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Abstract

This thesis studies two families of methods for finding zeros of finite sums of mono-
tone operators, the first being variance-reduced stochastic gradient (VRSG) meth-
ods. This is a large family of algorithms that use random sampling to improve the
convergence rate compared to more traditional approaches. We examine the opti-
mal sampling distributions and their interaction with the epoch length. Specifically,
we show that in methods like SAGA, where the epoch length is directly tied to the
random sampling, the optimal sampling becomes more complex compared to for
instance L-SVRG, where the epoch length can be chosen independently. We also
show that biased VRSG estimates in the style of SAG are sensitive to the prob-
lem setting. More precisely, a significantly larger step-size can be used when the
monotone operators are cocoercive gradients compared to when they just are coco-
ercive. This is noteworthy since the standard gradient descent is not affected by this
change and the fact that the sensitivity to the problem assumption vanishes when
the estimates are unbiased.

The second set of methods we examine are deterministic operator splitting meth-
ods and we focus on frameworks for constructing and analyzing such splitting meth-
ods. One such framework is based on what we call nonlinear resolvents and we
present a novel way of ensuring convergence of iterations of nonlinear resolvents
by the means of a momentum term. This approach leads in many cases to cheaper
per-iteration cost compared to a previously established projection approach. The
framework covers many existing methods and we provide a new primal-dual method
that uses an extra resolvent step as well as a general approach for adding momentum
to any special case of our nonlinear resolvent method. We use a similar concept to
the nonlinear resolvent to derive a representation of the entire class of frugal split-
ting operators, which are splitting operators that use exactly one direct or resolvent
evaluation of each operator of the monotone inclusion problem. The representation
reveals several new results regarding lifting numbers, existence of solution maps,
and parallelizability of the forward/backward evaluations. We show that the mini-
mal lifting is n— 1 — f where n is the number of monotone operators and f is the
number of direct evaluations in the splitting. A new convergent and parallelizable
frugal splitting operator with minimal lifting is also presented.
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1

Introduction

Understanding the methods we use to solve problems is crucial. The methods’
strengths and weaknesses, their applicability and limitations, and their complex-
ity and ease of use are all important to know so the right method for a particular
situation can be chosen. Having a thorough understanding is also vital, both for
the improvement of existing methods and for the development of new ones. These
things hold not only for the methods we use to solve mathematical problems but for
the tools and approaches we use to design those mathematical methods.

This thesis will cover the design and analysis of several methods for solving
a class of problems known as monotone inclusion problems. Monotone inclusion
problems cover a range of commonly occurring problems in engineering and vari-
ous scientific fields, one of the prime examples being convex optimization. While
solving monotone inclusion problems fast and efficiently is the main motivation be-
hind the work in this thesis, concrete problem instances will not be the focus. Some
of the included works will provide illustrative or exploratory examples—mainly
within the field of optimization—but the focus will first and foremost be on the
solution methods themselves.

The methods covered will be from one of two families: variance-reduced
stochastic gradient (VRSG) methods and operator splitting methods. We leave a
more thorough presentation of these two method families to the next chapter and
the individual papers but note that the distinction between them is not necessarily
sharp. For our purposes, the main difference is that splitting methods are determin-
istic, but, if one were to allow for randomness in operator splitting methods, one
could easily argue that VRSG methods are a subset of operator splitting methods.
However, we will not comment more on this connection and the two groups will be
treated separately.

VRSG methods, see for instance [|1}, 14} 7,111} 13} 14,117,118, |19, 20, 21}, 122, 124,
33|34} |36 37} 140]], were first derived to solve optimization problems formed from
very large datasets. Due to the size of the dataset, the limiting factor for these kinds
of problems is processing the data so the basic idea behind VRSG methods is to
avoid processing the entire dataset at once. Instead, smaller subsets of the data are
sampled at random and used in such a way that the expected value of the sampling
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Chapter 1. Introduction

is the same as it would be if the entire dataset was used. If this is done carefully, not
only can the problem be solved with probability one but the expected computational
time can actually be faster than for conventional deterministic methods [24,36]]. Our
work on VRSG methods consists of us trying to better understand and improve the
speed of VRSG methods but we also expand them to the more general monotone
inclusion setting. In particular, we look at the effect of the random sampling of
data on the computational cost and derive optimal sampling distributions for a sub-
class of VRSG methods. In the monotone inclusion setting, we examine the effects
of different problem assumptions, uncovering important results to consider when
designing VRSG methods.

The term “operator splitting method” usually refers to a type of divide and con-
quer approach for solving monotone inclusion problems. In theory, monotone inclu-
sion problems are actually quite simple to solve with the evaluation of a map known
as a resolvent. However, computing the resolvent is in many cases computationally
infeasible. Because of this, several splitting approaches have been developed that
split up the monotone inclusion problem into smaller pieces, each of which consists
of a computationally feasible resolvent or some other cheaply computed mapping,
see for instance [2, 15, 6L 8}, 19, {10, {12} {1516} 23} 25} 126,127,132, 135 138 139]]. Our con-
tributions have mainly been in providing compact representations and convergence
criteria for large sub-classes of splitting methods. Finding new ways of representing
several different methods opens up new avenues for comparing and understanding
their behavior. It also makes it easier to create and explore new methods, enabling
the discovery of performance improvements. Furthermore, a more expressive rep-
resentation can be very beneficial in the modern era of computer and data-driven
design where the exploration of large design spaces can be automated.

1.1 Outline

This thesis is structured as follows. Chapter [2] introduces the basic notation and
concepts covered in the thesis such as monotone inclusions, fixed point iterations,
operator splitting methods, and variance-reduced stochastic gradient methods. In
Chapter [3] the papers that make up this thesis are introduced together with a dec-
laration of each author’s contribution. The remainder of the thesis contains said
papers.
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2

Background

The following chapter will cover the basic mathematical concepts covered by the
papers. It is intended as an overview for the uninitiated reader and will focus on
presenting the main mathematical objects and their relation to the questions of the
papers that make up the thesis. No attempts will be made to exhaustively cover all
fundamental results our papers build on; the papers are complete and self-contained
with all relevant preliminary results either presented or referenced. A good ref-
erence textbook on the subjects covered in this chapter, except for the variance-
reduced stochastic gradient methods, is [3]]. For more information on variance-
reduced stochastic gradient methods we will refer to the different papers that in-
troduced the concepts, for instance [|13} |20} 24, [36} 40].

2.1 Notation and Preliminaries

The set of real numbers will be denoted by R, the natural numbers by N = {0,1,...}
and the positive natural numbers by N, = {1,2,...}. Let H be a real Hilbert space
with inner product and norm denoted by (-,-) and ||-|| respectively. The notation 27
denotes the power set of H, i.e., the set of all subsets of H. The fundamental object
of this thesis is the operator.

DEFINITION 2.1—OPERATOR
An operator A on H is a map from H to any subset of H, i.e., A: H — 21

Instead of mapping a point in H to a just single point in H, an operator allows us
to map a point in H to several points in H, making operators set-valued or multi-
valued. We denote the set of points x €  maps to as Ax € 2% Since Ax can be any
subset of H, it is possible to map a point x to no points by mapping to the empty
set, i.e., Ax = 0. The domain of an operator is defined as the set of points that maps
to non-empty sets, i.e., domA = {x € H | Ax # 0}. It is also worth stressing that Ax
is a subset of H and hence, if we wish to state that x € H is mapped to y € H, we
write y € Ax and not y = Ax. However, for single-valued operators we will abuse
this notation slightly.

11



Chapter 2. Background
A / A / A
/T

Not monotone Monotone but not maximal  Monotone and maximal

Figure 2.1 Examples of graphs of operators R — 2 and their properties.

A single-valued operator refers to either an ordinary map B: H — H or an
operator C: H — 2M where Cx is a singleton for all x € . For any such B and
C we can always find B": H — 2% and C’: H — H such that {Bx} = B’x and
{C’x} = Cx for all x € H. Because of these equivalences between B and B’, and C
and C’ we will not make any distinction between them and let Bx and Cx denote
both sets and points depending on context.

Since operators are multi-valued, we can always define the inverse A~': H —
2M of an operator A: H — 2™ without requiring some form of injectivity. The
inverse is simply defined as x € A~'u if and only if u € Ax for x,u € H. The graph
of an operator A: H — 2% is graA = {(x,u) € H xH | u € Ax}, allowing the inverse
to be characterized as (u,x) € graA~! if and only if (x,u) € graA.

For most results, we cannot allow for the full generality of arbitrary operators
so the following properties will be assumed in a majority of cases.

DEFINITION 2.2—MONOTONICITY
An operator A: H — 2" is monotone if

(u=v,x—y) =0
forall x,y € H and all u € Ax and v € Ay.

DEFINITION 2.3—MAXIMALITY

A monotone operator A: H — 2™ is maximal if there exists no other monotone
operator A": H — 2M such that graA C gra A’.

In the one-dimensional case, i.e., R — 2%, monotonicity is equivalent to the
operator being non-decreasing, i.e., the slope of the graph is never negative. Max-
imality is a continuity-like assumption and states that the graph has no “holes”.
A few examples in the one-dimensional case are provided in Fig. 2.1} Both mono-
tonicity and maximality are fundamental for the work in this paper but the following
stronger properties will be useful in certain cases.
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2.2 Monotone Inclusion Problems

DEFINITION 2.4—STRONG MONOTONICITY
An operator A: H — 2H is p-strongly monotone for u > 0 if

(=v,x=y) = pllx -yl
forall x,y € H and all u € Ax and v € Ay.

DEFINITION 2.5—LIPSCHITZ CONTINUOUS
A single valued operator A: H — H is €-Lipschitz continuous for € > 0 if

llx=yll = [|[Ax— Ayl
Sfor all x,y € H. A 1-Lipschitz continuous operator is said to be non-expansive.

DEFINITION 2.6—COCOERCIVITY
A single valued operator A: H — H is B-cocoercive for B> 0 if

(Ax—Ay,x~y) > pllAx— Ay||?
for all x,y € H.

In the one-dimensional case, u-strong monotonicity states that the slope of the graph
is always greater than y, ¢-Lipschitz continuity states that the slope is between —¢
and ¢, and B-cocoercivity states that the slope is between 0 and 5~'. Therefore, 8-
cocoercivity is equivalent to monotonicity and 8~ !-Lipschitz continuity in the one-
dimensional case. In higher dimensions, this equivalence does no longer hold but -
cocoercivity still implies 8~!-Lipschitz continuity and monotonicity. Cocoercivity
is equivalent to Lipschitz continuity and monotonicity only when the operators are
so-called subdifferentials[3, Corollary 18.17]. Subdifferentials will be defined and
explained further when discussing optimization problems in a following section.

2.2 Monotone Inclusion Problems
A monotone inclusion problem is
find x € H such that 0 € Ax 2.1

where A: H — 2™ is a maximally monotone operator. The notation zer A = {x €
H | 0 € Ax} will be used for denoting the solutions to this problem. It should be
noted that this problem does not necessarily have a solution, i.e., it is possible that
zer A = (. However, establishing sufficient conditions for when zer A # 0 is beyond
the scope and needs of the papers in this thesis and we simply assume that zer A
is non-empty. This pragmatic approach is motivated by the fact that it does not
makes any sense to solve a problem without a solution and, since this thesis focus
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Chapter 2. Background

on solutions methods for @I) The counterargument to this is that it is useful if a
solution method can detect and report that no solution exists since it might be hard
to know beforehand. Although we agree with this, we see the question of certifying
a lack of solution as orthogonal to the questions examined in this thesis.

Problem is comparable to the classic matrix inversion problem of finding
x € R" such that b = Mx where b € R" and M € R™". Solving this kind of linear
equations is the backbone of numerical linear algebra and a key component of many
engineering and scientific fields. By defining the operator x — Mx — b, the matrix
inversion can equivalently be formulated as finding a zero of this operator, just as
in problem (2.1). It is therefore possible to view monotone inclusion problems as
analogue to these kinds of very useful inversion problems but with linearity/affinity
replaced by maximal monotonicity. If M + M is positive semi-definite, the map
x +— Mx — b is maximally monotone and the matrix inversion problem is then an
instance of the monotone inclusion problem [3, Corollary 20.28]. Although spe-
cific instances of monotone inclusion are not the focus of this thesis, we will in
Section[2.3]give an example of how a convex optimization problem can be reformu-
lated into a monotone inclusion problem.

In certain aspects, maximal monotonicity is a lot weaker than affinity but it
still provides useful and convenient properties. For instance, the solutions to (2.1))
form closed convex sets. This follows from two simple facts, see [3, Proposition
20.22 and 20.36] for detailed proofs. First, Ax is always closed and convex for all
maximally monotone A: H — 2M and x € H. Second, if A: H — 2H is maxi-
mally monotone, then A~! is also maximally monotone. Noticing that zerA = A~10
then yields the result. Maximal monotonicity also has useful implications when de-
signing algorithms for solving inclusion problems; we explore these aspects further
when discussing operator splitting methods in Section [2.3]

The papers included in the thesis actually consider the slightly more general
scenario of finite sum monotone inclusions, i.e.,

find x € H such thatOe > Aix (2.2)
i=

where A; : H — 2™ is maximally monotone for all i € {1,...,n}. Perhaps the most
important thing to note regarding sums of operators is that the sum of maximally
monotone operators is not necessarily a maximally monotone operator. Sufficient
conditions for when the sum is maximally monotone exist [3, Theorem 25.3] but
attempting to list these is again beyond the scope or needs of this thesis.

In most cases, will be complemented by some further assumptions on one
or several of the terms, e.g., cocoercivity, Lipschitz continuity, or strong monotonic-
ity. Sometimes these assumptions carry further implications regarding the problem
itself. For instance, the sum of a maximally monotone operator and cocoercive
operator is guaranteed to be maximally monotone [3} Corollary 25.5] and a solu-
tion exists and is unique if in addition one of the operators is strongly monotone
[3} Corollary 23.37]. However, although such problem properties will be used and
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2.3 Convex Optimization as Monotone Inclusion

commented on in the included papers, the main purpose of these assumptions is to
facilitate the design of convergent algorithms for solving (2.2).

2.3 Convex Optimization as Monotone Inclusion

A constrained convex optimization problem takes the form

minimize f(x)
xeD (23)
subjectto x € C

where f: D — R is convex, D C H and C C H are convex set. We will assume
that the problem is feasible, i.e., CN D # @, that C and D are closed, and f is lower
semi-continuous.

Our first goal is to write (2.3) as an unconstrained convex problem and for that
two things need to be dealt with, the constraint set C and the fact that the objective
function f is not necessarily defined everywhere, i.e., it is possible that D # HH. Both
of these problems can be dealt with by introducing what is known as the extended
real line RU{—o0,00} where plus and minus infinity are defined as larger and smaller
than any real number, respectively, —co < x < oo for all x € R. A complete arithmetic

X

is defined as oo+ x = 00, x4 - 00 = 00, x_-00 = —o00, = =( forall x e R, x; > 0 and

x_ < 0 with the following being undefined: 0 - co, co + (—c0) and =.

We extend f by defining f: H — R U {oo} to be equal to f on D and other-
wise f(x) = co. The constraint set C we encode by defining the indicator function
tc: H — RU{oo} such that c¢(x) =01if x € C and t¢(x) = 0 if x ¢ C. An equivalent
unconstrained optimization problem can then be written as

miiliegrfl(ize F(x) + 1 (x). (2.4)

It is equivalent to since f(x)+tc(x) = f(x) € R on all feasible points x € CN D
and otherwise the objective is equal to co, which is larger than all real numbers.
It is also straightforward to verify that f, (c and their sum are convex and lower
semi-continuous [3, Lemma 1.27]. Although both terms of the objective of are
defined for all x € H, the convention for extended-real-valued functions is to define
the domain of a function g: H — RU{oo} as domg = {x € H | g(x) < oo} which
yields dom f + ¢ = dom f Ndomtc = DN C. Hence, the domain of the objective of
the unconstrained problem is the same as the set of feasible points of the constrained
problem. Feasibility of is therefore equivalent to f +tc being proper, a proper
function g: H — RU {co} satisfies domg # 0.

It is well known that finding the unconstrained minimum of a differentiable con-
vex function g: H — R is equivalent to finding a zero of the gradient, 0 = Vg(x).
This is known as Fermat’s rule. However, the objective of our unconstrained opti-
mization problem is not necessarily differentiable but it is still possible to state an
analogue statement using subdifferentials.
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Chapter 2. Background

8(x) +(Vg(x1),x —x1) <

A\

v - N
8(x2)+(Vglxa), x —x2) ~ _ /. gs)+ (s1,x-33)

"o g(x3)+ (s2,x—x3)

T g(x3)+ (s3,x—x3)

N "= g(x3)+ (s4,x—x3)

x‘l X2 )6‘3
Figure 2.2 Illustration of subdifferentials. The function g: R — R is differentiable

at x1 and x, and hence are {Vg(x1)} = dg(x) and {Vg(xp)} = dg(xp). At x3 is g not
differentiable and hence is dg(x3) not single-valued and s1,s7,53,54 € 0g(x3).

DEFINITION 2.7—SUBDIFFERENTIAL
Let g: H — RU{oo} be a proper function. The subdifferential of g is the operator
dg: H — 2™ such that

dg(x) = {s € H | g(y) 2 g(x) +(s,y —x),¥y € H}
for all x € H. Elements in dg(x) are known as subgradients of g at x € H.

The subdifferential of any proper function g: H — RU {co} is monotone and dg is
maximally monotone if g is convex and lower semi-continuous [3, Example 20.3,
Theorem 20.25]. Although the subdifferential is not defined via limits as ordinary
derivatives are, the two notions are closely related for convex functions. Let g be
convex, if g is differentiable at x, then {Vg(x)} = dg(x). Similarly, if dg(y) = {s}
and g is continuous at y € H, then g is differentiable at y and s = Vg(y) [3} Propo-
sition 17.31]. For a visual example of the subdifferential, see Fig.[2.2]

Fermat’s rule for subdifferentials is then that x € H is a minimum of a proper
function g: H — RU {0} if and only if 0 € dg(x) [3, Proposition 27.1]. The uncon-
strained problem can then equivalently be written as the monotone inclusion
problem

find x € H such that 0 € d(f +1c)(x). (2.5)

Different from the gradient, the subdifferential is not additive, i.e., (g + h) # dg +
dh for some proper convex lower semi-continuous functions g: H — RU {oo} and
h: H — RU{co}. However, it always holds that d(g + h)(x) 2 dg(x) + dh(x) and,
hence, if we find a solution to the following problem, we find a solution to (2.3),

find x € H such that 0 € 4 f(x) + dec(x). (2.6)

Since both f and ic are proper, convex, and lower semi-continuous, both 4 f and
Oic are maximally monotone operators. Problem is therefore a finite sum

16



2.4 Fixed Point Iterations

monotone inclusion problem of the form (2.2) that this thesis covers. The two prob-
lems, and , are equivalent when d(f +tc) = 8 f + dic which holds if, for
instance, dom f = H or dom f NintC # 0 [3, Corollary 16.48]. Even weaker forms
of this kind of constraint qualification exist and it should be noted that the equiv-
alence between (2.5) and is in practice not considered a problem for convex
optimization problems.

2.4 Fixed Point Iterations

A problem that is very useful when solving monotone inclusion problems is the
fixed point problem,
find x € H such that x = Tx 2.7

where T': H — H. The set of all such fixed points will be denoted fixT = {x € H |
x = Tx}. The reason for its appeal is that there exists a natural method for solving
it, namely fixed point iterations. In a fixed point iteration, starting at some xy € H,
one iteratively performs

Xev1 = Txg (2.8)

for k € N. If the operator T is sufficiently “nice”, the sequence {xi}ren Will
converge—weakly or strongly depending on the setting—to a fixed point of 7.
There is no one set of conditions that constitutes sufficiently “nice” and fixed point
iterations can converge under a varied set of assumptions on 7.

One such classic assumption is £-Lipschitz continuity of 7 with £ < 1, such op-
erators are also known as contractions. Not only are contractions guaranteed to have
a single fixed point, but the distance to this fixed point is decreased by a constant
factor each iteration of the fixed point iteration,

llxic = x| = 1T xp—1 = Tx|| < €| o1 = x]|.
where {x} = fixT. Repeatedly using this inequality yields ||x; — x| < €%||xo — x]|
and, since £ < 1 and hence £ — 0, we see that ||x; — x|| — 0 and x; — x as k — co.
However, requiring T to be a contraction is in many cases too strong of an assump-
tion. One of the key components of all papers in this thesis is therefore establishing

and analyzing the convergence of fixed point iterations under varying sets of as-
sumptions on 7.

2.5 Operator Splitting Methods

Consider the finite sum monotone inclusion problem in (2.2). An equivalent fixed
point problem can be stated as

find x € H such that x € x —yZ?_l Aix = (Id—y Z?_l Aj)x 2.9)

17



Chapter 2. Background

where y > 0 and Id: H — H is the identity operator, i.e., Id: x — x. The equiva-
lence between (2.9) and (2.2)) comes from

xex—yZ?:lAix — Oe—yZ?:lA,-x — OGZ?:lAix.

As outlined in Section [2.4] this fixed point problem provides a potential solution
method for the monotone inclusion method. However, in order for this fixed point
problem to be well-posed, ."" | A; must be single valued at the very least. Even
further assumptions are needed to guarantee the convergence of the associated fixed
point iteration. For instance, if )", A; is cocoercive and strongly monotone and y
is chosen small enough, Id—y }'"| A; is a contraction and the fixed point iteration
converges strongly [3, Proposition 26.16]. If > | A; is only cocoercive, it is pos-
sible to show that the fixed point iteration converges weakly if y is small enough
[3, Definition 4.10 and Theorem 5.14]. However, this method is difficult to use in
practice since it is enough for one term to not be cocoercive or single-valued for the
sum )", A; to not be cocoercive or single-valued, respectively.
Another fixed point problem equivalent to (2.2) is

find x € H such that x € (Id+y " A)'x=Jysn 4 x  (210)

where y > 0 and Jz = (Id+B)~! is known as the resolvent of the operator B: H —
2H_ The equivalence between (2.10) and (2.2)) comes from

x € (Id+y Z; A 'x = (d +yz; A)xd>x < 0¢€ Z:;l Aix.

The are several benefits of this formulation compared to (2.9). First of all, the re-
solvent J,, yn 4, is single valued even if >, A; only is maximally monotone. Sec-
ondly, fixed point iterations of the resolvent of };"" ; A; are guaranteed to converge if
>, A; is maximally monotone, regardless of the choice of y [3, Example 23.40].
This makes fixed point iterations of resolvents attractive but they can still be prob-
lematic. As noted in Section | A; is not necessary maximally monotone
even if all terms are maximally monotone. Similarly, the evaluation of J, yn 4, is
not necessarily tractable even if J, 4, is easily computable for all i € {1,...,n}.

Operator splitting is a way of getting around the problems of both of the pre-
viously presented approaches. Although there is no real formal definition, the term
usually refers to methods that solve finite sum monotone inclusion problems (2.2))
via some equivalent fixed point problem. What makes them “splitting” methods is
that they split up the sum X" | A; and use each term separately, either in the form
of the resolvent J, 4, or the direct evaluation of A;. This way, the most can be made
from the available information; if some of the terms are single-valued and cocoer-
cive, direct evaluations of them can be performed and resolvent evaluations can be
left to the terms that require it, i.e., are set-valued.

A classic example of an operator splitting method is the forward-backward
method [[16} 25]]. It considers the two term monotone inclusion case, i.e., n = 2 in
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2.5 Operator Splitting Methods

(2:2), and assumes that the first operator A; is maximally monotone and the second
A is B-cocoercive. The reformulation of the inclusion problem to an equivalent
fixed point problem is

find x € H such that x =J, 4, (Id—yA>)x (2.11)

where y > 0. This problem can be seen as a combination of (2.9) and (2.10), taking
a so called forward step on A; as in (2.9) and a backward step on A; as in .
Fixed point iterations of J, 4, o(Id —yA) converge to a solution of as long as
v < 28 [3, Theorem 26.14].

Another foundational operator splitting method is the Douglas—Rachford
method [26]]. It also considers the two-term monotone inclusion problem but only
assumes that A; and A, are maximally monotone and solves the fixed point problem

find x € H such that x = 1x+ $(2J,4, —1d)(27, 4, —1d)x (2.12)

where y > 0. The fixed point iteration associated with this problem is guaranteed
to converge to a fixed point, regardless of the choice of y [3, Theorem 26.11].
However, the Douglas—Rachford method differs from the previous examples in
that a solution x to @]) does not directly solve the inclusion problem, i.e.,
x ¢ zer A1 + A,. Instead, a solution to the inclusion problem can be recovered from x
as Jy 4, x € zer Ay + A;. In practice, this makes little difference since J, 4, is already
evaluated each iteration of a fixed point iteration and the recovery of a solution does
not amount to any significant additional cost.

If one looks at the forward-backward fixed point problem (2.11), it might be
tempting to try a backward-backward or forward-forward method, i.e., finding fixed
points of either J, 4, 0Jy 4, or (Id—yAj) o (Id—yA;). However, without stricter as-
sumptions on A; and Aj;, the fixed points of these operators are not solutions to
their associated monotone inclusion problems, nor can they easily be mapped to
solutions as in the Douglas—Rachford method. This exemplifies the care needed to
construct operator splitting methods. Many more examples will be given in the in-
cluded papers that, for instance, relax the cocoercivity assumption on the forward
step or allow for an arbitrary number of terms in the finite sum monotone inclusion
problem. There will also be several methods that include auxiliary variables in the
fixed point problem, e.g.,

find (x,y) € H? such that (;C ) = (JV*“ (x=yAzx+0(x-y))) 2.13)

X

These auxiliary variables, y in the example above, are superfluous if one just con-
siders the fixed point problem. However, they can be useful to improve the conver-
gence speed of the algorithm. In example (2.13), the extra term §(x — y) introduce a
type of inertia or momentum to the forward step which can improve convergence. It
should also be noted that even though we have discussed operator splitting methods
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in terms of fixed point problems, they are not always solved with a pure fixed point
iteration. The algorithm parameters can often be iteration dependent, especially for
methods with a momentum term. For example, with xg, yo € H perform

X1 =Ty A, (0 =y Az xy + O (Xk = yi))

Yi+1 = Xk

(2.14)

for all k € N where yg,0x > 0 for all kK € N. If A; is maximally monotone and A,
is B-cocoercive, then the sequences generated by (2.13) satisfy x; — x and yx — x
where x € zer A| + A, if there exists € > 0 such that € <y <28—¢€ for all k € N,
there exists 6 € [0,1) such that 0 < 8, < 6 for all k € N, and 6, is chosen such that
Sken Ok llxk = yill < oo, see [32]

2.6 Variance-Reduced Stochastic Gradient Methods

Traditionally, a variance-reduced stochastic gradient (VRSG) method is a type of
algorithm for solving finite sum optimization problems of the form

. . . n
m1§11€1(1]1{126 Zi:l fi(x) (2.15)

where fj: H — RU {oo} is lower semi-continuous and convex and f;: H — R is
convex and differentiable with Lipschitz continuous gradient for all i € {2,...,n}.
However, these VRSG methods actually solve the equivalent finite sum monotone
inclusion problem with A; = 0f; and A; = Vf; fori € {2,...,n}. This makes
VRSG methods straightforward to generalize to more general monotone inclusion
problems and in this thesis the term will refer to algorithms for solving under
the assumptions that A; is maximally monotone and A; is SB;-cocoercive for all
i € {2,...,n}. This setting covers the above mentioned optimization problem but is
more general.

Consider (2.2) under these cocoercivity assumptions. Since the sum of cocoer-
cive operators is cocoercive, it is possible to solve this problem with the ordinary
forward-backward method,

n
Xiea1 = Jya, (xk —)’Zi:Z Aixy) (2.16)

for k € N where xo € H and y > 0. This iteration will converge as x; — x €
zer),; | A; if y is sufficiently small. However, for the modern machine learning
and model fitting problems VRSG methods first were develop for, the number of
terms n might be huge and the evaluations of all n— 1 operators in the forward
step can be very expensive. The idea behind VRSG methods is to replace the for-
ward step with an approximation that only evaluates one operator each iteration,
making the per iteration cost significantly lower. For our purposes, the approximate
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2.6 Variance-Reduced Stochastic Gradient Methods

forward-backward step used in VRSG methods is of the form
n
xieet = Ty, (5 =y (i v =i )+ ) vie) 2.17)

where 0; € R for all i € {2,...,n} and i is selected randomly each iteration. Except
if it is initialized otherwise, the variable y; x € H with i € {2,...,n} and k e N
contains the result of an evaluation of A; at some point, i.e., for each k € N and
i €{2,...,n} there exists x € H such that y; , = A;x. Exactly how y; ; is updated
and iy is randomly selected each iteration differs between the different algorithms
within the class of VRSG methods.

Although the update is cheaper, the sequence {xy }ren might suffer from
extremely slow convergence or might not even converge at all if the approximation
is poor. Any gain from the cheaper per iteration cost can therefore still be negated
by a need for more iterations. The success behind VRSG methods stems from the
discovery of weight choices 8;, random selections of ix, and updates of y; . that
guarantee faster convergence to a solution than forward-backward when comparing
the total number of operator evaluations [1_1 For example, the first variance-reduced
method that was proposed is SAG [24} [36]: let xo,y2.0,- - -,¥n,0 € H and perform

Sample ix uniformly from {2,...,n}

n
Xk+1 = Jya, (xk —v[Ai Xk = Yip k + ijz yj,k])

Aixp ifi=ix .
YVik+1 = { ' ., Vie{2,...,n}
Yik  otherwise

(2.18)

for all k € N. For SAG, only y;, x out of the variables y; ...,y k is updated at
iteration k. Furthermore, the update of y;, x requires no additional operator evalua-
tions since A;, i is reused, which is one of the main benefits of this update. Another
example is the SVRG method [20} 40] where xo,¥2.0,...,¥n,0 € H and

Sample i; uniformly from {2,...,n}

Xka1 =Jya, (0 —y[n(Ay Xk _yik,k)+zr~l_2 Yjxl)
j= (2.19)

A; if kmodm=0
)’i,k+1={ P MEMOGM =L e (2, ).

yik  otherwise

for all k € N where m € N. Here, all of y ,...,yn.« are updated every m iterations
and hence n — 2 additional operator evaluations must be performed every m itera-
tions. The update interval m is therefore typically chosen around the same size as
n, thereby keeping the average number of operator evaluations per iteration around
two.

' Due to the random nature of VRSG methods, the convergence is almost sure and the convergence
rate is measured with the expected distance to a solution.
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The reason for the name variance-reduced becomes clear when looking at the
approximation of the forward evaluation that is made in (2.17),

n ~ n
i Ak = Apy k1= 03 (Aig X = Vi k) + ijz ik (2.20)

Let the probability P(ix = i) = p;, the variance w.r.t. the random index i of this
approximation is then

Eik ”Zik,k _Eik Aik,k”2
n n
= > bl A = yiP =1 pibi(Aixe =yl 221
n
<> Pl A =yl

and, hence, the better y; ; approximates A;xi, the smaller the variance of the ap-
proximation gets. It would of course be best to set y; x = A;x; for all i and all k
which recovers the ordinary forward-backward method but, as previously
mentioned, this might become expensive. VRSG methods therefore need to bal-
ance the computational cost of the update of y; , with the difference A;xx — y; k-
Similarly, we see that the variance becomes smaller with smaller 8; with it being
zero if 6; = 0 for all i € {2,...,n}. However, looking at the expected value of the
approximation,

B Ai k= Zi=2 pifiAixi + Zi=2(l = Di0i)Yi ks (2.22)

we see that this choice introduces a bias to the expected value. The approximation
is unbiased, i.e., E;, Zik,k =", Aixy, only when 6; = pi’] forall i € {2,...,n}. For
all other parameter choices, the variables y; x for i € {2,...,n} will not only affect
the variance of the approximation, but also the expected value. This is one other
aspect where SAG (2.18) and SVRG (2.19) differ; SVRG is unbiased while SAG is
biased.
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3

Contributions

We here briefly introduce each of the four papers included in the thesis and outline
the contribution of each author. The notation and setting presented in the previous
section are representative of the notation and setting used in all papers, although mi-
nor differences exist. The first two papers concern themselves with the convergence
properties and conditions of variance-reduced stochastic methods while the last two
aims to model larger sets of splitting methods for the design and analysis of new
and existing methods.

Paper |

M. Morin and P. Giselsson. “Sampling and Update Frequencies in Proxi-
mal Variance Reduced Stochastic Gradient Methods” (2020). arXiv: 2002 .
05545v2 [cs, math]l URL: http://arxiv.org/abs/2002.05545v2

This first paper considers the convex optimization setting, i.e., all operators are
subgradients of convex functions. It considers a class of variance-reduced stochastic
proximal-gradient methods and the main result regards the sampling distribution of
the gradients in each iteration. Theoretically optimal distributions are derived and
the tightness of these theoretical results is supported by numerical experiments.
How different algorithms and problem parameters affect the optimal distribution
and convergence rate is examined and simpler to use approximations of the optimal
distribution are presented for different settings.

The theoretical results and numerical experiments were derived, designed
and performed by Martin Morin under the supervision of Pontus Giselsson. The
manuscript was written by Martin Morin and was proofread and revised by Pontus
Giselsson.

23


https://arxiv.org/abs/2002.05545v2
https://arxiv.org/abs/2002.05545v2
http://arxiv.org/abs/2002.05545v2

Chapter 3. Contributions

Paper Il

M. Morin and P. Giselsson. “Cocoercivity, Smoothness and Bias in Variance-
Reduced Stochastic Gradient Methods”. Numerical Algorithms 91:2 (2022),
pp- 749-772. D0O1:/10.1007/s11075-022-01280-4

This paper concerns the effect of different operator assumptions on the analysis
and use of a class of variance-reduced stochastic forward methods. It compares the
setting where all operators are gradients of smooth convex functions with the set-
ting where all operators are cocoercive, the former being a special case of the latter.
It is in many cases convenient to use the more general assumption and it does not
necessarily yield more conservative convergence results. However, this paper shows
that this is not the case when considering variance-reduced stochastic methods with
the bias of the stochastic estimate having a large effect on the difference between
the two settings. We show that unbiasedness is very advantageous in the cocoer-
cive operator case while in the smooth gradient cases similar convergence rates and
conditions can be achieved with both biased and unbiased estimates.

The theoretical results and numerical experiments were derived, designed
and performed by Martin Morin under the supervision of Pontus Giselsson. The
manuscript was written by Martin Morin and was proofread and revised by Pontus
Giselsson.

Paper Il

M. Morin, S. Banert, and P. Giselsson. “Nonlinear Forward-Backward Split-
ting with Momentum Correction” (2022). arXiv: 2112 . 00481v2 [math].
URL: http://arxiv.org/abs/2112.00481v2

On the surface, this paper does not cover the general finite sum monotone in-
clusion problem outlined in Section [2;2} Instead, it presents a forward-backward
method for solving two-operator problems that use a nonlinear resolvent and pro-
vides sufficient conditions for the well-posedness and convergence of the algorithm.
However, the nonlinear resolvent has a large amount of design freedom which al-
lows the presented algorithm to capture many new or already existing algorithms
as special cases, including algorithms for sums of an arbitrary number of operators.
This is done by reformulating this finite sum problem to a two-operator problem,
either by regrouping the terms or using some product-space or primal-dual formu-
lation.

The original idea behind the main convergence proof came from Sebastian
Banert and Pontus Giselsson. The convergence result was finalized and refined by
Martin Morin along with with all other results and special cases of the paper. The
manuscript was written by Martin Morin and was proofread and revised by Pontus
Giselsson and Sebastian Banert.
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Paper IV

M. Morin, S. Banert, and P. Giselsson. “Frugal Splitting Operators: Repre-
sentation, Minimal Lifting and Convergence” (2022). arXiv:2206.11177v1
[cs, math]. URL: http://arxiv.org/abs/2206.11177v1

In this paper, the modeling ideas of Paper III are expanded such that all frugal
splitting operators can be modeled. Informally, frugal splitting operators are split-
ting operators that evaluate each term of the finite sum monotone inclusion problem
exactly once, either directly or via a resolvent. The main result is an equivalence
between the class of frugal splitting operators and a class of operators closely re-
lated to the fixed point operator used in the non-linear forward-backward method in
Paper III. This equivalence leads to new results regarding the memory requirement
of the fixed point iteration of any frugal splitting operator and allows us to formulate
sufficient conditions for the convergence of said fixed point iteration.

Martin Morin derived all results and wrote the manuscript. Pontus Giselsson
and Sebastian Banert proofread and revised the manuscript.
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Paper I

Sampling and Update Frequencies in
Proximal Variance-Reduced Stochastic
Gradient Methods

Martin Morin Pontus Giselsson

Abstract

Variance-reduced stochastic gradient methods have gained popularity in recent
times. Several variants exist with different strategies for the storing and sam-
pling of gradients and this work concerns the interactions between these two
aspects. We present a general proximal variance-reduced gradient method and
analyze it under strong convexity assumptions. Special cases of the algorithm
include SAGA, L-SVRG and their proximal variants. Our analysis sheds light
on epoch-length selection and the need to balance the convergence of the iter-
ates with how often gradients are stored. The analysis improves on other con-
vergence rates found in the literature and produces a new and faster converging
sampling strategy for SAGA. Problem instances for which the predicted rates
are the same as the practical rates are presented together with problems based
on real world data.

Submitted and under review.
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1. Introduction

The problem of finding a minimum of a finite sum of functions is common in clas-
sification, regression, and general empirical risk minimization. Each term of the
objective is in these cases associated with some error or loss corresponding to a par-
ticular data point. In contemporary problems, the datasets are typically very large
and hence the number of terms in the objective function is large. Traditional iterative
minimization algorithms that evaluate the full objective or its gradient each itera-
tion can then become computationally expensive. Stochastic gradient (SG) methods
[22] have therefore become the methods of choice in this setting [4]], since in each
iteration they only evaluate the gradients of a random subset of the terms.

A family of SG methods that have gathered much attention due to their improved
convergence properties over ordinary the ordinary SG method are variance-reduced
SG methods, see [[7,{10L{11}|12,/13},/16} 24} [28]]. All variance-reduced methods have a
memory over previously evaluated gradients and use them to improve the stochastic
estimate of the full gradient. Although other differences exists, the main separating
property between different variance-reduced stochastic gradient method is how the
gradient memory is updated. This work will focus on the effects of how often the
memory is updated and of how the stochastic gradient is sampled.

The majority of research into sampling strategies for randomized gradient meth-
ods has been on coordinate gradient methods. Instead of randomly selecting one
function from a finite sum, coordinate gradient methods select a random set of coor-
dinates of the gradient and update only those. One of the first proposed distributions
on how these coordinates should be sampled is to sample proportional to a power
of the coordinate-wise gradient Lipschitz constant [15]. An arbitrary distribution
is allowed in [20] and [30] argue that the optimal distribution should be propor-
tional the norm of the coordinate-wise gradient at the current iterate. Beyond that,
[6, 118}, 119, 21}, 27]] present approaches that allow for a combination of randomized
mini-batching and arbitrary sampling.

