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Abstract. We propose a geometric framework to describe and analyze a wide array
of operator splitting methods for solving monotone inclusion problems. The initial
inclusion problem, which typically involves several operators combined through
monotonicity-preserving operations, is seldom solvable in its original form. We
embed it in an auxiliary space, where it is associated with a surrogate monotone in-
clusion problem with a more tractable structure and which allows for easy recovery
of solutions to the initial problem. The surrogate problem is solved by successive
projections onto half-spaces containing its solution set. The outer approximation
half-spaces are constructed by using the individual operators present in the model
separately. This geometric framework is shown to encompass traditional methods
as well as state-of-the-art asynchronous block-iterative algorithms, and its flexible
structure provides a pattern to design new ones.
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1 Introduction

Throughout, H is a real Hilbert space with scalar product (- | -) and 2% stands
for the power set of /. Our main focus is on the following monotone inclusion
problem.

Problem 1.1 Let M: H — 2% be a monotone operator, that s,
Vx e H)(Vy e H)(Vx* e Mx)(Vy* e My) {(x—y|x*=y")>0. (1.1)

The task is to find x € H such that 0 € Mx.

Monotone inclusion problems are intimately linked to the birth of nonlinear
analysis. They first appeared as a powerful models to establish existence, unique-
ness, and stability results for various nonlinear problems [87, 205, 239, 403, 405].
Over the past six decades, monotone inclusion models have penetrated almost
all areas of mathematics and its applications. Nowadays, Problem 1.1 mod-
els a broad range of equilibria in areas such as dynamical systems [2], ill-
posed problems [4], domain decomposition methods [6, 18, 21], circuit theory
[11,107, 108, 109, 211], machine learning [15, 149, 232, 382], evolution equations
[17, 70, 353], partial differential equations [29, 71, 123, 206, 304, 353, 406], sig-
nal processing [45, 144, 152, 318], image processing [47, 114, 153, 210, 311],
game theory [48, 57, 77, 98, 124, 189, 190, 203], network flow problems
[54, 92, 341, 342], equilibrium theory [73, 140, 296], mean-field games [80, 81],
control theory [83, 84, 101, 165, 356], data science [116, 148, 391], optimization
[131, 179, 215, 373, 374], statistics [141, 394], neural networks [147, 389, 395],
traffic equilibrium [158, 196], systems theory [162, 166], mechanics [194, 278],
optimal transportation [302], and minimax theory [335].

Early numerical solution methods to solve Problem 1.1 can be found in [12,
88, 89, 246, 262, 312, 354, 378, 379, 403, 404]. These methods are of the explicit
Euler type, meaning that, at iteration n, the update x,.; is determined by finding
a point in Mx,. An alternative method, which first appeared in [259] and then in
more detail in [339], is the proximal point algorithm, where the update is obtained
through the implicit relation x,, — x,,+1 € Mx,4+1. Such approaches have limited
potential since they can be directly implemented only in specific situations. For
instance, the Euler step methods of [88, 89, 90] impose certain properties on M and
asymptotically vanishing step sizes, which is detrimental to numerical stability and
speed of convergence. On the other hand, the proximal point algorithm requires
explicit expressions for the resolvent of M, which is seldom possible. In most
problems, however, M has a complex structure and it is typically expressed in
terms of monotonicity-preserving operations involving simpler operators. The
principle governing splitting methods is to devise algorithms in which each of



the elementary operators arising in the decomposition of M are used individually,
hence breaking up Problem 1.1 into tasks that are more manageable.

The first monotone operator splitting methods arose in the late 1970s and
were motivated by applications in mechanics and partial differential equations
[194, 209, 278]. The three main algorithms that dominated the field were designed
for problems in which

M=A+B, (1.2)

where A: H — 2" and B: H — 2™ are maximally monotone: the forward-
backward method [277], the Douglas—Rachford method [265], and Tseng’s forward-
backward-forward method [375]. In recent years, the field of monotone operator
splitting algorithms has benefited from a new impetus, fueled by the emerging
application areas mentioned above and their demand for solving efficiently increas-
ingly complex large-dimensional problems. Thus, duality techniques have arisen
to address composite models of the form

M=A+L"oBolL, (1.3)

where L is a linear operator from H to a Hilbert space G and A: H — 2%
and B: G — 29 are maximally monotone [76]. These techniques have been
further developed to devise splitting algorithms for the more structured model
[62, 145, 387]

14
M:A+2L;o(B,;1+D,;1)“0Lk+c, (1.4)
k=1

where each linear operator L; maps H to a Hilbert space G, and the operators
A:H — 2 By: Gr — 29, Dy G — 29, and C: H — H are maximally
monotone. Splitting algorithms for models which are more finely structured than
(1.4) have also been proposed as well as multivariate versions that capture coupled
systems of monotone inclusions; see [97] and the references therein. On a different
front, block-iterative algorithms, which allow for the activation of only a subgroup
of operators present in the model at a given iteration, have also been developed
[93, 97, 136, 237]. At the same time, a multitude of splitting algorithms tailored to
specific models have been elaborated. For instance, if A: H — 2" and B: H —
2H are maximally monotone and C: H — H is cocoercive, splitting algorithms
have been proposed in [161, 321] for the decomposition M = A+ B + C and in
particular in [79] if B: H — ‘H is Lipschitzian and in [249] if B: H — H is
linear and bounded.

Given the abundance of activity in monotone operator splitting techniques, it
is important to identify general structures and principles, as well as possible bonds



between algorithm design methodologies in order not only to simplify and clarify
the state of the art, but also to facilitate the developments of new methods in the
future. From the outset, fixed point theory has been a tool of choice to achieve this
goal. For instance, it has played an important role in the analysis of the proximal
point algorithm [248, 275, 339]. In [127], fixed point iterations of averaged oper-
ators were shown to provide a convenient framework to investigate the asymptotic
behavior of classical splitting algorithms such as the forward-backward, backward-
backward, Douglas—Rachford, and Peaceman—Rachford algorithms. Further ap-
plications of averaged operator iterations to design and analyze splitting methods
can be found in [82, 114, 137, 148, 154, 156, 161, 321, 322, 323, 348, 392]. Fixed
point modeling is also a central algorithmic development tool in recent works such
as [14, 79, 272]. In spite of these achievements, fixed point methods seem less well
suited to capture in simple terms the most flexible splitting methods such as the
block-iterative asynchronous methods of [93, 97, 136, 237], which were built using
geometric arguments. The purpose of the present paper is to provide a standardized
pattern for building and analyzing splitting methods around the following geomet-
ric framework. It comprises an embedding step, where the initial Problem 1.1 is
replaced by a more tractable surrogate inclusion problem in an auxiliary space X
from which the solutions to the original problem can be easily recovered. The
second step is an iterative process in which the current iterate is projected onto a
closed half-space that serves as an outer approximation to the surrogate solution
set.

Framework 1.2 Geometric algorithmic template for solving Problem 1.1.

(i) Embedding: Find a real Hilbert space X, a maximally monotone operator
M: X — 2%, and an operator J: X — H such that T (zer M) C zer M. We
call (X, M, J) an embedding of Problem 1.1.

(ii) Iterations:

forn=0,1,...
H,, is a closed half-space of X such that zer M c H,, (1.5)
X,+1 1S a relaxed projection of X,, onto H,,.

In optimization, the use of half-spaces as outer approximations to the solution
set goes back to the cutting plane methods of [121, 243, 258]; see also [250,
383, 402]. In monotone inclusion problems, modeling iterations as successive
projections onto separating half-spaces occurs in several papers [35, 125, 358,
359]. We aim at showing that Framework 1.2 is sufficiently broad and flexible to
encompass a wide array of existing methods while providing a template to create
new ones. It will allow us to derive in a unified fashion simple proofs of existing
convergence results. It will also make it possible to establish seamlessly strongly



convergent variants of these algorithms. The proofs we provide are new, and so are
some of the results.

The remainder of the paper is organized as follows. To make our presenta-
tion self-contained, Section 2 covers the necessary mathematical background on
monotone operator theory. It also contains various examples of maximally mono-
tone operators and a detailed history of the field. In Section 3, we present several
models for decomposing M in Problem 1.1. These decompositions will generate
the embeddings required in Framework 1.2 and form the backbone of the splitting
methods discussed in the paper. The geometric principles underlying our approach
are presented in Section 4, where the main convergence theorems are laid out.
In Section 5, we study the proximal point algorithm and explore several of its
facets. In Sections 6, 7, and 8, we study, respectively, the Douglas—Rachford,
forward-backward-forward, and forward-backward methods through the lens of
Framework 1.2 and capture a broad range of algorithms and applications by em-
bedding them in bigger spaces. Block-iterative Kuhn—Tucker and saddle projective
splitting methods are addressed in Sections 9 and 10, respectively. Finally, several
extensions and variants of the results are discussed in Section 11.

2 Monotone operators

2.1 Notation and basic definitions

The material of this section can be found in [37].

2.1.1 General notation

H and G are real Hilbert spaces, B(H, G) is the space of bounded linear operators
from H to G, B(H) = B(H,H), and H & G denotes the Hilbert direct sum of H
and G. The identity operator of H is denoted by Id4y, its scalar product by (- | -) 4,
and the associated norm by || - || ¢/ (the subscripts will be omitted when the context
is clear). The weak convergence of a sequence (x;),cn to x is denoted by x,, — x,
whereas x;,, — x denotes its strong convergence; the set of weak sequential cluster
points of (x,),en is denoted by W (x;,),en.

2.1.2 Sets

Let C be a subset of H. The interior of C is int C, the indicator function of C is

0, ifxeC;
LC:W—>]—OO,+OO]IXF—>{ e 2.1)

+oco0, otherwise,



the support function of C is

oc: H — [—00,+00] : x* > sup (x | x*), (2.2)
xeC

and the distance function to C is
dc: H — ]—oc0,4+00] : x > inf ||x — y]|. (2.3)
yeC
Suppose that C is convex. We denote by cone C the smallest cone that contains C
and by sri C the strong relative interior of C, i.e.,
sriC = {x € C | cone(—x + C) is a closed vector subspace of H } 2.4)

If H is finite-dimensional, sri C coincides with the relative interior riC of C,
i.e., the interior of C relative to the smallest affine subspace of /H containing C.
Suppose that C is nonempty, closed, and convex. For every x € H,

proj x is the unique point in C such that d¢(x) = ||x — projo x||. (2.5)

This process defines the projection operator proj-: H — H of C. The simple
case of a closed half-space is central to our approach.

Example 2.1 ([37, Example 29.20]) Let u* € H, let n € R, and suppose that
H:{zeﬂl(zlu*) <n}¢@. Let x € H and set

xlu)-n .

KB TR (x| uty >

d= [|e*||? (2.6)
0, otherwise.

Then projgyx =x —d.

