: L-SVRG as the basic method combined with Anderson ac-
celeration,

e L-SVRG+IBFGS: L-SVRG as the basic method combined with limited—
memory BFGS.

In order to use Anderson acceleration as the acceleration algorithm in the hy-
brid acceleration scheme, an associated fixed—point mapping of problem (IV.12) is
needed. Let F(x) denote the objective function of problem (IV.12). Then, the as-
sociated mapping of the problem that is used by Anderson acceleration is given
by

Ted(x) =x—AVF(x)
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for A € (0,2/L), where L is smoothness modulus of F. On the other hand, since
the objective function at hand has no non—-smooth part, the IBFGS algorithm can
also be utilized in the hybrid acceleration scheme to solve problem (IV.12). Unlike
Anderson acceleration, IBFGS method does not need an associated fixed—point map
of the problem, rather, it requires gradients of the objective function in order to
find a solution. See Appendix B.1 and Appendix B.2 for descriptions of Anderson
acceleration and IBFGS methods, respectively.

A rough approximation of the per—iteration count of floating point operations
for the different algorithms are as follows

e 4Nd for gradient descent,

e 12Nd for L-SVRG,

o 4Nd + %m3 +2m?2d for Anderson acceleration,
e 4Nd +2d” + 13md + &,,4Nd for IBFGS,

where, N is the number of the component functions (which is the same as the num-
ber of samples in the training dataset), d is the dimension of the optimization prob-
lem variable, m is the size of memory stack for either Anderson acceleration or
IBFGS and &, is a coefficient to include an approximate average cost for back-
tracking line search of IBFGS.

Numerical simulations are done using two datasets; UCI Madelon [Chang and
Lin, 2011] with 2000 samples and 500 features, and UCI Sonar [Chang and Lin,
2011] with 208 samples and 60 features. In the numerical experiments, the regular-
ization parameter in the objective function is set to & = 0.01, we used a memory size
of m = 5 for both Anderson acceleration and IBFGS, the constants of the safeguard
condition of the hybrid acceleration scheme is C =D = 10°, and § = 107, and the
parameter Ky is set to the number of samples of the associated dataset. Moreover,
we used the merit function as is defined in (IV.10).

In Figure 1 and Figure 2, the left plots show relative value of objective func-
tion versus step number (which is basically equal to the total number of full gra-
dient evaluations up to that step), and the right plot illustrates the relative value of
objective function versus weighted iteration counts. The weighted iteration is in-
tended to include a rough approximation of computational cost in such a way that
different methods at each weighted iteration have roughly the same computational
expense. Therefore, it provides a better comparison in terms of computational com-
plexity among different algorithms. The simulation results show remarkable im-
provement in convergence rate and overall computational cost of the hybrid accel-
eration scheme compared to those of the basic method.

144



6 Numerical experiments

107y

s \ — . \\\ ——GD
4L — - L —— L-SVRG
10 —_ 10 \\r\ —— L-SVRG+AA
L-SVRG+LBFGS
10°2F Tl 10
10°3¢ It
1074F 5E 104
ol
10°°F 1077 b
10°5F 106 |
0 100 200 300 400 500 0 100 200 300 400 500

Weighted iteration

Figure 1: Normalized sub-optimality vs. number of passes over data (the plot to
the left) and weighted iteration number (the plot to the right) for the logistic re-
gression problem (IV.12), on UCI Madelon dataset (2000 samples, 500 features),
solved using GD, L-SVRG, L-SVRG+AA and L-SVRG+IBFGS methods with
regularization parameter & = 0.01.
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Figure 2: Normalized sub-optimality vs. number of passes over data (the plot to the
left) and weighted iteration number (the plot to the right) for the logistic regression
problem (IV.12), on UCI Sonar dataset (208 samples, 60 features), solved using

GD, L-SVRG, L-SVRG+AA and L-SVRG+IBFGS methods with regularization
parameter & = 0.01.
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7. Conclusion

In this paper, we proposed and showed almost sure convergence of a hybrid ac-
celeration scheme. It combines a globally convergent variance reduced stochastic
gradient method—the basic method—with a fast locally convergent method—the
acceleration method—to benefit from the strengths of both methods; global conver-
gence of the basic method and fast local convergence of the acceleration method.
Our numerical experiments show that our algorithm performs significantly better
than the basic method in isolation, while preserving global convergence guarantees
that the local acceleration methods lack.
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Appendix A

In what follows, we provide the proofs of the propositions and the theorems that are
not addressed in the body of the paper.