For stochastic gradient and its variance-reduced variants, importance sampling
is not as developed. Variants of importance sampling for the Kaczmarz algorithm
and ordinary stochastic gradient are treated in [14}26]. For variance-reduced meth-
ods, [28] allows for importance sampling in the SVRG setting, while [23]] analyzes
SAGA under importance sampling. The results for SAGA are further improved and
generalized in [8, [17] to include arbitrary randomized mini-batching with impor-
tance sampling. In this paper, we introduce a general variance-reduced algorithm
and prove its linear convergence in the smooth strongly convex regime. The al-
gorithm allows for importance sampling and have, among others, SAGA [[/] and
L-SVRG [12] as special cases.

The analysis reveals a trade-off between the convergence of the primal iterate
(approximate solution) and the dual iterates (stored gradients). For SAGA, where
primal and dual updates are coupled, it is crucial to consider this trade-off when
designing samplings and we provide a new sampling strategy that improves on the
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2 Preliminaries

known convergence rates for SAGA. For algorithms like L-SVRG, where the mem-
ory update is independent of the sampling, it is always beneficial in terms of con-
vergence rate to update more often. However, this incurs a higher computational
cost so we present an update strategy that balances the computational cost against
the convergence rate. Our new rates and computational complexity improve on the
previously known results for L-SVRG.

The algorithm in this paper has similarities to the algorithms analyzed in [9]
and [29]. Compared to the memorization algorithm in [9], our algorithm allows for
a proximal term and has a less restrictive gradient memory update. Our algorithm
also allows for importance sampling in SAGA, something that is not supported by
the analysis in [29]]. Furthermore, the algorithm of [29] is applied to a larger class of
monotone inclusion problems, potentially making the analysis more conservative.

2. Preliminaries

Let R be the set of real numbers. We will work in finite dimensional real spaces
RN . Let (-,-) denote the standard Euclidean inner product and let ||-|| be the norm
induced by the inner product. The expected value conditioned on the filtration ¥ is
E[-|F]. The probability of a discrete random variable taking value i is P(- = i). We
define 1x = 1 if the predicate X is true, otherwise 1x = 0.

A convex function f : R? — R is L-smooth with L > 0 if it is differentiable and
its gradient is %-cocoercive, i.e.,

(VA =V hx=y) = IVF(x) - VDI VxyeR™

Note that the definition of smoothness implies L-Lipschitz continuity of the gradient
V f. In fact, for convex f, Lipschitz continuity and cocoercivity of V f are equivalent
[2, Corollary 18.17]. A proper function f : R — RU {co} is u-strongly convex with
w>0if f—5]-||* is convex.

The subdifferential of a u-strongly convex function is p-strongly monotone [2}
Example 22.4], i.e.,

(u=v,x=y) > pllx = ylI?

holds Vx,y € domd f and Vu € df(x),Yv € df(y). A closed, proper and strongly
convex function has a unique minimum [2, Corollary 11.17].

The proximal operator of a closed, convex and proper function g : RY — RU
{0} is defined as

prox,(z) = argming(x) + %Hx —z|%.
X

Due to strong convexity of g + %ll- — z||?, the minimum exist and is unique. Further-
more, the operator prox, is non-expansive, i.e., Lipschitz continuous with constant
1 [2, Proposition 12.28].
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A Lipschitz distribution or Lipschitz sampling is a probability distribution on
i € {1,...,n} proportional to the Lipschitz constants L; of V f; in (T).

3. Problem and Algorithm
We consider the regularized finite sum problem

mﬂi{% g(x)+ F(x), (D

where g : RN — RU {co} and F is of finite sum form F(x) = % iy fi(x) with
fi RN > Rforallie{l,...,n}. We will further make the following assumption on

(1.

ASSUMPTION 3.1—PROBLEM PROPERTIES

The function g : RN — RU {0} is closed, convex and proper. For alli € {1,...,n},
the function f; : RN — R is convex, differentiable and L;-smooth. The function F :
RN — R is u-strongly convex, differentiable and L-smooth with L < ,ll iy Li.

As a consequence of Assumption[3.1] g + F is closed, proper and u-strongly convex
and hence there exists a unique solution to (1)), which we denote x*. We propose
the following proximal variance-reduced stochastic gradient (PVRSG) method for

solving ().

Algorithm 3.1 PVRSG - Proximal Variance-Reduced Stochastic Gradient

Given the function g, the functions fi,..., f;,, initial primal and dual points, x* and
y(l),. .. yg, iteratively perform the following for k € {0,1,...}.

Sampling: Randomly sample (Ik,U{“,. . .,U,’i) from {1,...,n} x{0,1}".
k+1 _ k_A(_1 k k nok
27 =2t = A (G (V e () = yp) + 2y i),
Primal Update: " P " =l
xk+1 — prox/lg(ZkJr]).

Dual Update: yl’.chl = yl].‘ + U}‘(Vfi(xk)—y[].‘), Vie{l,...,n}.

The sampling distributions of (Ik, Uf,. . .,Ulj) for all k € {0,1,...} are the same and
independent. Furthermore, the distribution is such that P(I* = i) = p; > 0 and the
expected update frequency n; > 0, see Definition[3.2] for all i € {1,...,n}. The step-
size satisfies 4 > 0.

In Algorithm the primal variable x* is updated with a stochastic approxima-
tion of the standard proximal gradient (PG) step. This approximation becomes better
the closer the dual variables y]f,. .o yf‘l are to the true gradients V fi (x%),...,V f,(x*).
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The purpose of the dual update is to bring these dual variables closer to the true
gradients by updating a selection of them with the corresponding gradients at the
current iteration. The more often a dual variable is updated, the closer it will be to
the true gradient on average. We quantify the frequency of the dual updates with the
expected update frequency, or in short update frequency.

DEFINITION 3.2—EXPECTED UPDATE FREQUENCY
Let U{‘,. . .,U,li be given by the sampling in Algorithm The expected update
frequency of the ith dual variable is

ni = B[Uf|F*],
where F* = UileXi and X* = {xk,yk,lk’l,U{"],...,Uﬁ’l}.

Note, the expected update frequency does not depend on the iteration number k
since (IK,U f oo s U, ,’f) is independently sampled and its distribution does not depend
on k.

By the nature of the dual update, the dual variables y’l‘,. . .,y,’i does not neces-
sarily contain gradients evaluated at the same point, i.e., there might not exists &
such that %Z;‘zlyf = VF(%). However, it turns out that if, for all £ € {0,1,...},
there exists such X, an improved analysis can be made. This leads to the following
assumption.

ASSUMPTION 3.3—COHERENT DUAL UPDATE
Foralli e {1,...,n}, the initial dual variables satisfy y? = V f;(X) for some X and it

holds that
Uf:Ug:---:Uk

forall k € {0,1,...}.

Algorithm [3.T] contains many special cases with different samplings leading to
different algorithms. The two main algorithms of relevance are SAGA [7]] and L-
SVRG [12].

SAGA: SAGA [/7]] only evaluates one gradient each iteration and always save it,
i.e., the sampling is defined such that U{‘ =1,_;« for all i € {1,...,n} which gives
the update frequency n; = p;.

L-SVRG: L-SVRG [12] is inspired by SVRG [10], but, instead of a determin-
istic update of the dual variables, the dual update is based on a weighted coin toss,
ie., U{‘ =1pk, where 0 < g < 1 and QF is independently and uniformly sampled
from [0, 1]. The expected update frequency is 1; = g. Assumption [3.3]is satisfied if
the dual variables are initialized in the same point, i.e., there exists % s.t. yl(.) =V (%)
foralli € {1,...,n}.

We introduce two more special cases to examine the effects of Assumption
and the expected update frequency n;.
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IL-SVRG (Incoherent Loopless-SVRG): IL-SVRG purposefully break the co-
herent dual assumption, Assumption[3.3] in L-SVRG. Each dual variable is indepen-
dently updated, U¥ =1 0t <q Where 0 < g < land Ok is independently and uniformly
sampled from [0, 1]. The update frequency is the same as for L-SVRG, 5; = ¢

q-SAGA: In g-SAGA [9], for each iteration, ¢ < n indices are sampled uni-
formly and independently from {1,...,n} and the corresponding dual variables are
updated. Hence, the sampling is U{‘ = l;ey, where J, is the set of sampled indices
and the update frequency becomes 7; = g/n.

4. Convergence Analysis

We here analyze Algorithm under Assumption and prove its linear conver-
gence, both with and without the coherent dual update assumption, Assumption[3.3]
The main results of this analysis can be found in Theorems[4.7|and 4.8 and all proofs
will be deferred to Sections [A]and [B] Before moving forward with the analysis, we
introduce the following necessary quantities that will be used in our Lyapunov anal-
ysis.

DEFINITION 4.1
Let x* be the solution to (I) and y* =V fi(x*) for all i € {1,...,n}. With y =
(¥1,-..,¥n), where y; € R" fori € {1,...,n}, we define

P(x) = ||x = x*|]> = 20VF(x) = VF(x*),x = x*) + 12V (x)
and
D) =Y (=ni+ L Fillyi=yFIP= (6 H2IL Y = yFIR,
where

V=) WO )|V £i(x) = VA= SIIVE(x) - V()| 2

withy; 20,8 >0and y; = ,M Ifyi=0wedeﬁne;§‘::= 1.

The variables y; and J are meta-parameters and which will be specified in each
proof of the main convergence theorems. The base of our convergence analysis will
be the following proposition.

PROPOSITION 4.2
Let the filtration Fk = Uk Xl be given by the state Xk = {x Ik_l,U{‘_l,. . .,U,’f_l .
If Assumption -hOZdS‘ the iterates of Algorithm[3.1] satlsfy

B =t 24 ) B -3 PF] < PH+ DGR, @
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where x* is the unique solution of and y* =V fi(x*). See Definition f0r P,
D, and V.
If the primal updates satisfy

P(*) < (1= pp)llx* = x| 3)
and the dual updates satisfy
DGF) <(-pp) Y Fillyk =71 @

with pp,pp € (0,1] then Algorithm|3.1|converges linearly according to

n —~ .
B[ =2+ 3" Fillyk =3 711P] € O((1 = min(pp,pp)").

Proof. See Section[A] O

If we can find algorithm parameters and meta-parameters such that Algorithm [3.1]
satisfy the primal and dual contractions, (3) and (@) respectively, this proposition
proves that Algorithm [3.T|convergence to a solution. The following lemma provides
these necessary contraction results.

LEMMA 4.3—PRIMAL CONTRACTION
Let Assumption [3. hold, the primal iterates of Algorithm [3.1] satisfy the primal
contraction (B) with

pp =pd(2-va)
where v = max; (1 +6‘1)% +(1 +6)nL—]; — 5.
Proof. See Section[A] O

LEMMA 4.4—DUAL CONTRACTION
Let Assumption[3.1)and y; > 0 hold for all i € {1,...,n}, the dual iterates of Algo-
rithm[3.1] satisfy the dual contraction (@) with

1

PD = m_inm—;.
i L

Proof. See Section[A] i

LEMMA 4.5—DUAL CONTRACTION - COHERENT UPDATES
Let Assumption[3.1|and[3:3| hold and, for all i € {1,...,n}, let y; be such that y; > 0
and nL_I;i < pify; =0. The dual iterates ofAlgorithmsatisfy the dual contraction

@) with
op = min n=01-"Lpg ifyi>0
i |1 ify; =0
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Proof. See Section[A] |

The proofs of our main convergence results, Theorems . 7]and[4.8] consist of estab-
lishing meta-parameters ¢ and y; for all i € {1,...,n} such that these contractions are
sufficiently large, i.e., min(pp,pp) > 0. However, in order to establish these meta-
parameters, the following lemma regarding the relationship between the smoothness

constants Lyi,...,L, and strong convexity constant u is needed.

LEMMA 4.6

Let L; and u be from Assumption|3.1|\and p; from Algorithm|3.1| then max; £ apr 2 M
Furthermore, if max; nL_,;,« = u then Wf{ =uforallie{l,...,n}.

Proof. See Section[A] |

The main convergence theorems can now be stated.

THEOREM 4.7—PVRSG CONVERGENCE
Given max; nL_I;. > u and Assumption if there exists p € (0,min; ;) such that

p=pA(2-va)

= 1+67! L' iy (1+6) L — sy,
v= gngmaX( )i s+ ( ) u

then the iterates of Algorithm 31| converge according to
no
B[k =2+ Y ik -5 € o1 - o))

where ¥1,. ..,y are given by y; = =+ LY and 6* is the unique minimizer

n2 pi i —p
of the minimization problem defining v.
If instead max; L_ = U then v = u+ pmax; J—’p and the convergence is such

that

B[k =t P4 ) k-] e o - )
holds for all p € (0,p).
Proof. See Section[B] O

THEOREM 4.8—PVRSG CONVERGENCE - COHERENT DUAL UPDATES
. . L; . .
Given Assumptlonand and max; apr > M if there exists p € (0,n) such that

p=pA2-va)
L; n 2
v=,u+(mlaxn—pl_—,u) (1+ ,/ﬁ) ,

38



5 Special Cases

then the iterates of Algorithm[3.1| converge according to

B[t = 1P+ ) Fillyf - 71| € 01 - p))

where yi,...,y, are given by y; = = - ﬁmax(o 1- "p‘“)(l + ,"77[))'
If instead max; n}; =uthenv=uandy; =0 foralli€{l,...,n}. Furthermore,
the rate is not restricted to p € (0,n), but to p € (0,1].

Proof. See Section O

Note that the theorems do not provide explicit expressions for the convergence
rates, but instead implicitly define them. Because of this, when we reference the
rates of these theorems, we will refer to a numerically computed value. This com-
putation is done with a combination of convex optimization—for computing v—and
bisection—for finding p such that 0 = p— ud(2 —v2).

Apart from the coherent dual assumption, our convergence results depend only
on the update frequency 7; and not on the specifics of the dual sampling that gen-
erated it. Comparing the two theorems, we see that coherent dual updates have
greatest effect when the problem is well-conditioned, i.e., when Li s small for
all i € {1,...,n}. This stems from the fact that the contraction factor for coherent
updates in Lemma goes towards the contraction factor without coherent updates
in Lemmawhen 7’ increases for alli € {1,...,n}.

In the extremely well-conditioned case when max; an = u, we see that y; =0
foralli € {1,...,n} and the dual term of the Lyapunov function vanishes completely
in Theorem @ This is possible due the fact that, in this case, the primal update
actually is equal to the true proximal gradient step, regardless of the dual variables.
Also notice that we, as expected, recover the rate for ordinary proximal-gradient.

5. Special Cases

In order to provide easily compared rates for SAGA and L-SVRG, we present sim-
plified corollaries of Theorems and [4.8] that provide explicit rates. These rates
are by construction conservative compared to the theorems but still improve on pre-
viously known best rates. The corollaries also provide explicit upper bounds on the
step-sizes. Unlike the rates, the bounds are not conservative and match the implicit
bounds in Theorems and [£.8] The proofs of the corollaries are found in Sec-
tion

COROLLARY 5.1—SAGA - CONSERVATIVE BOUNDS
Given Assumption the maximal and recommended step-sizes, Amax and 1*, for
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SAGA are:
If pi = l Ao = —2 A = 2
! n ’ max CU Lmax’ Cuy Lmax+n/‘+\/(CU Lmax)2+("/~4)2 '
If pi « Lj, A e A* = y

max — s = - = .
CLL CrL+pyl p+\(CLL?+(p} p)?

where L = %Z?zlLi, Cu=2+2,/1- ﬁ and Cr, =2+2./1—- '“E The iterates con-

verge with a rate of E||x* — x*||> € O((1 — ua*)*) when then step-size * is used.
Proof. See Section[C] o

COROLLARY 5.2—L-SVRG - CONSERVATIVE BOUNDS
Given Assumption the maximal and recommended step-sizes, Amax and 1*, for
L-SVRG are:

Ifpi=- Amax = < > *= : ’
l n’ Dy Limax Dy Lmax+7]71,u+\/(DU Lmax)2+(777|/1)2
If pi < L; /lmaxZL_ A* = — = .
> DL’ Dy L4~ u+ (D L2+~ )2

where L = % ", Li, Dy = 4—3#ax and Dy, = 4—3%. Note that4> Dy > Dr. > 1.
The iterates converge with a rate of E || x* — x*||? € o((1- u/l*)k) when then step-
size A* is used.

Proof. See Section[C] O

The recommended step-sizes 1* are the step-sizes we found that yield the best ex-
plicit rates. However, they are not necessarily optimal w.r.t. the implicit rates in
Theorems 7] and 4.8

6. Sampling Design

Before we present our suggested sampling distributions for SAGA and L-SVRG,
we make a few remarks on the parameter selection in Algorithm 3.1}

A higher update frequency always yields faster convergence. However, more
frequent dual updates incur a higher computational cost since this require more
gradient evaluations. The update frequencies therefore needs to be based on the
total computational complexity of reaching an e-accurate solution in expectation,
ie,BllxF—x*|> <e.

The choice of distribution of py,...,p, does not change the iteration cost so it
can be optimized by only considering the convergence rate, not the computational
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complexity. If the update frequencies are uniform, n; =n;,Vi,j € {1,...,n}, the meta-
parameters 1, .. .,¥, in Theorems and@]also are uniform. In this case, it can be
seen that Lipschitz sampling maximizes the convergence rate, i.e., p; ~ L;. However,
this is not necessarily true in cases with non-uniform update frequencies.

For SAGA, the expected update frequencies depend on py,...,p, and we can
therefore not use the optimal choice of uniform update frequencies and Lipschitz
sampling of I*. Instead, we present choice of py,...,p, that considers the depen-
dency between the primal and dual update and blends Lipschitz and uniform sam-
pling. The proposed distribution improves on all other samplings in terms of con-
vergence rate and computational complexity, see Corollary

COROLLARY 6.1—SAGA - IMPROVED SAMPLING
Let the sampling distribution and step-size be

pi o< 4L +np+ (4L +(np)?, A= 3

where S = %2?21(4& +npu +(@4L)? + (nu)?). SAGA converges with a rate of
E|lxk —x*||? € o((1- ,uxl)k) and achieves an e-accurate solution in expectation

within
1(1 4L, 4L, 1
O3 (5 Xy T +n+ /() +n?) log )
iterations.
Proof. See Section|C] O

Unlike in SAGA, 71,...,n, are always uniform in L-SVRG and can be tuned
independently of the primal update. As remarked on earlier, Lipschitz sampling is
then the optimal primal sampling and is therefore used in the following complexity
results. We assume one gradient evaluation is needed in the primal update F_] and
that, in expectation, nn are needed in the dual update.

COROLLARY 6.2—L-SVRG - COMPUTATIONAL COMPLEXITY
Let Lipschitz sampling—p; ~ L; for alli € {1,...,n}—and the step-size from Corol-
lary[5.2) be used. L-SVRG achieves an e-accurate solution within

O((l +m7)(DL% + %)log%)

iterations where L = %Z?Zl L; and Dy is given by Corollary The expected
update frequency that minimizes the complexity, and the corresponding complexity,

! This assumes all dual variables yf ey yﬁ are stored. One benefit of PVRSG instances that satisfy
Assumption [33]is that they can be implemented without storing all dual variables at the cost of one
extra gradient evaluation. We use the higher memory cost variant in order to compare to SAGA under
equal memory requirements.
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are

n* = nD#LE and O((\/ﬁ+\/;§)zlogé).

Proof. See Section|C] m

The complexity of L-SVRG in Corollary[6.2]is worse than that of SAGA in Corol-
lary [6.1 when n > 2. The cheaper iteration cost of SAGA clearly outweighs loss of
the coherent dual update, Assumption [3.3] With the choice of update frequency for

L-SVRG in Corollary , the expected time between dual updates is UL* o o /nl%

This is in contrast to most results for SVRG and L-SVRG that have epoch lengths
proportional to either n or /% [[1} 110412, 25, 128]].

7. Numerical Experiments

All algorithms have been implemented in Julia [3|] and can be found at https:
//github.com/mvmorin/VarianceReducedSG. jl.

Simple Least Squares The analysis predicts performance accurately for a one-
dimensional least squares problem,

min & Zn (aix —b;)>.
X n i=1 1 13

A comparison of theoretical and practical rates for this problem is found in Figure[I]
The data a; and b; have been independently drawn from a unit normal distribution
and the number of functions is n = 100.

For L-SVRG, Figure [I] shows fast convergence and very narrow 5-95
percentile—it is not even visible. This is due to the max; nL—[;'i = u condition be-
ing satisfied and then the gradient estimate is exact. Since the condition number of
the problem is equal to 1, it is possible to solve the problem in one iteration.

For SAGA, we see in Figure|I| that both the maximal and optimal step-sizes are
predicted well. However, note that the sampling distribution py,...,p, are not the
same for the two cases.

Comparing q-SAGA and IL-SVRG in Figure |1} we see similar performance.
This was predicted by Theorem [4.7 since, despite the dual updates being different,
the algorithms have the same expected update frequency. Comparing to L-SVRG
in Figure [I] we see the huge impact of the coherent dual assumption in this very
well-conditioned case.

Lasso Problem Here we consider a Lasso regression problem of the form

min [|Ax = b[3 + €|l x[|1,
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Figure 1. One-dimensional least squares. The expected value EL(xk, yk ) is es-
timated with the average of 10000 runs where L(x,y) is taken from Theorems
and[.8] The shaded areas represent the 5-95 percentile of the runs. The dashed lines
are the predicted rates. The step-sizes 1* and A™2* are the optimal and maximal step-
sizes according to Theorems and The expected update frequency is n = ,11
for all algorithms except SAGA where it depends on the sampling p;. The sampling

p} is from Corollary

where the matrix A and vector b consist of the features and classes from different
datasets from the LibSVM database [J5]]. The regularization parameter £ is tuned for
each problem such that the solution have roughly 15-20% sparsity. SAGA and L-
SVRG with different sampling and update frequencies are compared in Figure [2[a)-
(b). L-SVRG was tested with 1 € {0.2n*,n*,57* } and either Lipschitz or uniform
sampling and the three best perform configuration are shown in Figure 2] Fur-
ther comparisons between SAGA and L-SVRG with larger step-size choices can
be found in Figure [JJc)-(d). In these experiments the regularization parameter was
setto & =0.

We see that it is sometime possible achieve better convergence rate by deviating
from the optimal parameter choices in Corollaries [5.1} [5.2} [6.1] and [6.2] However,
these are single realizations of random processes and there will be variance between
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Figure 2. The Expected Number of Full-Gradient Evaluations is the number of
full gradient evaluations the algorithms is expected to perform in k iterations, 1 K
for SAGA and (1 + 1)k for L-SVRG. The step-sizes, A* or Amax are taken from
the correspondlng result in Corollary“ 5.2} 7* is used if no step-size is given. The
sampling p is from Corollaryand n* is the update frequency from Corollary.
The average condition number L = rll Z?:l L;. The protein dataset has a feature
consisting of only zeros. protein® has this feature removed in order to preserve
strong convexity.

runs, especially for the larger step-sizes. The consistency of our suggested param-
eter choices should be noted though. Especially SAGA with the sampling from
Corollary [6.T] are always among the better alternatives.

Note the slow step-like convergence of L-SVRG with n = n* in the protein®
example. The faster convergence of n = 5p* suggest that n* does not properly bal-
ance the primal and dual updates. Since we perform a worst case analysis, there are
many reasons for why this might be the case. Our analysis also only focus on asymp-
totic linear rates and does not capture transient behavior. The last point is especially
important when considering very ill-conditioned or maybe even non-strongly con-
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8 Conclusion

vex problems. In these cases, the transient phase is the most important part since the
achievable linear rates are very small or zero.

8. Conclusion

A general stochastic variance-reduced gradient method has been analyzed and prob-
lems have been presented where the predicted rates are close to real world rates. We
have demonstrated the need to balance the updates of the primal and dual variables.
For L-SVRG, we presented a new condition number dependent update probability
for the dual variables. For SAGA, and other methods where the dual update depends
on the primal update, the primal sampling needs to consider both updates. Lipschitz
sampling, which appears to be optimal for methods with independent dual updates,
can for SAGA lead to slow convergence. We have presented a new sampling for
SAGA that balances the primal and dual update and consistently performs well.

A. Proofs of Proposition and Lemmas

Proof of Proposition Let x* be the unique solution to . With g being proper,
closed and convex, the primal updates satisfy

E[[lx**! = x*|*1 7]
= B[|lprox 1, (2*1) = prox y (x* = AVF (x*)) 1’| 7]
S EB[|lx* = 2 (S (Vf (%) =y ) + 20y vE) = x* + AVF ()|

n\px
= |(x* —AVF(x")) = (x* = AVF(x*)) |2 (5)
+ LB [[| (A Vi (65 = VFGN) = (v - 2 S b F174]

= ||k = x*]|2 = 2U(VF(x*) = VF(x*),x* = x*) + 22| VF (x*) = VF ()|
+ P B[ Vi 65 = VF ) = (v = 5 S [ 1574].

nprk nprk

The first equality is given by the solution being a fixed point to the proximal-
gradient update x™ = prox o (x* — AVF(x*)) [2, Corollary 28.9]. The first inequality
is due to the non-expansiveness of prox .. The second to last equality is given by
E|IX|?> = |[EX]||> +E|| X —EX||> where X is a random variable.
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The last term in (3)) satisfies the following upper bound for all § > 0:

E[[[(V fis () = VE(A) = (v, — L 3 oI

np i npk n

= Elll o (Vfx (9) = V fue (%)) = (VF(:*) = VF(x*))

np i
k k A
— Ol =i+ E ZL OF =y DIPIF)

< (140 Elll 5+ (V fx (6XF) = V f () = (VF(x5) = VE(x*)) 2| F75]

npk

F (140 DBk —yh) = L 20 0F = yIPIFH] ©)

np i

= (14 8) (Elll ;7 (Vfp (&) = V fe FDIPIFF = IVF(5) = V()]

np

# (146 (Bl == 0% = vOIPIF =1L 22, 65 =y

np i

= (1+0)Y = IVAE ) = VAP = 1+ VF(x*) - VF(x*)|I?

n’p;

+(14+67)Z - llyE =y I = (1 +67 DIk S 0F =yl

n’p;

The inequality is given by Young’s inequality, the second to last equality is given
by E||X —EX||?> =E||X||?> - |[EX||*> where X is a random variable.
The dual updates satisfy

lyftt = yE 17 = llyf + US(V () = yE) = yE 1P
= (1=UHNyF = yFIP + USIV A5 = V()1

since U lk € {0,1}. Summing over all terms, taking expected value and using linearity
of the expected value give

BN 7illye ! = yFIPIF ] = S, (A =mo)7illy* = y* 1P
+ S il VG = VAOGNIP
Adding H to (5)) and substituting in (6)) and using the definition z—‘ =1wheny; =0

then yield (2). Applying (3) and (@), using the law of total expectafion and telescop-
ing the inequalities give the stated rate. O

)

Proof of Lemma[4.3] First note that u-strong monotonicity and the Cauchy—
Schwarz inequality imply

IVF () = VEQH)| 2 pllx® = x]l. (®)
Consider the terms of V(x*). Using (8) and Cauchy—Schwarz in the last term yield
IVF(x*) = VEO)I? 2 wll VEGR) = VF )| 1xE - x|

> (VF(xK) = VE(x*),x* — x*).
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A Proofs of Proposition and Lemmas
Using %-cocoercivity of V; in the first term of V(x¥) yields
D (e ()= VAP

< Zizl % 1) (T 65 - Vi)t = x%)
< max(( + D (VF(H) = V() xf = %),

Adding the terms back together yields
V(xK) < Pv(VF(x*) = VF(x*), xF = x*)

where v = max;((1+6~ ')L‘ Y1 4 (1 4+ 8)-£- — §). This can now be summarized as

np;

Pk < |lxK = x*]12 = 22 = vA) (VF(xF) = VF (x*),x* — x*)
< Jlx* = x| = pA (2 - va) Ix* - |17
= (1-pp)llx* —x*|I%,

where pp = ud(2 —vA) and the last inequality is given by the strong monotonicity
of VF. ]

Proof of Lemma Since norms are non-negative, we have
k " Ly 1ok 2 o=k 2
DOF) <Y U=+ L7l =P <(1=pp) Y Tillsf =712,
where pp = min;(n; — yl) |

Proof of Lemma From Assumption we know that there exists ¢* such that
= Vfi(¢*),¥i € {1,...,n}. Using this and y* = V f;(x*) yield

1 =y IP = IVF (@) = VRGP 2 pll VF(#5) - VFOe) [l ¢ - x|
> u(VF(¢") - VF(x*),¢* —x*>=u—Z. (VA= V(). 8" = x*)
> = Zl lfum(w VA =5 - k=7,

where the inequalities are given by p-strong monotonicity of VF, Cauchy—Schwarz
(l+6 Ha?

and %—cocoercivity of V f;. Inserting this into D(y*) and using that y : e

foralli € {1,...,n}—note that we defined z—t =1ify; = 0— give
n
DOM < Y =0+ =np ) L7illyf -y IP.
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For each term we see that if y; > 0 then

(1 =+ =npi )3 )7illyf = 7112 < (1= o 7illys =y 1P

with pf =n—(1-np; - ) dfy = Othen </Jand

(1=n+(1=npi )5 )7illyf = 712

1 —~
=(1- np,L>“5 DL yk—yX 2 <0 < (1= D7l - y2I12.
This gives D(y*) < (1-pp) X7, 7illyk — y*|I> where

oy = n=(-Fws ifyi>0
P ify; =0

Proof of Lemma[d.6] An L-smooth and u-strongly convex function must satisfy
L > p. Assuming max; (—) < u yields the following contradiction

n
. L:
>max——z max—_z —E = >1L.
H npi j= lpj i npi j= lp'l nPj =1 n

It max,‘(nL—p"i) = u, equality must hold everywhere and we have

0= Z p] np, Z] lpanj :Z p]( nL;L_nLTIJ)

L;

L;
Since p; > 0 and max; ~- i

—L >0, we have max; —L npr =

~mp; 2 forallje{l ,n}.0

"P

B. Proofs of Theorems

Proof of Theorem{d.7] Application of Lemma.3|and #.4]in Proposition4.2] yields
the convergence rate

n —~ .
B[k =12+ Y Fillsf = 37 1P| € Ot = min(op, pp)))
with

pp=pA(2-va)

pp =ming; = 5-
i Yi

= -1y Linyi Li _
v—mlax(1+6 )npl_ +(1+6)npl_ ou,
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B Proofs of Theorems

which hold for all choices of 6§ > 0 and y; > 0 for all i € {1,...,n}. If there exists
6 and vyy,...,y, such that min(pp,pp) € (0,1] we have convergence. We restrict
ourselves to only search for 6 and yy,...,y, such that pp = pp = p for some p €
(0,1]. For all i € {1,...,n}, select y; = nep which is positive when p < 7;, and
convergence is then proved if there exists p € (0,min; ;) and § > 0 such that

p=pA2-va)

v:m_ax(1+6‘l)n (1+6)
L

| i—p —p

The variable v can be minimized w.r.t. ¢ if max; nL_pi,- > u. The minimum then exists
and is unique since v as a function of ¢ is continuous, strictly convex, and v — oo
both when § — 0* and § — co. Calling the minimum point 6*, noting that 6* > 0,
and inserting it and the choice of y; in the expression for ¥; from Definition
yield the first statement of the theorem.

When max; £ v P M Lemma glves =L = yforallie{l,...,n} and

=p+p(l+67" I
v=pt )mlf“xmfp

This can not be minimized w.r.t. ¢ since the inf is not attained. However, any ¢ > 0
will yield a valid p and ¥;, giving the rate

n 2
1 DI et e
n o
<B[I - 1P+ Y Tilly -3 I] e 01 - ).

Taking the limit as § — oo results in the stated interval. O

Proof of Theorem The proof is analogous to the proof of Theorem[4.7]but with
Lemma4.5]instead of Lemma[4.4} yielding
pp = pA(2-va)
n-(1-"Fw5 ifyi>0
if Yi = 0

v =max (1 +6‘1)% +(1 +6)nL—1;i —-6pu.

Pp = min
4

where 6 > 0, y; > 0 and y; = 0 implies nL—[;i < u for all i € {1,...,n}. Let y; =

ﬁ max(0,1~*7£) and 6 = /# Both choices are valid if pp < 7 since then

6>0,yi20andy,-=00nlyifnL—p"iS,u.
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Assuming max; nLT' > u yields

_ -lyLi _7n _ npip Li _
v = max(1+67) e max(0.1— 244 + (1+6)1 — op

_ -1y_™n Li _ Li _
- mlax(l +6 )U—PD maX(O, np: ,u) +(] +6)lei 6/‘1

= (14671 72— (max; e — ) + (14 6)(max; 52-) - 6u

2
— L; 7
—ﬂ+(ml‘:clxn—pi—/.l)(1+ m) .

Restricting the problem to p = pp = pp and only considering the convergent rates
p €(0,1] yield the problem in the theorem. The first statement of the theorem comes
from Proposition with y; and § inserted in the expression for y; from Defini-
tion .11

When max; nL—I;[ = U, Lemma gives nL—p"l_ = u for all i € {1,...,n}, meaning
v; = 01is a valid choice for all i € {1,...,n}. With this choice, v = u regardless of &,
and pp is no longer limited by 1 with pp = 1. The statement of the theorem then
follows. O

C. Proof of Corollaries

Proof of Corollary[5.1] The expected update frequency is 7; = p;. Assuming
max; nLT' > u and using Theorem the convergence rate for SAGA is given
by the p € (0,pmin) that satisfies

p=pA2-vA)
- i -1y_Li__pi_ _Li _ ©
v—urgligmlax(l+6 )np[up;—p+(1+6)npiu d.

If we write v as a function of p, this can equivalently be written as finding p €
(0, pmin) such that p + A%uv(p) = 2uA. Since v(p) is continuous and v(p) — oo as
© — Pmin from below, if we find a g € (0,pmin) such that g+ A2uv(p) < 2u4, it
exists p € [P, pmin) such that (9) hold. Hence, if we replace v in (9) with an upper
bound, we can find a lower bound on the contraction p.

Let kpax = max; n;L;:ﬂ and ppin = min; p; and upper bound v as

3 -1 Pmin
< _ Pmin —
v < urgl;g(l +07 )Kkmax 5 2o+ (14 6)Kmax — 6

2
— Pmin —
=ut+u [ Kmax == + VKmax 1]

— 2Pmin—pP [,2 _ Pmin

= HKmax Pmin—pP + 2# Kmax ~ Kmax Pmin—pP
2pmin—p [2 2Ppmin—p

< HKmax = + MV Kinax — Kmax %

Pmin—pP

= ,uKmax(1 +v1- Kmétx)%-

50



C Proof of Corollaries

The last inequality is given by 24/a < 1+a for all a > 0. It can be verified that this
upper bound also is valid when max; nL = u. Replace v in (9) with this upper bound
gives a set of equations that define a lower bound on the contraction p.

Inserting the two samplings and solving for 4 when the lower bound on p is
zero gives the Amax. Maximizing the lower bound on p w.r.t. A yield the optimal
A* and p*. For both uniform and Lipschitz sampling, the upper bound on v is tight
for p = 0 so it can be used to accurately determine maximal step-size according to
Theorem 471 i

Proof of Corollary[6.1] The proof is similar to the proof of Corollary [5.1] but in-
stead the following upper bound is used:

y < ,umax2 -
npifi pi—p T Cpi npip pi—p " “npip

- Li[L _1
2umax [pz +pi—p]'
Replacing v in Theorem[4.7) with this upper bound and inserting the presented p;, A
and p verifies the first claim.

The rate from Theorem is of the form E||x* — x*||> € O((1 = * u)¥). The
iteration complexity to achieve an e-accurate solution in expectation is then k €
O(

u

the computational complexity. Inserting A* gives the result. O

Proof of Corollary The proof is analogous to Corollary[5.1|but Theorem 4.8]is
used instead of Theorem[4.7)and v is upper bounded by

- ]S 5[77 p+1]+2,u(/<,mIX 1)[ +1]

< U(2Kmax — E)W

v < e+ 2p(Kmax — 1)[

L
where Kpax = max; — m]

npip
Proof of Corollary[6.2] From Corollary [5.2] we get the iteration complexity k €
O(ﬁlogé). One gradient evaluation is needed for the primal update and nn
evaluations are needed in expectatlon for the dual update, this gives the computa-
tional complexity O((1 +nn)—+ T log ). Inserting A* from Corollary n and using

E(a +b+Va?+b?) < a+ b gives the result. O
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Paper II

Cocoercivity, Smoothness and Bias in
Variance-Reduced Stochastic Gradient
Methods

Martin Morin Pontus Giselsson

Abstract

With the purpose of examining biased updates in variance-reduced stochastic
gradient methods, we introduce SVAG, a SAG/SAGA-like method with ad-
justable bias. SVAG is analyzed in a cocoercive root-finding setting, a setting
which yields the same results as in the usual smooth convex optimization set-
ting for the ordinary proximal-gradient method. We show that the same is not
true for SVAG when biased updates are used. The step-size requirements for
when the operators are gradients are significantly less restrictive compared to
when they are not. This highlights the need to not rely solely on cocoercivity
when analyzing variance-reduced methods meant for optimization. Our anal-
ysis either match or improve on previously known convergence conditions for
SAG and SAGA. However, in the biased cases they still do not correspond well
with practical experiences and we therefore examine the effect of bias numer-
ically on a set of classification problems. The choice of bias seem to primarily
affect the early stages of convergence and in most cases the differences vanish
in the later stages of convergence. However, the effect of the bias choice is still
significant in a couple of cases.

Originally published in Numerical Algorithms. Reprinted with permission (Creative
Commons Attribution 4.0 International License). Minor corrections of typos in the
published version have been made to this version.
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1. Introduction

Variance-reduced stochastic gradient (VR-SG) methods is a family of iterative op-
timization algorithms that combine the low per-iteration computational cost of the
ordinary stochastic gradient descent and the attractive convergence properties of
gradient descent. Just as ordinary stochastic gradient descent, VR-SG methods solve
smooth optimization problems on finite sum form,

min lz:l:lfi(x) (D

n
xeRN

where, forall i € {1,...,n}, f; : RN — R is a convex function that is L-smooth, i.e.,
f; is differentiable with L-Lipschitz continuous gradient. These types of problems
are common in model fitting, supervised learning, and empirical risk minimization
which, together with the nice convergence properties of VR-SG methods, has lead
to a great amount of research on VR-SG methods and the development of several
different variants, e.g., [[1} |15} (16, |21}, 22} 23}, 24} 25| 27,30} |33, 140, 141}, 43}, 45]].