2.1.3 Functions

The set of minimizers of a function f: H — ]|—o0, +0o0] is denoted by Argmin f
and, if it is a singleton, its unique element is denoted by argmin, .4, f(x). The
infimal convolution of f: H — ]—co,+o0] and h: H — |—co, +0] is

foh: H — [—oco,+00] : x ing(f(y)+h(x—y)). 2.7

ye9
We denote by I'o(H) the class of functions f: H — ]—oo,+co] which are lower
semicontinuous, convex, and such that dom f = {x eH | f(x) < +oo} # @. Let

f € To(H). The conjugate of f is

To(H) 3 fF: x" > sug{((x | x*) = f(x)). (2.8)
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For every x € H,

1
prox ¢ x is the unique minimizer over H of y — f(y) + 3 lx -yl (2.9

This process defines the proximity operator prox : H — H of f. We have

(Vy €10,+00[)(Vx € H) x = prox, s x +7y prox ., (x/y). (2.10)
The Moreau envelope of f of parameter y € 0, +oo[ is

7f=fﬂ(2i||-||2)- @2.11)

Y

2.1.4 Set-valued operators
Let M: H — 2M. The graph of M is

graM:{(x,x*) E?(X?Hx*EMx}. (2.12)
The inverse of M is the operator M~': H — 2™ defined through the relation

(V(x,x) e HXH) x"eMx & xeM x" (2.13)
Thus,

graM ™! :{(x*,x)e?{x?{l (x,x*)egraM}. (2.14)
The set of fixed points of M is

Fix M = {x € H | x € Mx}, (2.15)
the set of zeros of M is

zerM=M"'0={x e H|0e Mx}, (2.16)
and the resolvent of M is the operator

Jy = (Id+M)~L (2.17)
In other words,

VxeH)VpeH) pelyx © (p,x—p)egraM (2.18)
and therefore

zer M = Fix Jy. (2.19)



We have
(Vy €]0,+0)(Vx € H) x—Jymx= yJMq/y(x/y). (2.20)

The Yosida approximation of index y € 0, +oo[ of M is

_Id-Jyy

™ =(ld+M7Y) = (J) 0y 2.21)
and it satisfies

zer M = zer M. (2.22)
The domain of M is

domM = {x € H | Mx + o} (2.23)
and the range of M is

ran M = U Mx:{x*eﬂ-ll (3x € dom M) x*eMx}. (2.24)

xedom M

We have

domM~'=ranM and ranM~'=dom M. (2.25)

If, for some x € H, Mx is a singleton, we let Mx denote its single element. We say
that M is injective if (Vx € H)(Vy € H) Mx N My # @ = x = y. Finally, given
A:H—-2H B:.G—>29 Le B(H,G), and a € R, we set

A+aL*oBolL: H — 2H

X - {x* +aL*y* | x* € Ax and y* € B(Lx)}. (2.26)
2.1.5 Monotone operators
Let M: H — 2H. Then M is monotone if
(V(x,x*) € graM)(V(y,y") egraM) (x—y|x"=y")>0 (2.27)

and maximally monotone if, further, there exists no monotone operator A: H — 2%
such that gra M C gra A # gra M, that is (see Figure 2.1),

(V(x,x*) € H X H)
[(x,x")egraM & (Y(y,y")€graM) (x—y|x" =y >0]. (2.28)

10



We have
M maximally monotone = zer M is closed and convex. (2.29)
Let 8 € 10, +oc0[. Then M is B-strongly monotone it M — S1d is monotone, that is,
(V(x,x*) e graM)(Y(y,y*) e graM) (x—y|x* =y > Bllx—y|* (2.30)

Now let D be a nonempty subset of H, let @ € |0, +oo[, andlet M: D — H. Then
M is nonexpansive it

(Vx € D)(Vy € D) ||[Mx - My| < [lx -yl (2.31)

a-averaged if @ < 1 and Id + @~ (M — 1d) is nonexpansive, a-cocoercive if M~
is a-strongly monotone, that is,

(Vx e D)(VYy € D) (x—y | Mx—-My) > a||Mx - My|?, (2.32)
and firmly nonexpansive if it is 1-cocoercive. Alternatively,
M is firmly nonexpansive < 2M — Id is nonexpansive. (2.33)
The following result is known as the Baillon-Haddad theorem.

Lemma 2.2 ([26, Corollaire 10]) Let a € ]0,+o0[ and let f: H — R be convex,
Fréchet differentiable, and such that Vf is 1/a-Lipschitzian. Then Vf is a-
cocoercive.

2.2 History

Monotonicity goes back to classical calculus and the notion of an increasing real-
valued function defined on an interval D C R, i.e., a function f: D — R that
satisfies

(Vx € D)(Vy € D) (x=y)(f(x) = f(¥)) > 0. (2.34)

The special properties enjoyed by such functions have long been recognized; see
for instance [159, 195, 222]. The monotonicity condition (2.34) is also tied to the
infancy of the theory of convex functions. Thus, it was shown in [233] that, if D is
open and g: D — R is atwice differentiable function with derivative f, then (2.34)
implies that g is convex. On the numerical side, (2.34) is an important property in
connection with solving iteratively the root finding problem [303]

find x € D suchthat f(x)=0. (2.35)

11



H H

Figure 2.1: Left: Graph of a monotone, but not maximally monotone, operator: the
point (xo, x;) can be added to the graph and the resulting graph remains monotone.
Right: Graph of a maximally monotone operator: adding any point to the graph
does not preserve its monotonicity.

Monotone operators on R also appeared in nonlinear circuit theory in the 1940s
in the form of quasi-linear resistors [171, 172, 173]. A quasi-linear resistor is
a two-pole circuit element characterized by the property that the current going
through it increases smoothly with the voltage across it. In other words, the
transformation underlying its current-voltage characteristic is differentiable and
increasing. Dipoles with monotonic characteristics were further investigated in
[280]. To study networks involving a broader range of devices, this concept was
extended by Minty in [281, 282] to maximally monotone set-valued transformations
on R (see Figure 2.2 and [103] for examples). Interestingly, as will be discussed
shortly, Minty turned out to be one of the founders of monotone operator theory.
For further relevant early work on the connections between monotone operators and
network theory, see [52, 163] and, for more abstract ramifications, see [166, 341].

Another precursor of monotonicity is found in linear functional analysis, where
a linear operator M : H > D — ‘H is declared accretive if [241]

(Vx e D) (x| Mx) = 0. (2.36)

In this context, the notion of a maximally accretive operator was introduced in [314].
Accretive operators are also central to passive linear network theory [50, 401].
One of the first instances of (2.36) in electrical networks is the current-voltage

12
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Figure 2.2: Current-voltage characteristics of quasi-linear resistors as monotone
operators from R to 2%. Top left: breakdown diodes in series [327]. Top right:
breakdown diode and resistance in series [327]. Bottom left: anode-dynode beam-
deflection tube [327]. Bottom right: the maximally monotone current-voltage

characteristic of [282].
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transformation of the four-pole circuit element known as an ideal gyrator [370].
The above notions of increasing functions and positive operators can be brought
together by considering an operator M : H > D — H such that

(VxeD)(VxeD) {(x—-y|Mx-My)>0. (2.37)

Instances of (2.37) appear implicitly in [216] and, more explicitly, in [376, 377]
in connection with the existence of solutions to Hammerstein integral equations;
see also [217] for more general types of equations. Another instance, which
corresponds to what is now called strict monotonicity, appears in [91], where
H is the standard Euclidean space. The systematic study of operators satisfying
(2.37) started in 1960 an opened an important new chapter of nonlinear functional
analysis. Three independent papers submitted that year are associated with the
birth of monotone operator theory.

* In an article submitted in February 1960, Kacurovskii [239] called monotone
an operator that satisfies (2.37). This paper concerned the monotonicity
of the gradient of a differentiable convex function (see also [381]) and the
existence of solutions to certain nonlinear equations. It also introduced
strongly monotone operators.

* In a technical report completed in June 1960, Zarantonello called (2.37) an
(isotonically) monotonicity property and discussed supra-unitary (in modern
language, strongly monotone) operators. In connection with the solution of
nonlinear equations, an important result of [403] is that, if M: H — H is
monotone and Lipschitzian, then Id + M is surjective.

* In an article submitted in December 1960, Minty [283] also called M: D —
H monotone if it satisfies (2.37). In addition, he introduced the fundamental
concept of maximal monotonicity and established key connections with non-
expansive operators. Although, strictly speaking, his definitions dealt with
single-valued operators, he established results on monotone relations that nat-
urally suggest extensions to the set-valued case (1.1). According to Browder
[86], who initiated the study of set-valued monotone operators in Banach
spaces, the Hilbertian setting was worked out by Minty in unpublished notes.

Accounts of the history of the development of monotone operator theory in the
1960s can be found in [58], [87], [240], [263, Section 2.12], [286], and [380,
Chapter VI]. In that period, the main mathematical areas of applications were
nonlinear equations, partial differential equations, boundary-value problems, non-
expansive semigroups, convex analysis, evolution equations, and variational in-
equalities; see [68, 85, 87, 205, 245, 257, 292, 386, 405] and their bibliographies.
At the same time, monotonicity continued to be used in the analysis of networks and
systems, for instance in [399, 400], where it is known as incremental positiveness;

14



see also [162] where monotonicity is called incremental passivity. The main use
of monotone operators was to establish existence, uniqueness, or stability results
in a variety of nonlinear problems in analysis.

2.3 Examples of maximally monotone operators

The following example concerns single-valued operators; Examples 2.4-2.10 fol-
low from it [37, Chapter 20].

Example 2.3 ([284, Lemma 1]) Let A: H — H be monotone and hemicontinu-
ous (in particular, continuous) in the sense that

(V(x,y,2) € H) 01<i(rlrio (z| A(x +ay)) = (z | Ax). (2.38)

Then A is maximally monotone.

Example 2.4 Let T: H — H be nonexpansive and let @ € [—1, 1]. Then Id + aT
is maximally monotone. In particular, set A = Id — 7. Then A is maximally
monotone and zer A = FixT.

Example 2.5 Let A: H — H be cocoercive. Then A is maximally monotone.

Example 2.6 Let M: H — 2 be maximally monotone and set A = J;. Then A
is maximally monotone and zer A = zer M~

Example 2.7 Let M: H — 2% be maximally monotone, let y € ]0, +oo[, and set
A ="M (see (2.21)). Then A is y-cocoercive, hence maximally monotone, and
zer A = zer M.

Example 2.8 Let f € I'h(H) and set A = prox ¢- Then A is maximally monotone.

Example 2.9 Let C be a nonempty closed convex subset of H and set A = proj.
Then A is maximally monotone.

Example 2.10 Let A € B(H) be a skew operator, i.e., A* = —A. Then A is
maximally monotone.

Here is an elementary example of a maximally monotone set-valued operator
on the real line.

15



Example 2.11 Let a € R and b € R be such that a < b, let f: [a,b] — R be
increasing (see (2.34)), and define

@, if x ¢ [a,b];

(VxeRr) Ax={i /@ if x=a; (2.39)
[f(b)’+oo[’ if )C=b;
[sup f([a,x[),inf f(Jx,b])], if x €]a,b[.

Then A is maximally monotone.

The following example is a central result in variational methods (see [285,
Corollary p. 244] for a special case).

Example 2.12 ([291]) Let f: H — ]—o0,+o0] be proper. Then the subdifferential
Of: H—-2M: x> {x* EH|VyeH) (y—x|x)+ f(x) < f(y)} (2.40)

of f is monotone and (Fermat’s rule) zer 8 f = Argmin f. If f € T'o(H), then df
is maximally monotone and (9 f)~!' = 0 f*.

Example 2.13 ([334, Theorem 24.3]) Let A: R — 2% be maximally monotone.
Then there exists f € I'H(R) such that A =4 f.

Example 2.14 Let C be a nonempty convex subset of H. Then, setting f = (¢ in
Example 2.12, we conclude that the normal cone operator

Nc = 3Lc1 H — Z(H
= [x*eH|(VyeC)(y—x|x") <0}, if xeC; (241)
X
2, otherwise

of C is monotone and that it is maximally monotone if C is closed, in which case
(Ne)™! = doc.

Example 2.15 Let V be a closed vector subspace of /. Then it follows from
Example 2.14 that

L : .
Ny:H —2Me x|V eV (2.42)
@,  otherwise

is maximally monotone and (Ny)~! = Ny..