A.1 Proof of Proposition 1
From %z* = 0 and for any A > 0 we have

X" —prox,, (x* - %Zﬁy:ly;‘) =0
* —V *
M . Ji(x") > x*—prox;, (x* —AVF(x")) =0
yy = Viv(x*)
— 0eVF(")+dg(x")
— 0€d(F+g)(x*),

where the last equivalence holds due to f;’s and g having full domain [Bauschke
and Combettes, 2017, Theorem 16.3 and Corollary 16.48]. Therefore, by Fermat’s
rule x* is a solution of problem (IV.2).

Now suppose that x] and x3 are two distinct solutions to the problem, that is

—VF(x7) € dg(x7),
—VF(x3) € 9g(x3).
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7 Conclusion

Then using the fact that dg is monotone and that each V f; is %-cocoercive, we have
S 1 2
02> (x5 =1, VF (x3) = VF (x})) 2 ) w1 | V£i(x3) = VDI >0,
i=1

which gives that y* = Vf;(x3) = Vfi(x}) for all i’s. Hence it follows that y; =
Vf;(x*) is unique.

A.2 Proof of Proposition 2

In the following proof, we use nonexpansiveness of the proximal operator and L;-
Lipschitz continuity of V f;(x) for all i

A . A o ’
£ —prox;, ( £ (A ﬁ j}) —Xx+prox;, (x— NZyl-)
i=1
u 2
+ Y119 = VA(R) = yi+ V£i()|
i=1

(o ()

J 2 2
+Zz(||y:~—y,-u +IVAE - VA@IP)
i=1

o)

& 2 2
+zz(||yz—y,»u +IVA® - VA1)
i=1

2

|92 — 27| =

2\>’
™M=

2

2\»
™M=

<2lg—x|*+2[£ -

=

A 2 A
< 6|t —xl” +4%5 | L G~ )

i=1

N

n n 2

+ 32 (19— ill> + 27 £ =)
i=1

N N
N 2 2 ~ 2
<(6+2Y LY — x>+ 2 +45) Y 19— yill
i=1 i=1

N
=~ 1e_ 2 . 2 ~1ls_ |12
<a (IIX—XII + ) 115 = yill ) = az—z]l%
i=1

where

i=1

0 = max <6+2ZL2 2+47L >
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The first inequality is given by the triangle inequality and nonexpansiveness of prox-
imal operator for the first term and by Young’s inequality for terms in the sum. The
second and third inequalities is given by Young’s inequality, and the fourth one
is given by [la; +...+ay|3 < N(|ja1||3 + ... + |lan||3). Therefore, Z is Lipschitz
continuous.

A.3 Proof of Proposition 3
Using the definition of the primal-dual residual operator at 7 = (%,¥;....,Jy)

5—proxy, (1§ £, 51)
Gr A YI—V.fl(x) —0

N — V.fN(f)

gives y; = V f;(¥) for all i. This in turn yields

™=

i=1

)E—proxlg()f % Vf,-(f)) =X —prox,, (f—AVF(x)) =0,

which evidently means thatx € 2", ie.,0€ dg(x)+ VF(¥). Since z* converges to
Z almost surely, x* and yl , respectively, converge to X and y; = V f;(¥) almost surely.
This concludes the proof.

A.4 Lemmas for proof of Theorem 1
The following lemmas are needed in our proof of Theorem 1.

LEMMA A.l1 Let % be the primal—dual residual operator (IV.5), (x*,y*) € zer(%),
fi be convex and L;-Lipschitz continuous, and y; = Vfi(x*) for alli € {1,...,N},
then for the iterates given in (IV.7), the following bounds the variance of the primal
variable

B o =7 <l = - Z VA = VAP

—Ekllxk+1—xk+/1( i F (¢ 55) = V() |1?
k

FAPE |V F () — VE ()|
(IV.13)
O

Proof. Using firm nonexpansiveness of the proximal operator, we have
~ 2
|| = Hproxlg (xk - QLV,-kF(xk,yk)) — prox,,, (x* — AVF(x*)) H
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< [ =29 F et ) — (- avEee)|[ -

||xk—},§‘F( ¥ — proxlg(x —}»V'F(xkvyk))
— (¢ = AVF (x*)) + prox; ,(x* — AVF (")) ||*
= =2 =22 = G F