Broadly speaking, VR-SG methods form a stochastic estimate of the objective
gradient by combining one or a few newly evaluated terms of the gradient with
previously evaluated terms. Classic examples of this can be seen in the SAG [27]
40 and SAGA [15] algorithms. Given some initial iterates x°,yY,...,y) € RV and
step-size A > 0, SAGA samples ¥ uniformly from {1,...,n} and then updates the
iterates as

k+1 _ _k k k1 ook
xRkl — —/l(Vfl-k(x )—yik+zz‘]_:1yj),

i = Vi),

y}“’l = y}‘ forall j#i¥,

for k € {0,1,...}. The update of x**! is said to be unbiased since the expected value

of x**1 at iteration k is equal to an ordinary gradient descent update. This is in

contrast to the biased SAG, which is identical to SAGA except that the update of
k+1 5

X is

xk+1 = xk —ﬂ(}l(Vﬁk(xk)_yfk) +%Zj:1 yﬁc)

and the expected value of x**! now includes a term containing the old gradients

%Z?:I yl’.‘. Although SAG shows that unbiasedness is not essential for the conver-
gence of VR-SG methods, the effects of this bias are unclear. The majority of VR-
SG methods are unbiased but existing works have not established any clear advan-
tage of either the biased SAG or the unbiased SAGA. This paper will examine the
effect of bias and its interplay with different problem assumptions for SAG/SAGA-
like methods.
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1 Introduction

1.1 Problem and Algorithm

Instead of solving (1)) directly, we consider a closely related but more general root-
finding problem. Throughout the paper, we consider the Euclidean space R" and
the problem of finding x € RY such that
1 n

0=Rx:= . Rix 2)
where R; : RN — RV is %-cocoercive—see Section for alli € {1,...,n}. Since
L-smoothness of a convex function is equivalent to %—cocoercivity of the gradient
[2} Corollary 18.17], the smooth optimization problem in (I) can be recovered by
setting R; = V f; foralli € {1,...,n} in (). Problem @) is also interesting in its own
right with it and the closely related fixed point problem of finding x € R" such that
x = (Id—aR)x where a € (0,2L7") both having applications in for instance feasi-
bility and non-linear signal recovery problems, see [8, |10} |13]] and the references
therein. To solve this problem, we present the Stochastic Variance Adjusted Gradi-
ent (SVAG) algorithm.

Algorithm 1.1 SVAG
input operators R; : RN — R", initial state x” € R and y!,...,y) e RV, step-size
A > 0, innovation weight 6 € R
for k=0,1,... do
Sample ¥ uniformly from {1,...,n}

Xkl =k (%(Rl-kxk _yl{(k) + % Z;l:lyj.c)

yflj—l = Rix o
yit = yk forall j # i
end for

SVAG is heavily inspired by SAG and SAGA with both being special cases,
6 =1 and 6 = n respectively. Just like SAG and SAGA, in each iteration, SVAG
evaluates one operator R;x and stores the results in yl]fk”. An estimate of the full
operator is then formed as

k . pk k_ .k nok
Rx" =~ R =%(Rikx —yik)+%zj=1yj.

The scalar 6 determine how much weight should be put on the new information
gained from evaluating Ry x*. If the innovation, Ry x* —y, is highly correlated

with the total innovation, Rx* — % Z;’zl y}‘, a large innovation weight 6 can be cho-
sen and vice versa. The innovation weight 6 also determines the bias of SVAG.
Taking the expected value R given the information at iteration k gives

ok k k k1_ 0p.k 0y1 ok
BIR 6y o] = SR + (1= D)3 > o
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which reveals that R¥ is an unbiased estimate of Rx¥ if 6 = n,i.e.,in the SAGA case.
Any other choice, for instance SAG where 6 = 1, yields a bias towards % Z;’:l y;?.

1.2 Contribution

The theory behind finding roots of monotone operators in general, and cocoercive
operators in particular, has been put to good use when analyzing first order opti-
mization methods, examples include [2} 4} |14} |26} |38} 44]]. For instance can both
the proximal-gradient and ADMM methods be seen as instances of classic root-
finding fixed-point iterations and analyzed as such, namely forward-backward and
Douglas—Rachford respectively. The resulting analyses can often be simple and in-
tuitive and even though the root-finding formulation is more general—not all coco-
ercive operators are gradients of convex functions—the analyses are not necessarily
more conservative. For example, analyzing proximal-gradient as forward-backward
splitting yields the same rates and step-size conditions as analyzing it as a minimiza-
tion method in the smooth/cocoercive setting, see for instance [32, Theorem 2.1.14]
and [2, Example 5.18 and Proposition 4.39]. However, the main contribution of this
paper is to show that the same is not true for VR-SG methods, in particular it is not
true for SVAG when it is biased.

The results consist of two main convergence theorems for SVAG: one in the
cocoercive operator case and one in the cocoercive gradient case, the later being
equivalent to the minimization of a smooth and convex finite sum. Both of these
theorems match or improve upon previously known results for the SAG and SAGA
special cases. Comparing the two settings reveal that SVAG can use significantly
larger step-sizes, with faster convergence as a result, in the cocoercive gradient case
compared to the general cocoercive operator case. In the operator case, an upper
bound on the step-size that scales as O(n~") is found where n is the number of
terms in (Z). However, the restrictions on the step-size loosen with reduced bias
and the unfavorable O(n~") scaling disappears completely when SVAG is unbiased.
In the gradient case, this bad scaling never occurs, regardless of bias. We provide
examples in which SVAG diverges with step-sizes larger than the theoretical upper
bounds in the operator case. Since the gradient case is proven to converge with much
larger step-sizes, this verifies the difference between the convergence behavior of
cocoercive operators and gradients.

These results indicate that it is inadvisable to only rely on the more general
monotone operator theory and not explicitly use the gradient property when analyz-
ing VR-SG methods meant for optimization. However, the large impact of bias in
the cocoercive operator setting also raises the question regarding its importance in
other non-gradient settings as well. One such setting of interest, where the operators
are not gradients of convex functions, is the case of saddle-point problems. These
problems are of importance in optimization due to their use in primal-dual methods
but recently they have also gained a lot of attention due to their applications in the
training of GANSs in machine learning. Because of this, and due to the attractive
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properties of VR-SG methods in the convex optimization setting, efforts have gone
into applying VR-SG methods to saddle-point problems as well [5} (7, |34} 42| |46].
Most of these efforts have been unbiased, something our analysis suggests is wise.
With that said, it is important to note that our analysis is often not directly applicable
due the fact that saddle-point problems rarely are cocoercive.

The main reason for the recent rise in popularity of variance-reduced stochastic
methods is their use in the optimization setting, but, although bias plays a big role in
the cocoercive operator case, our results are not as clear in this setting. For instance,
the theoretical results for the SAG and SAGA special cases yield identical rates and
step-size conditions with no clear advantage to either special case. Further experi-
ments are therefore performed where several different choices of bias in SVAG are
examined on a set of logistic regression and SVM optimization problems. However,
the results of these experiments are in line with existing works with no significant
advantage of any particular bias choice in SVAG. Although the performance dif-
ference is significant in some cases, no single choice of bias performs best for all
problems and all bias choices eventually converge with the same rate in the ma-
jority of the cases. Furthermore, the theoretical maximal step-size can routinely be
exceeded in these experiments, indicating that there is room for further theoretical
improvements.

1.3 Related Work

There is a large array of options for solving . For n € {1,2,3,4}, several operator
splitting methods exist with varying assumptions on the operator properties, see for
instance [4} |18}, |19, |28} 29} |44] and the references therein. However, while these
methods also can be applied for larger n by simply regrouping the terms, they do
not utilize the finite sum structure of the problem. Algorithms have therefore been
designed to utilize this structure for arbitrary large n with the hopes of reducing the
total computational costs, e.g., [9,|10,|11,/36]. In particular the problem and method
in [[10] is closely related to the root-finding problem and algorithm considered in
this paper.

Using the notation of [|L0]], when Ty = Id, the fixed point problem of [10] can be
mapped to () via R; = w;(Id-T;) and vice verse. DMany applications considered in
[10] can therefore, at least in part, be tackled with our algorithm as well. In partic-
ular, the problem of finding common fixed points of firmly nonexpansive operators
can directly be solved by our algorithm. However, [|10] is more general in that it
allows for Ty # Id and works in general real Hilbert spaces. Looking at the algo-
rithm of [[10] we see that, just as our algorithm is a generalization of SAG/SAGA,
it can be seen as a generalization of Finito [16]], another classic VR-SG method.
It generalize Finito in several way, for instance it allows for an additional proxi-
mal/backward step and it replaces the stochastic selection with a different selection
criteria. However, in the optimization setting it still suffers from the same drawback

YTy is -averaged, as assumed in [|10]], R; is (2a; wi) ™ -cocoercive.
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as Finito when compared to SAG/SAGA-like algorithms. It still needs to store a full
copy of the iterate for each term in objective. Since SAG, SAGA, and SVAG only
need to store the gradient of each term, they can utilize any potential structure of the
gradients to reduce the storage requirements [27]]. Although the differences above
are interesting in their own right, the notion of bias we examine in this paper is not
applicable to Finito-like algorithms.

SAG and SAGA were compared in [|15]] but with no direct focus on the effects of
bias. Other examples of research on SAG and SAGA include acceleration, sampling
strategy selection, and ways to reduce the memory requirement [20} 22, {31} |35, 39,
477|]. However, none of these works, including [31]] that was written by the authors,
analyze the biased case we consider in this paper. Even the works considering non-
uniform sampling of gradients [20}|31},/35} 39| perform some sort of bias correction
in order to remain unbiased. Furthermore, in order to keep the focus on the effects
of the bias we have refrained from bringing in such generalizations into this work,
making it distinct from the above research. To the authors’ knowledge, the only
theoretical convergence result for biased VR-SG methods are the ones for SAG [27,
40]. But, since they only consider SAG, they fail to capture the breadth of SVAG
and our proof is the first to simultaneously capture SAG, SAGA, and more.

Since the release of the first preprint of this paper, [[17] has also provided a
proof covering the gradient case of both SAG and SAGA, and some choices of
bias in SVAG. All though [[17] does not consider cocoercive operators, it is some
sense more general with them considering a general biased stochastic estimator of
the gradient. This generality comes at the cost of a more conservative analysis with
their step-size scaling with O(n~") in all cases.

2. Preliminaries and Notation

Let R denote the real numbers and let the natural numbers be denoted N =
{0,1,2,...}. Let (-,-) denote the standard Euclidean inner product and ||-|| = /{-,*)
the standard 2-norm. The scaled inner product and norm we denote as (-,-)s =
(Z(-),-y and ||-||z = 4/{:,-) » where X is a positive definite matrix. If 2’ is not positive
definite, ||-||x is not a norm but we keep the notation for convenience.

Let n be the number of operators in (2). The vector 1 is the vector of all ones in
R”™ and e¢; is the vector in R" of all zeros except the i:th element which contains a 1.
The matrix [ is an identity matrix with the size derived from context and E; = eieiT.

The symbol ® denotes the Kronecker product of two matrices. The Kronecker
product is linear in both arguments and the following properties hold

(A®B) = AT @ BT, (A® B)(C® D) = (AC) ® (BD).

In the last property it is assumed that the dimensions are such that the matrix multi-
plications are well defined. The eigenvalues of A ® B are given by

p; forallie {1,...,m},je{l,...,I} 3)
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where 7; and y; are the eigenvalues of A and B respectively.
The Cartesian product of two sets C; and Cj is defined as

C1xCy ={(c1,c2) | c1 € Cr,c2 € Ca}.

From this definition we see that if C; and C, are closed and convex, so is C; X C;.
Let X™* be the set of all solutions of @,
X*={x|0=L13%" Rix}

n

and define Z* as the set of primal-dual solutions
Z*:{(X,Rlx,...,RnX)|0: % ?:]R[.X}.

Assuming they exists, x* denotes a solution to and z* denotes a primal-dual
solution, i.e., x* € X* and z* € Z*.
A single valued operator R : RV — RV is %-cocoercive if

(Rx—Ry,x-y) > 1 ||[Rx - Ry|* 4)

holds for all x,y € RY. An operator that is %—cocoercive is L-Lipschitz continuous.
The set of zeros of a cocoercive operator R is closed and convex.
A differentiable convex function f : RN — R is called L-smooth if the gradient

is %-cocoercive. Equivalently, a differentiable convex function is L-smooth if

FO) < FO+(VFx),y—x)+ &y — x| )

holds for all x,y € RV,

If f;: RM — R is a differentiable convex function for each i € {1,...,n}, the
minimization of )\, fi(x) is equivalent to (2) with R; = V ;.

For more details regarding monotone operators and convex functions see [2,[32].

To establish almost sure sequence convergence of the stochastic algorithm, the
following propositions will be used. The first is from [37]] and establishes conver-
gence of non-negative almost super-martingales. The second is based on [[12] and
provides the tool to show almost sure sequence convergence.

PROPOSITION 2.1

Let (Q,F,P) be a probability space and Fy C F1 C ... be a sequence of sub-o -
algebras of . For all k € N, let 7*, B*, £k and ¢* be non-negative Fi.-measurable
random variables. If 3,2, B < 00, 3,32 &' < 00 and

E[Z*Fe] < (1+85)F +¢F - ¢k

hold almost surely for all k € N, then z* converges a.s. to a finite valued random
variable and 32 ¢ i < 0o almost surely.
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Proof. See 37, Theorem 1]. |

PROPOSITION 2.2

Let Z be a non-empty closed subset of a finite dimensional Hilbert space H, let ¢ :
[0,00) — [0,00) be a strictly increasing function such that ¢(t) — oo as t — oo, and
let (x¥)icx be a sequence of H-valued random variables. If ¢(||x* —z||) converges

a.s. to a finite valued non-negative random variable for all 7 € Z, then the following
hold:

(i) (x¥)xen is bounded almost surely.

(ii) Suppose the cluster points of (x*)i e are a.s. in Z, then (x*) ey converge a.s.
to a Z-valued random variable.

Proof. In finite dimensional Hilbert spaces, these two statements are the same as
statements (ii) and (iv) of [12, Proposition 2.3]. Hence, consider the proof of 12,
Proposition 2.3] restricted to finite dimensional Hilbert spaces. The proof of (ii) in
[12, Proposition 2.3] only relies on the a.s. convergence of ¢(||x* —z||) and hence
is implied by the assumptions of this proposition. This proves our first statement.
The proof of (iv) in [[12, Proposition 2.3] only relies on (iii) of [[12, Proposition 2.3]
which in turn is implied by (ii) of [[12, Proposition 2.3], i.e., our first statement. This
proves our second statement. O

3. Convergence

Throughout the analysis we will use the following two assumptions on the operators
in ).

ASSUMPTION 3.1

For eachi € {1,...,n}, let R; be %—cocoercive and X* #0, i.e., has at least one
solution.

ASSUMPTION 3.2

For each i € {1,...,n}, let R; =V f; for some differentiable function f; and define

F = %er.‘zl f;. Furthermore, let Assumptionhold, i.e., fi is L-smooth and convex
and argmin F(x) exists.

3.1 Reformulation

We begin by formalizing and reformulating Algorithm [I.1] into a more conve-
nient form. Let (©Q,%,P) be the underlying probability space of Algorithm [I.1
The index selected at iteration k is then a uniformly distributed random variable
i*: @ — {1,...,n}. For each k € N, define the random variable z* : Q — RN(**1)
as ZF = (x*,y,...,y¥) where x* and y¥ for i € {1,...,n} are the iterates of Algo-
rithm Let Fo C 71 C ... be a sequence of sub-c--algebras of # such that z* are
Fr-measurable and i¥ is independent of 7. With the operator B : RN(+1) _, R2N»
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defined as B(x,y1,...,yn) = (R1X,...,RyX,y1,...,yn), One iteration of Algorithm [I.1]
can be written as

= K~ (U @ DBZF (6)
where z° € RN+ is given and

Ap,T A9, T o AT
Ui = ;061. —zeei +zl
" -E E;

forall i € {1,...,n}. The vector ¢; and the matrix E; are defined in Section
The following lemma characterizes the zeros of (U; ® I)B and hence the fixed
points of (6) and Algorithm [I.1]

LEMMA 3.3
Let Assumption |3.1| hold, each z* in Z* is then a zero of (U; ® I)B for all i €
{1,...,n}, ie

Vz*ez*Vie{l,...,n}: 0=(U;®I)Bz*.

Furthermore, the set Z* is closed and convex and R;x* = R;X* for all x*,3* € X*

and for alli € {1,...,n}.

Proof of Lemma[3.3] The zero statement, 0 = (U; ® I)Bz*, follows from definition
of z*. For closedness and convexity of Z*, we first prove that R;x* is unique for
each i € {1,...,n}. Taking x,y € X*, which implies "' ,R;x = 3" |R;y = 0, and
using cocoercivity (@) of each R; gives

0=(XL Rix=Y" Riy,x=y) =21 [ {Rix—Riy,x~-y)
> 3" Ll|Rix - Riy|I* > 0,

hence must R;x = R;y for all i € {I,...,n}. The set Z* is a Cartesian product of
X* and the points r; = R;x* for i € {1,...,n} for any x* € X*. A set consisting of
only one point is closed and convex and X* is closed and convex since % 2 Riis
cocoercive [2, Proposition 23.39], hence is Z* closed and convex. m]

The operator B in the reformulated algorithm can be used to enforce the follow-
ing property on the sequence (z¥)ie.

LEMMA 3.4

Let (Q2,F,P) be a probability space and (z*)i cx be a sequence of random variables
Q= RNOHD [ Bz — Bz* a.s. where z* € Z*, then any cluster point of
(X ke will almost surely be in Z*.
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Proof of Lemma[3.4) Let z be a cluster point of (Z%)kenr. Take an w € Q such that
Bz*(w) — Bz*. For this w and for all k € N, we define the realizations of z and z¥
as

2w) = (1,5 9n), 2N (w) = (F555,...,55)

where X,¥1,...,9, € RY and xk,y{‘,. . .,y,’; e RN forall k € N.

Since Bz¥ — Bz* we directly have yf — R;x* for x* € X* and hence must
v; = Ryx* for all i € {l,...,n}. Note, R;x* is independent of which x* € X* was
chosen, see Lemma Furthermore, Bz¥ — Bz* implies that R; ¥ — R;x* for all
i€{l,...,n}. Let (x*")); 4y be a subsequence converging to ¥, then

||,% R .X” < ” 1 Zn R =k(l) _ n R)E” + ||l }.’l_ R}Ek(l)”

<L|ka(” xll+ 11 llR'k(l)II—>lll L Rix*|[ =0

as [ — oo where L-Lipschitz continuity of % > Ri was used. This concludes that
¥ € X* and since 3; = R;x* = R;% for all i € {1,...,n} by Lemma[3.3] we have that
z(w) € Z*. Since this hold for any w such that Bz*(w) — Bz* and the set in 7 of
all such w have probability one due to the almost sure convergence of Bz — Bz*,
we have z € Z* almost surely. m]

The reformulation (6)) further allows us to concisely formulate two Lyapunov
inequalities.

LEMMA 3.5
Let Assumption|3.1| hold, the update (6)) then satisfies

B[l — 2" |7 1]

k_ _x2
< N2 = ¥l g — IB2" ~ B ”(ZM E[U, HU i 1-€Dsl

—§nL(Rx xF = x*)

forall k e Nand & € [0, 2L] where the matrices H and M are given by

He 1 —%(n—f))lT
“|2m-o1 A1+ En-6211"

and

2 1] 1A [o 1]_ A2 T
M= —=1I- —n-o)11".
2 Semi-) ofesme-o
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LEMMA 3.6
Let Assumption|3.2| hold, the update (6)) then satisfies

E[F((K@ N DIFi] < F(K® D) - B B[],

forall k € N, where K = [l ’;llT] and

2 -1 A 1 L/l
= P | L —12
S 1 0]@(9 )n3 1 ]@(9 )
0 1] 1. ¢
Z1u’,
1 O](X)n2

Proof of Lemma[3.5] Take k € N, note that since Uy« is independent of % and z
is Fx-measurable we have

E[{(Ux ® I)(BZ* =Bz*),2" = 2*) o1 |72
= (HE[U;x 1 ® )(Bz* —Bz*), 7 — z*).

The matrix HE[U;«] is given by

49T 0
HE[Uik]:[ ) ]

A2 T_ 2 7|
see the supplementary material for verification of this and other matrix identities.
We also note that

17 o

(RxF = Rx* xk — x*) = <( 0

] @ (BZX —Bz*),z* - z*).

Taking & € [0, 32] and putting these two expression together yield

E[{(Use ® )(BZF =B2*), 2 = 2%) o1 [F5] = E2E (RxK — Rx* xk — x*)

_ e 0 C ek
<(l__( onT— A Ay ® (BZX —Bz*),zF - z*).

Using %-cocoercivity of R; foreachi € {1,...,n} gives

E[{(Use ® )(BZ =Bz*),25 = 2*) o1 [ F5] = E25 (RxK — Rx* xk — x*)

z(([ ) ol

k k
~Lm-on1" - A1 Ag ® (BZ* -Bz*),Bz* —Bz*)
n 7 m
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Setting
2
W= i ol i 0
-1’ - A1 AT
gives

BI{(Upn @ (B ~B2*).2* = %) o |F] = 55 (R = Ra* o —x%)
> (M ®I)(Bz* —Bz*).Bz* —Bz*)
%I 0 k * k *
_<( 0 0 ®I)(BZ -Bz )7BZ -B;z >
> ||B* _BZ*||2%(M+MT)®1 - %”BZk ~-Bz*|?
— k _ *112
= IBz" -B*||;,,

-£Dhel

where M = %(1\7[ +MT) is the matrix in the statement of the lemma. Finally, using
this inequality and 0 = (U ® I)Bz* from Lemma 3.3|gives

B2 - 2117 s 1 2]
= E[||(* = (U ® DBZX) = (2* = (Ui © DBZ*) 11171 F2]
= 12" = ¥ o1 + LU ® DB —Bz*)|70/17%]
—2E[(Up @ (B —=Bz*).2* = 2*) s | F2]

k_ _x2 k *||2
< ”Z —Z ||H®1 + ”BZ _BZ ”E[Uljlvc HUik]®I
—|IBz* —=Bz*||2 —&nL(Rx* — Rx* xk — x*)
< Z Nopm-¢ner )
—_ N1k _ xq2 _ k _ *12
= 12" = 2"l g7 — 1B2" ~ Bz ”(2M—E[UiTkHUik]—§1)®1

—&nL{Rx*, x* = x*). |

Proof of Lemma[3.6] Take k € N and note that

(K@D = (K@ )" - (U @ BZF) = x* = (0;x ® I)BZF

where Q= 4 [(9— l)el,Tk —-(0- l)el,Tk]. Furthermore, with G = 1 [17 0], we
have VF(x*) = (G ® I)Bz¥. From the definition of z* we have 0 = (G ® I)Bz* =
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3 Convergence
(Q;x ® )Bz*. Using L-smoothness, (3)), of F yields

E[F((K ® 1)Z"*")|F%]
= E[F(x* - (Qux ® BZ")|Fx]
< F(x*) = (VF(x*),(B[Qu 1 ® DBZ*) + L E[|1(0x ® DBZ*|1*|F%]

— ky _ k k k2
= F() (G DB B0 10 DB + B g1 6 1o

_ Ky (IRok|12 k2
= P = BN 501 1m0, 100+ 1B W 107, 0,101

_ ky _ k_p*2
=F(x5)-Bz" -B™l1g o,

where S, = E[Q, G +G" Oy — LO", Q1.
With D = [0 lT] we have (K ® )z = x* + %(D ® I)BzX. Using the first order
convexity condition on F and 0 = (D® I)Bz* = (G ® I)Bz* yields

F(K® D) = F* + 4D 1)BZY)
> F(x") + (VF(x*), (D ® )BZ*)
= F(x")+((Go B 4(DeNB) (7)

k k2
:F(X )+I|BZ |I%%(DTG+GTD)®[

— k k_p*x2
= F(*)+ B -B2 I},

where S¢ = ;—ll(DTG + G D). Combining these two inequalities gives

E[F((K ® 2| Fi] < F(K ® D) - |IB* -B*1 |
2

where S = S + Sc. |

3.2 Convergence Theorems

We are now ready to state the main convergence theorems for SVAG. They are
stated with the notation from Algorithm [I.T|but are proved at the end of this section
with the help of the reformulation in (6)) and the lemmas above.

THEOREM 3.7

Forallie{l,...,n}, let (xX*)rey and (yl’.‘)keN be the sequences generated by Algo-
rithm[[1} If Assumption 3.1 hold and the step-size, A > 0, and innovation weight,
0 € R, satisfy

1
- s
LC+n-0)
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then x* — x* and y{.‘ — R;x* almost surely for all i € {1

.,n}, where x* is a
solution to @). For alli € {1,..

.,n}, the residuals converge a.s. as
*
re g)nn E[||Rix* — Rix*||*] < mHlCR,

emint E[llyf - Rix*|I°] < mmCR

where ¢ =2+ |n—0| and
Cr = min [l = x[? + £ 30 My = Rix* 17+ 2 (n =0 |12 S0, 71
—2A(n-0)(x"—x,1 1 "ly?)
for any x* € X*.

THEOREM 3.8

Forallie{l,...,n}, let (xX*)iay and (yll.‘)keN be the sequences generated by Algo-

rithm [I1) If Assumption 3.2 hold and the step-size, A > 0, and innovation weight,
0 € [0,n], satisfy

1 1
i3 0-1 1 >4,
2+(n—-60)%= (——1+|9 0 2)
then x* — x* and ylk — V fi(x*) almost surely, where x* is a solution to (2)). For
alli € {1,...,n}, the residuals converge a.s. as

pomin E[IIVﬁ(x") v fi(x* )||]_mm(cR+cF)

.....
,,,,,

,,,,,

where

c=2+(n-0)L (& -1+ 84V2),

Cr = min ||+~ x|+ 37 1||y, — R |2+ 2= 0P I LT 00

-2A(n— 9)(x - Xy 1y?)
Cr=2An-0)(F("+43", yO) F(x*))
for any x* € X*.

Both Theorem and give the step-size condition 4 € (0,5 L) for the SAGA
special case, i.e., i

0 = n. This is the same as the largest upper bound found in the
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3 Convergence

literature [[I3] and appears to be tight [31]]. Theorem [3.8] also give this step-size
condition when 8 = 1, i.e., SAG in the optimization case. This bound improves on
upper bound of ﬁ < A presented in [40].

In the cocoercive operator setting with 6 # n, Theorem[3.7] gives a step-size con-
dition that scales with n~!. This step-size scaling is significantly worse compared to
the gradient case in Theorem in which the step-size’s dependence on n is O(1)
for all 6. This difference is indeed real and not an artifact of the analysis since we
in Section ] present a problem for which the cocoercivity result appears to be tight.
A consequence of this unfavorable step-size scaling in the operator setting is slow
convergence. There is therefore little reason to use anything else than 6 = n in SVAG
when R; is not a gradient of a smooth function for all i € {1,...,n}.

The rates of Theoremandare of O(HLI) type with two sets of multiplica-
tive factors. One factor which only depend on the algorithm parameters, m,
and one set which depend on how the algorithm initialization relates to the solu-
tion set, Cr and Cg + Cr. The initialization dependent factors also depend on the
algorithm parameters, but, since knowing the exact dependency requires knowing
the solution set, we will not attempt to tune the parameters to decrease this factor.
Only considering the first factor, the rate becomes better if c is decreased and, since
c is independent of A, the best choice of step-size is A = (2Lc¢)~!. This means that
A= (4L)"" and 6 = n are the best parameter choices in the cocoercive operator set-
ting. In the optimization case the best step-size is also A = (4L)~! but the innovation
weight can be selected as either 0 =nor 6 = 1.

However, in the optimization case we do not believe that these theoretical rates
reflects real world performance and parameter choices based on them might there-
fore not perform particularly well. We base this belief on our experience with nu-
merical experiments. For 6 # n and 6 # 1, we have not found any optimization prob-
lem where the step-size condition in Theorem [3.8] appears to be tight. Also, using
A= (2Lc)"" as suggested by Theorem can in some cases lead to impractically
small step-sizes. For instance, if 1 = (2Lc¢)~! was used in the experiments in Sec-
tion[4] a couple of the experiments would have step-sizes over 1000 times smaller
than the ones used now. One can of course not prove that a worst case analysis can
be improved with experiments but we still feel they indicate a conservative analysis,
even though the analysis improves on the previous best results.

Proof of Theorem[3.7] Apply Lemma 3.5 with & = 0, the iterates given by (€)) then
satisfy the following for all z* € Z*,

B[l = ¥ I o |1F4]

k 2 k
< 2" =2l gr — IBZ" =

*12 ®)
B: ”(ZM—E[UiTk HU eI’

Assuming H > 0 and 2M —]E[UiTk HU;x] > 0, Proposition can be applied. We
will later prove that this assumption indeed does hold. Proposition [2.1] gives a.s.

summability of ||Bz¥ —Bz*||(22M_E[U,,’; HU  er A hence will BzX — Bz* almost
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surely. Lemma then gives that all cluster points of (z¥)ien are in Z* almost
surely. Finally, since Proposition [2.1|ensures the a.s. convergence of ||z* — z*||l%1® 7
and since RN(**1) with the inner product {(H ® I)-,-) is a finite dimensional Hilbert
space, Proposition gives the almost sure convergence of X — z* € Z*.

There always exists a A such that 2M —E[UiTk HU;x] and H are positive definite.
First we show that H > 0 always holds for 4 > 0. Taking the Schur complement of
1in H gives

A, A2 sear A ser A
ZI+ ;(n—@) 11 —;(1’1—6) 11 Zzl>0.
Hence is H > 0 since the Schur complement is positive definite.

We now show 2M —E[Ul_Tk HU;«] > 0. Straightforward algebra, see the supple-
mentary material, yields

Pl A2 A2 1
2M—]E[Ul.TkHUik]=[1 0]@—1—[1 0]®71+[0 1]@;(1—2115

0 1| nr" |0 1 1 0
0 1 2 o o] 2%
—[1 0]®(n—9)ﬁ11 tlo 1|®z1"

Positive definiteness of this matrix is established by ensuring positivity of the small-
est eigenvalue opy. The smallest eigenvalue o, is greater than the sum of the
smallest eigenvalue of each term. For the eigenvalues of the Kronecker products,
see (3). This gives that

a2 22 A
Oinin = — = — = — = — In—0l+0==(L"" -2 +|n-0])).
nL n n n n
Since A > 0 by assumption, if
1
—_— > A
L2+ |n—-6])
we have o > 0 and 2M — E[UiTk HU,x] is positiv definite.
Rates are gotten by taking the total expectation of (8) and adding together the
inequalities from k = 0 to k = ¢, yielding
12° = 213 er =BUIZ" = 2*lI7 ]~ BlIZ™ = ¥ 11 04]

t k * 12
szzoE[”BZ -Bz ||(2M_E[U[TkHUikJ)®I]

> 3} _o0min B[[[Bz* = Bz*|1%]

.....

.....
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From the definition of H in Lemma[3.3l we have

0 2 0 2.2 0 2, 2 21 012
I2° =¥l er = 1" =x* 7+ £ X7, lly; = Rix* 7+ A% (n = 0)" |l 2, vy |l

—24(n=0)(x" —x*, 13m0y

’n

where z* = (x*,Ryx*,...,R,x*). Since this hold for any z* € Z* and hence any
x* € X*, the results of theorems follows by minimizing the RHS over x* € X*.
Note, since R;x* constant for all x* € X*, the objective is convex and, since X* is
closed and convex, the minimum is then attained. O

Proof of Theorem[3.8] Combining Lemma 3.5|and[3.6]yield

E[|**! = 21 o7 +24(n = 0)(F((K @ 1)Z**1) = F(x*))|F2]
<12 = 2*1F op +24(n = O)(F((K ® I)Z*) = F(x*))

k * (12 k k *

—lIBz" —Bz ”(ZM—]E[UZ;(HU,-k]+/l(n—6)S—§I)®I_gnL<VF(x ), X% =x7)

which holds for all k € N, £ € [0, %], and z* € Z*. Since H > 0 for A > 0, see the
proof of Theorem the first term is non-negative while the second term is non-
negative if 8 < n. From cocoercivity of VF, the last term is non-positive and we
assume, for now, that there exists 4 > 0 and rzl—/Ll > ¢ > 0suchthat2M —E[UiTk HU; 1+
A(n—0)S —£1 > 0, making the third term non-positive.

Applying Proposition [2.T| gives the a.s. summability of

B2 ~B2*II2,,, g +EnL(VF(x) = VF(x*),xk - x*).

UiTk HU . [+A(n-6)S-£1)®l

Since both terms are non-negative, both terms are a.s. summable. From the first
term we have the a.s. convergence of Bz — Bz* and Lemmathen gives that all
cluster points of (zk )ken are almost surely in Z*. For the second term we note that
by convexity we have

(VF(x*) = VF(x*),x* = x*) > F(x*) - F(x*) > 0

and F(x¥) - F(x*) then is summable a.s. since £nL > 0. Using smoothness of F, @)
and the notation from (/) gives
F(x*) < F(K®D)Z")
= F(x*+ 4(D®1)B)
<FOM)+((Ge DB, 4D DB + L|4(De B
< FGA)+ (G DB |1 4(D e DB+ L[| 4(De B |
— F(x*) as.
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since (G® Bz — (G®I)Bz* =0 and (D®)BzX — (D®I)Bz* =0 almost surely.
Therefore we have the a.s. convergence of F((K ® I)z¥)— F(x*) — 0.

From Proposition we can also conclude that ||z¥—z*|? Her T 24(n —
0)(F((K ® I)zZ¥) — F(x*)) a.s. converge to a non-negative random variable. Since
F((K®1)z¥) — F(x*) — 0 a.s. we have that ||z* — z*||%1®1 also must a.s. converge
to a non-negative random variable. Proposition [2.2] then give the almost sure con-
vergence of (zX)xen to Z*.

We now show that there exists 4 > 0 and & > 0 such that

2M -E[UL HUp ]+ A(n—60)S — &1

2
_ 0®il—[l 0]@1_”01

10 1| T aL 0 1| " n |1 O

3 2
2 01]®(n—9)(9—1)i—311T—[_]1 ]@(n o) - 122

1
) L/l3

] 42(1—111T)+

2
0 o] AHT

+

1 0
—[0 1]®§I>O.

We show positive definiteness by ensuring that the smallest eigenvalue is positive.
The smallest eigenvalue oy, is greater than the sum of the smallest eigenvalues of
each term,

A 2222 A2
Omin 2~ — — = —+0+(1- =L V2)(n-0)(6-1)=
nL n n [0-1] n?

L3
)2

—2(n-0)6-1 3

Assuming A < i yields the following lower bound on the smallest eigenvalue

Uminzﬁ_%ﬂ"’ T 1|\/_)(n 9)(9_1)__(’1 0)(0_1)2£_§
= L (L7 A4 - ) (S 1k V) -
Selecting
£= 2 (L =22+ (- 0) 5L (%51~ 1+ 524 vE))),

which satisfy the assumptlon 7 2 & >0, yields opin > £. Since 4 > 0 by assump-
tion, if
1 1

— > A
Lo+(n-0)ZH (S -1+ 5=HV2)
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4 Numerical Experiments
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Figure 1. Root-finding of Averaged Rotations: Relative distance to the solution af-
ter 100n iterations of SVAG together the step-size upper bound, AL < (2+|n—6])~!.
Note how well the Oth level, i.e., the boundary between convergence and divergence,
follow the upper bound on the step-size for 6 < n.

we have that oyin > € > 0 and hence that the examined matrix is positive definite.

Furthermore, if A satisfies the above inequality it also satisfies the assumption 4 <
1

2L
Rates are gotten in the same way as for Theorem [3.7] the total expectation is

taken of the Lyapunov inequality at the beginning of the proof and the inequalities
are summed from k =0to k =1¢.

120 = 2* 112, o7 +24(n = O)(F((K ® )Z°) = F(x*))
> 3t o (Omin ELIIBZ* = Bz*[|2] + Elominn L(VF (x*),x* — x*)])

.....

.....

Inserting the lower bound on oy, rearranging and minimizing over x* € X* yield
the results of the theorem. O

4. Numerical Experiments

A number of experiments, outlined below, were performed to verify the tightness
of the theory in the cocoercive operator case and examine the effect of bias in the
cocoercive gradient case. The experiments were implemented in Julia [3] and,
together with several other VR-SG methods, can be found at https://github.
com/mvmorin/VarianceReducedSG. j1.

4.1 Cocoercive Operators Case

In order for the difference between cocoercive operators and cocoercive gradients
to not be an artifact of our analysis, the results in the operator case can not be overly
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conservative. We therefore construct a cocoercive operator problem for which the
results appear to be tight, thereby verifying the difference. Consider problem (2
where the operator R; : R> — R? is an averaged rotation
111 O Ijcost —sint
Ri = — [ ] + —

210 1 2 |sinT CcoST

foralli € {1,...,n} and some 7 € [0,27). The operators are 1-cocoercive and the zero
vector is the only solution to (2)) if 7 # 7. The step-size condition from Theorem [3.7]
appears to be tight for 6 € [0,n] when the angle of rotation 7 approaches 7. We
therefore let T = %ﬂ' and solve the problem with different configurations of step-
size A and innovation weight 6.

Figure [1] displays the relative distance to the solution after 100n iterations of
SVAG together with the upper bound on the step-size. When 6 € [0,n] and A exceeds
the upper bound, the distance to the solution increases for both n = 100 and n =
10000, i.e., the method does not converge. Hence, for 6 € [0,n], the step-size bound
in Theorem [3.7]appears to be tight. However, it is noteworthy that for this particular
problem it seems beneficial to exceed the step-size bound when 6 > n.

4.2 Cocoercive Gradients Case

Since, as we stated in Section we do not believe that the theoretical rates are
particularly tight in the optimization case, we examine the effects of the bias numer-
ically. These experiments can of course not be exhaustive and we choose to focus
on only the bias parameter 6 and therefore perform all experiments with the same
step-size. This also demonstrate why we believe the analysis to be conservative
since the chosen step-size is in some cases a 1000 times larger than the upper bound
from Theorem Convergence with this large of a step-size have also been seen
elsewhere with both [40|] and [[17] disregarding their own the theoretical step-size
conditions.

The experiments are done by performing a rough parameter sweep over the
innovation weight 8 on two different binary classification problems and we will
look for patterns in how the convergence is affected. The first problem is logistic
regression,

min + Zn 1 log(1 +e_y"a3-x).
i=

n
xeRN

The second is SVM with a square hinge loss,

. n
min 1 Zi:l (max(0,1 - y;a; x)* + ¥|x||*)

n
x€eRN

where y > 0 is a regularization parameter. In both problems are y; € {—1,1} the label
and a; € RN the features of the ith training data point. Note, although not initially
obvious, max(0,-)? is convex and differentiable with Lipschitz continuous derivative
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Figure 2. Logistic Regression: Expected gradient norm for each iteration. The
expected value is estimated with the sample average of 100 runs. A step-size of
A= ﬁ was used in all cases.

and the second problem is therefore indeed smooth. The logistic regression prob-
lem does not necessarily have a unique solution and the distance to the solution
set is therefore hard to estimate. For this reason, we examine the convergence of
IVF(x¥)|| — 0 instead of the distance to the solution set.