The next two examples involve the Laplacian operator and are central to partial
differential equations [19, 29, 69, 206, 406].
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Example 2.16 ([19, Theorem 17.2.10]) Let Q be a nonempty bounded open sub-
set of RN, suppose that H = L*(Q), and set

—Ax, ifx € H)(Q) and Ax € H;

] (2.43)
@, otherwise.

A:W—>27'{:xr—>{

Then it follows from Example 2.12 that A is maximally monotone as the subdiffer-
ential of the function

1
—/lle(a))llzda), if xe€ Hé(Q);
i 2 Q

+00, otherwise,

fiH — ]-00,+00] : x (2.44)

which is in T (7). In addition, if bdry Q is of class €, then dom d f = H*(Q) N
HN(Q).
0

Example 2.17 ([19, Section 17.2.9]) Let Q be a nonempty bounded open subset of
RN such that bdry Q is of class € 2 let 0/0v denote the outward normal derivative
to bdry Q, suppose that H = L?(Q), let h € H, and set
A: H—2H
—~Ax — h, ifx € H*(Q) and dx/0v =0 a.e. on bdry Q; (2.45)
e @, otherwise.

Then it follows from Example 2.12 that A is maximally monotone as the subdiffer-
ential of the function

f: 7{_> ]_OO’+OO]
%/Qlle(a))llzdw—/Qx(a))h(w)dw, if x € H'(Q); (2.46)

+00, otherwise,

X B

which is in I'g(H).

The next scenario arises in the study of evolution equations by monotonicity
methods [69, 70, 353, 406].

Example 2.18 ([69, Example 4], [353, Chapter 1V], [406, Chapter 32]) Let H
be a separable real Hilbert space, let T € ]0,+co[, and suppose that H =
L*([0,T];H). For every y € H, the function x: [0,T] — H: ¢ /Oty(s)ds
is differentiable a.e. on |0, T'[ with x” = y a.e. Define

H'([0,T];H) = {x e H | x’ € L*([0,T];H)}, (2.47)
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let xp € H, and set

’ : 1 . — .
A o s {{x }, if x cH ([0, T];H) and x(0) = xo; .48
@, otherwise
and
’ : 1 . _ .
Be oM s {{x },oif x € H ([0,T];H) and x(0) = x(T); .49
@, otherwise.

Then A and B are maximally monotone.

Example 2.19 ([70, Exemple 2.3.3]) Let (Q, F, u) be a measure space, let H be
a separable real Hilbert space, let A: H — 2" be maximally monotone, and set
H =L*((Q,F, u);H). Define A: H — 2H via

(Vx e H)(Vx* e H) (x,x") egraAd &
for p-almost every w € Q, (x(w),x"(w)) € graA (2.50)
and suppose that one of the following holds:
(i) p() < +oo.
(ii) 0 € AO.
Then A is maximally monotone.

We now turn to an equilibrium problem in the sense of [56].

Example 2.20 ([13, Theorem 3.5]) Let C be a nonempty closed convex subset of
H and suppose that F': C x C — R satisfies the following:

i) (VxeC) F(x,x)=0.
(i) (Vx e C)(Vye C) F(x,y)+ F(y,x) <0.
(iii) Forevery x € C, F(x,-): C — R is lower semicontinuous and convex.

(iv) (Vx e C)(Vy e C)(Vz € C) 0<li_mOF((l —&)x+ez,y) < F(x,y).

Set
A: H —2H
. {{x* eH|(VyeC)Fx,y)+(x—y|x) >0}, ifxeC; (251
@, otherwise.

Then A is maximally monotone and zer A = {x eC|(VyeC) F(x,y) > O} is the
set of equilibria of F.
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We conclude with an example in the theory of saddle functions.

Example 2.21 ([335, Theorem 3]) Let F: H®& G — [—o0, +o0] be a saddle func-
tion, i.e., a convex-concave function which is proper and closed in the sense of
[335, 336] (for instance, for every x € H and every y € G, —F (x,-) € I'h(G) and
F(-,y) € To(H)). Set

(Vx e H)(Vy € G)  A(x,y) = F (-,y)(x) X 9(=F (x,")) (). (2.52)
Then A is maximally monotone and

zerA={(x,y) e H® G| F(x,y) =inf F(H,y) =supF(x,G)}  (2.53)
is the set of saddle points of F.

The following illustration is set in the powerful perturbation framework of
Rockafellar [333, 335, 338] (see also [238]), which provides a systematic tool to
construct duality frameworks in minimization problems.

Example 2.22 Let V be a real Hilbert space, let f: H — ]—o0,+0] be a proper
function, and consider the primal problem

minimize f(x). (2.54)
xeH

Let F: H®V — |—o0,+00] be a perturbation of f,i.e., (Vx € H) f(x) = F(x,0).
The associated Lagrangian is

LrHOV > [—o0,+00] : (x,V) > infv (F(x,v) = (v | v), (2.55)
ve
the associated dual problem is

minimize sup (—ZF (x,v)), (2.56)
vievy xeH

and the associated saddle operator is
Sp: HeV — 27V (x,v) 15 9(Lr (-, v)) (x) X0 (=Lr (x,)) (v¥). (2.57)

It follows from Example 2.21 that 8 is maximally monotone. In addition, if
(x,v*) € zer 8F, then x solves (2.54) and v* solves (2.56).
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2.4 Basic theory
2.4.1 Operations preserving maximal monotonicity

The examples of Section 2.3 can be combined in various fashions to create max-
imally monotone operators.

Lemma 2.23 ([37, Proposition 20.22]) LetA: H — 2H pe maximally monotone,
letz € H, letu e H,andlety € ]0,+c0[. Then A~' and x — u+yA(x + ) are
maximally monotone.

Lemma 2.24 ([37, Proposition 23.18]) Let (H;);c; be a finite family of real Hil-
bert spaces, set

H =DM, (2.58)

iel
and, for everyi € I, let A;: H; — 2™ be maximally monotone. Set
A H — 2 (x)ier = XicrAix;. (2.59)
Then A is maximally monotone.

Lemma 2.25 Let 8 € |0, +co[, let A: H — 2™ let U € B(H) be self-adjoint and
B-strongly monotone, and let X be the real Hilbert space obtained by endowing H
with the scalar product (x,y) +— (Ux | y). Then the following hold:

(i) zer(U 'o A) = zer A.

(ii) Suppose that A: H — 2™ is maximally monotone. Then U™ 0 A: X — 2X
is maximally monotone.

(iii) Let @ € ]0,+o0[ and suppose that A: H — H is a-cocoercive. Then
U o A: X = 2% is aB-cocoercive.

Proof. (i) is clear and (ii) is proved in [151, Lemma 3.7(i)].
(iii): Take (x,y) € H x H. Then

(x=y | (U oA)x— (U oA)y)y=(x—y | Ax — Ay)y
> af|Ax - Ay|l3,. (2.60)

However, ||U‘1x||%\, = (x | U xyg < U7 ||x||3_{ and ||U|~! < 7! [241, Sec-
tion VI.2.6]. O
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Lemma 2.26 ([37, Theorem 25.3], [59, Section 24], [308, Corollary 4.2(a)]) Let
A:H — 2M and B: G — 29 be maximally monotone, let L € B(H,G), and
suppose that

cone(L(dom A) — dom B) is a closed vector subspace of G. (2.61)
Then A + L* o B o L is maximally monotone.

Lemma 2.27 ([37, Corollary 25.51) Let A: H — 2™ and B: H — 2" be max-
imally monotone and such that one of the following holds:

(1) cone (dom A — dom B) is a closed vector subspace of H.
(i) dom B = H.
(iii)) dom A Nintdom B # @.

Then A + B is maximally monotone.

Lemma 2.28 ([8, Theorem 2.1]) Let A: H — 2™ pe maximally monotone and
let B: H — 2H be monotone and such that dom B = H and A — B is monotone.
Then A — B is maximally monotone.

Lemma 2.29 Let A: H — 2 and B: H — 2™ be maximally monotone. Define
the parallel sum of A and B as

AoB=(A"'+B7Y)! (2.62)

and suppose that cone (ran A — ran B) is a closed vector subspace of H. Then
A O B is maximally monotone.

Proof. This follows from (2.25), Lemma 2.23, and Lemma 2.27(1). O

Lemma 2.30 ([46, Lemma 2.2]) LetA: H — 2Hand B: G — 29 be maximally
monotone, and let L € B(H,G). Define the parallel composition of A with L as

L>A=(LoA™ oL, (2.63)
Suppose that
cone (ran A — L*(ran B)) is a closed vector subspace of H. (2.64)

Then (L > A) 0 B is a maximally monotone operator from G to 29.
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Example 2.31 ([132, Proposition 4.5(i)-(ii)]) Let L € B(H,G) be such that
IL|l < 1 and let B: G — 29 be maximally monotone. Define the resolvent
composition of B with L as

LoB=L*> (B+1dg) — Idy (2.65)

and the resolvent cocomposition of B with L as LeB = (LoB~!)~"'. Then LoB
and L« B are maximally monotone operators from 7 to 2%,

Example 2.32 Let 0 < p € N, let (wi)i<k<p be a family in ]O, 1] such that
Zi’:] wg = 1, and let (Ag)1<k<p be maximally monotone operators from H to 2H,
Then the resolvent average

p -1
(Z waAk) —Tdy (2.66)
k=1

is maximally monotone. This result was originally established in [30, Proposi-
tion 2.7] and derived from Example 2.31 in [132, Remark 4.10(ii)].

Example 2.33 Let A: H — 27 be a maximally monotone operator and let V be
a closed vector subspace of H. The partial inverse of A with respect to V is the
operator Ay : H — 2H with graph

gra Ay = {(projy x + projy. x*, projy, x* + projy. x) | (x,x*) € graA}. (2.67)

This construction was introduced in [362], which contains the following (see [362,
Section 2]):

(i) Ay is maximally monotone.

(ii) Letx € H. Then x € zer Ay & (projy x, projy. x) € graA.

2.4.2 Resolvent

In terms of solving inclusion problems, the resolvent of (2.17) is the most important
operator attached to a monotone operator A. First, as seen in (2.18), it can be
employed as a device to generate points in the graph of A. Second, as seen in
(2.19), its fixed point set coincides with the set of zeros of A. Third, resolvents
provide an effective bridge between the theory of nonexpansive operators and that
of monotone operators. This connection goes back to the theory of semigroups
of linear nonexpansive operators. The following result, essentially due to Minty
[283], establishes such a connection in the nonlinear case. It states in particular that
the resolvent of a maximally monotone operator is a firmly nonexpansive operator
which is defined everywhere.
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H — A H H
H H H
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H —H H

Figure 2.3: Illustration of Minty’s theorem (Lemma 2.34). From left to right on
each row: graph of A, graph of Id + A, and graph of J4. Top: A is not monotone:
ran(Id + A) = domJ4 # H and J,4 is not firmly nonexpansive. Middle: A is
monotone but not maximally monotone: J4 is firmly nonexpansive but ran (Id+A) =
dom J4 # H. Bottom: A is maximally monotone: J4 is firmly nonexpansive with
ran(Id + A) =dom J4 = H.
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Lemma 2.34 ([37, Proposition 23.8]) Let D be a nonempty subset of H, let
T:D — H, and set A=T~' —1d. Then the following hold (see Figure 2.3):

(1) D=ran(Id+ A) and T = Jx.
(i) T is firmly nonexpansive if and only if A is monotone.
(iii) T is firmly nonexpansive and D = H if and only if A is maximally monotone.

Here are a few examples of resolvents that will be explicitly needed; see [37,
122, 144] for additional examples with closed form expressions and, in particular,
instances of proximity operators.