)
F(X*") = VF(x"))
+ A3V F (¥, 5F) = VF () |2

— [ = R AV (E ) = VE ()P
The second equality above, is given by x* = prox;,(x* — AVF(x*)) and by the

primal update formula x**! = prox; g(xk - 164 F(x*,y%)). Taking expected value
conditioned on all available information up to step &, yields

By o4 — o[> < [l = o||? = 22 (& =" VF (&) = VF ()
— By [ — K AV F (2, 5F) — VF ()|
+A'2Ek|‘vikF(x Y )7VF(X )”2
N
< =P =22 Y JEIVAE) = VAP
i=1
—Ei T AV F (R = VE ()P
F AP E[|Vi F (4,0 = VF ()|
In the first inequality, we used [E; %ikF (xk,y¥) = VF (x*) and the second inequality
is given by cocoercivity of V f;(x).

LEMMA A.2 Let % be the primal-dual residual operator (IV.5), (x*,y*) € zer(%)
and yr = Vfi(x*) for all i € {1,...,N}, then for the iterates given in (IV.7), the fol-
lowing holds:

N
<2Np, Ikt y,*||2> Y i IVAG) — VA 2

i=1

(IV.14)

- %,

'["12

( pt)NpL ”)’z — i

1
where p; is the probability of El-k being 1 for y;. O

k+1

Proof. By substitution of y;™~ from (IV.7) we get

N
(Z vzl =i ||2> = Fy (Z oz IV + f (V) —5D) yi*|2>
i=1
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=z

P el (V) =) =il

“Lw

i=1

v (PUIVAGR) =37 1P+ (1= po) Ik = ;1)

I
.MZ

Il
-

NLHVf,( — Vi)

|
Mz

- [

'MZ

Il
=

( pl)NpL ||y1_yl

In the third equality we used the fact that the only random variable in the expression
to the right of the second equality is sl.k € {0,1} and the probability of el.k being 1 is
assumed to be p;.

LEMMA A.3 Let % be the primal—dual residual operator of the problem, (x*,y*) €
zer(#) and y; = Vfi(x*) for all i € {1,...,N}, then for the iterates given in (IV.7),
the following gives the update variance bound:

N
B Vi (409 = VPWOIP < Xy (VA = VAGOIP + bt -7IP)
B N
=201 Y 6F DI = IVF () = VF ()|
i=1
(IV.15)
O

Proof. We start with the left-hand side of (IV.15). Using the identity E || X||> =
IEX|?+E|X —EX|?, gives

Ei[[Vi F(,55) = VF(&)|? = |[VF (&) = VF ()|

R (IV.16)
+Ei || Vi F (x5,%) — VF ()|

Now for the second term in the right-hand side, substitution of §ikF (xk, yk) yields
~ ' 2
B |[ViF(,05) — VF )|

2

N
oy (V) —oh) ) ok = V)
=

=

wr (VFi () = Vi () + 55, —35)
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2

2B |y (VA = VA ) = (V) = VF ()|

1 ul k 1 ul ’
+ 2Bk || O —Y5) — (3 Xvi — v 190
i=1 i=1
1 k * 2 * 2
= 25 | - (Vi () — V1, (06)) | —2|| VP () — v ()
) 2
+2Ek(’ﬁﬁk(yfk*y?,c) —2(y Y OF =)
i=1
N 2
= Z Vfl(x VF()C)
i=1
u 1 k 2 1 ’
2) s =i 2w YO -
i=1 i=1

The inequality above is given by Cauchy-Schwarz and Young’s inequalities. The
third equality is given by the identity E ||X —EX||> =E||X||> — || EX||%. Substituting
in (IV.16) yields

N 2
<Xty [V = Va0 = |[vE6h) - VL)
Al 2 k 1 ’
+ ) [T 2w X0 D)
i=1 i=1
A.5 Proof of Theorem 1
We first use the definition of I':
N
1 = 21 = I =217 + Y wr IvF =711 (IV.17)
i=1

Then, adding (IV.13) to (IV.14) and reordering the terms, yield
Ex [ — x| + B (z i I - y,*|2>
< o —x? - Z (VAR = VAP
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FAPE |V F (x5, 5%) — VF () |2
B [k AV F (o, k)—VF( )P

al A k 2 2
+XmllVﬁ(X)—Vﬁ( ) +Z 1= pi) iz [0k =7l

=1

= |l ~ *HerZNlelyl—y,II2 Z VA = VAP

FAPE |V F (& 5F) — VF(x* )H2
— By [ -+ AV, F(x k,yk>—VF< NI

N

A
+ Y 7 VA = VAP - ZNL IyF =712
i=1

Now, we use (IV.17) and (IV.15) in the above inequality, which gives

Bl = |F < |l ~2 Z VA = VA = A2 VF () = VE ()2

_|_

2
N IV i) =V fix H2+Z i = we) =il

Mz M=

2|V AR - VA - 2“||): I
_Eka]ﬁLl_x + (61'/( (xk7y )_ (X ))H2
N 2
= =2 = Y (i — ) IVAE) = VA2

i=1

( A 212

v — ) Iy =il = IIZ nI?