The datasets for both these classification problems are taken from the LibSVM[6]
collection of datasets. The number of examples in the datasets varies between
n = 683 and n = 60,000 while the number of features is between N = 10 and
N =5,000. Two of the datasets, mnist.scale and protein, consist of more than
2 classes. These are converted to binary classification problems by grouping the dif-
ferent classes into two groups. For the digit classification dataset mnist.scale, the
digits are divided into the groups 0-4 and 5-9. For the protein dataset, the classes
are grouped as 0 and 1-2. The results of solving the classification problems above
can be found in Figures [2]and 3]

From Figures [2] and [3] it appears like the biggest difference between the inno-
vation weights are in the early stages of the convergence. Most innovation weight
choices appear to eventually converge with the same rate. In the cases where this
does not happen, the fastest converging choice of innovation weight actually reaches
machine precision. It is therefore not possible to say whether these cases would
eventually reach the same rate as well. Since none of the choices of 6 appears to
consistently be at a significant disadvantage, even though the step-size used ex-
ceeds the upper bound in Theorem [3.8|when 6 = 0.1n and 6 = 0.01n, we conjecture
that the asymptotic rates for a given step-size is independent of 6.

The initial phase can clearly have a large impact on the convergence and it can
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Figure 3. Square Hinge Loss SVM: Expected gradient norm for each iteration.
The expected value is estimated with the sample average of 100 runs. A step-size of
A= ﬁ was used in all cases.

therefore still be beneficial to tuning the bias. However, comparing the different
choices of innovation weight yields no clear conclusion since no single choice of
innovation weight consistently outperforms another. In most cases do the lower bias
choices—68 = n (SAGA) or 6 = 0.1n—seem perform best but, when they do not,
the high bias choices—6 = 1 (SAG) and 6 = 0.01n—perform significantly better.
Another observation is that lowering 6 increases any oscillations. We speculate that
it is due to the increased inertia and we also believe that this inertia is what allows
the lower innovation weights to sometimes perform better.

5. Conclusion

We presented SVAG, a variance-reduced stochastic gradient method with adjustable
bias and with SAG and SAGA as special cases. It was analyzed in two scenarios,
one being the minimization of a finite sum of functions with cocoercive gradients
and the other being finding a root of a finite sum of cocoercive operators. The anal-
ysis improves on the previously best known analyses in both settings and, more
significantly, the two different scenarios gave different convergence conditions for
the step-size. In the cocoercive operator setting a much more restrictive condition
was found and it was verified numerically. This difference is not present in ordi-
nary gradient descent and can therefore easily be overlooked, however, these results
suggest that is inadvisable in the variance-reduced stochastic gradient setting.
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The theoretical results in the minimization case was further examined with nu-
merical experiments. Several choices of bias were examined but we did not find
the same dependence on the bias that the theory suggests. In fact, the asymptotic
convergence behavior was similar for the different choices of bias, indicating that
further improvements of the theory is still needed. The bias mainly impacted the
early stages of the convergence and in a couple of cases this impact was significant.
There might therefore still be benefits to tuning the bias to the particular problem
but further work is needed to efficiently do so.

References

(1]

(5]

Z. Allen-Zhu. “Katyusha: The First Direct Acceleration of Stochastic Gra-
dient Methods”. In: Proceedings of the 49th Annual ACM SIGACT Sympo-
sium on Theory of Computing. STOC 2017. ACM, New York, NY, USA,
2017, pp. 1200-1205. 1SBN: 978-1-4503-4528-6. DOI:|10.1145/3055399.
3055448|

H. H. Bauschke and P. L. Combettes. Convex Analysis and Monotone Opera-
tor Theory in Hilbert Spaces. Second. CMS Books in Mathematics. Springer
International Publishing, 2017. 1SBN: 978-3-319-48310-8. URL: |/ / www .
springer.com/gp/book/9783319483108 (visited on 2019-01-15).

J. Bezanson, A. Edelman, S. Karpinski, and V. B. Shah. “Julia: A Fresh Ap-
proach to Numerical Computing”. SIAM Review 59:1 (2017), pp. 65-98. DOI:
10.1137/141000671.

L. M. Bricefio-Arias and D. Davis. “Forward-Backward-Half Forward Al-
gorithm for Solving Monotone Inclusions”. SIAM Journal on Optimization
28:4 (2018), pp. 2839-2871. DOI1:|10.1137/17M1120099.

Y. Carmon, Y. Jin, A. Sidford, and K. Tian. “Variance Reduction for Ma-
trix Games”. Advances in Neural Information Processing Systems 32 (2019),
pp. 11381-11392. URL: https://proceedings . neurips . cc/paper/
2019 /hash /6c442e0e996fa84£344a14927703a8cl - Abstract . html
(visited on 2020-12-17).

C.-C. Chang and C.-J. Lin. “LIBSVM: A Library for Support Vector Ma-
chines”. ACM Transactions on Intelligent Systems and Technology (TIST) 2:3
(2011). Software available at http://www.csie.ntu.edu.tw/“cjlin/
libsvm, 27:1-27:27. DOI:|10.1145/1961189.1961199.

T. Chavdarova, G. Gidel, F. Fleuret, and S. Lacoste-Julien. ‘“Reducing
Noise in GAN Training with Variance Reduced Extragradient”. Advances
in Neural Information Processing Systems 32 (2019), pp. 393-403. URL:
https : / / proceedings . neurips . cc / paper / 2019 / hash /
58a2f c6ed39fd083f55d4182bf88826d - Abstract . html (visited on
2020-12-17).

77


https://doi.org/10.1145/3055399.3055448
https://doi.org/10.1145/3055399.3055448
//www.springer.com/gp/book/9783319483108
//www.springer.com/gp/book/9783319483108
https://doi.org/10.1137/141000671
https://doi.org/10.1137/17M1120099
https://proceedings.neurips.cc/paper/2019/hash/6c442e0e996fa84f344a14927703a8c1-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/6c442e0e996fa84f344a14927703a8c1-Abstract.html
http://www.csie.ntu.edu.tw/~cjlin/libsvm
http://www.csie.ntu.edu.tw/~cjlin/libsvm
https://doi.org/10.1145/1961189.1961199
https://proceedings.neurips.cc/paper/2019/hash/58a2fc6ed39fd083f55d4182bf88826d-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/58a2fc6ed39fd083f55d4182bf88826d-Abstract.html

Paper II.  Cocoercivity, Smoothness and Bias in VR-SG Methods

(8]

[9]

(10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

78

P. L. Combettes. “Solving Monotone Inclusions via Compositions of Non-
expansive Averaged Operators”. Optimization 53:5-6 (2004), pp. 475-504.
DOI1:/10.1080/02331930412331327157,

P. L. Combettes and J. Eckstein. “Asynchronous Block-Iterative Primal-Dual
Decomposition Methods for Monotone Inclusions”. Mathematical Program-
ming 168:1 (2018), pp. 645-672. DO1:/10.1007/s10107-016-1044-0|

P. L. Combettes and L. E. Glaudin. “Solving Composite Fixed Point Prob-
lems with Block Updates”. Advances in Nonlinear Analysis 10:1 (2021),
pp. 1154-1177. DOI1:|10.1515/anona-2020-0173|

P. L. Combettes and J.-C. Pesquet. “Primal-Dual Splitting Algorithm for
Solving Inclusions with Mixtures of Composite, Lipschitzian, and Parallel-
Sum Type Monotone Operators”. Set-Valued and Variational Analysis 20:2
(2012), pp. 307-330. DOI:[10.1007/s11228-011-0191-7!

P. L. Combettes and J.-C. Pesquet. “Stochastic Quasi-Fejér Block-Coordinate
Fixed Point Iterations with Random Sweeping”. SIAM Journal on Optimiza-
tion 25:2 (2015), pp. 1221-1248. DOI:|10.1137/140971233.

P. L. Combettes and Z. C. Woodstock. “A Fixed Point Framework for Re-
covering Signals from Nonlinear Transformations”. In: 2020 28th European
Signal Processing Conference (EUSIPCO). 2021, pp. 2120-2124. DOI:|10.
23919/Eusipco47968.2020.9287736.

D. Davis and W. Yin. “A Three-Operator Splitting Scheme and its Opti-
mization Applications”. Set-Valued and Variational Analysis 25:4 (2017),
pp. 829-858. DOI:/10.1007/511228-017-0421-z|

A. Defazio, F. Bach, and S. Lacoste-Julien. “SAGA: A Fast Incremental
Gradient Method With Support for Non-Strongly Convex Composite Objec-
tives”. In: Advances in Neural Information Processing Systems 27. Curran
Associates, Inc., 2014, pp. 1646—-1654. (Visited on 2018-08-27).

A. Defazio, J. Domke, and Caetano. “Finito: A Faster, Permutable Incremen-
tal Gradient Method for Big Data Problems”. In: International Conference
on Machine Learning. 2014, pp. 1125-1133. URL: http://proceedings.
mlr.press/v32/defaziol4.html (visited on 2018-08-27).

D. Driggs, J. Liang, and C.-B. Schonlieb. On Biased Stochastic Gradient
Estimation. 2020. arXiv: 1906 . 01133v2 [math]. URL: http://arxiv.
org/abs/1906.01133v2 (visited on 2020-03-28).

P. Giselsson. “Nonlinear Forward-Backward Splitting with Projection Cor-
rection”. SIAM Journal on Optimization (2021), pp. 2199-2226. DOI: |10 .
1137/20M1345062.

A. A. Goldstein. “Convex Programming in Hilbert Space”. Bulletin of the
American Mathematical Society 70:5 (1964), pp. 709-711. DOI1: 10. 1090/
S0002-9904-1964-11178-2.


https://doi.org/10.1080/02331930412331327157
https://doi.org/10.1007/s10107-016-1044-0
https://doi.org/10.1515/anona-2020-0173
https://doi.org/10.1007/s11228-011-0191-y
https://doi.org/10.1137/140971233
https://doi.org/10.23919/Eusipco47968.2020.9287736
https://doi.org/10.23919/Eusipco47968.2020.9287736
https://doi.org/10.1007/s11228-017-0421-z
http://proceedings.mlr.press/v32/defazio14.html
http://proceedings.mlr.press/v32/defazio14.html
https://arxiv.org/abs/1906.01133v2
http://arxiv.org/abs/1906.01133v2
http://arxiv.org/abs/1906.01133v2
https://doi.org/10.1137/20M1345062
https://doi.org/10.1137/20M1345062
https://doi.org/10.1090/S0002-9904-1964-11178-2
https://doi.org/10.1090/S0002-9904-1964-11178-2

(20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

References

R. M. Gower, P. Richtérik, and F. Bach. “Stochastic Quasi-Gradient Meth-
ods: Variance Reduction via Jacobian Sketching”. Mathematical Program-
ming 188:1 (2021), pp. 135-192. DOI1:10.1007/s10107-020-01506-0.

F. Hanzely, K. Mishchenko, and P. Richtarik. “SEGA: Variance Reduction
via Gradient Sketching”. In: Advances in Neural Information Processing
Systems 31. Curran Associates, Inc., 2018, pp. 2082-2093. URL: http://
papers . nips . cc/paper /7478 - sega- variance - reduction- via-
gradient-sketching.pdf| (visited on 2020-04-30).

T. Hofmann, A. Lucchi, S. Lacoste-Julien, and B. McWilliams. “Variance
Reduced Stochastic Gradient Descent with Neighbors”. In: Advances in
Neural Information Processing Systems 28. Curran Associates, Inc., 2015,
pp- 2305-2313. (Visited on 2018-08-27).

R. Johnson and T. Zhang. “Accelerating Stochastic Gradient Descent using
Predictive Variance Reduction”. In: Advances in Neural Information Pro-
cessing Systems 26. Curran Associates, Inc., 2013, pp. 315-323. (Visited on
2018-08-27).

J. Kone¢ny and P. Richtérik. “Semi-Stochastic Gradient Descent Methods”.
Frontiers in Applied Mathematics and Statistics 3 (2017). DOI: 10 . 3389/
fams.2017.00009.

D. Kovalev, S. Horvéth, and P. Richtarik. “Don’t Jump Through Hoops
and Remove Those Loops: SVRG and Katyusha are Better Without the
Outer Loop”. In: Proceedings of the 31st International Conference on Al-
gorithmic Learning Theory. PMLR, 2020, pp. 451-467. URL: https://
proceedings.mlr.press/v117/kovalev20a.html (visited on 2021-09-
27).

P. Latafat and P. Patrinos. “Primal-Dual Proximal Algorithms for Structured
Convex Optimization: a Unifying Framework”. In: Large-Scale and Dis-
tributed Optimization. Lecture Notes in Mathematics. Springer International
Publishing, 2018, pp. 97-120. 1SBN: 978-3-319-97478-1. DOI: |10 . 1007 /
978-3-319-97478-1_5.

N. Le Roux, M. Schmidt, and F. Bach. “A Stochastic Gradient Method with
an Exponential Convergence Rate for Finite Training Sets”. In: Advances in
Neural Information Processing Systems 25. Curran Associates, Inc., 2012,
pp- 2663-2671.

E. S. Levitin and B. T. Polyak. “Constrained Minimization Methods”. USSR
Computational mathematics and mathematical physics 6:5 (1966), pp. 1-50.
P. L. Lions and B. Mercier. “Splitting Algorithms for the Sum of Two Nonlin-
ear Operators”. SIAM Journal on Numerical Analysis 16:6 (1979), pp. 964—
979. DOI:/10.1137/0716071.

79


https://doi.org/10.1007/s10107-020-01506-0
http://papers.nips.cc/paper/7478-sega-variance-reduction-via-gradient-sketching.pdf
http://papers.nips.cc/paper/7478-sega-variance-reduction-via-gradient-sketching.pdf
http://papers.nips.cc/paper/7478-sega-variance-reduction-via-gradient-sketching.pdf
https://doi.org/10.3389/fams.2017.00009
https://doi.org/10.3389/fams.2017.00009
https://proceedings.mlr.press/v117/kovalev20a.html
https://proceedings.mlr.press/v117/kovalev20a.html
https://doi.org/10.1007/978-3-319-97478-1_5
https://doi.org/10.1007/978-3-319-97478-1_5
https://doi.org/10.1137/0716071

Paper II.  Cocoercivity, Smoothness and Bias in VR-SG Methods

(30]

(31]

(32]

[33]

[34]

(35]

(36]

[37]

(38]

[39]

80

J. Mairal. “Optimization with First-order Surrogate Functions”. In: Proceed-
ings of the 30th International Conference on International Conference on
Machine Learning - Volume 28. ICML’13. JMLR.org, Atlanta, GA, USA,
2013, pp. 11I-783-111-791.

M. Morin and P. Giselsson. “Sampling and Update Frequencies in Proxi-
mal Variance Reduced Stochastic Gradient Methods™ (2020). arXiv: 2002.
05545v2 [cs, math]. URL: http://arxiv.org/abs/2002.05545v2.

Y. Nesterov. Introductory Lectures on Convex Optimization: A Basic Course.
Applied Optimization. Springer US, 2004. ISBN: 978-1-4020-7553-7. URL:
//www . springer . com/us/book/9781402075537| (visited on 2019-01-
15).

L. M. Nguyen, J. Liu, K. Scheinberg, and M. Takac. “SARAH: A Novel
Method for Machine Learning Problems Using Stochastic Recursive Gra-
dient”. In: Proceedings of the 34th International Conference on Machine
Learning - Volume 70. ICML’17. JMLR.org, Sydney, NSW, Australia, 2017,
pp.- 2613-2621. URL: http : / / proceedings . mlr . press / v70 /
nguyenl7b.html (visited on 2020-04-30).

B. Palaniappan and F. Bach. “Stochastic Variance Reduction Methods for
Saddle-Point Problems”. In: Advances in Neural Information Processing Sys-
tems 29. Curran Associates, Inc., 2016, pp. 1416-1424.

X. Qian, Z. Qu, and P. Richtarik. “SAGA with Arbitrary Sampling”. In: Pro-
ceedings of the 36th International Conference on Machine Learning. PMLR,
2019, pp. 5190-5199. URL: https ://proceedings . mlr . press/v97/
giani9a.html (visited on 2021-09-27).

H. Raguet, J. Fadili, and G. Peyré. “A Generalized Forward-Backward Split-
ting”. SIAM Journal on Imaging Sciences 6:3 (2013), pp. 1199-1226. DOI:
10.1137/120872802.

H. Robbins and D. Siegmund. “A Convergence Theorem for Non Negative
Almost Supermartingales and Some Applications”. In: Optimizing Methods
in Statistics. Academic Press, 1971, pp. 233-257. URL: https://doi.org/
10.1016/B978-0-12-604550-5.50015-8,

R. T. Rockafellar. “Monotone Operators and the Proximal Point Algorithm”.
SIAM Journal on Control and Optimization 14:5 (1976), pp. 877-898. DOI:
10.1137/0314056.

M. Schmidt, R. Babanezhad, M. Ahmed, A. Defazio, A. Clifton, and A.
Sarkar. “Non-Uniform Stochastic Average Gradient Method for Training
Conditional Random Fields”. In: Proceedings of the Eighteenth International
Conference on Artificial Intelligence and Statistics. Vol. 38. Proceedings of
Machine Learning Research. PMLR, 2015, pp. 819-828. URL: http://
proceedings .mlr . press/v38/schmidt15. html| (visited on 2020-02-
21).


https://arxiv.org/abs/2002.05545v2
https://arxiv.org/abs/2002.05545v2
http://arxiv.org/abs/2002.05545v2
//www.springer.com/us/book/9781402075537
http://proceedings.mlr.press/v70/nguyen17b.html
http://proceedings.mlr.press/v70/nguyen17b.html
https://proceedings.mlr.press/v97/qian19a.html
https://proceedings.mlr.press/v97/qian19a.html
https://doi.org/10.1137/120872802
https://doi.org/10.1016/B978-0-12-604550-5.50015-8
https://doi.org/10.1016/B978-0-12-604550-5.50015-8
https://doi.org/10.1137/0314056
http://proceedings.mlr.press/v38/schmidt15.html
http://proceedings.mlr.press/v38/schmidt15.html

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

References

M. Schmidt, N. Le Roux, and F. Bach. “Minimizing Finite Sums with the
Stochastic Average Gradient”. Mathematical Programming 162:1 (2017),
pp- 83-112. DOI:/10.1007/s10107-016-1030-6.

S. Shalev-Shwartz and T. Zhang. “Stochastic Dual Coordinate Ascent Meth-
ods for Regularized Loss Minimization”. Journal of Machine Learning Re-
search 14:Feb (2013), pp. 567-599. URL: http : / / www . jmlr . org /
papers/vl14/shalev-shwartz13a.html (visited on 2018-08-27).

Z. Shi, X. Zhang, and Y. Yu. “Bregman Divergence for Stochastic Variance
Reduction: Saddle-Point and Adversarial Prediction”. In: Proceedings of the
31st International Conference on Neural Information Processing Systems.
NIPS’17. Curran Associates Inc., Red Hook, NY, USA, 2017, pp. 6033-
6043. 1ISBN: 978-1-5108-6096-4.

M. Tang, L. Qiao, Z. Huang, X. Liu, Y. Peng, and X. Liu. “Accelerating
SGD Using Flexible Variance Reduction on Large-Scale Datasets”. Neural
Computing and Applications (2019). DOI: 110.1007/s00521-019-04315-
5.

P. Tseng. “A Modified Forward-Backward Splitting Method for Maximal
Monotone Mappings”. SIAM Journal on Control and Optimization 38:2
(2000), pp. 431-446. DOI:|10.1137/50363012998338806.

L. Xiao and T. Zhang. “A Proximal Stochastic Gradient Method with Pro-
gressive Variance Reduction”. SIAM Journal on Optimization 24:4 (2014),
pp- 2057-2075. DO1:{10.1137/140961791.

X. Zhang, W. B. Haskell, and Z. Ye. “A Unifying Framework for Variance-
Reduced Algorithms for Findings Zeroes of Monotone operators”. Journal of
Machine Learning Research 23:60 (2022), pp. 1-44. URL: http://jmlr.
org/papers/v23/19-513.html (visited on 2022-08-18).

K. Zhou, Q. Ding, F. Shang, J. Cheng, D. Li, and Z.-Q. Luo. “Direct Accel-
eration of SAGA using Sampled Negative Momentum”. In: The 22nd Inter-

national Conference on Artificial Intelligence and Statistics. 2019, pp. 1602—
1610.

81


https://doi.org/10.1007/s10107-016-1030-6
http://www.jmlr.org/papers/v14/shalev-shwartz13a.html
http://www.jmlr.org/papers/v14/shalev-shwartz13a.html
https://doi.org/10.1007/s00521-019-04315-5
https://doi.org/10.1007/s00521-019-04315-5
https://doi.org/10.1137/S0363012998338806
https://doi.org/10.1137/140961791
http://jmlr.org/papers/v23/19-513.html
http://jmlr.org/papers/v23/19-513.html




Paper III

Nonlinear Forward-Backward Splitting with
Momentum Correction

Martin Morin Sebastian Banert Pontus Giselsson

Abstract

The nonlinear, or warped, resolvent recently explored by Giselsson and Bui-
-Combettes has been used to model a large set of existing and new monotone
inclusion algorithms. To establish convergent algorithms based on these re-
solvents, corrective projection steps are utilized in both works. We present a
different way of ensuring convergence by means of a nonlinear momentum
term, which in many cases leads to cheaper per-iteration cost. The expressive-
ness of our method is demonstrated by deriving a wide range of special cases.
These cases cover and expand on the forward-reflected-backward method
of Malitsky-Tam, the primal-dual methods of Vii-Condat and Chambolle-
Pock, and the forward-reflected-Douglas-Rachford method of Ryu-Vii. A new
primal-dual method that uses an extra resolvent step is also presented as well as
a general approach for adding momentum to any special case of our nonlinear
forward-backward method, in particular all the algorithms listed above.

Submitted and under review.
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Paper III.  Nonlinear Forward-Backward Splitting with Momentum Correction

1. Introduction

Given a real Hilbert space H, we consider the problem of finding a zero x € H of
the sum of a maximally monotone operator A: H — 2% and a cocoercive operator

C:H—->H,ie.,
0eAx+Cx. (1)

If the resolvent (Id+A)~! of A is easily computable, this problem can be solved with
the forward-backward splitting method [28| [33]]. Since this might not be the case,
great effort has been devoted to constructing other splitting methods that can exploit
any additional structure of A, sometimes further assuming C =0 [[10}/18}, |19, 20} 22,
34, 140|]. This work presents an alternative approach for analyzing and constructing
such splitting methods by formulating them as different instances of a forward-
backward method with a nonlinear resolvent (M + A)~' o M where M : H — H is
a (potentially) nonlinear kernel.

Nonlinear resolvents—or warped resolvents in the terminology of [15]-were re-
cently explored in [[15} 26]] with precursors available in [30, |31]]. These works are
preceded by, or developed in parallel with, several other generalizations to the con-
cept of a resolvent. Using a resolvent with a strongly positive self-adjoint bounded
linear kernel P in the standard forward-backward method has long been known
to converge. In fact, it is simply forward-backward splitting applied to the scaled
problem 0 € P~! Ax + P~!Cx, which is a monotone inclusion problem in the Hilbert
space given by the inner product (P(-),-). The conditions on the kernel have been
further relaxed in [32]], which allows for non-self-adjoint linear kernels. In the mul-
tiple works on Bregman-distance based resolvents, for instance [3} |5} |6, {11} |14, 16,
23], the linearity condition is dropped altogether by allowing the kernel to be the
gradient of some differentiable convex function. These relaxations allow the resol-
vent to be adapted to a particular problem, either to improve the speed of conver-
gence or to make an otherwise intractable resolvent evaluation tractable. However,
this extra freedom may come at a cost. The algorithms of [[15}26}|31}{32] all need an
extra corrective projection step to ensure that any nonlinearities and asymmetries of
the kernel do not prevent convergence. The primary contribution of this paper is a
different approach for correcting the update, removing the need to perform a poten-
tially expensive projection. Convergence is instead ensured with a corrective mo-
mentum term that reuses information from previous iterations, making it possible
to achieve lower per-iteration costs.

The strength of nonlinear resolvents lies in their substantial modeling power
which allows for a unified view of a large set of algorithms. Both [[15} 26] present
numerous algorithms that can be interpreted as forward-backward methods with
nonlinear resolvents. Our new nonlinear forward-backward method further expands
on these modeling capabilities and the second half of this paper is dedicated to
deriving both new and existing algorithms as special cases.

Among already existing methods, we show that the forward-(half)-reflected-
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1 Introduction

backward method in [36] is a special case of our method and highlight its connec-
tion to the similar forward-backward-(half)-forward method [12| [42]] via the non-
linear resolvent. We present two new four-operator primal-dual splitting methods,
the first of which has, among others, Vii-Condat [21} 43]] and Chambolle-Pock [|17]]
as special cases. Vii-Condat and Chambolle-Pock have been shown to be ordinary
forward-backward methods [29] and to have Douglas-Rachford splitting [[34] as
a special caseF_-] Our first primal-dual method is an expansion of this to the non-
linear resolvent setting, giving us the forward-reflected-Douglas-Rachford method
of [41]] and the novel forward-half-reflected-Douglas-Rachford method as special
cases. Our second primal-dual method solves the same problem as the first one but
utilizes three resolvent steps, two of which are of the same operator. This method
is, as far as we know, completely novel.

Different kinds of momentum have long been used to accelerate the conver-
gence of first-order methods [|1} [2, |7} |8} (9, 35} 137, |39]] and, due to the use of a
momentum-like correction term, our nonlinear forward-backward method naturally
lend itself to modeling momentum methods. Momentum can be incorporated di-
rectly into the design of a special case of our main algorithm but we also present
an approach to add momentum to any special case, regardless of whether it initially
was designed with momentum or not. The approach is demonstrated on the forward-
half-reflected-backward method of [36], which gives a novel momentum algorithm
that extends the relaxed momentum algorithm in [36] to include a cocoercive term.
Our convergence conditions compare favorably to previous work with a larger range
of possible choices of the momentum parameter, even in the more restrictive special
case of ordinary forward-backward splitting with momentum.

1.1 Outline

We start by presenting basic notation, preliminary results, and define some opera-
tor properties. The proposed nonlinear forward-backward algorithm, along with all
necessary assumptions on both the problem (I)) and the different design parameters,
is presented in Section 2] Section [3]contains the main convergence proof.

In the remainder of the paper, we present and discuss new or already existing
special cases of our nonlinear forward-backward method. Section[d] presents a way
of adding momentum to any special case of our main algorithm. Section [5 derives
the forward-half-reflected-backward method of [36]] as a special case and uses the
previously presented approach to add momentum to it. Two new primal-dual meth-
ods are derived in Section [6] Section contains an algorithm that expands on
the methods of Vii-Condat and Chambolle-Pock as well as the forward-reflected-
Douglas-Rachford of [41]]. In Section[6.2]a, to the authors’ knowledge, completely

'In order to formulate the standard Douglas-Rachford as a forward-backward method, singular resol-
vent kernels needs to be allowed. The analysis of this paper will not allow for this but can be modified
to do so.
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new primal-dual method that uses one additional resolvent evaluation per iteration
is derived. We end the paper with a brief conclusion.

1.2 Notation and Preliminaries

Let R be the set of real numbers, N = {0, 1,...} be the set of natural numbers, N, =
{1,2,...} be the set of non-zero natural numbers, and let H be a real Hilbert space.
The set P(H) is the set of bounded linear operators S: H — H that are self-adjoint
and strongly positive, i.e., there exists m > 0 such that

(Sx,x) > m||x||?>, VxeH.

If S € P(H), then S is invertible and S~ € P(H).

For the remainder of this section, we let S € P(H). The scaled inner product
is defined as (-,-)s = (S(-),-) and the scaled norm as ||-||s = +/{-,-)s. The unscaled
and scaled norms are equivalent, i.e., there exist M,m > 0 such that M || x|| > ||x||s =
m||x|| for all x € H. For all a,b,c,d € H, we have the identity

Aa~b.d~c)s=lla=clp ~ b= cll ~ lla—d|3 +I1b-dl3. )
A set-valued operator A: H — 2™ is monotone if
(u=v,x—y) >0, V(x,u),(y,v)ecgraA

where gra A = {(x,u) | u € Ax} is the graph of A. An operator A is maximally mono-
tone if it is monotone and its graph is not a proper subset of the graph of another
monotone operator.

For p > 0, a maximally monotone operator A: H — 2H is u-strongly monotone
w.rt. S if

(u—v,x—y) > /1||x—y||§, Yu € Ax,Vv € Ay,Vx,y € H.
This definition is equivalent to ordinary u-strong monotonicity of S~' o A in the
Hilbert space given by the scaled inner product (-,-)s. The analogous equivalences
hold for the two following definitions as well. For L > 0, an operator B: H — H is
L-Lipschitz continuous w.r.t. S if
[Bx—Bylls-1 < Lllx—ylls, Vx,yeH.
For ¢ > 0, an operator C: H — H is £{~'-cocoercive w.r.t. S if

(Cx—Cy,x—y)> (! ||Cx—Cy||§_l, Vx,yeH.

An ¢~ '-cocoercive operator w.r.t. S is £-Lipschitz continuous w.r.t. S. For all opera-
tor properties, if no scaling S is explicitly stated, we mean S = Id.
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2 Problem and Algorithm

Let C be an ¢~'-cocoercive operator w.r.t. S. Then the following three-point
inequality holds:

(Cx=Cy,z-y) > ~4llz—x|3, VxyzeH. 3)

This is shown by inserting x — x in the inner product on the left-hand side and using
cocoercivity and Young’s inequality,

(Cx=Cy,z=y)={(Cx—=Cy,z—x)+(Cx—Cy,x—y)
>(Cx-Cy,z—x) +€_1||Cx—Cy||§,,
= (ST (Cx—Cy). 82 (z—x) + L7 | Cx=CylI2,

2 2, p-1 2
> =51ICx = Cyllg = 5ellz=xllg + £ HICx = CylIg

where € > 0. Selecting € = 2¢~! yields the desired inequality (3).

2. Problem and Algorithm

Apart form the general problem structure of (I)), we further assume that the opera-
tors satisfy the following standard assumptions.

ASSUMPTION 2.
The operators of (1)) satisfy:

(i) A: H— 2H s maximally monotone.
(ii) C: H — H is £ '-cocoercive w.rt. S, where S € P(H).
(iii) zer(A+C) # 0.

IfC=0,wesett=¢"=0.

Since dom C = H, the sum A + C is maximally monotone and the problem could be
reformulated as finding a zero of the single maximally monotone operator A + C.
However, as in ordinary forward-backward splitting, separating the problem into a
maximally monotone and a cocoercive term and utilizing this structure will prove
beneficial. The fact that we assume cocoercivity w.r.t. S entails no real restriction on
the problem since the scaled norm ||-||s is equivalent to ||-||. A cocoercive operator
w.r.t. § is therefore also cocoercive w.r.t. all other § € P () and vice versa, but with
different cocoercivity constants.

The cocoercivity scaling S is utilized directly in our algorithm. In the simplest
setting, S acts as a form of preconditioning used to better adapt the algorithm to the
specific geometry of the problem. It can also be used as a more general design pa-
rameter with different choices of S yielding different instances of our algorithm, see
the primal-dual methods in Section [6]for examples of this. Along with the scaling S,
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the algorithm has two additional iteration-dependent design parameters, a nonlinear
kernel My : H — H and a positive momentum parameter yx > O:

Algorithm 2.1 Nonlinear Forward-Backward with Momentum Correction

Consider problem (I)) and let S be such that Assumption[2.T]is satisfied. With xo,uq €
H, for all k € N iteratively perform

X1 = (My + A) " (Mixi — Cxie +v; i)
ugs1 = (Ve My = S)Xre1 — (Y My — S)x,

where M), : H — H and y, > 0.

Compared to [15} [26]], the elements of the sequence (xi)xen are given directly
by a nonlinear forward-backward step and do not need an extra projection step.
Convergence is instead ensured by the addition of the corrective term uy to the
forward step. The main benefit of this approach is in how the corrective term uy
is computed. Both Algorithm [2.T] and the corresponding algorithm with projection
correction [26, Algorithm 3.1] will in general need to evaluate My at two points.
For Algorithm@ the two points are x; and xx41 but this means that My and My
are evaluated at the same point, i.e., xx+. The cost of one of these evaluations can
then be reduced if M and M, are similar, for instance if My, 1xr+1 1S a scalar
multiplication of My xg.1. In order for [26, Algorithm 3.1] to also evaluate M} at xi
and xg.1, it is required that all My = cx,;l S with S € P(H) and @y > 0 for all k € N.
The only instance of [26, Algorithm 3.1] that satisfies this condition is ordinary
forward-backward splitting in the scaled metric given by ||-||s. This is in contrast
to our work where all but one—Algorithm [6.3}-of the special cases we cover have
kernels that allow this reduction in computational cost.

The more similar M} and 7;‘ Sarein Al gorithm the more similar the nonlin-
ear resolvent is to an ordinary scaled resolvent (y; 'S+ A)™' oy, 'S and the smaller
the corrective term ug4; will be. No correction, i.e., ux+; = 0, is applied when
My = 7];15 and Algorithm then reduces to ordinary forward-backward split-
ting. We quantify the difference between Mj and ylzlS in the following assumption
on the design parameters of Algorithm [2.1]

ASSUMPTION 2.2
Assume that:

(i) The sequence (v )ien is positively lower bounded, i.e., yi >y for some y >0
forall k € N.

(ii) The nonlinear kernel My : H — H is such that vy My — S is Ly-Lipschitz
continuous w.r.t. S for all k € N.

These assumptions will form the basis of our convergence analysis. First, we
will use them to infer a few useful properties of the nonlinear kernel M.
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3 Convergence

PROPOSITION 2.
Let Assumption |2.2|hold with Ly, < 1 for all k € N. Then My, is 2y~ -Lipschitz con-
tinuous w.r.t. S, maximally monotone, and strongly monotone w.r.t. S for all k € N.
Proof. The kernel M satisfies My = y;'(yxMi — S) + ;'S and therefore is it
y];'(l + Ly )-Lipschitz continuous w.r.t. S. Since Ly < 1 and yx > vy, the Lipschitz
continuity claim is proven. Li-Lipschitz continuity of y; My — S gives
LRllx=ylI§ = 1oy My = $)x = (v My = S) I3
= llyaMix =y Miyllg-, + 1SCe = y)ll5-
=2k (M x — Myy,x —y)
> [lx=ylI§ = 27k (Mrx — My y, x - y).

. . . . . 1-12 ..
Since L < 1, rearranging this expression yields the 2’)’kk -strong monotonicity w.r.t.
S of M. Maximality of My follows from its continuity and monotonicity [4, Corol-

lary 20.28]. O

3. Convergence

The convergence of Algorithm[2.T|will be established by the convergence of a quan-
tity Vk, defined in Lemma [3.2] The quantity Vj consists of the distance from the
corrected iterate xx + S~ 'uy to an arbitrary solution (measured in the scaled norm
[I-]ls) and a residual term. Theorem will then establish the main convergence
result. Before that, we show that the algorithm generates a well-defined infinite se-
quence.

PROPOSITION 3.
Let Assumptions |2.1| and |2.2| hold with Ly < 1 for all k € N. Then Algorithm |2.1

generates infinite sequences (xy)xen and (ug)ren uniquely determined by xo and
ugp.

Proof. Since S, C, and My are single-valued, it suffices to show that (M + A)~! is
also single-valued and has full domain. By Proposition the kernel M} is max-
imally monotone and strongly monotone w.r.t. S, which implies maximal mono-
tonicity and strong monotonicity w.r.t. Id as well. The kernel has full domain,
dom M = H, so the sum M + A is maximally monotone and strongly monotone
with ran(My + A) = H and hence dom(Mj + A)~! = H [4, Corollary 25.28]. Since
M; + A is strongly monotone, (M} + A)~! is cocoercive and hence Lipschitz contin-
uous and single-valued [4, Example 22.7]. O

LEMMA 3.2
Let z € zer(A + C) and let Assumptions|2.1|and 2.2\ hold with Ly < 1 for all k € N.

Then Algorithm 21| satisfies
(1= Lot = L= B 11 = xel12 < Vie = Viewr 4)
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forall k e N, where
Vie = |l + S ug = zl|Z + (1= Li—1) L1 [l ¥ = xa—1 |-

Proof. By Proposition we have that sequences (x)ren and (ug)xen are well-
defined, which implies that all quantities of the lemma are well-defined. Let k € N,
be arbitrary. From Algorithm [2.1| we know that

X1 = (M + A) ™ (Myxi = Coxge + v uge).
Using the definition of (M + A)~!, multiplying with y and rearranging yields
Sxp = Sxp1 +ug — g1 — Y Cxp € Vi AXgr1.

Since z € zer(A + C), we have —Cz € Az. Using monotonicity of yx A and multiply-
ing by 2 gives

0 < 2(yk Axps1 — Y AZ Xg41 — 2)
< 2(Sxk — Sxpy1 Hup —tugs1 — Y Cxp +viCz, Xp 41 — 2)
= 2(Sxp +ur = (SXpr1 + kst Xer1 — 2) = 2Yi {Cxr = CZ, X1 — 2).

Assuming C # 0 and applying (3)) on the last term gives
0 < 2(&k — Erats Xewt — 205 + 55 It — xell2

where we have set & = xi + S~lug. Tt is clear that this also holds when C = 0, since
then ¢ = 0 by definition. Applying to the inner product with a = &, b = &41,
¢ =2z,d = xps yields
2 2 ¢ 2
0 < | _Z”S ~|ék+1 _Z”S + 7%”xkﬂ —xk”s
2 2
= 1€k = xkx1llg + 1€k+1 = x+1ll5
2 2, vl 2 ®)
= |ék _Z“s — 1€+ _Z”s + T||xk+1 _xk“S
- ”S_luk = (XK1 _Xk)”g' + g1 ”g—] .
We can expand the second to last norm, assume Li_; > 0 and use Young’s inequality
to get
-1 2 _ 2 2
187" uge = (xxer1 _xk)HS = ””k”54 = 2Quk, X1 — Xpe) + || Xk _Xk”s
-1 2 2
= _(Lk_l - 1)””1(”54 + (1= Lg—1) || Xk +1 _xk”s-
By definition we have uy = (yg—1 My—1 — S)xx — (Yr—1My—-1 — S)x—1 which yields
IS~ ux + (e = i) 5

> —(1 = Li—1) Li—1 | %k = xp—1 1|2 + (1= L) |21 — xe |2
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3 Convergence

since yr_1My_1 — S is Li_1-Lipschitz continuous w.r.t. S with Ly_; < 1. We also
note that this inequality holds when L;_; = 0 since u; = 0 in that case.

Inserting this back into (5) and using Lipschitz continuity of yx My — S on the
last term yield

0 < [1é = 2lI§ = €t = 25 + % vkt = x5
+ (1= L) Lic— [l = xe-1 11§ = (1= Lio) | xes1 = i llg
+ L %1 — xelI
= [1éx — zll2 + (1 = Lg—1) Li—1 || xx — x5 113
— léxs1 = zllg = (1 = La) L[l = xxcllg
(1 =Ly =Ly - —)||xk+1 —xcll3-
Rearranging this expression gives the inequality of the lemma. O
THEOREM 3.3 I I
Let Assumptions |2.1|and|2.2| hold. If there exists an € > 0 such that
I-Li L -% 2 € (©)
for all k € N, then Algorithm 2| satisfies the following as k — oo:
(i) Xg+1—xk — 0,
(ii) ur — 0,
(iii) (A+C)xxs1 D Mixx — My Xg+1 +7];1Mk + Cxps1—Cxi — 0,
(iv) xx — x* for some x* € zer(A+ C).
Proof. Let z € zer(A + C). Applying Lemma [3.2 and adding the inequality for
k=1,...,nyields
Do (U= Lt = L = B9 xis = xelf§ € Vi = Viar < Vi < .