Example 2.35 ([291, Proposition 6.a]) Let f € I'((H). Then J55 = prox 7z

Example 2.36 ([290, Exemple p. 2897]) Let C be a nonempty closed convex sub-
set of H. Then Jy. = prox,. = projc-

Example 2.37 ([37, Proposition 23.18]) Let 0 < m € N, let (H;)1<i<m be real
Hilbert spaces, set

m
H =D H, (2.68)
i=1
and, forevery i € {1,...,m}, let A;: H; — 2Hi pe maximally monotone. Set
A: H -2 ) iciem— X Awx;. (2.69)
1<ism

Then A is maximally monotone (Lemma 2.24) and

Ja: H— H: (x)i<icm = (Ja,xi) (2.70)

1<ism*

Example 2.38 Let A: H — 2% be maximally monotone, let V be a closed vector
subspace of H, and let Ay be the partial inverse of Example 2.33. In addition, let
x € H and p € H. Then

p=Jay,x & projy p+projy(x — p) = Jax. 2.71)

Proof. This is implicitly in [362, Section 4]; see [7, Lemma 2.2] for a proof. 0O

Example 2.39 ([151, Lemmas 3.7(iii) and 3.1]) Asin Lemma 2.25(i), A: H —
2H is maximally monotone, U € B(H) is self-adjoint and strongly monotone,
and X is the real Hilbert space obtained by endowing 9H with the scalar product
(x,y) > (Ux | y). Then Jy-1,, = (U+ A)~ o U.
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Example 2.40 ([132, Propositions 1.2 and 4.1(v)]) Let L € B(H,G) be such
that ||L|| < 1, let B: G — 29 be maximally monotone, and consider the resolvent
compositions of Example 2.31. Then

Jrop=L*oJgoL and Jrep=ldg—L*oL+L*oJgolL. (2.72)

2.4.3 Warped resolvents

A generalization of the notion of a resolvent is the following.

Definition 2.41 ([95, Definition 1.1]) Let D be a nonempty subset of H, let
U: D — H,andlet M: H — 2" be such thatran U C ran(U+M) and U+M is in-
jective. The warped resolvent of M with kernel U is JA({I =(U+M)"'oU: D — D.

The properties of warped resolvent generalize those of classical ones. In this
respect, here is an extension of (2.18)—(2.19).

Lemma 2.42 Let D and E be nonempty subsets of H, letU: D — H, letC: E —
H, and let W: H — 2™ be such that ranU c ran(U + W + C) and U + W + C is
injective. Then the following hold:

(i) Letx e Dandp € D. Then p =JY

wicX © (p,Ux-Up—Cp) € graW.

.o . U _
(ii) FixJy,, =D nzer(W +C).

Proof. Note that Ji, .- D — D is well defined.

1: p = JVL\]/+cx op=U+W+CO)(Ux) @ Ux e Up+Wp+Cp &
Ux-Up—-CpeWp.

(ii): Let x € H. Then (i) yields x = JU,

wicX © [x € D and (x,-Cx) € graW]
o[xeDandx ezer(W+C)]. O

An instance of a warped resolvent with a linear kernel appears in Example 2.39,
where D = H and U € B(H) is a self-adjoint strongly monotone operator. Self-
adjoint monotone operators which are not strongly monotone have also been used
as kernels; see [65, 392]. The next example features a monotone kernel in B(H)
which is not self-adjoint.

Example 2.43 Let A: H — 2% and B: G — 29 be maximally monotone, and
suppose that 0 # L € B(H,G). Set X =H & G and

{fK: X — 2% (x,y*) b (Ax+ L*y") x (B~'y* - Lx) (2.73)

U: X-X: (x,y")— (x=L*y", Lx + y").
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As will be seen in Lemma 3.8, I is the Kuhn—Tucker operator associated with the
problem of finding a zero of A + L* o B o L. It follows from (2.73) that

T X = X: (x,y") o (Jalx = L*y*), Jg-1 (Lx +y%)), (2.74)
whereas Jyc is typically intractable.

The next examples employ nonlinear kernels.

Example 2.44 Let M : H — 2" be maximally monotone and such that zer M #
@, let f: H — ]—o0,+00] be a Legendre function such that dom M C intdom f,
and set D = intdom f and U = V f. Then it follows from [33, Corollary 3.14(ii)]
that JAlfI : D — D is a well-defined warped resolvent, called the D-resolvent of M.
It is an essential tool in the study of algorithms based on Bregman distances which
goes back to [67, 106, 176, 368].

Example 2.45 Let A: H — 2% and B: H — 27! be maximally monotone, and
let f € I'o(H) be essentially smooth [33]. Suppose that D = (intdom f) N dom A
is a nonempty subset of int dom B, that B is single-valued on intdom B, that V f is
strictly monotone on D, and that (Vf — B)(D) Cc ran(Vf + A). Set M = A+ B
andU: D — H: x — Vf(x) — Bx. Then the warped resolvent coincides with the
Bregman forward-backward operator J§, = (Vf + A)~! o (Vf — B) investigated
in [96], where it is shown to capture a construction found in [326] and known as
the auxiliary principle. In the case when A and B are subdifferentials, JALfI is the
operator studied in [299] and, in Euclidean spaces, in [31]. Scenarios in which JA’{[
is more manageable than J, are discussed in [31, 96, 267, 299, 326, 369].

Example 2.46 Let A: H — 2% let C: H — H be cocoercive, let Q: H — H
be monotone and Lipschitzian, and let y € |0, +oco[. The underlying problem is
to find a point in zer(A + C + Q) and we recover the nonlinear forward-backward
operator of [207] as a warped resolvent as follows. Set M = y(A + C + Q), let
K: H — H be strongly monotone and Lipschitzian, and set U = K — y(C + Q).
Then J& = (K +yA)~! o (K — y(C + Q)), which is the operator driving the
algorithms of [207].

Remark 2.47 If B is cocoercive and f = || - ||>/2 in Example 2.45, or if K = Id
and Q = 0 and C = B in Example 2.46, then JA[{[ = Jya o (Id — yB). This operator
will arise in the forward-backward algorithm of Section 8.

Lemma 248 Let Q: H — H be Lipschitzian with constant B € 0, +oo[, let
K: H — H be strongly monotone with constant a € 10, +oo[, let € € |0, [, and
set U = K —yQ. Then the following hold:
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(1) Lety €10, (@ — &)/B]. ThenU is g-strongly monotone. ([95,Lemma5.1(i)])

(ii) Suppose that @« = 1 and K = 1d, and let y € 10,(1 —&)/B], Then U is
cocoercive with constant 1/(2 — ). ([95, Lemma 5.1(ii)])

(iii) Suppose that @ = 1, K =1d, and Q is 1/B-cocoercive, and let y € 10,2/B].
Then U is yB/2-averaged, hence nonexpansive. ([127, Lemma 2.3])
2.4.4 Topological properties

We record key properties of the graphs of monotone operators.

Lemma 2.49 ([37, Proposition 20.38(ii)]) Let M : H — 2H pe maximally mono-
tone. Then gra M is sequentially closed in HY* x ™" i ¢, for every sequence
(Xn, X)) )nen in graM and every (x,x*) € H X H, if x, — x and x;, — x*, then
(x,x*) € graM.

Lemma 2.50 ([37, Corollary 26.6]) Let A: H — 2" and B: H — 2" be max-
imally monotone, let (x,,X))nen be a sequence in graA, let (y,,y))nen be a
sequence in gra B, let x € H, and let x* € H. Suppose that

Xp =X, X, =X, X, =y, =0, and x, +y, — 0. (2.75)
Then x € zer(A + B), —x* € zer(—A~!' o (=Id) + B7!), (x,x*) € graA, and
(x,—x") € graB.
2.4.5 Subdifferentials

The subdifferential operator of Example 2.12 is an essential tool in variational
analysis.

Lemma 2.51 ([37, Proposition 16.6 and Theorem 16.47(i)]) Let f € To(H),
g € Ty(G), and L € B(H,G) be such that (L(dom f)) Ndomg # @. Then
the following hold:

(1) zer(0f +L* o (dg)o L) Czerd(f +goL)=Argmin(f+golL).
(ii) Suppose that one of the following is satisfied:

(a) 0 € sri(L(dom f) — dom g).
(b) L(dom f) —dom g is a closed vector subspace of G.

(c) domg =G.
(d) G is finite-dimensional and (ri L(dom f)) N (ridom g) # @.

Thend(f+goL)=0f+L"0o(dg)o L.
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3 Structured monotone inclusions

Our master problem is the following two-operator inclusion.

Problem 3.1 Let A: H — 2% and B: H — 2™ be maximally monotone. The
objective is to

find x € H suchthat 0 € Ax + Bx. (3.1

3.1 Two-operator formulations

We provide problem formulations which correspond to specific choices of the
operators A and B in Problem 3.1 from the examples of Section 2.3.

Problem 3.2 In Problem 3.1, let f € ['o(H), set A = d f, and suppose that B is at
most single-valued. Then (3.1) reduces to the variational inequality problem [263]

find x € H suchthat (Vy e H) (x—y | Bx)+ f(x) < f(y). (3.2)
Problem 3.3 In Problem 3.2, let C be a nonempty closed convex subset of H

and set f = ¢c. Then (3.2) reduces to the standard variational inequality problem
[192, 244]

find x € C suchthat (Vye C) (x—y| Bx) <0. (3.3)

Problem 3.4 In Problem 3.3, suppose that C is a cone with dual cone C®. Then
(3.3) reduces to the complementarity problem [190]

find x € C suchthat x L Bx and Bx € C®. (3.4)

Problem 3.5 In Problem 3.1, let f € I'o(H) and g € I'((H), and set A = J f and
B = dg. Suppose that one of the following holds:

(1) 0 € sri(dom f — dom g).
(i) g: H — R is differentiable.
Then the objective is to
migier%ize fx) +gx). (3.5)

Problem 3.6 In Problem 3.5, let C be a nonempty closed convex subset of H and
set f = tc. Suppose that one of the following holds:

(1) 0 e sri(C —dom g).
(i) g: H — Ris differentiable.
Then the objective is to

minimize g(x). (3.6)
xeC
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3.2 Composite problems

We start by presenting a duality framework for monotone inclusions introduced in
[308, 330, 331] (see [5, 23, 180, 196, 197, 278, 293, 329] for special cases).

Problem 3.7 Let A: H — 2 and B: G — 29 be maximally monotone, and let
L € B(‘H,G). The objective is to solve the primal inclusion

find x € H suchthat 0 € Ax + L*(B(Lx)) (3.7)
together with the dual inclusion
find y* € G suchthat 0 € —L(A™'(-L*y*)) + B~'y". (3.8)

Lemma 3.8 ([76, Propositions 2.7 and 2.8]) In the setting of Problem 3.7, let X =
H DG, let Z and Z* be the sets of solutions to (3.7) and (3.8), respectively, and set

M: X —2%: (x,y*) — Ax x B~ ly* (3.9)
S: X - X: (x,y*) — (L*y*,—Lx). .
Define the Kuhn—Tucker operator of Problem 3.7 as
K=M+S (3.10)

and the set of Kuhn-Tucker points as zer K. Then the following hold:

(i) M is maximally monotone.

(i) S € B(X) is skew and maximally monotone, with ||S|| = ||L||.
(iii) XK is maximally monotone.
(iv) zer K is a closed convex subset of Z X Z* in X.

(V) (see also [180, 308, 330]) Z + d © zer K + @ & Z* + @.

The best known instance for Problem 3.7 is the classical Fenchel-Rockafellar
duality framework [332].