=

By [ =k AV F (KK — VE ()|
— A*||VF (&) = VF ()|

=l = 2|IF — &

where

N
=Y (e — B IVAE) - VA2

i=1

™M=

2
+ ¥ (35— w31+ 3 IIZ Y=y

i
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B A —xk AV F (500 = VF () |2 + A2 VF () — VF () |2

This proves the first part of the theorem. To show a.s. convergence of (x)c to a
random variable in 2™*, in view of [Combettes and Pesquet, 2015, Proposition 2.3],
we need to show that the set of sequential cluster points of the sequence (x);cy is
a subset of 27*, then a.s. convergence of (xk)keN to an .2 *-valued random variable
will follow. In the following, all limits and convergences are to be considered to
hold almost surely, also if it is not explicitly written.

We choose A such that 0 < A < mini{];L[_"} holds. This choice of 4, enforces
non-negativeness to all the coefficients in relation (IV.11); thus, we have §; > 0 for
all k € N. Now using [Combettes and Pesquet, 2015, Proposition 2.3.i], we get that
(&) ken is a.s. summable. It follows by a.s. summability of (& )ren that both (yi‘ keN
and (Vf;(x*))xen converge to Vf;(x*) almost surely. This in turn means that, as k —
oo, ﬁikF (xk,y¥) — VF (x*) almsot surely. Moreover, a.s. summability of ({;)er im-
plies that (Eg(][x*+! —x* 44 (%ikF(xk,yk) — VF(x"))||?))ken a.s. converges to zero
as k — oo and since V;, F (xX, y) — VF (x*) — 0, we have that B ([|x*! —xk||2) — 0,
which implies ¥t — x¥ — 0 almost surely. Now, since the Euclidean space RN+ 14
is separable and zer(%) is closed, using [Combettes and Pesquet, 2015, Proposition
2.3.iii], for every z* € zer(Z), the sequence (||z* — z*|| ke converges almost surely.
Summability of ({)rer implies that || ¥ — z*||2 — ||x* —x*||> — 0, and therefore, we
infer that for every x* € 27, the sequence (||x* — x*||*)zen is a.s. convergent, and
therefore, the sequence (x*)zcy is bounded. Boundedness of (x¥);cy implies that
it has at least one convergent subsequence. Denote this subsequence by (x)ien.
Now, from the optimality condition of the proximal operator we get

0 € Adg(xH!) 4 (% H! — (X% — AV, F(X%,y))) <
AVF(X%H1) — AVF (%) € Adg(x®+!) 4 (% H! — (% — AV, F(x'%,y%))) <
u™ € dg(x* ) L VF(x* ) o
W € d(g+F) () &
(% u) € gra(d(g+F))

where ' = A~ (x% — x%H) 4 VF(xut1) =V, F(x™, y%). As m — oo, X% —
K%l 0 and VF(x%H1) — %ikF(x"k,y”k) — 0. Thus, ¥ — 0 almost surely. In
the second to last equivalence above, since dF has full domain, we used the identity
d(g+ F) = dg+ JF by [Bauschke and Combettes, 2017, Corollary 16.48]. Let us
assume that the subsequence converges to X, that is x"* — ¥. Now by [Bauschke and
Combettes, 2017, Corollary 25.5] since dF has full domain, d(g+ F) is maximally
monotone. Using [Bauschke and Combettes, 2017, Proposition 20.37.ii], we get
(%,0) € gra(d(g+ F)) which implies that 0 € dg(¥) + VF(X). This clearly means
that all sequential cluster points of (x*)zcn belong to 27*. Now, invoking [Com-
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bettes and Pesquet, 2015, Proposition 2.3.iv], implies that (x*);cx converges almost
surely to a 2 *-valued random variable. Invoking Proposition 1 concludes the proof.

A.6 Proof of Theorem 2

In the following proof, all the convergences and limits hold almost surely, even if it
is not explicitly mentioned.