The second to last inequality holds since 0 < Ly < 1 for all k € N by the assumptions
and the condition (6) of the theorem and therefore 1s V41 nonnegative. Item [(1)]
follows from letting n — oo since (1 — Lg_; — Ly — ) > e > 0 for all kK € N, by the
condition of the theorem. Item |(11)| follows from ., the definition of ug, and from
the Lg-Lipschitz continuity of y; My —S where L < 1 for all k € N.

Let k € N. For (iil)} we first note from the nonlinear forward-backward step in
Algorithm 2] that

Axgy1 D My xg — My xp 41 + ﬂluk - Cxg,
which, by adding Cxy to both sides, gives

(A+C)xpr1 > Mixy — Mixgs1 + ¥y g + Cxgy1 — Cxi.
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The result then follows from |(1)| and since for all k € N, y; >y and My and C
are Lipschitz continuous w.r.t. S with constants 2y~! and ¢ respectively, see Propo-
sition [2.3]and Assumption 2.1}

Since A+ C is maximally monotone, [(iiD)]implies that all weak sequential cluster
points of (xx)xen belong to zer(A + C) due to weak-strong sequential closedness of
graphs of maximal monotone operators [4, Proposition 20.38]. To show the weak
convergence result in in view of [4, Lemma 2.47], it is enough to show that
(llxx — zlls )k en converges for all z € zer(A + C). The proof of [4, Lemma 2.47] ac-
tually only covers the case when (||xx —z|[)x e converges but the generalization is
straightforward.

For any z € zer(A + C), Lemma and the condition (1 — Lg_j — Lg — 7%[) >
€ > 0 give that (Vi )ken, is a nonincreasing nonnegative sequence which therefore
converges, say, Vi — v. This convergence implies

llxe + S~ uge = 215 = Vi = (1 = Li—1) Lo 13k = -1 I3 —> v

due to and 0 < Ly < 1. The sequence {xi + Sy, — Z}ken is then bounded,
which, together with yields

2 -1 -1 2
llxk = zlls = (o + 8™ ur —2) = S~ ullg

= Nk + S~ g — 2l + a0 — 2uuieo i + S~ g —2) — v

which concludes the proof of O

4. Additional Momentum

Consider the following variant of Algorithm [2.1]that adds an additional scaled mo-
mentum term y;leS (g — Xg—1).

Algorithm 4.1 Nonlinear Forward-Backward with Momentum Correction and Ad-
ditional Momentum

Consider problem (I)) and let S be such that Assumption [2.1] is satisfied. With
x0,X-1,Uup € H, for all k € N iteratively perform

Xpat = (M + A (M — Coxi +y; g+ 0S (o — xi-1)),
U1 = (Ve My — S)Xpr1 — (v My — S)xx,

where My,: H — H, vy >0and 6 < 1.

We will show in Corollary . T|that there always exists a 6 # O—possibly negative-
—such that if Algorithm [2.T|converges, so does Algorithm This shows that it is
always possible to add momentum to an instance of Algorithm We will use
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this in the next section to develop a new momentum variant of the Forward-Half-
Reflected-Backward method. Although it might seem like Algorithm [4.1] has more
degrees of freedom than Algorithm 2] this is not the case. In fact, Algorithm .|
is equivalent to Algorithm [Z.Il-we show and use this in the proofs below. Algo-
rithm [4.1]is therefore first and foremost a tool for adding momentum to an already
known instance of Algorithm[2.T]and the usefulness comes via the following corol-
lary that gives an explicit convergence condition.

COROLLARY 4.
Let Assumptions|2.1\and|2.2|hold and let 6 < 1. If there exists an € > O such that

1-0-210]~Lioi ~ Ly —y5 > & @)
for all k € N, then Algorithm[{1|satisfies the following as k — co:

(i) Xg41—xk — 0,

(ii) wx — 0,
(iii) (A+C)xps1 > Mix — My Xpeer +y ur +; ' 0S(xic — xi-1) + Cxie1 —Cxye — 0,
(iv) xx — x* for some x* € zer(A+C).

Proof. By defining y; = 17_—“'9, the update of Algorithm can equivalently be writ-

ten as ' |
X1 = (Mg + A)™ (M xpe = Cxg + 9 i), ®
lk+1 = (P My = S) X1 = (P My — S)x

which is the same as the update of Algorithm 2.1]but with 9 and i instead of yy

and uy respectively. Algorithm [£.1]is therefore equivalent to Algorithm [2.1] Since,

by Assumption[2.2] yx My — S is L-Lipschitz w.r.t. S and

IMi =S = 25 (M. — ) + 125 S

we conclude that y; My, — S is Lﬁﬂogl -Lipschitz continuous w.r.t. S. We further have

that §x = %5 > %5 > 0 and Assumptiis therefore satisfied for (8). The con-
3.3 S

vergence condition (6) from Theorem for the algorithm update () is then that
there exists an € > 0 such that

_ Ly +|0]  Le+l0] vk €
1 = o —i-g2 =€

Multiplication of both sides by 1 — 6 and noting that 8 < 1 gives the equivalent
condition that there exists an € > 0 such that

1-0-2[0] - Loy — L -y § > .

The convergence results for Algorithm [4.1] follow directly from Theorem [3.3] and
let = Toglie + 1258 (X1 — X%). O
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COROLLARY 4.2

If the conditions of Theorem hold—implying that Algorithm converges to a
solution of (I)-there exists a 8 # 0 with 8 < 1 such that the conditions of Corol-
lary@1]also hold and the additional momentum method in Algorithmd-1|converges
to a solution of ().

Proof. The assumptions on A, C, S, M, and y; of Theorem@] and Corollary @]
are identical so it is enough to conclude that there exists a @ # 0 and 6 < 1 such that
convergence condition (7) of Corollary [4.1] is implied by the conditions of Theo-
rem Since Theorem holds, we know that

l—Lk_l—Lk—7k§26>0.

Since € > 0 there exist a 0 such that —%e <6< %e, 6 #0, and 6 < 1. Selecting such
a @ yields 1€ > 6+2|6| > 0 and

1= Ly — L -y > e> e+ 6+2/6) > 0.
Subtracting 6 +2|6| and defining & = %e yield
1-6-2|0] - Loy — Ly — vk s 2 >0
which is the convergence condition (7) for Algorithm[4.1] O

REMARK 4.3

From Corollary we know that we can always add momentum to an instance of
Algorithm[2.1) and still get a convergent algorithm. In most cases, the per iteration
computational cost of the momentum variant is similar to that of the basic method.
However, it is possible for the momentum variant not to be tractable. More precisely,
it might not be possible to cheaply evaluate (My + A)™" at Myx; — Cxy + ylzluk +
yIZIGS(xk — Xxi—1) even though it can be cheaply evaluated at My xy — Cxy + ylzluk.
We will show an example of this in Algorithm[6.3] For Algorithm|[6.3] this problem
can be handled by introducing a 0-dependent term in the nonlinear kernel.

5. Forward-Half-Reflected-Backward Splitting

Two examples of existing algorithms that can be interpreted as instances of Algo-
rithm are the forward-half-reflected-backward (FHRB) method and its special
case, the forward-reflected-backward (FRB) methocﬂ [36]. FHRB is a method for
finding x € H such that

0eBx+Dx+Cx ®

for which the following assumption holds; FRB solves the same problem but with
C=0.

2 FHRB was referred to as a three-operator splitting variant of FRB in the original work.
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5 Forward-Half-Reflected-Backward Splitting

ASSUMPTION 5.
The operators of (|9) satisfy:

(i) B: H — 2™ is maximally monotone.
(ii) D: H — H is 6-Lipschitz continuous.
(iii) B+ D is maximally monotone.
(iv) C: H — H is B~ -cocoercive.

(v) zetx(B+D+C) # 0.

IfC=0weset B=5""=0.

It should be noted that in [36]] was Assumption[5.1]ii) replaced with a monotonicity
assumption on D. This assumption implies Assumption [5.1fii) since the sum B+ D
is maximally monotone if D is maximally monotone with full domain which is
the case if D is monotone and Lipschitz continuous. However, our assumptions are
slightly more general since we can allow for non-monotone D as long as B can
compensate for it.

By letting A = B+ D, problem (J) can be seen as an instance of our standard
problem formulation (I). If we in addition let S = Id, Assumption implies that
Assumption [2.1 holds with ¢ = . With these choices, FHRB is obtained from Al-
gorithm by choosing Mj = 0/,:1 Id—D and yy = ax for some step-size ai > 0.
The backward step of the algorithm becomes

(M +A) "' = (' 1d-D+B+ D)™ = (Id+axB) ' o ey Id.
Note, the backward step is independent of D and the algorithm will, as we will show
next, only depend on D through the forward step. The operator yx My — S used in
the correction term becomes
VMg —S = ak(a/,:l Id-D)-1d = —ay D,

and the complete forward step with momentum correction is

My xi — Cxp + 7];] Uy
= a,:lxk —Dx; — Cxy —a/,:l(a/k_lek —ap-1Dxg—1).
Combining the backward and forward steps yields the full FHRB algorithm, see
Algorithm @ In this special case, we do not need to evaluate both Mj_;x; and

M. x; from scratch since we can reuse the potentially expensive computation of
ka.
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Algorithm 5.1 Forward-Half-Reflected-Backward [36]]
Consider problem (9). With xo,x_; € H and a_; > 0, for all k € N iteratively perform

X1 = (Id+ax B) ™ (xk — ax Cxye — (@ + ak—1)Dxx + ag—1 Dxi—1)

where a; > 0.

COROLLARY 5
Let Assumption|5. I\ hold and consider problem (9) and Algorithm|5. 1| If there exists

€ > 0 such that

€ < ag, cyk6+a/k+1(6+§) <l-e€
forall k €N, then x;, — x* where x* is a solution to (9).

Proof. After Assumption [5.1) we concluded that Assumption holds for the
reformulation of (9) into (I) via A = B+ D. Assumption [2.2] also holds since
vk = ar = € >0 and yg My — S = —ai D is ai0-Lipschitz continuous. Inserting g,
B, and 6 into (6) of Theorem [3.3|then directly gives the step-size condition and the
results follow from the theorem. O

These step-size conditions are slightly relaxed compared to the ones in the original
work [36]]. Our conditions match these when a constant step-size ax = « is chosen.
However, the original work only provides convergence conditions for non-constant
step-sizes in the FRB case, i.e., C = 0. In that case, [36] proved convergence if
€ <2y < 6! — € for some € > 0 and all k € N which is slightly more restrictive
than our condition.

REMARK 5.3

The same nonlinear kernel that in this case generates FHRB and FRB yields the
forward-backward-half-forward [\ 2|] and forward-backward-forward [42|] methods
when used in the nonlinear forward-backward scheme with projection correction
[26]]. The two sets of algorithms can therefore be seen to have the same nonlinear
forward-backward step but with different correction methods to guarantee conver-
gence. Due to the momentum correction’s reuse of old information, FHRB and FRB
have cheaper per-iteration costs compared to the projection correction counter-
parts.

5.1 Forward-Half-Reflected-Backward with Momentum

Consider again problem (9) and the operator choices that generated FHRB; A = B+
D, M. = a/];l Id-D, S =1d, and yx = a. Using these parameters in Algorithm
gives the following momentum variant of FHRB.
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Algorithm 5.2 Forward-Half-Reflected-Backward with Momentum
Consider problem (9). With xo,x_; € H and a_; > 0, for all k € N iteratively perform

X = X +0(x — Xg-1),

Xpr1 = (Id+ag B) ™' (% — ax Cxg — (@ + @j—1) DXy + a—1 Dxy—1)
where o > 0and 6 < 1.

COROLLARY 5|4
Let Assumption|5. 1| hold and consider problem (|9) and Algorithm|5.2| If there exists

€ > 0 such that

e<ar, ad+ar1(6+5)<(1-0-200)-¢
forall k €N, then x;, — x* where x* is a solution to (9).

Proof. The results follow from Corollary analogously to how the results of
Corollary [5.2]follow from Theorem 3.3] i

When C = 0 this is the same method as [36, Equation 4.1] without relaxation and
when D = 0 it is forward-backward splitting with momentum. Both of these special
cases have been shown to converge under certain conditions but our results expand
these conditions in both settings. In the FRB with momentum case, Corollary [5.4]
allows for step-sizes that depend on the iteration index k while [[36, Theorem 4.3]
only allows for constant step-size, ax = a for all k € N. In the forward-backward
with momentum case, Corollary 5.4 makes it possible to find a convergent step-size
ay forall 6 € (—1,%), which is the only result we know of that allows for negative
momentum. This is especially interesting considering that the magnitude of nega-
tive momentum is allowed to be larger than the magnitude of positive momentum.
Our upper bound on the momentum matches other results in the literature for weak
sequence convergence—[36] when C = 0, [|1]] when C = D =0, and [37]] when C # 0
and D = OE] In the gradient-descent case, larger upper bounds on 6 and a; have
been shown to work [25]]. These results guarantee ergodic convergence of function
values and are not applicable to general monotone inclusion problems.

6. Primal-Dual Methods

Let K, and G be real Hilbert spaces. We will present two new primal-dual methods
for solving the problem of finding y € K such that

0eBy+(V*oDoV)y+Ey+Fy (10)

3 The work in [37]] does not present an explicit convergence condition for a fixed choice of 6. Instead,
they present a criterion for selecting an iteration dependent 8 adaptively. However, in a remark they
mention results from [1f] which, when combined with their results, yield a convergence criteria for a
fixed choice of 6.
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where the following assumptions hold.
ASSUMPTION 6.
The operators of (10) satisfy:
(i) B: K —= 2% and D: G — 29 are maximally monotone.
(ii) E: K — K is monotone and §-Lipschitz continuous.
(iii) F: K — K is B~ -cocoercive.

(iv) V: K — G is linear and bounded.
(v) zet(B+(V*oDoV)+E+F)#+0.

IfF=0,wesetB=p""=0.

By a primal-dual method, we mean a method that, instead of solving directly,
solves the equivalent primal-dual problem of finding y € K and z € G such that

By+V*z+Ey+F
Oe{y A (11

D7 'z-Vy.

The two primal-dual methods are derived by reformulating this primal-dual problem
into our standard form (I)) and then applying Algorithm 2.1 with different sets of
design parameters. There is no unique way of reformulating into but we
set H = K x G and define, with some abuse of block matrix notation, A: KX G —
2K%G and C: Kx G — KX G as

B 0 E O 0o v F 0
A=, D‘1]+[O ol 1y 0} and c_[o 0]. (12)
— —— Y———
A E v

Assuming A + C has at least one zero, these operators satisfy Assumption [2.1]since
A=A+E +V is the sum of a maximally monotone operator A and two maximally
monotone operators E and V with full domains. The properties of A, E,and V
are results of the following: maximal monotonicity of B and D; monotonicity and
Lipschitz continuity of E; and the skew-adjointness and linearity of V. The first
assumption of Assumption[2.T]is then satisfied and the second assumption regarding
the cocoercivity of C is easily verified in the standard metric of K X G. However,
the algorithms in Sections [6.1] and [6.2] will use different scaling operators S and
we will therefore defer the derivation of more precise cocoercivity constants to the
respective sections since the constants depend on S.
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6 Primal-Dual Methods

6.1 Block-Triangular Resolvent

To derive our first primal-dual algorithm, we decompose the iterates of Algo-
rithm as x; = (Yk,zx) with yx € K and z; € G for all k € N. The algorithm
is given by the following design parameters

d —tv* lld 0 - =
S=1_tv To"lld]’ M"‘[—/lkv o-‘lld]_E_V and ye=7  (13)
———
My,

where 7,0- > 0 such that 7o ||V||*> < 1 and A; € R for all k € N. The assumption on 7
and o guarantees that S € (K x G). The forward step operator and the correction
operator are

t'd-E-F -v*

M—C=1 gy ol MemS=

“E 0
le-av o

Inserting these operators into the complete forward step with correction,
(s 2) = MY zi) — Cyrszi) + V5 (V-1 Mi—1 — ) (ks 2k)
¥ V-1 Mi—1 = S)(Vi-1,2k-1),
where (9x,%x) € KX G, yields
Sk =7""w =V %~ QEy —Eyi1) - Fyi,
g =0 2+ (L= A)Vyr + (2= A )V (k= ye-1)-

What remains to compute is the backward step. The kernel M is designed to cancel
out the E and V terms, making only the forward step depend on these operators,

(M +A) ' =(My—E-V+A+E+V) ' = (M +A)".

This is the inverse of a lower block triangular operator and it can therefore be com-
puted with back substitution according to

ket 2k1) = (M + A (P 220)
= (Pr.2k) € My + A)(Yks1,2k41)
k€t 1d+B)yks
{2k € ~AVyis1 + (0 1d+D ) zpn
{ykﬂ = (1d+7B)"! (t5x)

Zke1 = (Id+0 D7) (o 2k + T4V yis).

Inserting the expressions for y; and Zx results in the following algorithm.
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Yk-1 Yk o
"\\\\ Vi +Vier1, (A = k=1 =0)
Y+l s ~‘}.~"‘
ST ek (k= e = 1.2)
\4 .

< Vet Vst (i = k-1 =2)

Figure 1. Update of the corrected primal iterate yy + v in Algorithm[6.1}

Algorithm 6.1 Primal-Dual Method with Block Triangular Resolvent

Consider problem (I0). With y,y_1 € K, z0 € G and A_; € R, for all k € N iteratively
perform

Vi1 = ([d+7B) ' (yx =tV 2% = T(2Ey — Eyi—1) — TF Y1),
Vi1 = Akt = yi) + (2= A1) (Yk = Yr-1)s

21 = (Id+0 D7)z + TV (ke +virn)),

where 7,00 > 0 and A; € R.

Due to the lower block-triangular structure of the operator in the backward step,
the primal update of yi.; is independent of the dual update of z;.; but the oppo-
site statement does not hold in general. This dependency is controlled by A; and
manifests itself as a correction vi4; added to the primal iterate used in the dual
update. When A = Ax_1, the correction v is an affine combination of an extrap-
olation step based either on the current or previous primal update, see Fig.[T} When
Ax # Ak—1, the correction can be an arbitrary linear combination of the two different
extrapolations. However, the choice of the sequence (A )i eny Will affect the range of
allowed step-sizes. The more A differs from 2, the smaller the upper bound on the
step-sizes is in the following convergence result.

COROLLARY 6.7
Let Assumption |6.1| hold and consider problem (10) and Algorithm (6.1} If there

exists € > 0 such that
to|VIF+ (2= Al + 2= At DVTT VI + 726+ 38) < 1 —€

forall k €N, then y, — y* and 7. — z* where y* is a solution to and (y*,7*)
is a solution to .

Before proceeding to the proof of Corollary[6.2] we present the following lemma
on which the proof relies.
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LEMMA 6.3
Let S € P(K X G) be from (13)). The inverse of S satisfies

-1 [(Id—‘ra’V*V)‘1 oV* ]

(Id- Ta'VV*) [UV lold
The following inequalities hold for all y € K and z € G:

10051 < WIMIQ, 100,2)II3-1 < 1= m||vn2”Z“
and ||y|* < WH()’,Z)HS-

Proof. The inverse is easily verified and we note that, since 7o ||V||*> < 1 by assump-
tion, Id—7oV*V € P(K) and Id—toVV* € P(G) and hence they are invertible. Let
y € K, then
002, = ((Ad=ra V' V) y,y)
< |Ad—=raV*V)ll|yl1?

1 2
= W”)’H

which proves the first inequality of the lemma. The last step holds since 1 >
7o ||V||*. Let z € G, then

10,22, =7 o ((d=70VV*) 2.2)
<o (d-ro vV |22
< =zl

which proves the second inequality of the lemma. Again, the last step holds since
1> 70||V|]>. Let y € K and z € G, then

-2l = Iy ll* + 7o lzl* = 27(Vy,2)
> [ylI7 + 7ozl = IVIPIYIP + o 1zl
= (I=7a|[VIP)lIyI?
which proves the third inequality of the lemma. O

Proof of Corollary[6.2] As previously stated, the choice of A and C in (12) satisfies
Assumption [2.1] since we assume that a solution exists. What remains to verify of
Assumption 2.1] is to derive a cocoercivity constant of C. The first inequality of
Lemma[6.3]directly gives

IC(y.2) = C(y".2)l3- FT;W IFy—Fy'|*

I_T:WU’Y -Fy',y-y")
= (€. - CO 0. - (.
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for all (y,z),(y’,z") € K x G. Hence, C is £~'-cocoercive w.r.t. § with £ =
Note that we canset £ =0 if F =0.

The assumptions placed on the design parameters, Assumption[2.2] also need to
hold. For item [(D)] of Assumption [2.2] we directly see that yx = 7 > 0. We prove [(i1)]
of Assumption [2.2] the Lipschitz continuity of

B
I-to|V]?*"

ykMk—SZT(Mk—V)—S—TE,

by showing Lipschitz continuity of 7E and of T(Mk - ‘7) — § separately. The Lip-
schitz continuity of yx My — S then follows from the Lipschitz continuity of a sum
of Lipschitz continuous operators. Starting with 7E and using the first and third
inequalities from Lemma|6.3]and the Lipschitz continuity of E gives

IEGn2) = EG 2 )ig < i |Ey - EY'IP

52 m2
WH)’—Y [

2 ’ ’
i 10n0) ~ ()1

for all (y,2),(y’,z") € K x G. The term E is therefore
ous w.r.t. S. For T(Mk - V) — S, we first note that

W -Lipschitz continu-

(M —V)-S =

0 0
T2-A4)V 0

and we can use the second inequality of Lemma|6.3}

(e (Mi = V) - .25 < WHT(Z A)Vyl?
2 1o|V|? 2
<-4 el

< Q=22 VI g 10 01

for all (y,z) € K x G. The operator T(My — V) — S is therefore Lipschitz continu-
ous w.r.t. § with constant |2 — AM\/TO‘HVHTIHVHZ. Adding these two Lipschitz
constants yields that yx My — S is L-Lipschitz continuous w.r.t. S where

Li = =z (2= A VTa |V +76),

and Assumption [2.2)is satisfied. The result of the corollary now follows from The-
orem [3.3]after inserting the expressions for € and Ly into the convergence criterion
0<6S1—Lk—Lk_1—T§. O

Related Algorithms From Algorithm when E =0 and A, =2 for all k €
{-1,0,...}, we obtain an instance of the Vii-Condat algorithm [21, 43]]. If F =0 as
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well, we get the method of Chambolle-Pock [[17]]. This is not surprising since both
of these methods are special cases of ordinary forward-backward splitting and the
kernel My, see @, is linear, self-adjoint, and can be made strongly positive when
E =0 and A = 2. Furthermore, we have that y; My — S = 0, which implies that the
momentum-correction term is zero and that Algorithm has reduced to the ordi-
nary forward-backward method. Both when F # 0 and when F = 0, Corollary [6.2]
regains the convergence criteria of Vii-Condat and Chambolle-Pock respectively.

When E = 0, Algorithm [6.1] shares similarities with the asymmetric-kernel
primal-dual method of Latafat and Patrinos [32, Algorithm 3]. They use the same
resolvent kernel, but [26] showed that the Latafat-Patrinos algorithm is a special
case of nonlinear forward-backward splitting with projection correction instead of
momentum correction. As discussed in Section [2] when comparing momentum and
projection corrections, the main benefit of Algorithm[6.1]is that the momentum cor-
rection generally yields cheaper iterations. In Algorithm|[6.1] the linear composition
term V and its adjoint V* only need to be evaluated once each, while they need to
be evaluated twice each for the Latafat-Patrinos method.

We can also relate Algorithm|[6.1]to projective splitting methods [18} [24]]. It has
been shown in [13}27]] that these methods are nonlinear forward-backward method
with projection correction. In fact, the synchronous projective splitting considered
in [27] is using the same kernel as in Algorithm@] with E = 0 and A; = 0. We can
therefore think of Algorithmwith E=F=0and A =0forall k € {-1,0,...} as
a projective splitting method with momentum correction instead of a projection cor-
rection. The benefit of projective splitting methods compared to Chambolle-Pock-
like primal-dual methods is that the primal and dual updates do not depend on each
other and can therefore be performed in parallel. The same holds for Algorithm [6.1]
since the correction v does not depend on yi;; when A; = 0. The > reason for this
becomes evident when examining the backward step (M + A)~' = (M + A)~! since
both Mk and A are block-diagonal when A = 0, see and .

Forward-Half-Reflected-Douglas—Rachford There is a connection between
primal/dual methods and Douglas-Rachford splitting [[17, |38]], and this connec-
tion also exists for our first primal-dual method, Algorithm [6.1] Whenever V = Id
and F = 0, choosing A; =2 for all k € {-1,0,...}, o = ¢! for some ¢ > 0 and
using Moreau’s identity in the dual update of Algorithm|[6.T] the forward-reflected-
Douglas-Rachford (FRDR) method in [41]] is obtained. Since we can allow for
F # 0, we can analogously construct a forward-half-reflected-Douglas-Rachford
method for solving (T0).

103



Paper III.  Nonlinear Forward-Backward Splitting with Momentum Correction

Algorithm 6.2 Forward-Half-Reflected-Douglas—Rachford

Consider problem with V = Id. With yp,y_; € K and zp € G, for all k € N
iteratively perform

Yirt = (1d+7B) vk =72k = TQREyk — Eyk—1) = TFyk),
P = (d+6D) " (g 2k +2yk+1 — Vi),

Zksl = 2k + 67 ket = Vi — Pra1),

where 7,00 > 0.

The convergence conditions match those of [41] when F = 0:

COROLLARY 6.4
Let V =1d and let Assumption|5. 1| hold. Consider problem (10) and Algorithm|6.2

If the step-sizes satisfy
(7 +26+1p) < 1,

then yr — y* and zx — z* where y* is a solution to and (y*,z*) is a solution

to (T1).
Proof. Follows directly from Corollary[6.2]with V =1Id and Ax—; =2 for all k € N.O

When E = F = 0, the standard Douglas-Rachford is retrieved from Algo-
rithm@]if the step-sizes T = ¢ are chosen and the variable change zx = yx — 7zx i
made. However, this step-size choice makes the step-size condition of Corollary [6.4]
impossible to satisfy. The reason for this is that the scaling S of the underlying non-
linear forward-backward method becomes singular, which violates Assumption 2.1}
Dealing with this singularity is possible if it is explicitly assumed that £ = F = 0,
but this is beyond the scope of this article, where the positive definiteness of S is
assumed.

6.2 Resolvent-Compensated Kernel

Our second method for solving (I0) through the primal-dual problem (1)) will make
further use of the nonlinearity of the kernel by including resolvent evaluations in the
kernel itself. As in the previous case, we reformulate the primal-dual problem to our
standard problem (Eb by defining H, A, C, Z, E , and V as in . The iterates of
Algorithmare decomposed as x; = (yg,zx) with yy € K and z; € G for all k € N.
The second primal-dual algorithm is then given by Algorithm [2.T|with the following

104



6 Primal-Dual Methods

design parameters:

7 1d-V*o(Id+oD ) toT , 00V 0 ~
””“[ 0 o1 7E
i, (14)
Id 0
S“[o ro-lg| 4 =T

where 7,0 >0and T, : G — G: 7+ z—a is the translation by a € G. Note that the
current iterate z; is used in the construction of M and that S € P(K x G) for all
7,00 > 0.

With these design parameters, the correction operator becomes

—E-V*o(ld+oD ) 1oT 00V 0

0 0 (15)

YeMi—S=1 [
Inserting this and the other operators into the forward step,

(Pr:2k) = Mic (Vi 2) = COmeszi) + V5 Vet Mic—1 = S) (ks 2k)
v a1 Mot = S) k1,261,

where (Jx,2x) € KX G, yields

Sk =7""yk = QEyr+Eyi1) - Fy
-V*(1d +0'D71)’1 (zxk +oVyr)
~V*(Id+oD™ ) Nz + V)
+V*Ad+o D) Nz + o Vo)),
=0z,
To see that the backward step
(M +A) ' =(My—E+A+E+V) ' = (M +A+V)7,

can be evaluated efficiently requires some extra attention. The operator My +A+V
does not have the lower block-triangular structure as in the algorithm in Section[6.T}
We can therefore not evaluate its inverse using the same back substitution approach
as before and computing it at a general point seems intractable. However, (My + A +
V)‘l is only evaluated at (Jx,Zx) and the kernel has been specifically designed such
that the backward step can be efficiently evaluated in this point. First use

(Vs zke1) = (My + A+ V) (9, 21)

= Di2k) € (My + A+ V) s 1,2041)-
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Writing out the inclusion problem explicitly yields

A

Sk € (x7 M 1d+B)yisr =V (Ad+0 D) N2k + oV yrar) + Vizkat,
ik € — Vyk+1 + (O'_1 Id+D_1)Zk+] .
Using that zx = 02 in the first row and solving for zx . in the second row results in
k€ (7 1d+B)yis1 =V (Ad+o D) (0 2k + oV yrat) + V2,
2k = (d+o D™ (ot + 0 Vyean).

Inserting the second row into the first and solving for yx,; gives

Yis1 = (Id+7B) ™ (15;),

zkr1 = (d+o D) o2 + o Vykar).

Finally, inserting the expressions for $; and Zx gives us the following algorithm.

Algorithm 6.3 Primal-Dual Method with Resolvent Corrected Kernel

Consider problem (I0). With yo,y_; € K and z9,vp € G, for all k € N iteratively
perform

Vet = (Id+0 D7) (2 + o V)
Yir1 = ([d+7B) vk =7V (2 + vir1 = vi) = T(REyx — Eyi—1) — TFyi)

Zkr1 = (Id+0 D)z + o Vyear)

where 7,00 > 0.

We see that, compared to our other primal-dual method Algorithm we re-
quire one extra evaluation of the resolvent of D! each iteration. Apart from that,
Algorithm also only requires one evaluation of (Id+7B)~!, V and V*, given
that Viyg, is stored for the next iteration. Still, the resulting per-iteration computa-
tional cost is higher compared to Algorithm [6.1]and most other primal-dual meth-
ods. Exactly how much more expensive this method is will depend on the problem
being solved and in some cases it is negligible. The main reason for presenting Al-
gorithm [6.3] apart from its novelty, is to further demonstrate the flexibility of the
nonlinear kernel framework.

COROLLARY 6
Let Assumption|6. 1| hold and consider problem (|10) and Algorithm|6.3| If the step-

sizes satisfy
2ro ||V +7(26 +5) < 1,

then yr — y* and zx — z* where y* is a solution to and (y*,z*) is a solution

to (11).
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Proof. Due to the structures of S and C we can conclude that C is S~!-cocoercive
w.r.t. § since

IC(y.2) = C(Y. 25 = IFy—Fy'|I?
SBFy—-Fy,y-y")
= B(C(y,z) - C(y’,z'), (y’Z) - (y/,z'))

for all (y,z) € Kx G. We have previously established that A is maximally monotone
and, since we assume a solution exists, Assumption@]holds.

For Assumption @], we first note that y; = 7 > 0 and, hence, that the first as-
sumption is satisfied. For the Lipschitz continuity of y; My — S we recall the defini-
tion of the operator in (T3). The operator E is, by assumption, §-Lipschitz continu-
ous, and (Id+oD~")~! o T_z; is 1-Lipschitz since both the resolvent and translation
are 1-Lipschitz continuous. The operator —7(E +V*o(Id+o D) oT_z 0 0V) is
therefore (76 + 7o-||V||?)-Lipschitz continuous for all k € N. Since

(v M = $)(y.2) = (v M = ) (v, 2%
= |[r(E+V*(Id+oD ) Yz +oV))y
—7(E+V*Id+oD )z +aV))y'|?
<(@s+ra||VIP Iy -yl
<@ +1a||IVIPPII(n2) - (.25

for all (y,z) € KX G, yi My — S is (16 + To-||V||?)-Lipschitz continuous w.r.t. S for
all k € N. The result now follows from Theorem[3.3 |

REMARK 6.6

As stated in Remark the approach for adding momentum presented in Sec-
tion 4| and Algorithm {.1| does not yield a tractable algorithm when applied to
Algorithm [6.3] The kernel of Algorithm [6.3| was designed in such a way that the
backward step is only cheaply computed at the point given by the forward step and
it is therefore not straightforward to apply the latter to the forward step with mo-
mentum. However, this is easily fixed. We regain computability of the backward step
if we add 0(zx — zi.—1) according to

-1 * —1y-1
_ |7 ld=V*o(Id+0 D7) o T, _ozp-zi) 00V 0 =
My = 0 o~ F
and use this kernel in Algorithm instead. Since this operator only differs from
the one in by a translation, it does not modify any Lipschitz constants, and the
convergence can be proved using the same approach as in Corollary .1}
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7. Conclusion

We have presented a forward-backward method with a nonlinear resolvent and a
novel momentum correction. The design freedom of the nonlinear resolvent allows
us to interpret numerous methods as special cases of this forward-backward method.
Existing special cases include the forward-(half)-reflected-backward method, the
forward-reflected-Douglas-Rachford method and the primal-dual methods of Vii-
-Condat and Chambolle-Pock. New algorithms include momentum versions of the
previously mentioned algorithms and two new four-operator primal-dual splitting
methods. Our convergence conditions either regain or improve on the already known
conditions for the existing methods, establishing parity of our more general analysis
with the more specialized approaches. We believe that this parity of analysis and the
great amount of freedom in the parameter choices of our algorithm can prove useful
for the understanding of existing algorithms and the development of new ones.
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Paper IV

Frugal Splitting Operators: Representation,
Minimal Lifting and Convergence

Martin Morin Sebastian Banert Pontus Giselsson

Abstract

We consider frugal splitting operators for finite sum monotone inclusion prob-
lems, i.e., splitting operators that use exactly one direct or resolvent evaluation
of each operator of the sum. A novel representation of these operators in terms
of what we call a generalized primal-dual resolvent is presented. This repre-
sentation reveals a number of new results regarding lifting numbers, existence
of solution maps, and parallelizability of the forward and backward evalua-
tions. We show that the minimal lifting is n — 1 — f where n is the number of
monotone operators and f is the number of direct evaluations in the splitting.
Furthermore, we show that this lifting number is only achievable as long as the
first and last evaluations are resolvent evaluations. In the case of frugal resol-
vent splitting operators, these results are the same as the results of Ryu and
Malitsky—Tam. The representation also enables a unified convergence analysis
and we present a generally applicable theorem for the convergence and Fejér
monotonicity of fixed point iterations of frugal splitting operators with coco-
ercive direct evaluations. We conclude by constructing a new convergent and
parallelizable frugal splitting operator with minimal lifting.

Submitted and under review.
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1. Introduction

It is well known that a zero of a maximally monotone operator can be found by
performing a fixed point iteration of the resolvent of the operator [28]]. However, the
resolvent of an operator is not always easily computable, even in the case when the
operator is a finite sum of maximally monotone operators for which each resolvent
is easily computable. This has led to the development of splitting methods that use
each term separately to form convergent fixed point iterations that find a zero of
the sum of the operators. In this work, we will consider a general class of splitting
operators for finite sums of maximally monotone operators which we call frugal
splitting operators. Informally, the class contains all operators whose fixed points
encode the zeros of the sum of the monotone operators and can be computed with
exactly one evaluation of each operator, either directly or via a resolvent. Apart from
the operator evaluations, only predetermined linear combinations of the input and
operator evaluations are allowed. The class covers the classic Douglas—Rachford
[21]] and forward-backward [|17} 20] operators along with many others, for instance
(1L [5, (8L 10k [12] 221 [23] [25] 27}, 129}, 31} [35].

We provide an equivalence between frugal splitting operators and a class of
operators we call generalized primal-dual resolvents. This class is inspired by the
works of [6, |15} |18}, 24] that made similar generalizations of the resolvent. These
works provide powerful modeling tools that are able to capture many different algo-
rithms but our resolvent generalization is the first to provably fully cover the class
of frugal splitting operators. This novel representation is a key difference to the re-
lated works of [23] [29]] which examined frugal resolvent splitting operators, i.e.,
frugal splitting operators that only use resolvents and no direct evaluations. These
works focused on the lifting number of frugal splitting operators and, while we also
provide minimal lifting results, our representation allows us to easily design new
splitting operators and analyze the convergence of their fixed point iterations in a
general setting. It also allows us to relax one assumption of [23] |29] regarding the
existence of a solution map since the existence of such a solution map for any frugal
splitting operator is evident directly from our new representation. The representa-
tion also directly reveals information regarding the resolvent/direct evaluations, for
instance, the resolvent step-sizes and which of the individual evaluations that can
be performed in parallel.

The general idea behind lifting is to trade computational complexity for stor-
age complexity by creating an easier to solve problem in some higher dimensional
space. In the context of frugal splitting operators, this means that, while the mono-
tone inclusion problem lies in some real Hilbert space H, the splitting operator
maps to and from ¢ for some non-zero natural number d which we call the lifting
number. For example, the Douglas—Rachford and forward-backward splitting oper-
ators have lifting number one while the splitting operator of the primal-dual method
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of Chambolle—Pock (8] has lifting number tW(ﬂ

In the three operator case, Ryu [29] showed that the smallest possible lifting
number for a frugal resolvent splitting operator is two. Malitsky and Tam [23] later
expanded this result to sums of n maximally monotone operators and found that
the minimal lifting is n — 1. In this paper, we show that this lifting number can be
reduced to n— 1 — f where f is the number of operators that are evaluated directly
and not via resolvents. This is done via a simple rank constraint on a real matrix
from the generalized primal-dual resolvent. We also show that the minimal lifting
number is dependent on the order of the direct and resolvent evaluations. In partic-
ular, if the first or last operator is evaluated directly, the minimal lifting under these
assumptions is n — f instead of n — 1 — f. An example of this can be found in the
three operator splitting of Davis and Yin [12f], which places its only direct evalua-
tion second and hence can achieve a lifting number of one. This is to be compared
to the primal-dual method of Vii and Condat 10} 35]], which performs a direct eval-
uation first and hence requires a higher lifting number of two in the three operator
case.