Problem 3.9 Let f € I'h(H), g € Iv(G), and L € B(H,G) be such that
0 € sri(L(dom f) — dom g). (3.11)

Set A = 0f and B = dg in Problem 3.7. Then it follows from Lemma 2.51 that
(3.7) is the primal problem

minir{l}l{ize f(x) +g(Lx), (3.12)
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(3.8) is the Fenchel-Rockafellar dual problem
minimize f*(=L*y") +g*(y"), (3.13)
y'eg
and (3.10) yields the Kuhn—Tucker operator
K: (x,y") - (0f(x) + L*y*) x (~Lx + 9g" (y")). (3.14)

Problem 3.10 Let V be a closed vector subspace of H and let A: H — 27 be
maximally monotone. Then, in the case when G = H and L = Id, the Kuhn-Tucker
operator (3.10) associated with the operators Ny and A is

K: HeH - 27 (x,x) — (Nyx +x*) x (A7'x" = x). (3.15)

In view of Example 2.15, the problem of finding a zero of the maximally monotone
operator K reduces to

find x € V and x* € V* suchthat x* € Ax. (3.16)
This formulation was first considered by Spingarn in [362].

An extension of Problem 3.7 involving several linearly composed terms is the
following.

Problem 3.11 Let 0 < p e N, let A: ‘H — 2H be maximally monotone, and,
for every k € {1...,p}, let G, be a real Hilbert space, let By: Gx — 29 be
maximally monotone, and let L, € B(H, Gi). The objective is to solve the primal
inclusion

14
find x € H such that 0 € Ax + Z L: (Bi(Lix)) (3.17)
k=1

together with the dual inclusion

find yj € gl,...,y; € G, such that
P
(Elx € A_l(—ZL};y};))(Vk e{l,....p}) Lixe Bk V- (3.18)
k=1

Lemma 3.12 In the setting of Problem 3.11, set X = H & G| ® --- ® G, and let
Z and Z* be the sets of solutions to (3.17) and (3.18), respectlvely. Define the
Kuhn-Tucker operator of Problem 3.11 as

K: X - 2X: (x, YiseesVp)
(Ax+Zkak) —Lix+Bylyt) x - x (—pr+B;1y;) (3.19)
and the set of Kuhn-Tucker points as zer K. Then the following hold:
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(i) XK is maximally monotone.
(ii) zer K is a closed convex subset of Z X Z* in X.
(ii)y Z+oowr K+ Z" + 2.
Proof. Similar to that of Lemma 3.8. 0O

An alternative angle on Problem 3.9 is provided by the Lagrangian approach
of Example 2.22. Set f: H&® G — |-o0,+0] : x = (x,y) — f(x) + g(y),
L:HeG —> G: (x,y) = Lx—y,and X = H &G & G. Then the primal problem
(3.12) is equivalent to

minimize f(x) (3.20)

xeker L

and a standard perturbation function for it is [338, Example 4’] (see also [37,
Proposition 19.21])

F: X — ]-co,+00] : (x,v) = f(x)+ 10y (Lx +v). (3.21)
We derive from (2.55) that the associated Lagrangian is
L X > ]|—00,+00] 1 (x,v") > f(x)+(Lx | v*), (3.22)

from (2.56) that the associated dual problem is (3.13), and from (2.57) that the
associated saddle operator is

Sp: X — 2% (x,v*) > (0f(x) + L*v") x {-Lx}, (3.23)
i.e.,

Sr: X — 2X
(x,y,v*) > (0f(x) + L*Vv*) x (0g(y) —v*) X {~Lx + y}.

We saw in Example 2.22 that, if (x,y,v*) € zer8p, then x solves the primal
problem (3.12) and v* solves the dual problem (3.13). A version of this result for
Problem 3.7 is the following where, although there is no notion of a Lagrangian,
we can introduce a saddle operator.

(3.24)

Lemma 3.13 In the setting of Problem 3.7, set X =H & G & G and let Z and Z*
be the sets of solutions to (3.7) and (3.8), respectively. Define the Kuhn—Tucker
operator K as in (3.10) and define the saddle operator of Problem 3.7 as

S: X — 2X

(x,y,v*) > (Ax+L*v*) x (By = v*) x {-Lx + y}. (3.25)

Then the following hold:
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(1) 8 is maximally monotone.

(ii) zer 8 is closed and convex.
(iii) Suppose that (x,y,v*) € zer 8. Then (x,v*) € zer K Cc Z X Z*.
(iv) Z*+roeczer8S+0 et K0 Z 0.

Proof. A special case of [97, Proposition 1(1)—(v)(a)]. O

3.3 Examples of embeddings in Framework 1.2

Example 3.14 Suppose that it is computationally feasible solve Problem 1.1 dir-
ectly in the original space /. Then an embedding of Problem 1.1 is just (H, M, Id).

Example 3.15 Let M: H — 2% be a maximally monotone operator, let U €
B(H) be a self-adjoint strongly monotone operator, let X be the real Hilbert
space obtained by endowing H with the scalar product (x,y) — (Ux | y), let
M =U"' oM, and set T = Id. Then it follows from Lemma 2.25(i)—(ii) that
(X, M, J) is an embedding of Problem 1.1.

Example 3.16 Leta € ]0,1] and let T: H — H be a-averaged. In Problem 1.1,
suppose that M = 1d — T (see Example 2.4) and set

1 -1
X="H, M=(1d+z(T—Id)) ~1d, and T =1Id. (3.26)

Then (X, M, T) is an embedding of Problem 1.1. Indeed, since Id + o' (T — Id)
is nonexpansive, we derive from [37, Proposition 4.4] that Id + (2a)~!(T - 1d)
is firmly nonexpansive and hence from Lemma 2.34(iii) that M is maximally
monotone, with zer M = zer M = FixT.

Example 3.17 Let A: H — 2% and B: H — 27! be maximally monotone, and
lety € 10, +oo[. Let

X=H, M= (Jys0(2lyp-1d)+Id—J,5) " —1d, and T =J,5. (3.27)

Then it follows from [179, Section 4] that (X, M, J) is an embedding of Prob-
lem 3.1. In this setting, we actually have J'(zer M) = zer M [127, Lemma 2.6(iii)].

Example 3.18 Let A: H — 2% and B: H — 2 be maximally monotone. Let
X=HoH, M: X - 2X: (x,x°) = (Ax+x") X (=x + B~'x*), and T: X —
H: (x,x*) — x. Then applying Lemma 3.8 with G = H and L = Id shows that
(X, M, T) is an embedding of Problem 3.1. This embedding is implicitly present
in the projective splitting algorithm of [181], which is therefore an instance of
Framework 1.2.
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We now discuss structured inclusion problems that offer greater modeling flex-
ibility by involving three or more operators. The principle of a splitting algorithm,
which is to involve each operator individually, faces a serious challenge in the
presence of such formulations. Indeed, since inclusion is a binary relation, for
reasons discussed in [76, 129] and analyzed in more depth in [346], it is not pos-
sible to split problems that involve more than two set-valued operators. A purpose
of Framework 1.2 is to circumvent this fundamental limitation by seeking more
tractable reformulations in bigger spaces.

Example 3.19 Let 0 < p € Nand, forevery k € {1,...,p},let Ax: H — 2M be
maximally monotone. The problem is to

P
find x € H such that 0 € Z Arx. (3.28)
k=1

Let X be the p-fold Hilbert direct sum H? and set

V={(x1,--.,xp)€X|x1=...=xp}
A: X — 2X: (X1,...,xp) P Alxy X X Apx, 520,
M:A+NV

T:X—>H:(x1,...,xp) = x1.

Then

)2l
VL:{(xT,...,x;)eX ZxZ:O} (3.30)
k=1
and it follows from Example 2.15 that (X, M, J) is an embedding of (3.28). This
setting to split the sum of p > 2 monotone operators was introduced by Spingarn
in [362, Section 5] (see also [218]). It reduces the p-operator problem (3.28) to
the two-operator inclusion 0 € Ax + Ny x. The idea of rephrasing multi-operator
problems in product spaces finds its roots in convex feasibility problems [315, 316],
where the problem of finding a point in the intersection ﬂi’:l Cy of closed convex
subsets (Cx)i1<k<p of H is associated with that of finding a point in C NV in X,
where C = C; X -+ X Cp,.

Example 3.20 In the setting of Problem 3.7, set X = H & G, define M and § as
in (3.9), let X = M + S be the Kuhn-Tucker operator of (3.10), and let I: X —
H: (x,y*) — x. Then, in view of Lemma 3.8(iv), (X, I, T) is an embedding of
(3.7). This embedding, which underlies the monotone+skew framework of [76],
reduces Problem 3.7, which involves three operators in the primal space H (namely,
A, B, and L), to a problem in X that involves the two operators M and S.

33



Example 3.21 In the setting of Problem 3.11,set X=H ® G| ©--- & Gp,, let K
be the Kuhn—Tucker operator of (3.19), and let

T:X—>7{:(x,y>f,...,y*p)»—>x. (3.31)
Then it follows from Lemma 3.12(ii) that (X, I, J') is an embedding of (3.17).

Next, we consider an embedding for strongly monotone problems.

Example 3.22 Let p € ]0,+co[,let0 < p e N, let z € H, and let A: H — 2%
be maximally monotone. For every k € {1,...,p}, let By: Gx — 29 and
Dy: Gk — 29 be maximally monotone, and suppose that 0 # L; € B(H, Gy).
The problem is to

)2
find x € H such that z € Ax + Z L:((BxoDy)(Lix)) + px. (3.32)
k=1

LetX=G1 @ - ®G,, let

M: X — 2X

1 p * * —_ * —_ *

(yT,...,y;) — (_LI(JA/p(;(Z_Zkak)))+Blly1+D11y1
k=1

x..-x( Lp(JA/p( ( Zkak))) Yo +D3ly,

, (3.33)

and let

T X>H: O ¥p) |—>JA/p( ( Zkak)) (3.34)
Then it follows from [151, Proposition 5.2(iii)] that (X, M, J') is an embedding of
(3.32).

Our last example concerns an embedding based on a saddle operator.

Example 3.23 In the setting of Problem 3.7, set X = H & G & G, let 8 be the
saddle operator of (3.25), andletT: X — H: (x,y,v*) — x. Then it follows from
Lemma 3.13(iii) that (X, 8, J) is an embedding of (3.7).

Additional examples of embeddings will be provided by Examples 7.9, 9.8, and
10.4.
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4 Two geometric convergence principles

4.1 Overview

The methodology of Framework 1.2 is to identify a target set Z in a suitable Hilbert
space in such a way that every point in Z yields a solution to the original problem
of interest. The algorithms we shall consider are Fejérian in the sense that every
iteration brings the current iterate closer to every point in Z.

4.2 Fejér monotone scheme

Let us first recall some basic facts about weak and strong convergence in Hilbert
spaces.

Lemma 4.1 [37, Section 2.5] Let (x,)nen be a sequence in H and let x € H.
Then the following hold:

(1) Let Z be a nonempty subset of H. Suppose that W(x,)nenw C Z and that, for
every z € Z, (||xn — zl|)nen converges. Then (x,)nen converges weakly to a
point in Z.

) x, =~ x © [(xn)neN is bounded and W (x,,)nen = {x} ]
(iii) x, > x © [xn — x and lim ||x,|| < ||x|| ]

Theorem 4.2 Let Z be a nonempty closed convex subset of ‘H, let (1,)nen be a
sequence of relaxation parameters in |0, 2[, and let xo € H. Iterate (see Figure 4.1)

forn=0,1,...
H,, is a closed half-space such that Z C H,
Pn = Projy, Xn
Xn+l = Xp t+ /ln(pn - Xp).

(4.1)

Then the following hold:
(1) Fejér monotonicity: (Nz € Z)(¥n € N) ||xp1 — zl| < |xn = 2]I-
(i) Xpen An(2 = An)pn = Xnll* < 400,
(iii) Suppose that sup,,cy; Ay < 2. Then Y ey | Xni1 — Xnl> < +o0.