Let Iy, and I, be the sets of indices for which the next iterate is obtained by a
basic method step and an acceleration algorithm step, respectively. These index sets
satisfy Iy, N1y = 0 and Iy, UL, = N. Note that if the cardinality of I,, is finite,
after a finite number of steps, the algorithm will reduce to the basic method, which
we know is convergent by Theorem 1. Therefore, we assume that |I,,| is infinite.

From Theorem 1, for all k € Iy, and all z* € zer(#) we have

2
< sz -z

2
- V.1
] G (IV.18)

E, sz+1 g

where > 0. Using the identity E||X —EX||> = E||X|?> — || EX|]>, we have
|EX||?> < E||X|*. Thus, from (IV.18) and { > O for all k € Iy, we have

2 2 2 2
Y e Y P

Therefore, for all k € I, we have

Ek sz+1 _Z*

< sz —z"
I

. Iv.19)
r
On the other hand for all k € I,, by the triangle inequality and for all z* € zer(%),
we have

sz+1 o

< sz—z*
I

i sz+1 7ZkH .
r r
Using the safeguard condition (IV.9) and that z+ = X1 for all k € I, we obtain

HZkJrl _7

< sz —z"
r

- +DV (7). (IV.20)

Using the fact that By || — z*|| . = ||*™" — 2*|| holds for all k € I, since the ac-
celeration method is deterministic, by combining (IV.19) and (IV.20), we conclude
that

EkHz"“—z* < szfz* Lo (IV.21)
holds for all k£ € N, where
0 k € Iy
O = k .
DV () k€l
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Due to (IV.8), (O )ken is summable and (||zk *Z*H)keN converges a.s. [Combettes
and Pesquet, 2015, Lemma 2.2] and is therefore a.s. bounded. Next, by squaring
both sides of (IV.20), for all k € I,,, we get

HZkJrl —7

2 k * 2 k *
SHZ -z +2Hz -z
r r

FDv(z") +(DV ()%

Defining f := 2|/ —2*||.DV(*) + (DV(2"))? and using B[ —z*[| =
||zk+1 — z*Hl_ for all k € I,,, we get for all k € I, that
E, sz+1 o

2 k 2
< Hz — 72|+ B (IV.22)
r I

Since we have concluded that (||z* — z*||r)xer,, is bounded a.s. and (V(z))rer,

is absolutely summable, (By)key,, is a.s. absolutely summable as well. Combining

(IV.18) and (IV.22) implies that
E, H L

2 T
F+vk§ Hz -2 F+nk, Iv.23)

where

0 kel kel
= ebm7 and Vi = C ebm.
ﬁk kel 0 kel

Therefore, by [Combettes and Pesquet, 2015, Proposition 2.3.i], (Vi)ken is
summable. Now, in [Combettes and Pesquet, 2015, Proposition 2.3] setting
¢ : z — 72, [Combettes and Pesquet, 2015, Proposition 2.3.iii] implies that

(|]zF - Z*le")kEN and evidently (||z* — z*||)xen are convergent.

For the last part of the proof, fix z* € zer(%) and denote the set of sequential
cluster points of (z*)zen by €. Since (||z* — z*||)xen is convergent, the sequence
(zX)ken is bounded, and therefore, it has at least one convergent subsequence by
the Bolzano—Weierstrass theorem. Denote this subsequence by (z*)gen and its as-
sociated sequential cluster point by zi = (x,)7,...,¥y). As the problem is finite-

dimensional, using Lipschitz continuity of the operator & (Proposition 2) we have
v -zl =0 = g -0

which means that %% — %z. Note that (7% )zen is constructed by the points
that are generated by either the basic method or the acceleration algorithm. For the
subsequence of points in (7" )y that are obtained from the basic method, that is
(2% ke, » since (Vi )xen is summable, so is (§y, )ken. Then, using the same ap-
proach as in the last part of the proof of Theroem 1, we can show that (Zz%*!)c Tom
converges to zero. For the subsequence of the points in (2 ) ey which are generated
by the acceleration algorithm, that is (%! )kel,,» it is evident from the definition
of the merit function in (IV.10), that convergence of (V (z%**!))iey,, to zero—which
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is dictated by the safeguard condition—enforces convergence of (%_’z”k“)kgaa to
zero as well. Therefore, for (2" )xcn as a whole, we have 7% — 0 as k — co. Then, it
follows from %7 — %7 that 7" = 0. Thus, z: belongs to zer(#). The same im-
plication can be made for all other sequential cluster points of (zX)rey which means
that all sequential cluster points of ()i belong to zer(%), that is € C zer(%).
Finally, by [Combettes and Pesquet, 2015, Proposition 2.3.iv], the sequence (z%)ien
converges a.s. to a point Z € zer(#). Now, by Proposition 3, x* — % and for all i,
y§ — Vf;(%) as., where ¥ is the solution of problem (IV.2). By this, the proof is
complete.