We provide sufficient conditions for the convergence of a fixed point iteration of
a frugal splitting operator with cocoercive direct evaluations and show that the gen-
erated sequence is Fejér monotone w.r.t. to the fixed points of the splitting. There are
a number of different general or unified approaches for analyzing algorithm classes
[16, 13, {15 18},119, |24} 30,132} |33[]. Many of these approaches can be applied to a fru-
gal resolvent splitting as well but our analysis has the advantage that it is performed
directly on the generalized primal-dual resolvent representation. Both the condi-
tions for convergence and the conditions for a generalized primal-dual resolvent
to be a frugal resolvent splitting are then constraints on the same set of matrices,
which simplifies the design of new frugal resolvent splittings. As an example, we
construct a new frugal splitting operator with resolvent and direct evaluations that
is convergent and parallelizable and briefly discuss its relation to existing splitting
operators with minimal lifting. Note, although Malitsky—Tam [23]] were the first to
explicitly present a splitting operator with minimal lifting, their work—and now
also this paper—retroactively proves that a number of already established splittings
have minimal lifting, for instance [2} (7} |1 1]

Some of the proofs require the underlying real Hilbert space H of the mono-
tone inclusion problem to have dimension greater than one and we will therefore
make that a blanket assumption. We do not consider this a significant restriction,
partly because the dim# < 1 cases are of the limited practical interest and partly
because many of our results still hold in these cases. For instance, although the
proof for the necessary conditions of our representation theorem no longer holds
when dimH < 1, the proof for the sufficient conditions still holds. Hence, if we

' The Chambolle-Pock method considers monotone inclusion problems that allow for compositions
with linear operators. We will implicitly assume that the linear operators are the identity operator
when discussing Chambolle—Pock or other similar methods for monotone inclusions with composi-
tions.
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find a representation that yields a frugal splitting operator when dimH > 2, then it
also yields a frugal splitting operator when dimH < 1. All frugal splitting operators
presented in this paper are therefore also applicable to the dimH < 1 case. It should
also be noted that we have been able to reestablish the necessary conditions by re-
laxing other assumptions placed on the inclusion problem. However, this comes at
the cost of some additional technicalities which we wish to avoid in this paper.

1.1 Outline

In Section 2] we introduce some preliminary notation and results together with the
main monotone inclusion problem. We define and discuss our definition of a frugal
splitting operator in Section [3] Section [4] contains the definition of a generalized
primal-dual resolvent which we will use to represent frugal splitting operators. The
lemmas that prove our representation results can be found in Section and they
are summarized in our main convergence theorem in Section [5| which also contains
some general remarks on the representation. For instance, the relationship between
fixed points of the splitting and solutions to the monotone inclusion is proven and
how the parallelizable resolvent/direct evaluations can be identified is demonstrated.
We also show how a representation can be derived via an example. The minimal
lifting results in terms of a rank bound on a structured matrix can be found in Sec-
tion [6] This result covers the setting of Malitsky and Tam [23]] and shows that the
minimal lifting number depends on whether the first or last operator evaluation is
a forward or backward evaluation. Convergence under cocoercive forward evalua-
tions is proven in Section |/} In Section we apply the convergence theorem and
reestablish the convergence criterion of the three operator splitting of Davis and
Yin [|12] as well as provide conditions for the convergence of a fixed point iteration
of forward-backward splitting with Nesterov-like momentum. The last part of the
paper, Section [§] contains the construction of a new frugal splitting operator with
minimal lifting and parallelizable forward/backward evaluations. The paper ends
with a short conclusion in Section [9} In the accompanying supplement many more
examples of representations of frugal splitting operators and application of our con-
vergence theorem can be found.

2. Preliminaries

Let N = {0,1,...} be the set of natural numbers and N, = {1,2,...} be the set of
non-zero natural numbers. The cardinality of a set A is denoted by |A|. A subset B
of A is denoted by B C A while a strict subset is denoted by B C A.

Let R be the set of real numbers. We refer to the range and kernel of a matrix
A € R™™ as ran A and ker A respectively. These are linear subspaces of R" and
R™ respectively and their orthogonal complement with respect to the standard Eu-
clidean inner product are denoted by (ran A)* and (ker A)* respectively, which also
are linear subspaces.
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With H being a real Hilbert space, the set of all subsets of H is denoted 277.
The inner product and norm on H are denoted by (-,-) and ||-|| respectively. Let
H: H — H be a bounded linear operator, we define (-,-); = (H(-),-) and ||-||i, =
(H(-),-). If H is self-adjoint and strongly positive then (-,-);; is an inner product and
[|-]lz is a norm.

Let U, V and W be sets and define the operator A: UXW — V. With the notation
A,,u =v we mean A(u,w) = v and we define A,, = A(-,w). Since A,, is an operator
from U to V, instead of writing A: UXW — V we will say that Ay: U — V is
parameterized by W.

Let A: H — 2H be a ser-valued operator on H, i.e., A is an operator that maps
any point in H to a subset of H. The graph of Ais graA = {(x,u) € HxH |u € Ax}.
The range of AisranA = {u € H | Ix € H s.t. (x,u) € graA}. The domain of A is
domA = {x € H | Ax # 0}. The operator A is said to have full domain if dom A = H.
If Ax is a singleton for all x € H then it is said to be single-valued. A single-valued
operator has full domain and we will make no distinction between single-valued
operators A: H — 2™ and mappings A: H — H.

An operator A: H — 2™ is monotone if

(u—v,x—y)=0

for all (x,u) € graA and all (y,v) € graA. A monotone operator is maximal if its
graph is not contained in the graph of any other monotone operator. The resolvent
of a maximally monotone operator A is J4 = (Id+A)~!. An operator A: H — 2" is
u-strongly monotone where u > 0 if

(u=v,x—y)y > pllx -yl

for all (x,u) € graA and all (y,v) € graA. An operator A: H — 2™ is B-cocoercive
if it is single-valued and

(Ax—Ay,x—y) = BllAx - Ay||?

for all x,y € H. The inverse of a B-cocoercive operator is 8-strongly monotone.

LEMMA 2.1

Let A€ R™™ and B € R™. If ranA C ranB, there exists a unique S € R4™
such that A = BS and ranS C (ker B)*. If ran A = ran B, such an S satisfies ran S =
(ker B)*.

Proof. Since ranA C ran B, the columns of A lie in the span of the columns of B.
This means that there exists a matrix S’ € R gsuch that A = BS’. Let I, be the
orthogonal projection onto (ker B)* in the standard Euclidean inner product and
define S =11, S’. It is clear that ran S C (ker B)* and, since B = BII, it also holds
that A= BS’ = BII, S’ = BS.
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To show uniqueness, let S and S’ be such that A = BS = BS’ andran S C (ker B)*
and ran S’ C (ker B)* and let x € R™ be such that Sx # S’x. Since Sx —S§’x # 0 and
Sx—8’x € (ker B)* must Sx—S"x ¢ ker B and we have

0% B(Sx—S8'x)=BSx—BS'x=Ax—-Ax=0

which is a contradiction and Sx and S’x must then be equal for all x € R™ which
implies S = §”.

To show the last statement, assume ranA = ranB and let S be the unique
matrix that satisfies A = BS and ranS C (ker B)*. Assume ranS C (ker B)*, then
rank S < dim(ker B)* = rank B and rank A < min(rank B,rank S) < rank B. However,
this contradicts ran A = ran B and hence ran S = (ker B)*. O

LEMMA 2.2
Let A € R™" and B € R". [fker A D ker B, there exists a unique S € R™ % such
that A= SB andker S 2 (ran B)*. Ifker A = ker B such an S satisfies ker S = (ran B)™*.

Proof. This is the dual to Lemma [2.1] If ker A 2 ker B then ran A” C ran BT and
Lemma then implies the existence of a unique S € R™™ with ranS” C
(ker BT)* such that AT = BT ST or equivalently A = SB. Since ranS” = (kerS)*
and (ker BT)* = ran B we have (kerS)* C ran B or equivalently kerS 2 (ran B)*. If
ker A = ker B then ran AT =ran BT and Lemma then yields ker S = (ran B)*. O

2.1 Problem and Notation

For the remainder of this paper, let H be a real Hilbert space with dim# > 2. The
main concern will be finding a zero of a finite sum of operators,

n
find x € H such that 0 Zi:l Ajx (1)

where A;: H — 2 is maximally monotone for all i € {1,...,n} and A; is single-
valued for i € F for some F C {1,...,n}. However, instead of solving (1)) directly, we
will work with a family of primal-dual problems. Let p € {1,...,n}, a primal-dual
problem associated with (I)) is then

Oe Ai‘lyi—yp foralli € {1,...,n}\ {p},

(2)
0€Apyp+ et npip)Vi-

find (y1,...,y,) € H" such that{
We call p the primal index since the corresponding variable, y,,, solves the primal
problem (I). The equivalence between (2) and (I)) is straightforward to show and
holds in the sense that if y,, € H is a solution to (1)) then there exists y; € H for all
i €{1,...,n}\{p} such that (yi,...,yn) solves ). Conversely, if (yi,...,y,) € H"
is a solution to (2) then y,, solves ().

The aim of this paper is to examine a class of iterative methods for solving
problems (I)) and (). We will give the exact definition of the considered class of
solution methods in Section [3] and in the remainder of this section we introduce
some notation in order to simplify its description.
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DEFINITION 2.3—OPERATOR TUPLES
With F C {1,...,n}, AL is the set of operator tuples where A = (Ay,...,A,) € AL
if and only if
(i) Ai: H — 2™ is maximally monotone for all i € {1,...,n},
(ii) A; is single-valued for alli € F.
We further define A, = ﬂ,‘? and note that AL € A, forall F C {1,...,n}.

This allows us to associate a tuple A = (Ay,...,A,) € ﬂf with each monotone inclu-
sion problem of the form (I, or (), and vice versa. To simplify the notation further
we will also make heavy use of the following abuse of notation.

DEFINITION 2.4—MATRIX AS OPERATOR
Let Be R™™ and 7 = (z1,...,2m) € H™. We define Bz asE]

Biizi+ -+ Bimam
Bz =

Bn1Zl +"'+Bnmzm

A primal-dual operator @4 ,: H™ — 2M" with A € AL and p € {1,...,n} can be
identified that allows us to write a primal-dual problem (2) associated with A as

find y e H" such that0 € @4,y = A4 py+1py 3)

where the operator 4, ,: H" — 27" and the skew-symmetric matrix I, € R">"
are defined as

App(iseeoyn) = Ayr1 XX Apy, and I, =R,—-R}

where Zp =Ap, A; = Ai’1 foralli € {1,...,n}\ {p}, and R, € R™" is the matrix
with ones on the pth row and zeros in all other positions. For illustration, in the case
when p = n, the operator 44 , and the matrix I, have the following structures

AIlyl 0O --- 0 -1
Aaniseoyn)=| and T, = SRR
A;_l)’n—l 0 0 -1
Anyn 1 -« 1 0

All of these operators are maximally monotone: I, as an operator on H" —
H" is bounded linear and skew-adjoint, 44 , is separable w.r.t. the components
with each component operator being maximally monotone, and @4 ;, is the sum of
two maximally monotone operators with one having full domain. The primal-dual
operator @4 ,, will feature extensively in the rest of the paper. In fact, we will show
that the considered class of operators always can be written as taking a resolvent-
like step of the primal-dual operator.

2 This operator could more accurately be represented by B ® Id where ® is the tensor product. How-
ever, this notation will quickly become tedious.
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3. Frugal Splitting Operators

A common way of solving (1) associated with some A € AL is with a fixed point
iteration. These are methods that, given some initial iterate zo € ¢ and operator
Ta: HY — H, iteratively perform

Zk+1 = Tazk 4)

for k € N. The operator T4 is such that the sequence {zx }xen converges to a fixed
point from which a solution to () can be recovered. In this paper, this means that
1t is a frugal splitting operator and the main focus will be on examining the rep-
resentation and properties of such an operator.

DEFINITION 3.1—FRUGAL SPLITTING OPERATOR
Letd €N, andT,: H — H9 be parameterized by AL . We say that T(.y is a frugal
splitting operator over ?{5 ifthere, for all k € {1,...,n}, exists Ty (.y: U — JH{ k1
parameterized by AL such that, for all A = (Ay,...,A,) € AL,

(i) ixTp+0 — zer)! | A; #0,

(ii) TA =Tn,ACTn-1,A° -0 T],A.
Furthermore, for each k € {1,...,n} there exist a;;,b;,c; € R and y > 0 for i €
{1,....drs1} and j € {1,...,dy} such that

dj, .

dy JyBk(Z '—1Cij) fk¢F
Te,B(21,- -, 2d, ) = (Z.laiﬂﬁbi{ a ;

/ Be(Xjliciz)  fkeF i€{lyendisn }
for all B=(By,...,B,) € ﬂ,f and all (zy,...,2q,) € H4 . Note, T4 only uses Ag
and d1 = dn+1 =d.

We call a frugal splitting operator over Ay, a resolvent splitting operator.

In line with [29]], we call the class frugal since the computational requirement Defi-
nition states that each operator in A is evaluated exactly once, either directly
or via a resolvent. We will also refer to a direct evaluation as a forward evaluation
while a resolvent evaluation will be referred to as a backward step or backward
evaluation. Apart from forward and backward evaluations, only predetermined vec-
tor additions and scalar multiplications of the inputs and results of the operator
evaluations are allowed. This ensures that the evaluation cost of a frugal splitting
operator is a known quantity that is mainly determined by the cost of the opera-
tor and resolvent evaluations. We also see that specifies evaluation order, i.e., it
specifies that the operators A; in the tuple A must be used in the order they appear
in A when evaluating T4. However, since the operators of the original monotone
inclusion problem can be arbitrary rearranged, this entails no loss of generality.
This definition is functionally the same as the definitions of Ryu and Malitsky—
Tam [23} 29] but with the addition of forward evaluations being allowed. However,
both Ryu [29] and Malitsky—Tam [23]] assume the existence of a computationally

120



4  Generalized Primal-Dual Resolvents

tractable solution map S, : H? — HH that maps fixed points of T4 to solutions of .
One of our results, Proposition [5.3] shows that this is unnecessary since [(1)] and [(i1)]
together imply the existence of such a solution map.

Definition [3.1] covers many classic operators like the operators used in the
forward-backward method [[17} 20] and Douglas—Rachford method [21]], but also
operators of more recent methods such that the three operator splitting of Davis and
Yin [[12]] and primal-dual methods in the style of Chambolle and Pock [8[] among
many others. However, it does not allow for multiple evaluations of an operator and
can therefore not cover the forward-backward-forward method of Tseng [34] al-
though it does cover the forward-reflected-backward method of Malitsky and Tam
[22]. Since it also does not allow for second order information or online search
criteria it does not cover Newton’s method, backtracking gradient descent or other
similar methods.

Note that Definition [3.1] only considers the solution encoding and the computa-
tional requirements of a splitting and does not make any assumptions regarding the
convergence of its fixed point iteration. For instance, consider a fixed point iteration
of the forward-backward splitting operator T(4, a,) = Jya, o(Id—yA;) where y > 0.

This is a frugal splitting operator over ﬂél} but it is well known that its fixed point
iteration can fail to converge without further assumptions on A; and/or A,. The
standard assumption is cocoercivity of A; but even then the fixed point iteration
can fail to converge if the step-size vy is too large. Further examples exist with both
[23} 29] providing resolvent splitting operators whose fixed point iterations fail to
converge in general. Since we consider the question of convergence as separate to
the definition of a frugal splitting operator, we will treat convergence separately in
Section[7]|where we provide sufficient convergence conditions that are applicable to
any fixed point iteration of a frugal splitting operator.

4. Generalized Primal-Dual Resolvents

Although Definition [3.1] fully defines all operators we aim to consider, we do not
find it conducive for analysis. In this section, we will therefore develop an equiva-
lent representation of the class of frugal splitting operators that will be used in the
subsequent analysis.

The representation will be in the form of what we call a generalized primal-dual
resolvent.

DEFINITION 4.1—GENERALIZED PRIMAL-DUAL RESOLVENT

Let d € Ny and T(,): HY — H? be parameterized by AL. We say that Tyisa
generalized primal-dual resolvent if there exist p € {1,...,n}, M € R"™" N € R"™*,
U e R and V € R" such that, for all A€ AL and all z € HY, (M +®P4 ) o N
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Paper 1V.  Frugal Splitting Operators

is single-valued at 7 and
y=(M+®4,)" Nz,

()
Taz=z-Uz+Vy,

where y € H" and @, is defined in (3).
We call the tuple (p,M,N,U,V) a representation of T(..

When M =N =y~ 'Tand U =V =61, where 6 € (0,2], ¥ > 0 and I € R"™" is the
identity matrix, the generalized primal-dual resolvent becomes an ordinary relaxed
resolvent operator of the primal-dual operator @4,

(1-0)1d+0(y ' 1d+P4 ) oy ' Id=(1-6)1d+01y0, , .

While the ordinary relaxed resolvent operator is always single-valued, the operator
(M + @A,p)‘l o N used in is not necessarily single-valued or computationally
tractable for an arbitrary choice of M € R, N € R and A € AL . However, for
the purposes of this paper, it is not necessary to find general conditions for when
(M+Dy, )~! o N is single-valued or easy to compute. The objective is to parameter-
ize frugal splitting operators which are computationally tractable if the evaluations
of the forward and backward steps are tractable. Furthermore, as it turns out, the ker-
nel M in a representation of a frugal splitting operator is highly structured, making
the single-valuedness of (M + @4, p)‘l o N easy to establish.

DEFINITION 4.2—p-KERNEL OVER AL

We call a matrix M € R™" a p-kernel over AL if p ¢ F and M +1, is lower
triangular with M; ; > 0 fori € {1,...,n} and M, ; =0 if and only if i € F where M; ;
denotes the ith element on the diagonal of M. The matrix I'y, is defined in @)

The well-posedness of a generalized primal-dual resolvent with this kernel structure
then follows from the following result.

PROPOSITION 4.3
Let M € R™" be a p-kernel over .?{5, then

(M+®p )" H— 2"
is single-valued—and hence has full domain—for all A € AL

Proof. Let Ae AL, z=(z1,....z20) €H™, y = (Y1, yn) EH™, and L = M +T,.
By definition we have that y € (M + @4, p)‘lx is equivalent to

XEM+Dyp)y=(L+44,)y.
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4  Generalized Primal-Dual Resolvents

Since L is lower triangular, see Deﬁnition@ this can be written as

x1 € Ly + Ay

x € Ly iy1 +Lrpy2 + A2yr

Xn € Ln,lyl + Ln,2y2 +eeet Ln,nyn + Znyn

where L; ; is the i, jth element of L and A = A7 Ufor all i € {1,...,n}\ {p} and
A = A,. Note, A is maximally monotone for all i€{l,...,n} since A e AL We
get

i€ (L Id+A) " x

y2 € (Loald+A2) " (xy = Lo y1)
3 € (L 31d+A3) " (x5 — L3 131 — L3 2y2) )

-~ n-1
yn € (Ln,n Id+A,) " (xn - Zj:l Ln,jyj)‘

Foralli e F, L;; =0 and i # p by Definition#.2]and hence
(Lij1d+A) " = A7H! =
which is single-valued since A € AL Foralli € {1,...,n}\ F, L;; >0 and

(Li,ild +A‘i)—l = JL;ligi O(Li_} Id)

which also is single-valued since Ais maximally monotone. Therefore, regardless
of X1,Y1,...,Xn, Yn € H, the right hand sides of all lines in @) are always single-
tons and the inclusions can be replaced by equalities. Furthermore, in (6) we see
that x; uniquely determines y; which in turn implies that x; and x, uniquely deter-
mine y,, and so forth. Hence, for all x = (xy,...,x,) € H" there exists a unique y =
(¥15--->Yn) € H™ such that (@) holds. Since (@) is equivalent to y € (M+¢A’p)’]x
we can conclude that (M +®y4 )~ l'is single-valued. O

4.1 Representation Lemmas

The remainder of this section will be devoted to the equivalence between frugal
splitting operators and generalized primal-dual resolvents whose representations
satisfy certain conditions. These results will be summarized in the next section in
our main representation theorem, Theorem [5.1] We will start by showing that any
frugal splitting operator is a generalized primal-dual resolvent with a particular ker-
nel.
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LEMMA 4.4

Let T(y: HY — H? be a frugal splitting operator over AL where F c {1,...,n},
then T .y is a generalized primal-dual resolvent. For each p € {1,...,n} \ F, there
exists a representation (p, M,N,U,V) of T.y where M is a p-kernel over ﬂrf .

Proof. Letpe{l,...,n}\F,andlet A= (Ay,...,A,) € AL and z € H¥ be arbitrary
and consider the evaluation of T4z.

From Definition we know that Tqp =1, 40---07] 4 Where 7; 4: Hdi —
H+1 and d| = d,41 = d. If we introduce variables for the intermediate results, i.e.,
z1 =zand z;41 = T; a2 foralli € {1,...,n}, we can write T4z = z,+1. Note, the z;
variables of this proof should not be confused with the variables of a fixed point
iteration @ of T4. Furthermore, from the definition of 7; 4 in Definition we
can conclude that for all i € {1,...,n} there exist matrices B; € R%+*di C; e R%i+1x1
and D; € R™4 such that

Bizi +CiJya; Dizi ifigF,

i+l = Tj,AZi = o
{Bizi +CiA;D;z; ifieF.

Now, for all i € {1,...,n} \ (FU{p}), we apply the Moreau identity, J, 4, =
Id=y;J -1 4 oy;'1d, and rewrite z;41 = 7/, 42; as
Zi+1 = Bizi + Cily 4, Dizi
= Bi+CiDi)zi = (yiCi) -1 41 (v; ' Do)z
= Bizi + Ci(l;, 1 1d+A;) "' Dy

where B; = B; + G;D;, G; = —yiCi, D; = D;, li; = and A; = Al.‘l. We can write
7;,4Z; in a similar form for all i € F as well,

Zis1 = Bizi + CiA; Dz,
= Bz + Ci(l; i 1d+A;) "' Dyz

where B; = B;, C; = C;, D; =Dy, [;; =0 and A; = A:!'. Finally, since p ¢ F we can
write T, Az, as

Zp+1 = Bpzp +Cply,a, Dp2zp
= Bpzp+Cp(y, 1d+A,) " (v,' Dp)zp

=By2, +Cp(l, p1d+A,) ' D,z

where Ep =B, 6,, =Cp, 5,, = y;lD,,, bpp = y;l and A\p = Ap. With these nota-
tions in place, we define y; € H as

yi = (i 1d+A;) "Dz, Yie{l,...,n} (7
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4  Generalized Primal-Dual Resolvents

which gives
Zi+l :BiZi+Ciyis Vle{],,l’l}

and for clarity we note that B; € Réiw1xdi €. ¢ Rdi=X! and D; € R™4i for all i €
{1,...,n}. Unrolling this iteration gives

i-1 ~ .
i = B(l 1).. 1Z+Z B(, .. (]+1)C]yl’ Vle{l,...,l’l+l}

where Ea...b = EaEa—l ... Eb and Ea___b = [ if a < b where I € R%*db g the identity
matrix. The expression for y; in (7) can then be rewritten as

i-1 ~ ~

l; ly,+A,yl3DB(l 1.. IZ+Z DB(l 1.. U+1)CJyJ’ ViE{l,...,l’l}.

If we define N; = 51'3\(,',1)”.1 S Rle, li,j = _Eig(ifl)...(iﬂ)éj € R for j<i and
rearrange this expression we get

i —~
Zj:l l[’jyj +A[y[ > N;z, Vie {1,. . .,l’l}.

If we define y = (y1,...,y,) € H", the lower triangular matrix L € R™" with ele-
ments L; ; = /; ; for all j <i and the matrix N € R"*¢ whose ith row is given by N,
this can be written as Ly + 44,y 2 Nz or equivalently

y=(L+44,) " 'Nz=(M+®4,) ' Nz

where M = L —T,. Since the diagonal elements of M are M; ; =[; ; > 0 and [; ; = 0 if
and only if i € F we can from Definition [#.2] we conclude that M is a p-kernel over
AL and the single-valuedness of (M + @, ,,) then follows from Proposmon.

Finally, if we define the matrices U = I — Bn 1 €R¥¥d and V e R*" where the
Jjth column of V is given by Bn__.(,+1)C. we can write the expression of z,,4+1 as

Taz=zp41=2-Uz+Vy

which shows that (p, M,N,U,V) is a representation of 7). O

Next we prove that a representation of a frugal splitting operator needs to satisfy
certain range and kernel constraints.

LEMMA 4.5
Let (p,M,N,U,V) be a representation of a frugal splitting operator over AL with
pe{l,....n}\F, then

(i) ker [N -M| 2ker[U -V|,

(ii) ranU 2 ranV.
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Proof. LetT(,: H — H be a frugal splitting operator over AL with representa-
tion (p,M,N,U,V). Furthermore, let K : { — 9H be a bounded linear skew-adjoint
operator, and let v € H be such that Kv # 0 and hence v # 0. Such an operator K
and point v exist due to the dim# > 2 assumption.

We show the necessity of [(1)| by providing a counterexample. In particular we
will show that if Uz —V$ = 0 while N2 — M$ # 0 for some % € R¢ and § € R", we
can always construct some operator tuple A € AL such that the fixTy # 0
zer )", A; # 0 equivalence of Definition leads to a contradiction.

Assume £ € R? and § € R” are such that Uz —V$ = 0 but N2 — M$ # 0. Then
2= v,...2qv) e H  and y = (v1,...,yn) = (P1Vs..., Ppv) € H™ are such that Uz —
Vy =0 and Nz— My # 0. Define (ay,...,a,) = Nz— My # 0 and note that all of
ai,...,a, are parallel tov. Let [ € {1,...,n} \ {p} and define A = (Ay,...,A,) € AL
where

K(x—yp)+ap=2jeq1. ..apipyyi ifi=p,
Aix=yy—-K(x-y,—a) ifi=1,
Vi otherwise

for all x e H and all i € {1,...,n}. Note, both K and —K are maximally monotone
since K is skew-adjoint and hence is A; maximally monotone for all i € {1,...,n}.
The primal-dual operator @4 , of this tuple evaluated at the y specified above satis-
fies

Nz—-My=(ay,...,a,) €Papy andhence y= (M+<15A,p)_1Nz

since (M + cDA,p)’l is singe-valued by Deﬁnition We then have Tpoz =z-Uz+
Vy and since Uz —Vy = 0 by assumption we have T4z = z and fixT4 # 0. Defini-
tion then implies zer }}""_; A; # 0 and since

n
Zi:l Aix=a,+Ka
for all x € H must Ka; = —a,. Since a;, and q; are parallel to v there exist 4,,,4; €
R such that a;, = A,v and a; = A;v. Furthermore, since K is skew-adjoint—hence
(Kx,x) =0 for all x € H—must
0= (Kaj,ar) = (~ap,ay = (~,v,;v) = =, |v||*
and since v # 0 is at least one of 4, and A; zero. In fact, both must be zero since
—Apv =—a, =Ka; = 4Kv
and both v # 0 and Kv # 0. This means that a,, = a; =0 but, since [ € {1,...,n}\ {p}

was arbitrary, we must have a; = 0 for all i € {1,...,n} and hence (ay,...,a,) =0
which is a contradiction. This concludes the necessity of
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For the necessity of let y = (y1,...,yn) € H" be arbitrary and define B =
(B1,...,By) € ﬂ,f where

Bix = {x—yp+yl~ %fiip,

x=2y; ifi=p
for all x € H and all i € {1,...,n}. These operators satisfy {y,} = zer}."" , B; and
{y} =zer®p ;. Since T(,) is a frugal splitting operator we must then have 0 # fixTg.
Let z € fix T, (5) then implies the existence of some y’ € H¢ such that Uz —Vy’ =0
and Nz—-My' € g ,y". But,implies that 0= Nz—- My’ € p ,,y" and hence must
y' €zer®p , ={y},ie., y’'=yand Uz = Vy. Since the choice of y is arbitrary this
implies that for all y € H" there exists z € ¢ such that Uz = V'y which then implies
the existence of 2 € R? for each y € R" such that UZ = V3, i.e., ranU 2 ranV. This
concludes the proof. O

Finally we prove that any representation that satisfies the constraints of the pre-
vious two lemmas represents a frugal splitting operator.
LEMMA 4.6
Let (p, M,N,U,V) be the representation of a generalized primal-dual resolvent
where
(i) M is a p-kernel over ﬂf,

(ii) ker [N —M] Dker[U -V],

(iii) ranU 2 ranV,
then the generalized primal-dual resolvent is a frugal splitting operator over AL .

Proof. Let T(,: H¢ — H9 be a generalized primal-dual resolvent over AL with
representation (p, M,N,U,V) and let A € ﬂ,f . For each z € H¥ there exists yeH"
such that
y=(M+®,,) Nz,
Tpoz=7z-Uz+Vy

Nz—My e Dy py,
Uz—=Vy=2z-Taz.

Consider Definition If z € fixTy, then Uz—Vy =0 and implies 0 =
Nz—-My € @4,y and hence y € zer®, ,, # 0. This proves the right implication
of Definition [3.1j(1)|

For the left implication of Definition [3.1{i)] let y* € zer@y ,,. Then((iii)| implies
that there exists z € H¢ such that Uz — Vy* = 0 and|(ii)|then implies Nz — M y* = 0.
Since y* € zer®@, , we then have 0= Nz—My* € @4 ,y* and z and y* then satisfy
which proves that z € fixT4 # 0.

To show that Definition [3.1{(i1)| is implied by item [(1)] we first introduce some
notation. Let V; € R?¥! denote the ith column of V, N; € R'*4 denote the ith row of
N, and /; ; denote the i, j-element of the matrix L = M +I,. Define the matrices

or equivalently { ®)

— T —

Bi=[ 1 | I ] 0| 0], B=[I-U|] 0 | I | 0 |
N~ Y~ Y—— —— —— Y Y Y——
Rdxd Rdxd Rdxd Rdxn Rdxd Rdxd Rdxd Rd*n
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and B; = I € RG4+mx3d+n) for all j € {2,...,n— 1} where I and 0 denote identity
and zero matrices of appropriate sizes, respectively. Further define the matrices

C=[ 0 | 0 |ViT|0...010...0]T forallie{l,...,n—1},
—— N—— S—— N——

RIxd Rixd RIx@E-1) RIx(n-i)

Di=|[ 0 [N O |~lyy---—lp| forallie{2,....n}
S~—— S~——
1xd Rlxd

6,, =V, and 51 = N;. Now, for z; € H? define
zis1 = Bizi+ Ci(l;  1d+A;) ' Diz;

fori e {l,...,n} where A= Al._1 forallie{1,...,n}\{p} and Xp =Ap. By following
the same procedure as in the proof of Lemma[4.4] starting at (7)), it can be verified
that z,,4+1 = Taz; if|(1)| holds. Furthermore, by reversing the arguments in the proof
of Lemma [4.4] that led to (7)) we can conclude that there exist real matrices B;, C;,
D; such that

. BiZi+CiniAi D;z; ifi¢F,
il Bizi + C;A;D;z; ifieF,

for all i € {1,...,n}. This proves that Definition holds. ]

5. Representation of Frugal Splitting Operators

The following representation theorem summarizes the results of Section .1}

THEOREM 5.1
Let Fc{l,....,n}andp€{1,...,n}\F. An operator T y: HY — H? parameterized
by AL is a frugal splitting operator over AL if and only if it is a generalized primal-
dual resolvent with representation (p,M,N,U,V) where
(i) M is a p-kernel over ﬂ,f,

(ii) ker [N —M] 2ker[U -V],

(iii) ranU 2 ranV,
and M e R™", N e R™d, U e R4 and V € R,

Proof. Follows directly from Lemmas [4.4]to O

Note that we require F to be a strict subset of {1,...,n} which implies there al-
ways exists p € {1,...,n} \ F. It is also worth remembering that it is assumed
that dimH > 2. However, this assumption is only ever required for the proof of
Lemma[4.5]and, since this lemma only concerns the “only if”” part of Theorem [5.1}
the sufficient conditions are not affected. Hence, any representation (p, M,N,U,V)
that satisfies Theorem [5.1] yields a frugal splitting operator in the dimH < 1 setting
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as well and all examples of frugal splitting operators in this paper are frugal splitting
operators regardless of the dimension of /. We have succeeded in finding replace-
ments for the counterexample in the proof of Lemmaf4.5|that require dim H > 2, but
not without relaxing some other assumption. For instance, when dimH = 1 we have
been able to construct sufficient counterexamples if we instead of single-valued op-
erators allow for at most single-valued operators in the tuples of AL . However, this
relaxation complicates questions regarding the domain of our generalized primal-
dual resolvent and we believe the dimH = 1 case is of too limited practical interest
to warrant these complications. Similarly, the trivial dimH = 0 case is also not
worth handling.

The fact that the primal-dual operator appears directly in the representation and
one only needs to consider simple range and structure constraints of a handful of
matrices makes the representation easy to work with, see for instance Sections|§to(§]
where we analyze general splittings and construct a new splitting. The representa-
tion also makes the relationship between fixed points of a splitting and solutions
to clearly visible, something we will illustrate in the remainder of this section.
There we will also discuss and illustrate different properties of the representation,
such as how the step-sizes and parallelizability of the forward and backward eval-
uations are encoded. We will also demonstrate an approach for deriving a repre-
sentation of a frugal splitting operator and provide an alternative factorization of a
representation (p, M,N,U,V).

5.1 Alternative Factorization

Theorem|5.1] gives conditions on all four matrices of a representation (p,M,N,U,V).
However, it turns out that these conditions make the kernel M uniquely defined
given N, U and V. This leads to the following corollary which will be useful both
in the examination of minimal lifting in Section [6]and in the convergence analysis
in Section[7l

COROLLARY 5.2
Let F c{l,...,n} and p € {1,...,n} \ F. A generalized primal-dual resolvent with
representation (p,SUP,SU,U,UP) where U € R¥4 S € R™4 qnd P € R™" is a
frugal splitting operator if

(i) SUP is a p-kernel over &Z(,f,

(ii) ran P C (kerU)* and ker S 2 (ranU)™ .
Furthermore, for any frugal splitting operator over AL with representation
(p,M,N,U,V) that satisfies Theorem there exist matrices S € R™4 and P € R
such that M = SUP, N = SU and V = UP and the conditions((i)and((ii)|are satisfied.

Proof. 1t is straightforward to verify that a representation (p,SUP,SU,U,UP) that
satisfies the conditions of the theorem satisfies the conditions of Theorem [3.1] and
hence is a representation of a frugal splitting operator over AL .

Assume T(.y: H 4 _ 4 is s frugal splitting operator over AL with representa-
tion (p, M,N,U,V) that satisfies Theorem The theorem states that ranUU 2 ranV
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and Lemmathen proves the existence of a unique P € R with ran P C (ker U)*
such that

V=UP.

Theorem also states ker [U —V] C ker [N -M ] and Lemma yields the
existence of a unique S € R"™*¢ with ker S D (ran [U —V] )t such that

N=SU and M =SV=SUP.

However, since ranU D ranV we have ran [U —V] =ranU, this concludes the
proof. O

We provide a similar factorization in Proposition [6.5] that is perhaps more useful
when constructing new splittings since it does not require finding matrices S, U, and
P such that SUP is a p-kernel. However, unlike Corollary it is not guaranteed
that all representations of frugal splitting operators have a factorization of the form
in Proposition [6.5]

5.2 Solution Map and Fixed Points

The following two propositions reveal the relationship between fixed points of the
splitting operator and solutions to the monotone inclusion problem for any frugal
splitting operator. They also clarify why there is no need to assume the existence of a
solution map in Definition[3.T]since there always exists a map that maps fixed points
of a frugal splitting operator to solutions of the monotone inclusion problem (T).
Furthermore, we see that this solution map is always evaluated within the evaluation
of a frugal splitting operator itself.

PROPOSITION 5.3

Let Ty: H 4 — H? be a frugal splitting operator over AL with representation
(p,M,N,U,V) that satisfies Theorem If 7 €fixTy for A € ﬂ,f, then there exists
Y15+ +>Yn) € H" such that

D1y syn) = (M+<1§A,p)_1Nz czer®s, and y,€ Zerzlil A;.

Proof. Let A € AL and 7 € fixT,, Definition |4.1 then gives the existence of y =
(¥1,--.»yn) € H" such that

NZ—My S q5A,,,y,

y=(M+®,,) Nz,
Uz-Vy=0

or equivalentl
z=z-Uz+Vy 9 y {

Since Theorem [5.I[iD)] holds, Uz — Vy = 0 implies Nz— My = 0 and hence y €
zerdy . That y, € zer 31" A; follows from the equivalence between the primal-
dual problem (3) and the primal problem (T}. i

130



5 Representation of Frugal Splitting Operators

PROPOSITION 5.4
Let T(y: He — H9 be a frugal splitting operator over AL and let (p,SUP,SU,
U,UP) be a representation of Ty that satisfies Corollary With A € AL, the set
of fixed points satisfies

fixTa 2 Pzer®y

where Pzer®, , = {Py | y € zer Py, }. Equality in the inclusion holds if and only
if U has full rank.

Proof. Let A€ AL and y € zer®,4 ,. We then have 0 = SUPy — SUPy € @4 ,,y,
or equivalently y = (SUP +®, ,)"'SUPy, since (SUP + P, )" is single-valued
due to SUP being a p-kernel over AL, see Proposition By letting z = Py in the
definition of the generalized primal-dual resolvent we conclude that

y=(SUP+®,4,) ' SUPy,
TaPy = Py—U(Py-Py) = Py,

which implies that Py € fixT4. Since y € zer®,4 , was arbitrary we have fixT4 2
Pzer®y .

Assume U does not have full rank. Then, there exists z € < such that Uz = 0
and z # 0. Since ran P C (kerU)* by Corollary there exists no y’ € H" such that
z =Py’ and hence Py +z ¢ Pzerd, ), since y € zer®, ,. However, we have

y=(SUP+®,4,) 'SUPy = (SUP+®, ,) ' SU(Py +72),
To(Py+2z)=Py+z-U(Py+z—-Py)=Py+z,

and hence Py +z € fixT4. The equality fixT4 = Pzer®,4 ,, can therefore not hold if
U does not have full rank.
Assume U has full rank. Let z € fix T4, then there exists y € H" such that

SUz—SUPy € Dy py,
U(z—Py)=z-Taz=0.

However, since U has full rank, this implies that z = Py and that 0 = SU(z - Py) €
®4,py and hence that y € zer®, ), and z € Pzer®y . Since z € fixT4 was arbi-
trary we have fixTy C Pzer®, , and the opposite inclusion from before then gives
equality. O

5.3 Evaluation Order and Parallelizability

The order of the evaluations of the different operators is specified in a frugal splitting
operator, Definition [3.1] However, the definition only states that it should be pos-
sible to compute the frugal splitting operator using this order, it does not exclude
the possibility of computing the frugal splitting operator with some other evalua-
tion order or with some of the evaluations being performed in parallel. Especially
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the ability of performing forward and/or backward evaluations in parallel is of par-
ticular interest since it can allow for distributed or multithreaded implementations.
Fittingly, how one operator evaluation depends on previous evaluations is directly
encoded in the kernel. It is therefore straightforward to both identify and construct
parallelizable kernels, something we will use in Section[§|where we construct a new
parallelizable frugal splitting operator with minimal lifting.