(iv) Suppose that W (x,)nen C Z. Then (x,)nen converges weakly to a point in
Z.
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Proof. Let z € Z. Then, foreveryn e N, H,, = {u EH | (u—pu|xn—pn < O}
and, since z € H,,, (4.1) yields

2 2 2 2
ens1 = 2l = llxn = 2ll” + 220 Cxn = 2| pp = Xn) + 4,1l pn = Xl

= |lxp, — ZHZ - /1,,(2 = A)lpn _)Cn“2 + 20,2 = pn | Xn — Pn)

< H)Cn_ZHZ_/ln(z_/ln)Hpn_an2 4.2)
-A

= |lxp, — ZHZ - 1 - 141 _)CnH2 4.3)
n

< Jlxn — 2l (4.4)

(1): See (4.4).
(i1): Fix N € N. Then (4.2) yields

N
D A2 = A lpn = %l < o = 22 (4.5)
n=0

and we conclude by letting N — +co.

(ii)=(iii): This follows from (4.3).

(iv): In view of (i), (||x; — z||)nen converges. The claim therefore follows from
Lemma4.1(1). O

Remark 4.3 In 1922, Fejér [191] studied the following problem: given a nonempty
closed set Z c RN and a point y ¢ Z, can one find a point x € RY such that

(VzeZ) llx—zll <lly-zll (4.6)

This led Motzkin and Schoenberg to adopt in [294] the terminology Fejér monotone
to describe sequences satisfying property (i) in Theorem 4.2. In their paper (see
also [3]), an algorithm was developed to solve systems of linear inequalities in
RN by successive projections onto the half-spaces defining the polyhedral solution
set Z, and Fejér monotonicity was shown to be an adequate tool to study the
convergence of this algorithm. Further analysis of Fejér monotonicity was proposed
in [66, 186, 187, 324, 325] and nowadays it constitutes a central tool to analyze the
asymptotic behavior of various algorithms [37].

Remark 4.4 In general, the convergence of (x;),en to x € Z in Theorem 4.2(iv)
is only weak and, even if it were strong, there exists no rate of convergence on
(Jlxz = x|])nen, even in Euclidean spaces [39, 220, 397]. In particular, achieving
a linear rate of convergence, that is, securing the existence of k € ]0,+oco[ and
p €10, 1] such that

(VneN)  [lx, — x|l < kp", 4.7)

36



H, = H(xn» pn)

Figure 4.1: Iteration n of the Fejérian algorithm (4.1).

requires stringent additional assumptions on the problem. In our inclusion context,
a typical assumption is strong monotonicity; see [37, Proposition 26.16] for an
example. In the broader context of Theorem 4.2(i), it is clear that (d¢(x,))nen
decreases and that, for every n € N and m € N, [|x, — Xy || < [|X5 — projc x|l +
IXn4m — Projc Xnll < 2dc(x,). Hence, (4.7) will hold with x = 2d¢ (xo) if the
decreasing property can be strengthened to (Vn € N) d¢ (x,41) < pdc (xy).

Remark 4.5 The implementation of (4.1) is said to be unrelaxed if (Vn € N)
A, =1

4.3 Haugazeau-like scheme

Theorem 4.2 guarantees only weak convergence to an unspecified point in Z and,
as will be seen on several occasions later, strong convergence fails in general (many
of these examples will be based on a scenario of [230] concerning the method of al-
ternating projections). However, in some infinite-dimensional applications in areas
such as inverse problems, control, mechanics, PDEs, optics, and analog computing,
weak convergence does not offer sufficient guarantees and strong convergence is
required. The geometric approach described in this section emanates from ideas
found in the work of Haugazeau on the convex feasibility problem [224, 225]. It
will provide strong convergence to a specific point in Z, namely the projection of
the initial point onto Z. This means that the resulting algorithm is also of interest,
even in Euclidean spaces, as a best approximation method.
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The following technical fact will be employed repeatedly.

Lemma 4.6 ([225, Théoreme 3-1]; see also [37, Corollary 29.25]) Let (x,y,z) €
H3. Define

H(x,y)={zeH|(z-y|x~y) <0}, (4.8)
C=H(x,y)NH(y,z), and, if C # 2,
Q(x,y,2) = projc x. 4.9)

Setx=(x—yly-2)u=Ilx=yl%v=I|y=-zll*> and p = uv - x*. Then exactly
one of the following holds:

(i) p=0and y <0, in which case C = @.

(i) [p=0and y > 0] or p > 0, in which case C # @ and

zZ, ifp=0and y > 0;
Qx,y,2) =3x+ (L + x/v)(z—y), if p>0and yv > p; (4.10)
y+/p)(x(x =y) +pu(z—-y)), ifp>0and yv < p.

The essential components of the following theorem are found in the unpublished
thesis of Haugazeau [225] (see [224] for a preliminary variant), where he considered
the specific problem of projecting a point onto the intersection of finitely many sets
using their individual projection operators cyclically.

Theorem 4.7 Let Z be a nonempty closed convex subset of H, let (1,)nen be a
sequence of relaxation parameters in |0, 1], and let xo € H. Iterate (see Figure 4.2)

forn=0,1,...
H,, is a closed half-space such that Z C H,
Pn =p1‘0an Xn 4.11)

'n =Xn +/ln(pn _xn)
Xn+l = Q(anxna rn)-

Then the sequence (xy,)nen is well defined and the following hold:
(1) (Vn e N) Z C H(xp,xn) N H(xy, 7).
(i) (3¢ € [0, +00[) [lxn — xoll T £ < dz(xo).
(i) Tper ner = xull* < +oo.

(V) Ynen A2lpn = xnl* < +oo.
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(v) Suppose that W(x,)nen C Z. Then (x,)nen converges strongly to proj, Xo.

Proof. First, recall that the projector onto a nonempty closed convex subset D of
H is characterized by [37, Theorem 3.16]

(Vx e H) projpxeD and D c H(x,projpx). (4.12)
We also observe that (4.11) implies that
(Yn € N)  H(xp, pn)
={Z€W|<Z_Pn|xn—rn> 0}
:{Zeq_{|<z_rn|xn_rn> <pn_rn|xn_rn>}
)

= {Z eH | <Z_rn |xn —TIn) S _/ln(l _/ln)“xn _anZ}
C H(xp,ry). (4.13)

<
<

(1): Let n € N be such that x,, exists. It follows from (4.11) and (4.13)
that Z ¢ H, = H(xn,pn) C H(xy,ry). It is therefore enough to show that
Z C H(xg,x,). This inclusion certainly holds for n = 0 since H(xg,x9) = H.
Furthermore, it follows from (4.12) and (4.11) that

ZcC H(XOaxn) = ZcC H(XO,xn) N H(xn,rn)
= Z C H(xp, Q(x0, X, 7))
&  Z C H(xo, Xn+1), (4.14)
which establishes the assertion by induction. This also shows that H(xg,x,) N
H(x,,r,) # @ and hence that x,,,1 is well defined.

(ii)—(iii): Let n € N. By construction, x,+1 = Q(xg, X, 7n) € H(xg,Xx,) N
H(x,,r,). Consequently, since x, is the projection of xy onto H(xg,x,) and
Xn+1 € H(x9,x;,), we have ||xg — x,|| < ||xo0 — Xu+1]|. On the other hand, since
proj, xo € Z € H(xo,Xp), we have |[xo — x| < |lxo — proj, xol|. It follows that
(Jlxo — xx||)xen converges to some ¢ € [0, ||xo — proj, xol|], which establishes (ii),
and that

lim [|xo — x| < [[xo — projz xol. (4.15)
However, since x,.1 € H(xg, x,), we have

141 _)CnH2 < lxp4 _)CnH2 + 2(Xpe1 = Xp | Xpn — X0)

= [lx0 = Xns1 11> = [1x0 — X% (4.16)

Hence,

n
ket = xl® < lxo = e 112 < o = proj, xoll® 4.17)
k=0
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and therefore

D ekt —xill® < oo, (4.18)
keN

(iv): For every n € N, we derive from the inclusion x,,+1 € H(x,, r,,) that
2 2 2
lrn = x0 1 < [[Xpe1 = 7ull” + X0 = 7all

< X1 _rn”2+2<xn+l —Tn | Fn = Xn) + || _’"n”2

= [Ixne1 — Xnll*. (4.19)
Hence, by (iii) and (4.11),

D Rpn = xal? =Y llrn = xall? < +oo. (4.20)

neN neN

(v): Let us note that (ii) implies that (x,),cn is bounded. Now let x €
W(xp)nen, say xg, — x. Then, by weak lower semicontinuity of || - || [37,
Lemma 2.42] and (ii),

lxo =l < Lim [lxo —x, | < [lxo = projz xoll = inf [lxo — 2. (4.21)

Hence, since x € Z, x = proj, xo is the only weak sequential cluster point of
(Xn)nen and it follows from Lemma 4.1(ii) that x,, — proj, xo. In turn, (ii) yields

llx0 = projz xol| < lim [lxp — x, || = lim [|xo — x| < [lxo — projz xoll. (4.22)

Thus, xo — x, — xo — proj, xo and ||xop — x,|| — ||xo — proj, xol|. We therefore
derive from Lemma 4.1(iii) that xo — x,, — xo — proj, xo, i.., X, — proj, xo. 0O

4.4 Graph-based cuts

We consider the problem of finding a zero of a maximally monotone operator
M: H — 2H decomposed as M = W + C, where W: H — 2™ is maximally
monotone and C: H — H is cocoercive, using the geometric principles of The-
orems 4.2 and 4.7. To this end, we shall construct half-spaces by selecting points
in the graph of W. Let us start with a weak convergence result.

Theorem 4.8 Let @ € 0, +co, let W: H — 2H pe maximally monotone, let
C: H — H be a-cocoercive and such that Z = zer(W + C) # @, let xg € H, and
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X0
Xn

H, = H(xnspn) H(x07x11)

Figure 4.2: Iteration n of the Haugazeau-like algorithm (4.11) with A,, = 1.

let (An)nen be a sequence in 10,2|. Iterate

forn=0,1,...
(wnp,wy) € graW, g, e H
t, =wy +Cqy
6n = (Xn = wa | 1) = IWn = qnll*/ (4a)
On . . )
dy = T om0
0, otherwise

(4.23)

| Xn41 = Xp — Apdy.
Then the following hold:

(1) (xn)nen is bounded.

(ii) ZneN /ln(2 - /ln)Hdn“2 < +oo.

(iii) Suppose that wy, —x, — 0, wy, —q, — 0, and t;, — 0. Then (x,)nen
converges weakly to a point in Z.

Proof. We first observe that (4.23) is well defined since (Vn € N) ,, > 0=t # 0.
It follows from Example 2.5 and Lemma 2.27(ii) that

W + C is maximally monotone, 4.24)
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and hence from (2.29) that Z is a nonempty closed convex subset of H. Set

”Wn - anZ}

(Vn e N) H,,={ze7{
4a

(z—wy | t,) < (4.25)

and let z € Z. For every n € N, since (z,—Cz) € graW and (w,,w),) € graW, it
results from the monotonicity of W that (w, —z | w) + Cz) > 0. Hence, since C
is @-cocoercive,

(VneN) (z-w,|t,)
={(z—wp |W2+CQn>

<{z—-wy | Cq,—Cz) (4.26)
:<Qn_wn|CQn_CZ>+<Z_Qn |CQn_CZ>
<A{gn—wn | Cqyn - C2) —a||Cqn - Cz|* (4.27)
dn — Wn 2
=2(——" | Va(Cq —CZ)> — |[Va(Cgn - C2)
(2222 | Vatca, - o) - INa(Ca, - )|
_ HWn _inlz _ \/E(Cq _ CZ) + Wn —(4n 2
4o " Via
_ 2
< wn=anll” (4.28)
4a

This shows that (Vn € N) Z c H,. In addition, it results from (4.23) and
Example 2.1 that

(Vn € N)  Xpe1 = X + A (Projg, Xn — X)), (4.29)

which corresponds to the setting of Theorem 4.2.