Appendix B

B.1 Anderson acceleration

Anderson acceleration can be exploited to accelerate convergence of the the fixed—
point iteration of the form

xk+l — y(xk)

where .7 : R" — R” is either a contraction or an averaged operator. A variant of
Anderson acceleration, which is equipped with Tikhonov regularization on its inner
least—squares problem, is given in Algorithm B.1 [Scieur et al., 2016].

Algorithm B.1 Anderson Acceleration

1: input: Y0 € RY m > 1.
2: fork=0,1,2,...do
3 set my = min{m, k}

4: find the iterate using the fixed-point map x* =7 (%)
5: form Rk = (P ... %) where r/ = y/ —x/ for j € {k—my,... k}
6: determine a¥) = (Oc(gk), R (x,(,f?) that solves
E ol

minimize HfRn(x( )H +§kHa( >H

alk) crmt! 2 2

subject to 17a® =1
7. YRl = I al(k) it
8: end for

B.2 Limited-memory BFGS

If the objective function of a convex optimization problem is twice continuously
differentiable, an effective way of solving it, is to use quasi—-Newton methods.
One of the most well-known quasi—-Newton methods is the limited—-memory BFGS
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(IBFGS) which has been vastly used in many areas. IBFGS is a variant of BFGS
method that uses a limited amount of computer’s memory and in that sense is
cheaper than its parent, BFGS method. Hence, unlike BFGS algorithm, its limited—
memory version can be used to solve large—scale problems. The IBFGS method can
be stated as in Algorithm B.2 [Nocedal and Wright, 2006].

Algorithm B.2 limited—-memory BFGS

1: Define: s = x**1 — x%, uk = V(1) = V£(xF) and p, = ((4)Ts%) 1.
2: input: 19 and the memory stack size m > 1.
3: fork=1,2,...do

k—I\T , k—1
4 H(]){ = ((;k—l))TZk—l
5. q=Vf(h)
6: fori=k—1,..., min{k—m,0} do
7: o = Pi(Si)TF]
8: q=q—o;u'
9 end for
10 r= H(]J‘q
11 for i = min{k—m,0},...,k—1 do
12: B=pi(u')"r
13: r=r+si(a;—f)
14: end for
15: pk =r
16: compute X*T! = x* — 4, p¥, where A is to satisfy a line search condition
17: if k > m then
18: discard s and u*—"™
19: compute and save s* and u*
20: end if
21: end for
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There are many applications in science, engineering, and in human daily life in
which some sort of optimization is being used. For instance, manufacturers aim at
designing processes that maximize efficiency of production lines; shipping compa-
nies seek to obtain the best routes for delivering parcels to their destination; design
engineers try to find the optimal design of a load-carrying structure; and investors
seek to create portfolios that maximize the return while avoiding high risks. To find
the best (or optimal) solution for such processes, one usually builds a mathemat-
ical model to describe the underlying optimization problem. The resulting math-
ematical model includes a quantitative performance measure of the process under
study; this measure depends on characteristics or attributes of the process. There is
also the possibility of reflecting physical limitations of the underlying process on
the mathematical model. In most cases, the mathematical model (of the optimiza-
tion problem) is complex and includes many parameters and variables; therefore,
computer-based optimization algorithms are usually used to find its solution. An
optimization algorithm is a program that takes a mathematical optimization prob-
lem, and after performing a set of mathematical operations on it, finds and returns
an approximation to the true solution.

Depending on the mathematical model of the optimization problem, there are a
variety of algorithms that can be used to solve it; however, not all of them perform
equally fast and efficient. This thesis is an attempt to improve performance of a
family of optimization algorithms such that they can solve optimization problems—
that they are applicable to—faster and more efficiently. In this thesis, several novel
optimization algorithms are proposed. These algorithms are mainly built upon the
existing ones, however, they are altered such that, they can exhibit a more favorable
behavior than their existing counterparts, i.e., they can find a solution of mathemat-
ical optimization problems considerably faster. For instance, for an optimization
problem that we considered, using the proposed algorithms, we managed to achieve
a 5-10 times speed up—compared to an existing counterpart algorithm—in finding
a solution.