If we define L = M + I, for a representation (p,M,N,U,V) of a frugal splitting
operator over AL we can write the inverse used in the generalized primal-dual
resolvent as

(M+®4 ) = (L+44,)7"

Since M is a p-kernel, we know from Definition 4.2] that L is a lower triangular
matrix and then (yy,...,y,) = (L +AA,p)‘1(zl,. ..,Zn) can be computed with back-
substitution,

o i1
yi = (Li i 1Jd+A;7"Y Nz - jzlLi,j)’j) &)

for i # p while if i = p then Al.‘1 is simply replaced by A;, see the proof of Propo-
sition [4.3) for more details. It is clear that the strict lower triangular part of L, L; ;
for j < i, determines the dependency on the results of previous forward or backward
evaluationsﬂ Hence, if for i € N and some j < i the element L; ; = 0, then the ith
evaluation does not directly depend on the result of the ith. If the ith evaluation does
not depend on any other evaluation that depends on the jth evaluation, then the ith
and jth evaluation can be performed in parallel.
For example, if we take the 4-kernel over A iz} as

- o O

whichyields L=M+TIy=

O = -
o= O O
—_— = =
—_—— O O
o= O O
— O O O

1
1
0
-1 0
we see that, in any frugal splitting operator with this kernel, the second evaluation
directly depends on the first; the third depends directly on only the second but de-
pends indirectly on the first; the fourth is independent of the third, depends directly
on the second and depends indirectly on the first. The second must therefore be per-

formed after the first while the last two must be performed after the second but can
be performed in parallel with each other.

3 The strictly lower triangular matrix L € R™" with elements L; j = 1 if L; ;j # 0 and L; ; = 0 if
L;,j =0 for j < i is the transpose of the adjacency matrix of the directed dependency graph of the
operator evaluations, i.e., the graph of n nodes where there is an edge from the ith to jth node if the
result of forward or backward evaluation of A; is used in the argument of the forward or backward
evaluation of Aj.
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5.4 Step-Sizes

It is possible to identify the resolvent step-sizes directly from the kernel. The inverse
in @I) fori # p and L; ; > 0 can be written as

(LiXd+A;") ™ = L (1d =T, ,4,).

From this we see that the diagonal elements of L act as step-sizes in the resolvents
of the frugal splitting operator and hence so do the diagonal elements of M since
L=M+T), and I, is skew-symmetric. Similarly we can conclude that Llj’lp or
equivalently M;}p is the step-size used in the resolvent corresponding to the primal
index. From Definition we know that a forward evaluation is performed on the
ith operator if and only if L; ; = M; ; = 0. Since they are zero, the diagonal elements
of the kernel corresponding to forward evaluations are therefore not step-sizes. In
fact, what would count as a step-size for a forward evaluation for a general fru-
gal splitting operator is ill-defined. The same evaluation could be used in several
different forward steps and we can therefore not point to a single scalar step-size.

5.5 Example of a Representation

The process of finding representations of frugal splitting operators is quite straight-
forward. Roughly speaking it is as follows: select a primal index; apply Moreau’s
identity to all backward steps that do not correspond to the primal index; explic-
itly define the results of the forward evaluations and backward steps; rearrange and
identify the primal-dual operator and the generalized primal-dual resolvent repre-
sentation. We demonstrate the process on the three operator splitting of Davis—Yin
[12] which encodes the zeros of A; + Ay + A3 where A = (A1,A3,A3) € 3{3{2} as the
fixed points of the operator

Tp =Ty a4 O(ZJyAl —-Id—yA; OJ7A1)+Id—JyA1 .

In order for fixed point iterations of T4 to always be convergent it is further required
that A, is cocoercive and that the step-size vy is sufficiently small. However, we leave
the convergence analysis of frugal splitting operators to Section

To find a representation, we first choose the primal index p in the representation
(p,M,N,U,V). Since it is required that p ¢ {2} we have the choice of either p =1 or
p = 3. We choose p = 3. Applying Moreau’s identity to the resolvents of A; for all
i # p (in this case only J, 4,) and defining the result of each forward and backward
step yields

yi=1d+y AT (v ),
y2 = Ax(z—yy1),

3 = (Id+yA3) " 2z —yy1) - 2= yy2)
Taz=y3+z—(z—yn).

133



Paper 1V.  Frugal Splitting Operators

Rearranging the first three lines such that we only have z on the left and y;, y, and
y3 and unscaled operators on the right yields

ze Ay +yy1,

z€ A3 o+,
Yy 'z€ Asys+2y1+ 24y ys
Taz=7vyy1+y3.

If we define y = (y1,y2,y3), we see that the first three lines can be written as

1 y 0 O vy 0 1
1 lzedazy+|y 0 0 |y=Pa3y+|y 0 1|y
y! 2 1 ! 1 0 !
and T4 can then be written as
y 0 1 1
y={ly 0 1 |+®Pas 1|z
1 0 y‘] y‘]

Taz=z-[1]z+[y 0 1]y.

From this we can easily identify the matrices M, N, U and V in the representation
(3,M,N,U,V) by comparing to Definition 4.1}

6. Minimal Lifting

DEFINITION 6.1—LIFTING
The lifting number, or lifting, of a frugal splitting operator T ): HE — HY over
AL is the number d € N,.

The lifting number represents how much memory, proportional to the problem vari-
able in @), is needed to store data between iterations in a fixed point iteration of
the splitting operator. For instance, if 4 = R" and we are trying to find a zero as-
sociated with A € AL with a frugal splitting operator with lifting number 3, i.e.,
Tiy: H3 — H?3, we need to be able to store a variable in R3V between iterationﬂ
For this reason, we are interested in finding lower bounds for the lifting number and
frugal splitting operators that attain these bounds.

41t is possible for the internal operations needed to evaluate the splitting operator itself to require
additional memory. However, since this is highly problem and implementation dependent, we do not
consider this.
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6 Minimal Lifting

DEFINITION 6.2—MINIMAL LIFTING
A frugal splitting operator T(y: HE — H? over AL has minimal lifting if d < d’
for all frugal splitting operators T(’ ) HY — HY over AL Furthermore, we say

that d is the minimal lifting over AL

The equivalent representation of a frugal splitting operator in Theorem [5.T]is useful
when it comes to examining this minimal lifting. In fact, a lower bound on the lifting
number is directly given by Corollary

COROLLARY 6.3
Let (p,M,N,U,V) be a representation of a frugal splitting operator T(.y: HY — HA
over AL that satisfies Theorem then

(i) d > rankU > rank N > rank M,

(ii) d >rankU > rankV > rank M.

Proof. Corollary states that there exist matrices S € R"*? and P € R¥" such
that M = SUP, N = SU and V = UP. The results then follow directly from the fact
that U € R%*¢ and that a product of matrices cannot have greater rank than any of
its factors. O

Since the kernel rank bounds the lifting number, it is of great interest how small the
rank of any valid kernel can be made, which leads us to the following definition.

DEFINITION 6.4—MINIMAL KERNEL RANK

A matrix M € R™" js a minimal p-kernel over AL if it is a p-kernel over AL and
rank M < rank M’ for all p-kernels M’ over AL . The minimal p-kernel rank over
AL is rank M where M is a minimal p-kernel M over AL

The existence of a minimal p-kernel over AL follows from the fact that rank M € N
for all real matrices and a p-kernel over ﬂf exists foralln > 2, F € {1,...,n}, and
pe{l,...,n}\ F. We can use the minimal p-kernel rank over AL and Corollary
to provide a lower bound on the minimal lifting number, but, this is not enough to
establish that that lower bound actually can be attained. For that we need to show
that it is always possible to construct a frugal splitting operator over A% from a
p-kernel over AL

PROPOSITION 6.5

Let F c {1,....,n} and p € {1,...,n}\ F. If M is a p-kernel over AL with rank M =
d and matrices K € R"™% and H € RY" satisfy ranK = (ker M)* and kerH =
(ran M)*, then (p, M,MK,HMK,HM) is a representation of a frugal splitting oper-
ator over AL with lifting number d. Furthermore, such matrices K and H exist for
all p-kernels over AL .

Proof. We first show that (p, M,MK,HMK,HM) satisfies the conditions in Theo-
rem
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Theorem is directly given by the assumption on M. Now, let x € R¢ and
y € R" be such that HM K x = HMy. Since ker H Nran M = {0}, this implies MKx =
My, which proves Theorem [5.1[iD)} For Theorem[5.I[iiD)} let y € R” be arbitrary and
let yl € ker M and y* € (ker M)* be such that y = yll + y*. Since ranK = (ker M)*,
there exists x € R4 such that y* = Kx and hence MKx = My*+ = M(y!l + y*) = My,
multiplying both sides with H from the left finally gives Theorem [5. Ii(ii1)}

Finally, let M be an arbitrary p-kernel over ﬂ,’? .Let rank M = d, then the kernel
M has d linearly independent columns and d linearly independent rows. Define
K € R™ such that the columns of K are d linearly independent rows of M and
define H € R¥" such that the rows of H are d linearly independent columns of M,
then ranK = (ker M)* and ker H = (ran M)*. This concludes the proof. O

With these results in hand, our main minimal lifting result can be stated and proved.

THEOREM 6.6
The minimal lifting number of a frugal splitting operator over AL is equal to the
minimal p-kernel rank over AL for arbitrary p € {1,...,n} \ F.

Proof. Let T(y: H 4 — 9 be a frugal splitting operator over AL with minimal
lifting and let p € {1,...,n} \ F. Theorem states that T(.) has a representation
(p,M,N,U,V) and Corollary then directly gives that the lifting d is greater or
equal to the minimal p-kernel rank over AL’ Proposition proves that d is equal
to the minimal p-kernel rank over AL since otherwise we could construct a frugal
splitting operator with smaller lifting. Since the choice of p € {1,...,n}\ F was
arbitrary and d is independent of p, the minimal p-kernel rank over A’ is the same
forall pe{l,...,n}\F. O

This theorem reduces the problem of finding the minimal lifting over A% to finding
the minimal p-kernel rank over AL". Furthermore, since Proposition proves the
existence results necessary for Theorem|[6.6|by construction, it provides a clear way
of constructing frugal splitting operators with lifting equal to the kernel rank. Hence,
even the construction of frugal splitting operators with minimal lifting can be seen
as a problem of finding p-kernels over AL with minimal rank. We will give an
example of this in Section[8]and end this section by making Theorem [6.6] concrete
by finding the minimal kernel rank over A% and the corresponding minimal lifting
results.

COROLLARY 6.7

Let n > 2 and F C {1,...,n}. The minimal lifting over AL is n—|F| if 1 € F or
n € F, otherwise it is n— 1 — |F|, where |F| is the cardinality of F.

Proof. Let M be a p-kernel over AL . It must have the structure

Li|1] 0
M=| = |1[,|-1]|¢€ R
* x| Ly
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where L; € RP=DXw-1) and 1, € RO=P*=P) gre lower triangular matrices and
I, > 0 is a real number. The symbols *, 1 and 0 respectively denote an arbitrary
real matrix, a matrix of all ones, and a matrix of all zeros, all of appropriate sizes
for their position. Since reordering columns and rows does not change the rank of a
matrix there exist matrices

Lilol1 | o+ | -1
M.=| = | Ly | = |eR™ and M,=|1|L | 0 |eR™",
x| =111, * | x| Ly

such that rank M = rank M, = rank M,..

Consider the first n — 1 columns of M,. Since L; and L, are lower triangular,
we see that the number of linearly independent columns is greater or equal to the
number of non-zero diagonal elements of L; and L. Furthermore, since the diago-
nal elements of L; and L, are diagonal elements of M, M; ; =0 if and only ifi € F,
and p ¢ F, there are at least n— 1 — | F| linearly independent columns among the first
n—1 columns of M., hence, rank M. >n—1—|F|.If 1 ¢ F then My ;1 = (L1)1,1 #0
and this bound can be attained by selecting the first column of M, parallel to the
last and putting zeros in all other positions that are allowed to be zero. If 1 € F then
M; 1 = (L1)1,1 =0 and the last column of M, is not in the span of the first n — 1
columns and hence rank M. > n—|F|. This bound is attained by putting zeros in all
positions of M, that are allowed to be zero. By considering rows of M, instead of
columns of M, we can analogously conclude that rank M, > n—1—|F|andifne F
(and hence My, ;, = (L2)n-p n-p = 0), then rank M, > n—|F|. These bounds are also
similarly attained.

Since rank M = rank M, = rank M, we clearly have that rank M > n—1—|F| and
if 1 € F or n € F then rank M > n— |F|. Choices of M that attain these bounds can
be constructed by reordering the rows and columns of the choices of M. and M,
that attain their respective bounds. The minimal kernel rank over AL is then clearly
n—|F|if 1 € F or n € F, otherwise it is n — 1 — |F|. The lifting result then follows
from Theorem ]

In the case of frugal resolvent splitting operators, i.e., ' = 0, this is the same lower
bound as the one found by Malitsky and Tam [23|]. When considering frugal splitting
operators with forward evaluations, i.e., F' # 0, this corollary uncovers an interesting
phenomenon where the minimal lifting depends on the evaluation order. A smaller
lifting number is possible as long as neither the first nor last evaluation is a forward
evaluation. This makes it clear why the three operator splitting of Davis and Yin, see
Section [5.5] achieves a lifting number of one while the corresponding methods of
Vii and Condat [10, 35] require a lifting of two. Davis and Yin’s method performs
the forward evaluation between two resolvent evaluations, while the Vii—-Condat
method performs the forward evaluation first.
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7. Convergence

We will now consider the convergence of fixed point iterations zx4+; = Tazx for
frugal splitting operators T{.y: H 4 — H4 over AF and A € AL From Corollary
we know that these iterations can, for each p € {1,...,n} \ F, be written as

SU(zk = Pyk) € Pa,p Yk
U(zk = Pyk) = 2k — 2k+1
(10)
for some matrices S € R4 P e R¥" and U € R4, In certain cases, this itera-
tion can be analyzed with existing theory. For instance, if S is symmetric positive
definite, P = I and U = 61 for some 6 € (0, 1], then this is an averaged fixed point
iteration of a resolvent in the metric given by the symmetric kernel SUP = 6S. How-
ever, for general frugal splitting operators, SU P is only rarely symmetric, especially
when considering frugal splitting operators with minimal lifting. In fact, a minimal
p-kernel can be symmetricf] only when n =1 or n =2, see the proof of Corol-
lary For this reason we will derive sufficient convergence conditions without
any symmetry requirements on the kernel under the following assumption.

{ Ve = (SUP+®y )" Uz,

or equivalently
Zker1 = 2k —U(zk = Pyk)

ASSUMPTION 7.1
Let A=(Ay,...,A,) € AL be such that the following hold
(i) zer " | A; # 0,
(ii) A; is Bi-cocoercive for alli € F.
For this A, define two diagonal matrices B € R™" and BT € R"™" where B; ; = B;
and BL. = ﬁi‘l foralli e F. All other elements of the matrices are zero.

Cocoercivity of the forward evaluated operators is a standard setting for proving
convergence of forward-backward like methods. However, there exist frugal split-
ting operators whose fixed point iterations converge under only Lipschitz assump-
tions on the operator used for forward evaluations. An example of this, that does not
have minimal lifting, is the forward-reflected-backward splitting [22].

Since inverses of cocoercive operators are strongly monotone, primal-dual oper-
ators for tuples that satisfy Assumption[7.Thave the following strong-monotonicity-
like property.

LEMMA 7.2
Let F c {1,...,n}, pe{l,...,n}\ F and let A € AL satisfy Assumption|7.1} then

(u=y,x=y) = lx=yllz

forall x,y € H" and for all u € Dppx, vEDY Y.

5 These symmetric minimal kernels correspond to the kernels used in the proximal point method and
Douglas—Rachford splitting, respectively.
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Proof. With some slight abuse of notation for set-valued operators, we first note
that for all x,y € H™ we have

(PApX—Dapy,x—Y)
=(dapx—dapy,x=y)+{Ipx—1Tpy,x=y)
=(dapx—Aapy.x—y)

,,,,,

where the fact that I, is skew-adjoint was used. For all i € {1,...,n}\ F, the operator
A; is monotone and so is Al.‘l, while for all i € F, A; is B;-cocoercive and hence Al.‘1
is B;-strongly monotone. Noting that p ¢ F by assumption and using these properties
yields

(Dapx=Papyx=y)z 3 Brllxy =yl = llx =yl 5

This property is used to derive our main convergence theorem.

THEOREM 7.3
Let F Cc{l,...,n} and let A € ﬂ,f satisfy Assumption Let T(y: HE — H pe
a frugal splitting operator over AL and let (p,SUP,SU,U,UP) be a representa-
tion of T(.y according to Corollary Let the sequences {zy }ren and {yi }xen be
generated by for this representation and some zy € H.
Consider the following conditions on a symmetric matrix Q € R4,

(a) I-1Ip)(PTQ-S)U =0,

(b) OQ>0and W >0,
where W = QU +(QU)T —=UT QU - L(PTQU - SU)' BT (PT QU - SU), I € R™" is
the identity matrix, and Ir € R™" is the diagonal matrix with (Ig);; =1 ifi € F,
otherwise (Ir); ;i = 0. If|(a)| holds, then

llzes1 = Pyllg <z = Pylig — llz — Pyellgy

forallk eNandall y € zer®y . If also holds, then
(i) zt —Pyr — 0,
(it) Pa,pyk 3 SU(zk = Pyk) = 0,
(iii) yk = y*,
(iv) zx = Py* € fixThy,
for some y* € zer®y ;, as k — oo.

Proof. Let Q € R4 be a symmetric matrix and let k € N. For arbitrary y €
zerd, ,, we have

llzks1 = PYIIG = llzx = Py = Uze = Pyi)llg,
= llzx = Pyllg + llzx = Pyicllgr oy = 2(QU 2k = Pyic)zk = Py).
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Insert Pyy — Py on the right hand side of the inner product to get
llzkr1 = Pylig = llzk = PYIIG + 12k = Pyiclifyr oy = 2¢QU (2 = Pyic)szk = Pyic)
—2(QU(zk = Pyr). Pyx — Py)
=z~ PYIE ~ 2k = Pyely s iouyr—ur ou
~2(P"QU(zk = Pyi).yi = ¥)-

From (T0) we know that SU(zx — Pyx) € P4 pyx and Lemma([7.2]then gives that

0 < (SU(zk = Pyi) v =) =y = yli3-
Add two times this inequality to the previous equality to get
||Zk+1 _Pyan < ||Zk _PyHZQ - ”Zk _Pyk||2QU+(QU)T_UTQU —2||)’k _y”%?
—2(P"QU(zik = Pyi), yk = y) +2(SU(zx = Pyi).yk = ¥)
= ”Zk _Py||2Q - ||Zk - Pyk'leU+(Qu)T_UTQU - 2||yk - y”]z}
~2((P" QU = SU)(zk = Pyi).y = y)-
Assume that condition[(a)]is satisfied, then PT QU - SU = I (PT QU —SU) and since
Ir = (2B)'2(3B%)'/?, we have
Izt = PYllG < Nz = Pylig = llzk = Pyiligy s couyr—ur ou = 21k =Yl
~2(@7'BY2(PTQU - SU)(ak = Py1).(2B) (v = ).
Using Young’s inequality then finally results in
2k = Pylig < llzk = Pylig =z = Pyelll v ovyr—ur ov
+1@7'BY (P QU - SU) i - Py (11)
= llz = Pyl = llz = Pyllsy

where W = QU +(QU)! - UT QU - 1(PT QU - SU)" BT (PT QU - SU), which proves
the first statement.

From here on we assume that (b)| also holds, which implies that both ||-||o and
|I-|lw indeed are norms on <. The k used in is arbitrary and the inequality
holds for all k£ € N. Adding the inequalities for k = 0,1,... implies

|z = Pyillfy — O,

which implies that [()] holds. Statement [(i1)] follows directly from [(0)] and (T0). In-
equality (TT) further implies

llzx1 = PYIIG < llzx = Pyl
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forall k e Nand all y € zer®,,, which in turn implies the boundedness of {zx }xen
and the convergence of {||zx — Pylle}k en forall y € zer®@, ;. These two facts along
with (D] and [(iD] will be used to prove[(iiD)} Statement|[(iv)|then follows directly from
the weak continuity of P and [(iiD}

For the proof of we will first show that {yx }xen is bounded and hence
has weak sequential cluster points. Then we will show that these cluster points are
in zerd®, , and lastly we will show that there is at most one cluster point. The
convergence yx — y* for some y* € zer®, j, then follows from [3, Lemma 2.46].

Since SUP is a p-kernel over AL, the operator (SUP + @, ,)"! 0 SU can be
evaluated using a finite number of vector additions, scalar multiplications, resol-
vents and evaluations of the cocoercive operators A; with i € F. All of these oper-
ations are Lipschitz continuous and hence must (SUP + Q5A,,,)‘1 o SU be Lipschitz
continuous, let us say with constant L. Furthermore, with y € zer®,4 ;, we have
y=(SUP+®,,) ' SUPy and

vk =yl = [(SUP +®4 ) 'SUz = (SUP +®4 ) ' SUPY|| < L||zx - Py]|.

As noted above, the sequence {zx}ren is bounded and hence {yi}ixen is also
bounded and has convergent subsequences [3} Lemma 2.45]. From the max-
imal monotonicity of @4 ,, see Section[Zf], and the weak-strong continuity of max-
imally monotone operators [3| Proposition 20.37] we can conclude that any weak
sequential cluster point of {y }xew lies in zer®4 .

What remains to be shown is that {y; }x<n possesses at most one weak sequen-
tial cluster point. Let {yx, }ien and {yx; }jen be sub-sequences such that yx, = a €
zer®, p, and Y, — bezerd, ). Since P as an operator on H" is linear and hence
weakly continuous, [(1)| implies that

Zk; — Pa and K = Pb.
Furthermore, {||zx — Pa||é}k e and {||zx — Pblle}k v both converge and hence
(z1.Pa~Pbyg = e~ PbI ~ iz~ Pally = HIPBIG + HPally — v
for some v € R. In particular, it means that
(zk;»Pa—Pb)y — (Pa,Pa—Pb)y =v = (Pb,Pa—Pb)y < (z;,Pa—Pb) .

This implies
0=(Pa—Pb,Pa—Pb), = ||Pa-Pb|;,

and hence Pa = Pb. Since y € zer®, ;, implies y = (SUP +®y4 ,) "' SUPy we have
a=(SUP+®,4,) 'SUPa=(SUP+®,,) 'SUPb=b.

This proves that there is at most one weak sequential cluster point. Hence, {yx }xen
converges weakly to some y* € zer®, p, i.e., holds. |
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Paper 1V.  Frugal Splitting Operators

A few remarks on this theorem are in order. The sequence generated by a fixed
point iteration of a frugal splitting operator that satisfies Theorem[7.3|is Fejér mono-
tone, see [ 3, Definition 5.1] with respect to Pzer®,4 ,, in the Hilbert space given by
(,o- This is true even for methods without minimal lifting such as momentum
methods, see Section We will in particular show that forward-backward split-
ting with Nesterov-like momentum where the momentum parameter is fixed satis-
fies Theorem and hence is Fejér monotone. Furthermore, we see that condition
[()]becomes stricter when the set F on which we make forward evaluations becomes
smaller. This puts stronger restrictions on the structure of the frugal splitting opera-
tor. For instance, if we assume that S, U and P are square and invertible and F = 0,
condition states that Q = (PT)~!S and hence (P7)~'S must be symmetric. In
other cases, we have more freedom in choosing Q > 0 such that@] of Theorem
is satisfied. It should also be noted that, although W > 0 is a quadratic expression in
0, it can be transformed to an equivalent positive definite condition that is linear in
Q by using a Schur complement, i.e.,

oUu+(U) -UTou UT(PTQ-S)!(1B")1/?

(ABHY2(PTQ-S)U I =0

W>0

where I € R™" is an identity matrix and (%BT)I/ 2 exists since it is a diagonal matrix
with non-negative elements. This makes the search for a matrix Q that satisfies
[(@)] and [(D)| a semi-definite feasibility problem that straightforwardly can be solved
numerically.

From the W > 0 of condition [(b)| we conclude that U must have full rank, oth-
erwise there exists a non-zero element x € R? such that Ux = 0 which implies
xTWx = 0 which is a contradiction. This is convenient since, given a frugal splitting
operator with representation (p, M,N,U,V) where U is invertible, it is easy to find
a representation of the form used in Theorem ie., (p,SUP,SU,U,UP). In fact,
this factorization can be expressed only in terms of the matrices N, U and V,

S=NU"' and P=U"'v,

which implies that M = NU~'V must hold for such a frugal splitting operator.
There are frugal splitting operators where U is rank deficient but their con-
vergence are of no interest. This is because they are either guaranteed to not
converge in general or they can be reduced to a frugal splitting operator whose
representation has a full rank U without losing any information. To see this, let
(p,SUP,SU,U,UP) be a representation satisfying Corollary [5.2)of a frugal splitting
operator T(.y: H? — H9. Let Il € R%“ be the projection matrix onto ran U7 —the
projection is here in the standard Euclidean R? space. The projection matrix on the
kernel of U is then II = I —II. Consider the fixed point iteration zx.; = Tazx for
some A € ﬂf and zo € HY. If we define z(! =1IIzp and zg = ﬁzg this fixed point
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iteration can be written as z; = z,! + z,f where

vk = (SUP+®4 ) ' SUZ!

k?
Z]!H = z,ﬂ —HU(z,! = Pyi),

Z]J(__'_l = Z]Jc_ _ﬁU(Z[! _PYk),

for all k € N. Without going into details, if ranU = ranU” then z;- = z forall k € N

and only the {z,! ten sequence is of interest. Furthermore, the {zl! }ren sequence
can be recovered from a fixed point iteration of a frugal splitting operator with
lifting equal to the rank of U. If instead ranU # ran U7 , it is always possible to find
an operator tuple A € AL and initial point zy € H4 such that z,|<| = 20, Z,J(' = —kc
and z = zo — kc for all k € N and some ¢ € H4\ {0}. Hence, {zx }xen will always
diverge for this choice of A and zg.

7.1 Applications of Theorem

Theorem recovers many well-known convergence results, for instance the re-
sults for forward-backward splitting [[17] [20]], Douglas—Rachford splitting [21], the
Chambolle-Pock method [8]], and the minimal lifting methods of Ryu [29] and
Malitsky—Tam [23]]. We will not present all these results here and settle for pre-
senting the result for the three operator splitting of Davis and Yin [[12]. We will also
present convergence conditions for the fixed point iteration of the forward-backward
operator with Nesterov-like momentum [4} [26]. To save space, we will not derive
any of the representations and simply state the primal index p and the matrices U, S
and P of a representation (p,SUP,SU,U,UP), see Corollary Similarly, for the
convergence results we just state the matrices Q and W of Theorem [7.3] Detailed
derivations of all the listed examples and more can be found in the supplement.

Three Operator Splitting of Davis—-Yin The three operator splitting of Davis and
Yin has already been presented in Section [5.5]but we restate it here,

Xk+1 = Xk —JyA] Xk +Jf},A3 O(2J7A] —Id—’yAz OlyA])xk

where xg € H,y >0and A= (A,A3,A3) € ,7[3{2}. The representation derived in that
section can be factored into a representation of the form (3,SUP,SU,U,U P) where

1
U:[l], S = 1_1 and P:[y 0 1].
04

To prove convergence, we choose Q = [7‘1] in Theorem and, assuming A sat-
isfies Assumption this results in 0 = (I — Iz)(PTQ - S)U and W = [),—1 - ﬁ]
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If y < 2f,, then xx — Py* for y* € zer®y4 3 and
Jya,020, 4, —1d—yAs 0Ty a )Xk =Ty A, Xk + Xks1 — Xk — X* € Zer Ay + A + A3

and hence also J, 4, xx — x*. This is the same convergence condition as the one
presented in [[12].

Forward-Backward with Nesterov-like Momentum A fixed point iteration of a
forward-backward operator with Nesterov-like momentum [26]] can be written as

Xer1 = Iy a, (X +0Cxx = xp—1) — Y A1 (X + 0(x% = Xx-1)))

for A >0,0€R, xg,x_1 € H and A = (A,Ay) € ﬂz{l}. In the proximal-gradient
setting, this is also the same update that is used in the FISTA method [4]]. Nes-
terov momentum gained popularity due to it achieving optimal convergence rates
in the smooth optimization setting. However, these faster convergence rates require
a momentum parameter 6 that varies between iterations, something the fixed point
iterations considered in this paper will not allow.

We remove the dependency on previous iterations by introducing an extra iterate
as

X1 = Jya, Xk + 0y —y A1 (xx + 0yk)),
Yi+1 = Xk+1 — Xk

where xo,yo € H. This is a fixed point iteration of the frugal splitting operator given
by the representation (2,SUP,SU,U,U P) where

1 0 1-6 6
U_[l 1}’ S_[y‘l(l—é’) ylo

0 1
and P_[O O]‘

The lifting number is two, which is not minimal, even though the kernel SUP has
rank one and is minimal. In fact, the kernel is the same as for the ordinary forward-
backward splitting. Theorem[7.3| with

4[1-0 6 - [1—9—&—61 9(1—7)]
= and W= ~ ~
0=y [0 Y a(1-7) a—60*%

where @ > 0 and § = 75~ > 0 yields the convergence of x; — x* € zer A; + A and

yi — 0 if A satisfies Assumption[7.T]and both Q > 0 and W > 0. It can be verified
that Q — W > 0 hence it is enough that W > 0 which is equivalent to

0’19y

0<a-6*% and 0<1-60-9—a- el

If we restrict these results to 6 > 0, these conditions hold with a = 629 + 6(1 — 9) if
2
0< 1—39—2%(9—1) )
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It is easily verified that this condition also implies the existence of an a > 0 that
makes Q > 0 and W > 0 even in the case when 6 = 0. In fact, it reduces to the
well known result 0 < y < 2 for ordinary forward-backward splitting. As men-
tioned before, if these conditions hold then Theorem [7.3] gives Fejér monotonicity
of {(xx, k) }kenw w.r.t. Pzerd, , = zer(A; + A2) X {0} in the norm ||-||o.

8. A New Frugal Splitting Operator With Minimal Lifting

We will now derive a new frugal splitting operator with minimal lifting. The ap-
proach we will take is the same as the one outlined in Proposition[6.5] i.e., we will
select a primal index p, a kernel M and matrices H and K and form a representa-
tion as (p, M,MK,HMK,HM). As long as the matrices satisfy Proposition the
resulting generalized primal-dual resolvent is a frugal splitting operator with lifting
equal to the rank of the kernel. Therefore, if we choose a kernel with minimal rank,
the resulting frugal splitting operator will have minimal lifting.

As noted in Section[6] the minimal lifting number of a frugal splitting operator
over AL depends on F. In particular, from Corollary we see that it is not only a
question regarding whether F is empty or not; the minimal lifting number depends
on the actual order of the forward and backward evaluations. For this reason, we
choose to construct a frugal splitting operator over AL where F is such that 1 ¢ F
and n ¢ F. Corollary|[6.7]then guarantees that the minimal lifting in this setting is n—
1 —|F| instead of potentially being n — |F|. To further simplify the setup we assume
that all the single-valued evaluations come one after another as F = {n—f,...,n—1}
where f = |F| is the number of single-valued operators.

THEOREM 8.1

Letn, f € N be such thatn > 2 and f <n-2. LetAz(Al,...,An)eﬂf where F =
{n—f,....on=1}if f>0and F=0if f =0. Let z; o € H foralli e {1,...,.n—1-f}
and

X1k =Jdaa, 21k,

Xik = JH—IAAi(Xl’k +9_12i,k) forallie {2,....n—1-f},
Xik = AAix1 K forallie {n—f,....n—1},
X = Z;lz,i_f Xjk+ Z;l f(Zj,k +0(x1 k= X 1))
Xnk = Jaa, (2x1k — 21k — X),
Zik+l = Zik —O(Xi k — Xn k) forallie {1,...,.n—1-f}

for all k € N wherey > 0 and 6 > 0. If A satisfies Assumption[7.1|and

gz::_fﬁ;l <2-6(n-1-f)

* n
then xp, — x* € zer ), A;.
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Proof. LetTy: H n=1=f — ¢{"=1-f be the generalized primal-dual resolvent with
representation (n, M, M K,HM K,H M) with the matrices

1
2

c Rnxn, K =|—1 Je Rnx(n—]—f)

|

e
et |k [ |

1
2

and H=0 3 nrl” | 77 e R(-1=f)xn
I

where 6 > 0, I € R"2-f X(n=2-f) ig the identity matrix, 1 are column vectors
of ones with appropriate sizes and empty blocks denote zero matrices. Note, the
third rows and columns vanish completely when f = 0 while the second rows and
columns vanish when f = n—2. The matrix M is an n-kernel over AL with rank
n—1- f, which is minimal, see Corollary Furthermore, these matrices sat-
isfy ranK = ranM” = (kerM)* and kerH = (ranH")* = (ranM)* and hence T},
is a frugal splitting operator by Proposition @ For later use we note that T,
also can be represented as (n,SUP,SU,U,UP) with U = HMK, S = MK(HMK)‘I,
P=(HMK) 'HM.

We first consider the case when A = 1, the general case when A > 0 will be
proved below. In this case, with zx = (21 ,k,...,2.-1-f k), We note that the update of
Zr+1 in the theorem can be written as

Zk+1 = Tazk.
It can also be verified that (y| t,...,Ynx) = (M +®@a )" MKz satisfies

YLk = 21k = X1,k>
Yik =21k +O0(X1 1 — Xi k) foralli e {2,....n—1-f},
Yik = Xik foralli € {n—f,...,n},

for all £ € N. Furthermore, if we choose

0=6" [ ! ] e RO1-)x(n=1-f)
I b

then I (PT Q- S)U = (PT Q- S)U where I is defined in Theorem and condition
[()] of Theorem [7.3]holds. Condition [(b) of Theorem [7.3] with this Q reads as

>0

0>0 and W=

[ 2—9(n—1—f)—%2?£i_fﬁ{1 ‘
1

1
0
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8 A New Frugal Splitting Operator With Minimal Lifting

which holds if and only if 6 > 0 and 4 5 20 _f,B '<2-60(n—1-f). In this case,
Theorem [7.3] gives the convergence of

Vs nk) = (V7 ym) € zer Py p

and X, = yux — Y €zer), A;.
Finally, consider the general case with arbitrary 4 > 0. We then see that the
update of the theorem can be written as

Zkv1 = Taazk

forall k e N where AA=(1Ay,...,A4A,). Since A; is B;-cocoercive for alli € F, /lA
will be 8;17'-cocoercive for all i € F and hence will AA satisfy Assumption
Applying Theorem [7.3] to this fixed point iteration with the scaled operator tuple
then gives the convergence of

(yl,k" . '7yn,k) - (y?" . ’yn) € ZCI'@/IA n

and X, = Yok — Y, €zer); AA; if 6 >0 and 5 Z"n' f,B‘ <2-0(n-1-Y).
This proves the theorem. O

Note that the relaxation factor 8 also occurs as a step-size scaling on some of the
resolvents, i.e., Jg-1,4, is evaluated for i € {2,...,n—1— f} while J 4, is evaluated
for i € {1,n} This was necessary in order to ensure convergence. We also see that,
in order to find a step-size that ensures convergence, 6 < # is needed, i.e., the
relaxation parameter must decrease with the number of operators. However, this is
counteracted by the fact that the step-size of most of the resolvents are scaled with
6~! and hence will also increase with the number of operators.

There are no step-size restrictions when no forward evaluations are used, f = 0.
Furthermore, we see that the step-size bound only depends on the sum of the in-
verse cocoercivity constants. This is natural since all forward steps are evaluated at
the same point and the results are simply added together. The update can therefore
equivalently be seen as evaluating A= 2 l_f A; instead of each operator individu-

ally and Aisa Oy _f B H~1_cocoercive operator.

8.1 Relation to Other Methods With Minimal Lifting

When n =3, f =1 and 6 = 1, this method reduces to the three operator splitting of
Davis and Yin, see Section[5.5] When n =3 and f =0, the method is closely related
to the three operator resolvent splitting operator of Ryu [29]. That method uses a
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frugal splitting operator that is calculated as (21,22) = T(a,, ,,45)(21,22) Where

x1 =Jaa, (21),

x2 =Ta, (22 +x1),

x3 =l (~z1 -2+ X1+ x2),
21 =271 +6(x3 — x1),
H=2+0(x3—x2)

and we see that, if we consider the unrelaxed case 8 = 1, then this update is the same
as our update in Theorem|[8.1] For other choices of 6, our proposed method differs in
that the step-size in the computation of x; is scaled with #~'. As noted by Malitsky
and Tam [23]], a straightforward extension of Ryu’s method to four operators fails
to converge for all 8 > 0 in some cases and we found this step-size scaling to be the
key that allowed us to establish convergence for n > 3.

In the case when f =0 and n > 2 is arbitrary, Malitsky and Tam [23]] presented
a splitting method which they proved had minimal lifting. It uses a frugal splitting
operator where (Z1,...,2n-1) = T(a,,....A,)(Z1,. .., 2Zn-1) is calculated as

,,,,,

x1=Jya,(21),
X =Jya, (zi —zic1 +xi21) foralli € {2,...,n—1},

Xn = yAn(_anl + X1 +xn71)a
2i=z,~+0(xi+1—xi) forallie{l,...,n—l}.

This method was later expanded to include forward evaluations in [2]] and the re-
sults of this paper prove that the method with forward evaluations also has minimal
lifting. One feature of our splitting operator is that it allows x;  to be calculated in
parallel for all i € {2,...,n—1}, which cannot be done with the Malitsky—Tam split-
ting operator since each resolvent depends on the previous one. However, it should
be noted that fixed point iterations of the Malitsky—Tam operator can be partially
parallelized with ...,x;_3 k+1,Xi k> Xi+2,k1,... being computable in parallel. Com-
paring the step-sizes of the two methods, the Malitsky—Tam method converges for
all 6 € (0,1) while our method requires that 8 € (0, %) i.e., our method requires a
smaller relaxation parameter for larger n. As mentioned before though, our method
actually increases the step-sizes for the resolvents of A,,...,A,—1 with n, which
might offset the decreasing relaxation.

Another method similar to ours in the f = 0 case is the method presented by
Campoy in [[7]. It is based on Douglas—Rachford splitting applied to a product space
reformulation of the finite sum monotone inclusion problem which results in a split-
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ting operator where (31,...,2,-1) = Ta(z1,. . .,Zn—1) is such that
B 1 n—1
X1 _JﬁAl(mzj‘:l ;)
xi =Jya,(2x1 = zi-1) foralli € {2,...,n}
2i:Zi+9(-xi+l_xl) forallie{l,...,n—l}.

This operator clearly has minimal lifting and its fixed point iteration converges for
all 6 € (0,2), y > 0 and A € A,,. As with our method, it is parallelizable and uses
an uneven step-size with the first resolvent using a step-size of % while the others
use a step-size of y. However, it does not appear possible to rewrite this splitting
operator as a special case of ours, or vice versa.

A similar approach to the one used by Campoy was also presented by Condat et
al. [11]] but restricted to the convex optimization case. They presented essentially the
same splitting operator as the one from Campoy but with a weighted average instead
of the arithmetic average in the first row. However, Condat et al. also applied more
schemes than just Douglas—Rachford splitting to the product space reformulation,
resulting in several different parallelizable splitting operators both with and without
forward evaluations. Most notably is perhaps a Davis—Yin based splitting operator
over ﬂ,{,Z} that is parallelizable and has minimal lifting, [11, Equation (212)]. Al-
though many of these methods are similar to ours, we again failed to rewrite either
our or any of their methods with minimal lifting as special cases of each other.