(1): This follows from Theorem 4.2(i).

(i1): This follows from Theorem 4.2(ii).

(iii): Let x € W(x,)nen, say xg, — x. Then wy, = xg, + (Wi, — x,,) — x.
On the other hand, since C is 1/a-Lipschitzian,

IWn = gnll
_—

Wy, + Cwall = llr;, + Cwy = Cqull < It Il + 0. (4.30)

In addition, since (w,, W) )nen is in graW, (w,, w), + Cwp)nen is in gra(W + C).
It then follows from (4.24) and Lemma 2.49 that x € Z. We conclude by invoking
Theorem 4.2(iv). 0O

We now turn to strong convergence.
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Theorem 4.9 Let a € 0, +co[, let W: H — 2H be maximally monotone, let
C: H — H be a-cocoercive and such that Z = zer(W + C) # @, let xy € H, and
let (An)nen be a sequence in 10, 1]. Iterate

forn=0,1,...
(Wn,wy) e graW, g, e H
t, =wy +Cqy
On = (Xn —wp | t:;> = wn = inlz/(4a)
On . . )
dy =T Vo
0, otherwise

4.31)

In =Xp — Apdy
| Xn+1 = Q(X(),)Cn, rn),

where Q is defined in Lemma 4.6. Then the following hold:

(1) (xn)nen is bounded.

(i) ZneN ||xn+1 _)CnH2 < +o0.
(i) Xpen Axlldall® < +oo.

(iv) Suppose that wy, — x, — 0, w,, —gqn — 0, and t;, — 0. Then (x,)nen
converges strongly to proj, xo.

Proof. Define (Hy)nen as in (4.25) and note that (4.28) yields Z C N,,ep Hn-
Furthermore, we derive from (4.31) and Example 2.1 that (Vn € N) r,, = x,, +
A, (projy, Xn — x,). This places us in the setting of Theorem 4.7.

(1): This follows from Theorem 4.7(ii).

(i1): See Theorem 4.7(iii).

(ii1): This follows from Theorem 4.7(iv).

(iv): As in the proof of Theorem 4.8(iii), MW(x,,)nen € Z. The claim follows
from Theorem 4.7(v). 0O

In the absence of the cocoercive operator C, we can choose (¢,)nen = (Wn)nen
in (4.23) and (4.31), and Theorems 4.8 and 4.9 simplify as follows.

Proposition 4.10 Let M : H — 2™ be a maximally monotone operator such that
Z =zer M # @, let xo € H, and let (1,,)nen be a sequence in 10, 2][. Iterate
forn=0,1,...
(mp,m;) € graM
(Xn = mp | my)
dp = [l 112

0, otherwise

my, if (xp—my, | m;) > 0; (4.32)

| Xn41 = Xp — Apdy.
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Then the following hold:

(i) ZneN /1,1(2 - /ln)Hdn”2 < +o00.

(ii) Suppose that m, —x, — 0 and m;, — 0. Then (x,)nen converges weakly to
a point in Z.

Proposition 4.11 Let M: H — 2™ be a maximally monotone operator such that
Z=zer M # @, let xg € H, and let (1,,)nen be a sequence in 10, 1]. Iterate

forn=0,1,...
(my,my) € graM

(Xn —my | my) |
dn = lm3 17 "
0, otherwise
In =Xp — Apdy
| Xn+1 = Q(XO’ Xns rn),

if {xp—my | m;) > 0; (4.33)

where Q is defined in Lemma 4.6. Then the following hold:

(D) Zpen Alldall? < +o0.

(ii) Suppose that m, —x,, — 0 and m,, — 0. Then (x,)necn converges to strongly
1o proj ., xo.

4.5 Warped resolvent cuts

Algorithms (4.23) and (4.31) are conceptual in the sense that they do not provide
an explicit mechanism to find points in the graph of W. In this section, we propose
implementable versions that pick points in gra W using the warped resolvents of
Lemma 2.42.

Theorem 4.12 Let « € |0, +oo[, let W: H — 2M be maximally monotone, let
C: H — H be a-cocoercive and such that Z = zer(W + C) # @, let xy € H, and
let (Ay)nen be a sequence in 10,2[. Further, for everyn € N, let U,,: H — H
be an operator such that ranU,, C ran(U,, + W + C) and U,, + W + C is injective.
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Iterate

forn=0,1,...
Uy
Wn = JW+CX”
wy = Upx, — Uyw, — Cw,,
gn €H
ty =wn+Cqn
S = (= wa | 1) = W = qull*/ (4) (4.34)

On
gt if 6, > 0
dn = ”th2 " "

0, otherwise

| Xn+1 = Xn — Apdp.
Then the following hold:
(@) Zert An(2 = A,)lldnI? < +o0,
(i) Suppose that one of the following is satisfied:

(@) Xpew An(2 = 2,) = +oo and (||dnl|)nen converges;
(b) inf,en A, > 0and sup A, < 2;

together with one of the following:

©) wop—xp =0, Uywp = Upx, = 0, and wy, — g, = 0;
(d) ¢gn—x, — 0andthere exist 1 € |1/(4a), +oo[ and B, € |0, +oo[ such
that the kernels (U, ), are B1-strongly monotone and 8, -Lipschitzian.

Then (x,,)nen converges weakly to a point in Z.

Proof. Lemma 2.42(i) indicates that (4.34) is governed by the scenario of The-
orem 4.8.

(1): See Theorem 4.8(ii).

(i1): A consequence of (i) under (ii)(a) or (ii)(b) is that

ld, || — O. (4.35)

Indeed, the claim is clear under (ii)(b) whereas, under (ii)(a), we have lim ||d,|| = 0
and therefore lim ||d,,|| = 0. Next, let us assume that (ii)(c) holds. Then it follows
from (4.34) and (2.32) that
(Yn e N) It ]l = [[Unwn — Unxn + Cwy — Cqyl|
S NUpwn = Upxp|| + |Cwy — Cqall (4.36)

W —
< U = Uy ]|+ 1n = @ll

— 0. (4.37)

45



In view of Theorem 4.8(iii), the claim is established. It remains to show that
(i1)(d)=(i)(c). Because the operators (U, + W + C),cn are B1-strongly mono-
tone, the operators (U, + W + C);ElN are B1-cocoercive, hence 1/8-Lipschitzian.
Consequently, since the operators (U,),en are Bz-Lipschitzian, the operators
(JYn ), are B2/B1-Lipschitzian. Now let z € Z. Then we derive from (4.34)

wW+C
and Lemma 2.42(ii) that

2
(Yn €N) |lw,—z| = HJ"{;;an - Jvlé';czH < %nxn —z|. (4.38)

Appealing to Theorem 4.8(i), we infer that (w,),en is bounded. Thus, since
gn —x, — 0 and C is 1/a-Lipschitzian, the sequences

(Iwn=xnlDnens (Iwn—=gnlDnen, and (|[Cwy—Cqn|l)nen are bounded. (4.39)
However, (4.36) entails that

W —
(Vn e W) Il < Ballwn — iyl + L2 =220

(4.40)
which verifies that (|7} ||),en is bounded. In turn, (4.34) and (4.35) imply that

lim 6, < lim |3 ]| ||d,|| = 0. (4.41)
Moreover, for every n € N, (4.34) yields

W, _an2
da
= Bi W, _an2 + (W, — dn | Cw, — CQn> + <Qn — X | Cw, — CQn>

On=Wn—=Xp | Uwy —Upxp) +{wy —x, | Cwy, — Cqy) —

lw, — CInHZ
da

> B1(Iwn = gnll? + 200 = @n | G = 20) + llgn = ]I

HWn - QnH2
da

1
> (:81 - E)Hwn - inlz +ﬂl (2<Wn —d4n | dn _xn> + ”4n _xnllz)

+ <Qn — X, | Cwy, — CQn>

2
|

+a||CWn_CQn +<Qn_xn | CWn_CQn>_

1
2 (:81 - 4_)||Wn - anZ
a
+1gn = 22l (Billgn = Xull = 2B1llwWn = gnll + [ICw, = Cqull).  (4.42)

Therefore, since ||, —x,|| — O, it follows from (4.39) and (4.41) that w,, —g,, — 0
and hence that w,, — x,, — 0. Since

NUnwn = Upxull < B2llwn = xnll < B2(lwn = gull + lgn — xnll) — 0, (4.43)
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the proof is complete. 0O

Remark 4.13 In the special case when C = 0, (g)nenw = (Wn)nen, and condi-
tions (ii)(b) and (ii)(c) are satisfied, Theorem 4.12(ii) is closely related to [95,
Theorem 4.2(ii)].

We conclude this section with the strongly convergent best approximation
companion algorithm resulting from Theorem 4.9.

Theorem 4.14 Let a € |0, +oo[, let W: H — 2M be maximally monotone, let
C: H — H be a-cocoercive and such that Z = zer(W + C) # @, let xy € H, and
let (Ay)nen be a sequence in 10, 1]. Further, for every n € N, let U,,: H — H
be an operator such that ranU,, C ran(U,, + W + C) and U,, + W + C is injective.
Iterate

forn=0,1,...
Wn = Jxlajficx"
wy = Upx, — Uyw, — Cwy,
qn € H
ty =w;, +Cqn
6n = (Xn = wa | 13) = lwn — qull*/ (4) (4.44)
On . . )
dy = T o
0, otherwise
'n =Xn — /lndn
L Xn+1 = Q(an Xn, rn),

where Q is defined in Lemma 4.6. Then the following hold:

() Tpen ANdal* < +oo.

(i) Suppose that one of the following is satisfied:

(@) Ypen /lf, = +o0 and (||d,||)nen converges;
(b) infen A, > 05

together with one of the following:

©) wp—xn =0, Upwp = Upxy = 0, and wy, — g, = 0;

(d) ¢gn—x, — 0andthere exist 1 € |1/(4a), +oo[ and B, € |0, +oo[ such
that the kernels (U, ) e are B1-strongly monotone and 3, -Lipschitzian.

Then (x,)nen converges strongly to proj, Xo.
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Proof. In view of Lemma 2.42(i), (4.44) is an instance of (4.31) and we shall
therefore employ Theorem 4.9.

(1): See Theorem 4.9(iii).

(i1): It follows from (i) and (4.44) that d,, — 0. Indeed, this is evident under
(ii)(b) whereas, under (ii)(a), we have lim ||d, || = O and therefore lim ||d, || = 0.
Let us now assume that (ii)(c) holds. Then (4.37) is satisfied and we obtain the
assertion by invoking Theorem 4.9(iv). Finally, to show that (ii)(d)=(ii)(c), we
remark that Theorem 4.9(i) asserts that (x,),cn is bounded. Hence, we follow the
same pattern as in the proof of Theorem 4.12(ii)(d) to conclude. 0O

S The proximal point algorithm

5.1 Preview

The proximal point algorithm is an implicit method to construct a zero of a max-
imally monotone operator which goes back to a quadratic programming method
proposed in [49, Section 5.8]. In the nonlinear case, it first appeared in Lieutaud’s
work [259] (this fact seems to have been overlooked in the literature, see Re-
mark 6.1), then in [274, 275] for subdifferentials and in [339] for the general case.
Iteration n of the unrelaxed form of the algorithm can be interpreted as a backward
Euler discretization of the Cauchy problem [24, Section 3.2] (see Example 2.18)

{X(O) - (5.1)

—x’'(t) € Mx(t), for a.e. t € |0, +oo|
with time step y, € ]0, +oo[, that is,
Xn — Xn+l
Yn

or, equivalently, x,41 = J,,, mMXn.