The biggest difference between this work and the works of Campoy and Con-
dat et al. is perhaps conceptual. While their parallelizable methods are based on
applying existing splitting operators to reformulations of the problem, we directly
search over all possible frugal splitting operators. Our search is of course in no way
exhaustive but is enabled by the representation theorem since it allows us to easily
work with the entire class of frugal splitting operators and nothing else.

9. Conclusion

We have presented an explicit parameterization of all frugal splitting operators. The
parameterization is in terms of what we call generalized primal-dual resolvents, and
we have provided necessary and sufficient conditions for a generalized primal-dual
resolvent being a frugal splitting operator. This allows for a unified analysis and
both minimal lifting and convergence results that are applicable to all frugal split-
ting operators. The minimal lifting results of Ryu and Malitsky—Tam were expanded
beyond resolvent splitting operators to general frugal splitting operators with for-
ward evaluations and we showed that the lifting number depends on the order of
forward and backward evaluations. We further presented a new convergent frugal
splitting operator with minimal lifting that allows for most of the forward and/or
backward steps to be computed in parallel. In the triple-backward case the method is
the same as the minimal lifting method of Ryu if neither method uses relaxation. The
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slight difference in how relaxation is introduced is crucial to extend Ryu’s method
to an arbitrary number of operators. In the double-backward-single-forward case
the method reduces to three operator splitting by Davis and Yin.
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Supplementary Material

Supplementary Material: Derivation of Representations
and Convergence Conditions

In this section we will verify the representations and convergence conditions for the
frugal splitting operators stated in the paper. For posterity we will also derive rep-
resentations and convergence conditions for a number of frugal splitting operators
not previously mentioned.

We will keep a consistent notation in each of the examples presented. For a
representation of a frugal splitting operator 7{.: H4 — H over AL, the goal is to
find matrices M, N, U, V such that

y=(M +@(.)’p)_1NZ,
Tiyz=2z-Uz-Vy

for some p € {1,...,n} and that Theorem is satisfied. Such a representation
(p,M,N,U,V) can always be factorized in terms of matrices S and P such that

M=SUP, N=SU and V=UP,

and where ran P C (kerU)* and kerS 2 (ranU)*, see Corollary The conver-
gence conditions of Theoremfor a fixed point iterations of 74 for some A € AL
that satisfies Assumption [7.1]is stated in terms of this factorization and can be writ-
ten as

0 >0,
(I-Ir)(PTQ-SU =0,
W =QU +(QU)" -UT QU - JU" (PTQ-8)"B"(PTQ-S)U >0
where Q is a symmetric matrix that needs to be found for each frugal splitting oper-
ator. When constructing new frugal splitting operators, we find it more convenient

to work with a factorization of the representation (p, M,N,U,V) in terms of matrices
H and K such that

N=MK, V=HM and U=HMK,

where ranK = (ker M)* and ker H = (ran M)™*, see Proposition This allows us
to first design a kernel and then easily find N, U and V that results in a first or-
der splitting. Furthermore, some of the frugal splitting operators will be presented
without step-size. A variable step-size can be added to these methods simply by

scaling the operator tuple in the same way as for our new frugal splitting operator
in Theorem 811

Forward-Backward
The forward-backward operator 17, [20] is

Tiay,45) = Jya, o(ld—yAy)
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where y >0 and A = (A},Ap) € ﬂz{l}. To derive a representation we choose primal
index p = 2. The next step would be to apply the Moreau identity to all backward
steps with index i # p but since there are no such backward steps we can directly
define the results of each forward and backward evaluation

yi =Aiz,
y2 = Id+yA) " (z—yy1),
Taz=y>.

We rewrite the first two lines such that the input is on the left and the result of all
forward and backward steps are on the right

ze Ay,
ylze Aayr +y1+y y,
Taz=y>.

If we define y = (y1,y2) € H? the first two lines can be written as

L] At o], [0 o, _[at 1], [0 1
y 2510 YT PP 0 AP T oyt

——— ————
Aa2 DPp 2
which yields
-1
0 1 1
ol o) L)

Taz=z-[1]z+[0 1]y,

and the matrices M, N, U, V in the representation (2, M,N,U,V) are then easily
identified by comparing to Definition 4.1 which yields

M:[g yll], N=[yll], v=[0 1] and U=[1].

1
S=1 _
[71

provides a factorization of this representation as (2,SUP,SU,U,UP). For the con-
vergence conditions, choosing Q = [y‘l] where [ is the 2 X 2 identity matrix it is

It is seen directly that

and P= [0 1]
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obvious that Q > 0 and we further have

a-texero-sw=a-iv || |1

=(I-1If) [_()]}
=0
and

W =QU +(QU)" -UT QU - JUT (PTQ -5 B (PTQ-S)U
_ _ _ -1 0] [-1
S Eal I ER B E BRI [ 1

-1_ 1
-]
The final condition for convergence is then W > 0 which yields the well known
result y < 28;.

Douglas—Rachford
The Douglas—Rachford splitting operator [21] is
Tia),Ar) = 31d+3(23y 4, —1d) 0 (2T, 4, —1d)

where A = (A1,A>) € A and y > 0. Consider the evaluation Z = T4, 4,)z for some
z € H. This can be written as

-xl = ’yAl 25
y2 =Jy4,(2x1 = 2),
£=352+3(2y2-(2x1-2)).

We choose the primal index to p = 2 and apply the Moreau identity to the first
resolvent,

i =daa (),
X1=2=YY,
v2 =Jy4,(2x1 = 2),
£=32+32y - (2x1-2)).
Eliminating x; gives
=04 (),
v2 =Jya,(z2 =2y ),
L=yt
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Using the definition of the resolvent yields

zeyyi+A7 y1,
ylze2yi+y v+ Aaya,
Z=z-z+yyity.

Regrouping such that @4, 4,)2 can be identified finally gives

z€[yyi +y]+[A7 Y1 -yl
ylze i +y 'yl +[A2y2 + 31l
Z=z-[z]+[yy1 + 2]

and we can identify
y 1 1
M= [1 'yl]’ N= [71], V=[y 1] and U=][1].
The representation can be factored as (2,SUP,SU,U,U P) where

S =

1
d P= 1].
y*] an y 1]

For the convergence conditions, choosing Q = [7‘1] yield Q > 0 and

U—IFXPTQ—59=(PTQ—S)=7_W¥]—[YL]=0
and

W=0U+(QU) -UToUu-Lu"(PTQ-8) B (PTQ-S)U
=0+0-0=0

and hence is W > 0, i.e., fixed point iterations of the Douglas—Rachford splitting
operator always converge.

Davis-Yin Three Operator Splitting

To find a representation of three operator splitting of Davis—Yin [[12],
Tta),A2.A5) = Jya; 0Q2Jya, —ld—yAz0Jyp)) +1d=Jy4, .

where y >0 and A = (A},A3,A3) € ﬂ3{2} we choose p = 3. Applying Moreau’s iden-
tity to the resolvents of A; for all i # p (in this case only I, 4,) and defining the result
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of each forward and backward-step yields

yi=d+y"'AT) (o),

y2 = Ax(z=yy1),

y3 = (Id+yA3) ' 2z —yy) —z=¥y2).
Taz=y3+z—(z—¥y1)

for all z € H. Rearranging the first three lines such that we only have z on the left
and y1, y» and y3 and unscaled operators on the right yields

z€ A7y +yy1,
z€ A3 o+,
y_lz € Azyz +2y; +y2+y_1y3,
Taz=vyy1+y3.

If we define y = (y1,y2,y3) € H> we see that the first three lines can be written as

vy 0 0 vy 0 1
1 {zedaszy+|y 0 0 |y=Da3y+|y 0 1 |y
y! 2 1 y! 1 0 y!
and T4 can then be written as
-1
vy 0 1 1
y={ly 0 1 |+®Pas 1|z
1 0 ,y—l ,y—l

Taz=z-[1]z+[y 0O 1]y.

From this we can easily identify the matrices M, N, U and V in the representation
(3,M,N,U,V) by comparing to Definition 4.1

y 0
M=y 0 1|, N=|[1], V=[y 0 1] and U=][1].
1 0 vy Y

This can be factored as (3,SUP,SU,U,UP) where

1
S=1|1 and P:[y 0 1].

’)/_1
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The convergence conditions are satified by Q = [y‘l] . We see that Q > 0 and

(I-Ip)PTQ-S)U =(I-Ir)(PTQ-S)

Y
=(I-Ip)|[y"|0|-]| 1
1 y‘l
=0
and
W =QU +(QU)" -UT QU - LUT (PTQ-85)" B'(PT Q- S)U
=0-3(P"Q-5"B (P'Q-5)
0
=[y']-4l0 -1 o]|-1
0

and W > 0if y < 26,.

Forward-Backward with Momentum on the Forward Step

Forward-Backward with momentum on the forward step [25] can be written as a
fixed point iteration of the frugal splitting operator

21 Joa,(z1 —yA121 +022)
Ta,,4,)(21,22) = (22) = ( r 52

wherey >0,0 e Rand A=(A,Ay) € ﬂz{l h Note, there are other frugal splitting op-
erators whose fixed point iteration are equivalent to this forward-backward method
with momentum. We claim that (2,SUP,SU,U,UP) where

10 | 0 0 1
U_[l 1]’ S‘[y—l(l—e) 7—19] and P‘[o o}

is a representation of this frugal splitting operator. To show this we first note that

0 1
0 1

0 1
0)/‘1

1 0 1 0 1 0
N=5U= [y‘l(l—ﬁ) y‘lé] [1 l] - [y‘l 7‘10]

V=UP=[ ], M=SUP=[ and

and

Nz—MyeCDA,gy,
Z2=z-Uz+Vy
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can then be written as

21—y € ATy -y,
Y (21 +022) -y y2 € Agya +y1,
Zi=a—-20+Yy,

L=n-u-n2tn
which after some rearranging gives

Y1 € Az,

21— yy1 +6z2 € (Id+yAz)y,,
21 =y,
L=y-2.

Rewriting the second line as a resolvent and combining the first and second gives

y2 =Jya,(z1 —yA121 +022),
21 =2,
2= Y2—2

which is exactly the frugal splitting operator above. For the convergence, if we
choose

16 e
0=y [9 0] + €

where € > 0 then

(z—zF)<PTQ—S>U=<I—1F>7‘1([(1) 8] [159 (|9|9+e> ‘[139 g])U

:(I—IF)V_I(L?Q 2]_[(1Z9) g])U
:(I—IF)[_OI 8] [} (1)]

o 3lf5

=0.
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Furthermore, we have
[1-6 6
| 0 6]+ €
4 1 0
[0+10]+e 0] +e€
a2 20+ 10| +€
Y 260+16l+€ 26| +e)
oot 1 0
Yolo 1[[o+161+€ [6]+e€
4 2 20+ 0] +€
120 +10|+€  2(10] +¢)
1+0+|0|+e O0+|0|+¢€
| 0+10|+€ 0] + €
_ al1-e-181-¢ 0
BRA 0 6] + €

1

QU+(QU) -U"QU =y | (1)+(QU)T—UTQU

+(ou) -uToUu

Il
=<
[\

and
-1 o][g" o]l[-1 o
11T pT_ N ptpT o _ -1 1
LUT(PT Q- SV BT (PTQ sw_z[o OHO OHO 0]
20
= -1 ZBI
i
which gives

W=0U+(QU) -UToU-Lu"(PTQ-8) B (PTQ-S)U

qft-6-16l-€ 0 | i[5 O
- 0 18] + € 0 0
- 1-0-10]-€~55 0

0 18] +€|”

The final condition for convergence is then Q > 0 and W > 0 which hold if

and 0<1-60-—2 —|0]—e— L.

0<1-6 ~ ToTe %

92
T 9]+
The first condition is clearly implied by the second since € > 0, v > 0 and §; > 0.
There exists € > 0 such that the second condition hold if

0<1-6-2/6] - 35

This is the same conditions as was derived in [24].
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Forward-Backward with Nesterov-like Momentum

The update of forward-backward with Nesterov-like momentum [4} 26]] can be seen
as the application of the following frugal splitting operator

21 Jya,(z1+ 6020 —yA((z1 +622))
T(AI,AZ)(ZI’ZZ) = (22) = ( rh 21 -7

where y > 0, 6 > 0 and A = (A1, Az) € A", As with forward-backward with mo-
mentum on the forward step presented earlier, there are other frugal splitting opera-
tors that also would yield a Nesterov-like momentum update. To derive a represen-
tation, we choose the primal index p = 2 and note that the frugal splitting operator
can be written as

y1 = A(z1 +022),

y2 = (d+yA) ™ (21 + 022 = yy1),
21 =y,

L=y-.

Inverting A; and Id +yA; yield

21+0zn € Al_lyl,

-1 -1 -1

Yy zi+y 0z2—y1 € Aayr+y v,
Zi=z—u+y
D=n-u-22+y.

Rearranging so that @4, 4,),2 can be identified gives
2146023 € [ya] + [A7 ' y1 - 32,
yla+y 0z ey il + [Aaya + 31,

21 =z~ [zl +[y2],
H=n-la+z2]+[n]

and we can identify

0 1 1 6 0 1 1 0
R R R

This representation can be factored as(2,SUP,SU,U,U P) where

1-6 0 0 1
S_[y‘l(l—e) y—le] and P—[O O]'
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For the convergence conditions we choose
q|1-6 6
4 0 a

0

where a > 0. This yields

0=(I-Ip)PTQ-S)U

0 0][1-6 o 1-6 6
— —_ -1 -
- IF)(y [1 OH 0 a] [w‘l(l—m y‘lﬂ})U
o a0 o [ 1-6 0
= ’F)(“V -0 0| [yla-0 ye|)Y
[-1+0 -0
_(]—IF)i 0 0}
[-1+0 —-0|[1 0
_([—IF)i 0 O][l 1]
-1 -0
=0
and
[1-6 6][1 0
oU+(U) -UTQU =y |1 a]l || v’ -utey
| 1 0 T_ T
=7 »0+a a +(QU) v
o 2 20+a| (1 1 1 o
Y 2640 22 |77 |0 1[|6+a a
_al 2 2044l  __[1+6+a 6+a
Y 2044 24 f+a  a
| 71—9—61 0
_’)/ 0 a
and
. -1 o][gt o][-1 -6
17T pT n_ o\ pi Ty _ =1 1
sUT(PTQ-S)"B'(P'Q S)U—z[_g 0]»0 oHo O]
_ i |-1 o][-1 -6
28 (-9 0O|]0 0
e
TBile 62|

162



Supplementary Material

Hence we have

W =QU+(QU)" -U" QU -1U"(PTQ-5)BT(PTQ-S)U

i[1-6-a @ 1[1 0

6 al 2Bi|o 92

_ a[1-0-9-a 6(1-%)
Yol oea-9) a-6%

where y = 27? It can be verified that Q — W > 0 and the final condition for
convergence—Q > 0 and W > O—then holds if W > 0 which is equivalent to

_ 09X (1-9)?

0<a-6*) and 0<1-0-9-a e

A New Frugal Splitting Operator with Minimal Lifting

We will here derive a frugal splitting operator with minimal lifting that serves as
the base of the algorithm in Theorem 8.1] This was also done in the proof of Theo-
rem [8.1] but we will here be more detailed and verify the matrix calculations more
carefully.

The frugal splitting operator will be over AL where F = {n— f,...,n—1} and
f =|F| and for notational convenience we let R = {2,...,n— f — 1} with r = |R|.
The representation of the new splitting is then (n, M,MK,HM K,H M) where

1
L 1 i
M= i g[ i ERan, K = 7L ER”X(1+r) and
I —
1 1 I
2| | 2517 |
H=0|_ZI 2+f 2+f | ¢ gU+rXn

I

where 6 > 0, I is the identity matrix in R™", 1 are column vectors of ones with
appropriate sizes and empty block denotes zero matrices. Since Proposition [6.5] is
satisfied by these matrices, the operator corresponding to this representation is a
frugal splitting operator. Let Ty : H (141) — {(+7) be this frugal splitting operator
and consider the evaluation of Z = T4z where A = (Ay,...,A,) € ?{f. This can be
written as

y=(M+®a,) MKz
Z=z-HMKz+HMy.

Using the definition of the inverse of M +®,4 , and writing out the matrices explic-
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itly gives
1 1 A7
1|1 1|1
: 91 ZE€ 7 01 y+ A‘ll y
1 20111 oA,
N T R TR
o1 [ 1 FARE

Setting z = (21,...,214r)s 2= (215 . ,214r), ¥ = (V1. .., y») and writing out the corre-
sponding equations for these matrix/operator expressions gives

z1 € (Id+A7 Yy,
2+ 5z €y +(51d+A7 )y, foralli € R,

ey +Aly foralli € F,

n—1
z1 €yt ijl yj +{d+An)yn,

21=(1-0)z1 +0(y1 +yn),
2 =—0z1+6(y +yn+%yi) foralli € R.

Rearranging each line yields

yi =(Id+A7) 'z,
yi = (1d+0A;") 1 (Olz1 - y1]+z:) foralli € R,
yi = Ai(z1-y1) foralli e F,

n-1

v = (1444 (a=yil= ) )

1=21-0[z1=y1]+ 6y,
i =yi—0[z1—y1]+6y, foralli € R.

2y D

Applying the Moreau identity to the first two lines and introducing variables x; for
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all x € {1,...,n} that contains the results of all primal evaluations yields

x1=(Id+A) "z,

xi = (Md+607"A) (21 =11+ 67 '2) foralli € R,
xi =Ai(z1—y1) foralli € F,
X = (Id+A,) " ([z1 - 1] —Z;:ll Vi)

Y1 =21 X1,

yi =0lz1 —y1]+zi —0x; = z; + 6(x1 — x;) foralli € R,
Vi =X foralli e F,
Yn = Xn,

Zr=z1-0[z1 = y1]+Oyn,

Zi=yi—0[z1 —y1]+ 0y, foralli € R.

Eliminate the y; variables gives

x; = (Id+A)) "z,
xi=1d+07"A) T (1 + 67" ) foralli € R,
X; = Aixy foralli e F,

x= Zjeij +ZjeR(Zj +60x1 = x;)),
= (1d+A,) " 221 — 21 - F),
21 =21 —0(x1 — xp),
2= 2i —0(x; — xp) foralli € R.
This concludes the derivations of the frugal splitting operator. To derive conditions

for convergence we need a representation of the form (n,SUP,SU,U,U P) and since
U = HMK is invertible this is easily calculated as

0 9—1
U=HMK = RUHPX(1+7) e RA+rIX(1+7)
[ 01 |1 ] © » U 17| € ’

1

P - U—IHM — |: 1 I 1 :| c R(l+r)><n’ S — MKU—] — 9—1 TL c R"X(I‘FV’)
1
Choosing
1
—g! R(1+r)><(1+r)
o= [H7:
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then results in

R A
(I-1p)PTQ-SU = (I~ 1p)| 67 |—-| 67" TL U
e 1|
[ e
I-1r)0"

U=t | [on [ 7]

(I_IF) T

= 0.

We further have

QU +(QU)" ~UTQU
=o' U+U"-U"D)

o[

e ([ 26 | 91T ] [ 92(n—1—f) Q;T ])

2] 1 o(L+r) | 17
_[12911]_[ 1 911]
[ 2-601+0) |
_[ 9-11]
and
_1T
LT 058" 050 =} -
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which, since 1 +r =n—1- f, results in

W =QU +(QU)" —-UT QU - 1UT(PT Q- $)B"(PTQ - S)U
_[ 2-6(1+r) | }_1[ Sier B | }
) FIRs |

[ 2-0(n-1-f)-3Ticr 57" | ]
ElA

We have Q > 0and W > 0 if 8 > 0 and

0<2-6(n-1-f)-1 ieFﬁ;l.

Minimal Lifting Method of Malitsky—Tam

Malitsky and Tam [23]] presented a frugal splitting operator over A,, with minimal
lifting, (21,...,2,-1) = Ta(21,- - .,Zn-1) Where

x1=Jya,(21),

i =Jya, (zi = zio1 + Xin1) foralli € {2,...,n—1},
Xn =Ty A, (=2Zn-1 + X1+ Xn1),
2 =2 +0(xie1 — Xi) foralli e {l,...,n—1}.

Similarly to the derivation of our new method with minimal lifting, we derive
a representation of this frugal splitting operator without any step-sizes, i.e., we set
¥ = 1 in the expressions above. As was done in Theorem [8.1} it is straightforward
to modify the resulting convergence conditions to include step-sizes. In fact, since
this frugal splitting operator has no forward evaluations, the convergence conditions
for fixed point iteration will not depend on the step-size. To start, we select primal
index p = n and apply the Moreau identity to the n — 1 first resolvents which gives

i =JA;1 21,

inJAL—_l(Zi—Zl’_l'f'.xl'_l) foralli € {2,...,n—1},
Yn =Ja, (=2n—1 + X1 + Xp_1),

X1=21=Y1,

Xi = Zi—Zil1+Xio1 — Vi foralli e {2,...,n—1},
Xn = Yn»

Zi =z +0(xip1 — x;) forallie{l,...,n—1}.
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Looking at the expression of x; fori € {2,...,n—1} we see

X2=2—21tX1—=y2=2—=Y1— )2

X3=23—2+tX—Y3=23—Y1— Y273

i

Xi =Zi = Zi-1 T Xi-1 = Yi = Zi _ijl Yj

which gives

i+1 i
Zi =z +0((zis1 — Zi:l yi)—(zi— Zj:l Vi) = 2i +0(Zis1 — 2 — Yit1)

forallie{l,...,n—2} and

n-1 n
Zn-1 = Zn-1+0(yn = (2n-1- ijl Yi)) = Zn1 +0(=zn-1 + ijl ¥j)-

Inserting these expressions back in gives

yl =JAII(Z1)’
i-1 )
yi =T ‘Zj:] ) forallie{2,...,n—1},
n-1
yn=Ja,(z1=n _ijl i)
2 =72—0(zi —2i+1) + 0(=Yit1) forallie{l,...,n—2},

n
Zn-1=2Zn-1—02n1 +HZ].:1 Yj-

From this we can identify the representation (n, M,N,U,V) as

1 1 1 0 1
M=|: s N:
1 - 1 1 1 0 0 1
1 0 0 1 1 0 0
and
1 -1 0 -1
1 -1 0o -1
U=46 , V=0
1 -1 -1
1 1 1 1 1 1
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where M € R N e RX(n=D) [ ¢ RO=Dx(n=1) gpq v g Rr=Dxn
Since U is invertible a factorization of the form (n,SUP,SU,U, U P) must satisfy

S=NU"' and P=U"'V

which gives

1 1 --- 1
1
b 1o 1
S=6‘_1 . : eRnx(n—l) and P=]|. . ‘ . eR(n—l)Xn.
1 1 1 1
1 1

The convergence conditions are then satisfied by Q = #7'I since
(I-Ip)PTQ-S)U=(S-SU =0
and
W =QU +(QU)" -UT QU - LU (PT Q- 5)B"(PTQ-S)U
=QU +(QU)" -U" QU
=o' (U+UT -UTD)

2 -1 1 1 -1
-1 2 -1 1 |
= —9 .
-1 2 -1 -1
-1 2_ -1 1 1
2 -1 ] 1 -1
-1 2 -1 -1 2 -1
= -0
-1 2 -1 -1 2 -1
-1 2 -1 2
2 -1
1
-1 2 -1 0
=(1-96) +6
-1 2 -1
-1 2 0

The tridiagonal matrix is Toeplitz and has eigenvalues 2 + 2cos(kn—”) for k €
{1,...,n—1}, see for instance [14], and hence Q > 0and W > 0 forall 0 < § < 1.
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Minimal Lifting Method of Ryu

Ryu [29]] presented a frugal splitting operator over ‘A3 with minimal lifting, i.e., the
lifting number is two. Let 7(-): H? — H? be this frugal splitting operator and let
A =(A1,A2,A3) € Aj;. The evaluation (21,2,) = Ta(z1,22) is defined as

x1=1Ja,(21),

x2 =Ja,(z2+x1),
x3=Ja(—z1 — 22+ X1 + x2),
Zi=2+60(x3—x1),

2 =722+0(x3 — x2).

To derive a representation of this we select the primal index p = 3 and apply the
Moreau identity to the first two resolvents,

yl :JATI(Zl)’
y2 =Jas1(zi+z2=y1)

v3 =Ja,(z1 =2y1 = y2),
21 =71—021+0(y; + y3),
2 =20-0(z1 +22) + 0(y1 + y2 + y3).

From this we can identify

1 0 1 1 0 0
M=|1 1 1|, N=|1 1], U:G[l 1 and V:O[l 1 ]
1 0 1 0

and (3,M,N,U,V) is then a representation of 7(.,. A factorization of the form
(3,SUP,SU,U,UP) needed for the convergence analysis is easily found since U
is invertible and is given by

Choosing Q = 671 yields

(I-1p)PTQ-S)U=(PTQ-U=(S-S)U=0
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and

W =QU +(QU)" -U" QU - LU" (P Q-5 B'(PTQ-S)U
=o' (U+UT -UTD)

-[F 2o al]i ]

—a-al; 3|+l |

and it is clear that the final conditions for convergence, Q > 0 and W > 0, hold if
0<6<1.

Minimal Lifting Method of Condat et al. and Campoy

Condat et al. presented a product space technique for reformulating finite sum con-
vex optimization problems as convex problems that can be handled with traditional
splitting techniques [[11} Parallel versions of the algorithms. Technique 1]. Cam-
poy presented in [[7]] an similar product space approach but for finite sum monotone
inclusion problems over A,,. Applying the Douglas—Rachford splitting operator to
these reformulations yields a frugal resolvent splitting operator for the original finite
sum problems and, since the product space reformulations have a lifting of n— 1,
so does the splitting operator and hence it has minimal lifting. The frugal splitting
operator T.y: H n=l — H =1 over AL resulting from Campoy’s approach is for
A=(Ay,...,A,) € A, defined as (21,...,2,-1) = Ta(z1,. . .,2n—1) such that

J 1 n—1
=l a G D %)

X; = )’Ai(le _Zi—l) foralli e {2,...,1’1}
2= 2i + O(Xip1 — X1) forallie{1,...,n—1}.

The splitting operator of Condat et al. is essentially the same but with a weighted
average instead of the arithmetic average being used in the first row. Below we
derive a representation and convergence conditions for Campoy’s splitting operator
but a similar representation for the splitting of Condat et al. can be analogously
derived.

We choose the primal index as p = n and apply Moreau’s identity to all other
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resolvents

_] n=1_1 n-l
V=t (5755 2 4)
yi=lia(y " 2x1-2i1)) forallie {2,...,n—1}
Yn = )/An(le - Zn-1)

1 n—1

X1 = mzjzl =l
Xi =2X1—Zi—-1 —YVi forallie {2,...,n—1}
Xn =Yn
2 =7 +0(xi41 —x1) foralli e {1,...,n—1}.

Eliminating the x; variables and rewriting the resolvents yields

n-1

yi=GEId+ATY G i z;)
_ _ n—1 2 .
yi = (yId+A7") 1(%Zj=1 2j = Zi-1— =5 )1) foralli € {2,....,n—1}
n—1

- _1,2y7! -
o =07 AT G DT =y e = )
n-1
2=z —6(z - ﬁZj:l 7)) +0(=-55y1 = vyic1) forallie{l,...,n—2}
n—1
Zno1 =2 -0 ijl 2) +0GE Y1 +Yn).

From this the matrices in the representation (n, M,N,U,V) can be identified as

.% 1
Tl 1
M=|: ,
2
i ot oy
1 1 1 1
3-n 2 2
1|2 3-n 2 2
N = . . - s
n—1 : . :
2 2 3-n 2
2 2 2 3-n
Y Y Y Y
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n-2 -1 .o =1 -1
-1 n-2 -1 ... -1
0
U: t.
n—1 )
-1 -1 n-2 -1
1 1 1 1
and
-1 1-n
-1 1-n
_ by
T -1
-1 1-n
1 n-l
%

where M € R N e R 7 ¢ R-Dx(n-1) apq v € RO=Dxn_ Notice that we
have

U_lzl -
0 1
-1 - -1 1

which makes it possible to factor the representation (n, M,N,U,V) as (n,SUP,SU,
U,UP) where

[0 1
-1 0 1
S — NU_I — é _1 c Rn)((n—l)
0 1
-1 1
y oy y oy
and
0 -1 vyl
0 -1 vy
P:U—lv:,y .'. ... E eR(}’l—l)XVl.
0 -1 y!
11 11 !

Notice that P = yST.
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For the convergence theorem we choose Q = yI where [ € RO=Dx(=1) 5 the
identity matrix. We then have PTQ =S and Q > 0 for all vy > 0, hence, it is enough
to show that W > 0.

W=UQ+UQ)" -U"QU
=yl U+UT-UTU)

n-2 -1 ... -1 0
» -1 n-2 -1 ... 0
=r7(( 3 ~U'D)
n—1
-1 . -1 n-=-2
0 0 0 1
n-2 -1 ... -1 0
» -1 n=-2 -1 ... 0
=y
n—1
-1 -1 n-2
0 0 1
n-2 -1 -1 0
-1 n-2 -1 0
6> )
_n—l . :)
-1 ... =1 n-2 0
0 0 0 1
n-2 -1 -1 0
-1 n-2 -1 0
_0(2-6)
~y(n—1
4 ) - . =1 n-=-2
0 0 0 1

and we see that W > 0 for all 8 € (0,2) and all v > 0.

Primal-Dual method of Chambolle—Pock

The primal-dual method made popular by Chambolle—Pock [§]] can be seen as a
fixed point iteration of the following frugal splitting operator over Ay,

21) _( Jea (21 —722)

T(A"AZ)(ZI’ZZ):(Q " oay 2+ 022 =)

Traditionally, this primal-dual method allows for composition with a linear operator
in the monotone inclusion problem but here we assume the linear operator is the
identity operator. Since our generalized primal-dual resolvent also makes use of a
primal-dual formulation, deriving a representation of this frugal splitting operator
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is particularly easy. First we choose the primal index to p = 1 since we already
have the first resolvent in primal form and the second in dual form. Introduce some
intermediate variables

yi =Jza, (21 —T22),

Y2 =Jpai (2 =021 +20 1),

1=y,

22=y.

Use the definition of a resolvent,

71— T2 € y1 +TAY,
-0z +20y €y +0 A o,
21=y1,
22 =y,

and rearrange to identify @4 |

iz -z e[ty =yl +[Ary1 + 2],
o' -z €[~y +0 T ]+ [AY v - il
Zi=z —[al+nl
2 =[]+ ]

From this we can identify

-1 - 1 0 1 0
M‘[—1 ot N ot Vo o ™ US| )
This representation can be factorized as (1,SUP,SU,U,U P) where
FL | 10
S_[—l ol and P= o 1l

If we choose Q =S we see that Q > 0if o7 < 1 and
(I-Ip)PTQ-SYU=PTQ-5=0-5=0
and
W=QU+(QU) -U"QU-LiU"(P"Q-5)" B (PTQ-S)U

=0+0-0
=S.

The convergence conditions with this choice of Q is then Q > 0 and W > 0 which
hold as long as § > 0, i.e., aslong as o7 < 1.
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Projective Splitting
In [16] it was noted that the update of a synchronous version of projective splitting

[9]] can be seen as a generalized primal-dual resolvent over (A, with representation
(n,M,M,0M,0M) where 6 > 0 and

1 e R™ ! is the vector of all ones, 7~ € R~ D*("=1 i5 a diagonal matrix with diagonal
elements 7;; = 7; for all i € {1,...,n—1} and 7; > 0 for all i € {1,...,n}. In the
projective splitting method the actual value of 6 in each iteration is calculated based
on the results of all resolvent evaluations but it is quite clear that the operator given
by (n,M,M,0M,0M) is a frugal splitting operator and we will show that fixed point
iterations with a fixed 6 converge for sufficiently small 6. With Tiy: H" — H"
being this frugal splitting operator, the evaluation of 2 = T4z for some z € H" and
A € A, can be written as

MZeMy+¢A,ny=(M+Fn)y+AA,ny
2=z2-0M(z—y)=I-0M)z+6My

which explicitly becomes

-1
Al
[ T 1 ] c [‘7’ . y
— Z —
-1" Tnl Tnl A’;ll
| An
. T 1 1
CE T | o T“}y
Setting z=(z21,---,2n)s 2 =(215---»2n)s ¥y = (V1,- - ., ¥n) and writing out each line gives

T2 +2n € (17 Id+Al._1)yi forallie {1,...,n—1},
n—1
T,;lZn - ijl 7 € (T;l Id+An)yn,
2i=2i—0(1izi + 20) + O(t;yi + yn) forallie{l,...,n—1},

_ n—1 _ n—1
fn == 0(1, 2~ Z,-=1 )+0 yu= Y V)

j=1
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Rewriting these equations using resolvents gives

yi=J 1z +17'z,) forallie{l,...,n—1},
n-1
Yn = JT,,An(Zn —Tn Zj:l Zj)’
2i =2 = 0(1izi + 70) + 0(T: i + yn) forallie{l,....,n-1},
_ n-1 _ n—1
in =2n _H(Tann _Zj=1 Zj)+9(7-n1yn _Zj=l yj)

Applying the Moreau identity and introducing variables for the primal evaluation
yields

xi:JT[A,-(TiZi+Zn) forallie{l,...,n—l},
n-1

Xn = JTnAn(Zn —Tn Zj:l Zj)s

)’i:Zi+Ti_IZn_Ti_1xi forallie{l,...,n—1},

Yn = Xn,

2i =2 —0(1i2i + 20) + 0(T:yi + Yn) forallie{l,...,n—1},

_ n-1 _ n-1
&= 20— 0(1; ' 20 —ijl 2j)+6(ty v - Zj:l i)

Eliminating y; for alli € {1,...,n} yields

xi:JTiAi(TiZi+Zn) forallie{l,...,n—l},
n—-1

Xn = J‘I'nAn(Zn —Tn Zj:l Zj)’

2i=7—0(x; — x) foralli e {1,...,n—1},

_ n-1 _ _ n-1 _
ﬁn =Zn _Q(Tnl _ijl T I)Zn +9(Tn1xn +Zj:l 7 1xj)'

To get convergence conditions we select Q = §~'T and factor the representations as
(n,SUP,SU,U,UP) where

U=6M, S=6"'1 and P=1
where I € R™" is the identity matrix. This results in

(I-1p)PTQ-SYU=PTO-YU=@O""1-6"'HU=0
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and hence
W =QU+(QU)" -U"QU-U"(P"Q-5)B"(PTQ-S)U
=o' U+UT-UTU)
=M+M" —oM™M

T 7 | -1 7 |1
=2 -6

7 7! } IO S T ]
LT | TP | T1-7
= 7 T;l ITT—T;llT ‘ T;2+n_1
|27 I T st
| ‘ 207171 17+ 117 ‘ -1, -n+1
—6?» 2077 -7 -11" | -T1+7,1
B I LA L PR N

For convergence it is required that Q > 0 and W > 0. As long as 6 > 0 then Q > 0
and it is clear that W > O for sufficiently small 6. If 7; = ‘r,jl forallie {1,...,n—1},
then W simplifies to

Qo' - Hr-11" |

w=07"
n ‘29_1—‘1';1—n+1

and W > 0 if
2

< ———.
n—1+1,;!

Note, although 7; appear as step-sizes in the resolvents it could be argued that they
are in fact not proper step-sizes since they appear outside the resolvents as well.
If we introduce y > 0 and apply this fixed point iteration to yA = (yAy,...,vA,)

instead we get the following fixed point iteration

Xi =Jya,(Tizi + 20) foralli € {l,...,n—1},
n—1

Xn = JTnyAn (Zn —Tn Zj:l Zj),

Z2i =2 —0(x; — xp) foralli€{l,...,n—1},

N _1 n—1 _1 _1 n-1 _1
Zn=zn—0(t, — ijl T )zn +0(1, X + ijl T X))
which converges for all y > 0, as long as the choice of 7; and 6 are such that the Q

and W above are positive definite. Hence, even if we might have to choose 7; and
small, the step-sizes in the resolvents can always be made arbitrarily large.
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Fixpunktsiterationer for
monotona inklusionsproblem

LUND Martin Morin

UNIVERSITET Institutionen for Reglerteknik

Populérvetenskaplig sammanfattning av doktorsavhandlingen Fixed Point It-
erations for Finite Sum Monotone Inclusions, november 2022. Avhandlingen
kan laddas ner fran: http://www.control.lth.se/publications

Matematik &r spraket som anvénds for att modellera virlden. I vardagen anvinder
vi modeller for att till exempel berikna restider utifran kiinda hastighetsbegrin-
sningar eller planera budgetar utifran utgifter och inkomster. Matematiska modeller
ir ocksa en av de frimsta grundstenarna inom manga ingenjors-, och forskningsfalt.
Med dem kan vi bland annat simulera deformationen av en bil under en krasch och
ddrmed bygga sikrare bilar och analysera storningar pa elnétet for att gora det mer
robust. Matematiska modeller dr verktyget som tillater oss forsta hur olika kvan-
titeter interagerar.

Med tiden har manga modeller blivit allt mer komplexa och detaljerade, sa
komplexa att de inte lingre gar att analysera for hand. Dagens ingenjorer och
forskare forlitar sig darfor pa datorer for att utfora sina berdkningar och utveck-
lingen av berikningsmetoder anpassade for implementation pa en dator har déarfor
blivit av storsta vikt. Denna avhandling fokuserar pa berikningsmetoder for att 16sa
en typ av problem som kallas monotona inklusionsproblem. Dessa problem é&r van-
ligt forekommande inom en rad olika filt sdsom statistisk analys, bild- och signal-
behandling, modern maskininldrning och design av optimala I6sningar, t.ex. hitta
snabbaste GPS rutten eller eller bista positionen av en Wi-Fi sdndare.

Aven i denna avhandling #ir modellering en grundsten som anvinds for att anal-
ysera och utforska dessa berdkningsmetoder. Med hjélp av modeller i form av fix-
punktsiterationer kan vi undersoka hur olika delar av en metod eller ett problem
péaverkar hur snabbt en 16sning kan berdknas. Detta kan lata oss 16sa problem snab-
bare och effektivare men gor ocksa det mojligt att designa nya berdkningsmetoder
1 hopp om att 16sa storre och mer komplexa problem. Modellerna kan dock siga
mer dn bara vad som dr mojligt, de kan ocksa séga vad som inte 4r mojligt med en
viss teknik eller typ av berdkningsmetod. Denna vetskap kan hjilpa ingenjorer att
inte slosa tid pa att forsoka gora det omdjliga och styra forskare till de omraden dir
nya tekniker behovs. Genom att bidra till forstaelsen for de berdkningsmetoder som
anvinds av dagens ingenjorer och forskare hjdlper avhandlingen till med att 6ppna
upp for morgondagens tekniska applikationer och vetenskapliga upptickter.
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