€ Mxpy (5.2)

5.2 Fejérian algorithm

The following theorem, which brings together results from [72, 179, 197, 214, 253,
274, 275, 339], will be derived from Theorem 4.12.

Theorem 5.1 Let M: H — 2™ be a maximally monotone operator such that
Z =zetM # @, let xo € H, let (1,)nen be a sequence in 10,2, and let (Y,)nen
be a sequence in |0, +oo|. Iterate

(VneN) x,u=x,+4, (JynMx,, - Xn) (5.3)

and suppose that one of the following holds:
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(i) Zperi An(2 = A,) = +o0 and (Vn € N) y, = 1.
(i) Ypeny2 =+0and (Yn e N) A, = 1.
(iii) infuen An > 0, sup,, e An < 2, and inf, e v, > 0.
Then ||J,, mXn — Xnll/Yn — 0 and (xp)new converges weakly to a point in Z.

Proof. Let us apply Theorem 4.12 with
C=0and (VneN) U,=v,'Id and g, =w,. (5.4)

We derive from (2.19) that the variables of the iterations (4.34) satisfy

(VneN) = X";W", Sp = yallt2lI% and dp = X — Wy (5.5)

n

Thus, the sequence (x,)en produced by (5.3) coincides with that of (4.34). In
turn, Theorem 4.12(i) yields

2 An(2 = )lldall? < +eo. (5.6)
neN

We now show that one of conditions (ii)(a)—(ii)(b) and one of conditions (ii)(c)—
(i1)(d) of Theorem 4.12(ii) are fulfilled in each scenario. We also recall from (4.35)
that (ii)(a) and (ii)(b) in Theorem 4.12 each imply that

d, — 0. (5.7

(1): Let us check that conditions (ii)(a) and (ii)(d) are fulfilled. For (ii)(a), it is
enough to show that (||d,||),en decreases. To this end, set T = 2Jy; — Id. Then
Lemma 2.34(iii) and (2.33) assert that T is nonexpansive. Therefore, (5.5) yields

(Vn € N)  2|ldns1ll = ITxp41 — X1l
= 1 Txne1 = Txp + (1 = 2,/2) (Txp — x0) ||
< ener = xull + (1= /2| Txn — xn|
= (/2D Txp = xpll + (1 = /2| Txn — xn|
= 2|d,ll, (5.8)

as desired. For (ii)(d), note that (5.7) and (5.5) imply that g,, — x,, = w,, — x,, =
—d, — 0. In addition, it is clear from (5.4) that (U,),en satisfies the required
conditions with 8; = 8, = 1.

(i1): Condition (ii)(b) holds. To show that (ii)(c) holds as well, we first infer
from (5.5) and (5.6) that ¥,y ¥2|1£]|* < +co and hence that w,, —x,, = —y,t% — 0.
Furthermore, since ¢y y2 = +oo, lim ||| = 0. On the other hand, (¥n € N)
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= y;l (xp —wy) = y;l (x5, — xn+1). Hence, using (2.18), the monotonicity of M,
and the Cauchy—Schwarz inequality, we obtain

(VneN) 0<(w,—wpy1 | t:l - t:+1>/7n+1
= (Xp+1 — Xn42 | t:; - t:;+1>/7n+1
= <t:;+1 | t:t - tj1+1>
=ty | 1) = Ml 12
<t NI = 117 1), (5.9)

which shows that (||7)||),en decreases. Altogether, U,x,, — U,w, =t — 0.

(ii1): Condition (ii)(b) is assumed. Let us check (ii)(c). Since (5.5) and
(5.6) yield ¥, cn Y21I£5]1? < +00, we have x, — w,, = Yt — 0. Finally, since
infyenyn > 0, Upxy, — Uywy, =1, — 0.

We conclude the proof by noting that in all three cases above we have
Iy, mXn = xnll/yn = lIt;Il = 0. O

Remark 5.2 Let f € I'y(H) and suppose that M = 3 f in Theorem 5.1. Then, as
seen in Example 2.12, M is maximally monotone and Z = Argmin f. In this case,
the condition on (y;),en in Theorem 5.1(ii) can be improved to ., c5 Yn = +90
[72, Théoreme 9].

5.3 Haugazeau-like algorithm

We employ Theorem 4.14 to obtain a strongly convergent variant of the proximal
point algorithm; see [35, 360] for related results. Examples of proximal point
iterations that fail to converge strongly are constructed in [41, 131, 221].

Theorem 5.3 Let M: H — 2™ be a maximally monotone operator such that
Z =zerM # @, let xo € H, let (1,)nen be a sequence in 10, 1] such that
inf,en A, > 0, and let (y,)nen be a sequence in |0, +oo such that inf ey y,, > 0.
Iterate

(Vn €EN) xpq1 = Q(Xo,xn, Xn + /ln(JynMxn - xn)), (5.10)
where Q is defined in Lemma 4.6. Then (x,)nen converges strongly to proj, xo.

Proof. In Theorem 4.14, set C = 0 and (Vn € N) U, = y,'Id and ¢, = w,.
Then (5.5) holds and the sequence (x,),en produced by (5.10) coincides with
that of (4.44). In turn, Theorem 4.14(i) yields Y,y A2||dp||*> < +00. Therefore,
Xp—w,=d, > 0and U,x, — U,w, = y;ldn — 0. This confirms that condition
(i1)(c) in Theorem 4.14(ii) is fulfilled. Since condition (ii)(b) holds by assumption,
the proof is complete. 0O
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5.4 Special cases and variants

As mentioned in Section 1, direct implementations of the proximal point algorithm
are limited due to the potential difficulty of evaluating the resolvents in (5.3) and
(5.10). As we shall see in this section, the proximal point framework can non-
etheless be an effective device to establish indirectly the convergence of algorithms
that can be identified, possibly in a different space, as an instance of (5.3). Early
examples in the context of inequality-constrained minimization problems are found
in [340], where a dual application of an approximate proximal point algorithm
was shown to yield a method of multipliers (also called the augmented Lagrangian
method) that extends some classical ones from [228] and [319] (see also [337]).
A primal-dual quadratically perturbed variant of this algorithm, known as the
proximal method of multipliers, was also introduced in [340] as an application of
an approximate proximal point algorithm to find saddle points of the Lagrangian
(see also [343, 352] and their bibliographies for recent work along these lines).
The applications described below reduce to implementations of the proximal point
algorithm that feature full operator splitting when several linear and nonlinear
operators are present in the original problem.

5.4.1 The Euler method

We derive from the proximal point algorithm a (forward) Euler method to find a
zero of a cocoercive operator.

Proposition 5.4 Let @ € |0,+co[ and let B: H — H be a-cocoercive, with
zer B # @. Let (Yn)nen be a sequence in 10, 2a[ such that },cn Yn (2a—7yy) = +00
and let xg € H. Iterate

(Vn e N) x40 =X, — YnBx,. (5.11)
Then (x,,)nen converges weakly to a point in zer B.

Proof. Set M = (Id — aB)~! - Id. Since aB is firmly nonexpansive with domain
H, Id — aB is likewise and Lemma 2.34(iii) asserts that M is maximally monotone.
On the other hand, zer M = zer B, Jy; = Id — @B, and hence (5.11) becomes

(VneN) xuu =x,+,(Jpgx, —x,), where A, =vy,/a€]0,2[. (5.12)

Thus, since ., ey An (2 — A,) = +00, the claim follows from Theorem 5.1(i). O

Remark 5.5 As just shown, the Euler method (5.11) is an instance of the proximal
point algorithm (5.3). Conversely, we can interpret the proximal point iterations in
the format

(VneN) xu4 =x,+ A, (Jpyx, —x,), where A, €]0,2[ (5.13)
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as an instance of (5.11). Indeed, let M : H — 2H be maximally monotone and set
B = 'M and (Vn € N) y,, = 1,,. Then, as seen in Example 2.7, zer M = zer B and
B is 1-cocoercive, while (2.21) implies that (5.13) reduces to (5.11).

The following example is about the gradient method (see [102, 157] for the
premises of this algorithm).

Example 5.6 Let @ € ]0,+o0[ and let g: H — R be convex, differentiable, and
such that Vg is 1/a-Lipschitzian, with Argming # @. Let (v,)n,en be a sequence
in ]0, 2 such that ), cp ¥n (2@ — y,,) = 400 and let xg € H. Tterate

(Yn € N)  xp1 =xn — ¥n Vg (Xn). (5.14)
Then (x,,),en converges weakly to a point in Argmin g.

Proof. Combine Lemma 2.2 and Proposition 5.4. 0O

As noted in [38, Remark 4.8(ii)] in the context of Example 5.6, the conver-
gence in Proposition 5.4 can fail to be strong. The next result, which guarantees
strong convergence, is obtained by defining M and (4,),en as in the proof of
Proposition 5.4 and using Theorem 5.3.

Proposition 5.7 Let @ € |0,+co[ and let B: H — H be a-cocoercive, with
zer B # @. Let (Yn)nen be a sequence in 10, a] such that inf,cny, > 0 and let
xo € H. Iterate

(Vn €M) Xuu1 = Q(x0,Xns X — YuBYa), (5.15)
where Q is defined in Lemma 4.6. Then (x,)nen converges strongly to proj,. g Xo.

5.4.2 Fixed point problem

We address the basic problem of constructing a fixed point of a nonexpansive
operator T: H — 9H. The following result is derived as an instance of the
proximal point algorithm of Theorem 5.1 via the embedding of Example 3.16.

Proposition 5.8 Let a € [0, 1] and let T: H — H be a-averaged. Suppose that
FixT # @, let (1,,)nen be a sequence in 10, 1 /[ suchthat Y, c5 An(1—ad,) = +oo,
and let xo € H. Iterate

(VneN) xuu1 =x,+4,(Tx,, — x5). (5.16)

Then (x,,)nen converges weakly to a point in Fix T.
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Proof. We use the embedding of Example 3.16. Define M as in (3.26) and note
that Jy¢ = Id + (2) "' (T — 1d). We therefore rewrite (5.16) as

(Vn e N)  xu1 =xp+un(Ivxn —xn), where u, =2ad, €]0,2[. (5.17)

Then Y, e tn (2 — ) = 400 and, appealing to Theorem 5.1(i), we conclude that
(xn)nen converges weakly to a point in zer M = Fix7T. O

In the case when a = 1, Proposition 5.8 is due to Groetsch [219] and (5.16) is
known as the Krasnosel skii—-Mann iteration, owing to its connection with iterative
schemes proposed in [247] and [273], and it is a pillar of nonlinear numerical
functional analysis [37, 104, 168]. Here is a strongly convergent variant derived
from Theorem 5.3 (see [204] for an example of the failure of strong convergence
in Proposition 5.8).

Proposition 5.9 Let a € 10,1] and let T: H — H be a-averaged. Suppose that
FixT # @, let (1,,)nen be a sequence in 10,1/ (2a)] such that inf,en A, > 0, and
let xo € H. Iterate

(Vn €N)  xpy1 = Q(Xo,xn, Xp+ A (Tx, — xn)), (5.18)

where Q is defined in Lemma 4.6. Then (x,)nen converges strongly to projgy  Xo-

Proof. Define M as in (3.26), argue as in the proof of Proposition 5.8 to observe
that (5.18) is an instance of (5.10), and conclude by invoking Theorem 5.3. O

5.4.3 Resolvent compositions

We focus on the inclusion problem of [132, Section 6], which is modeled by
resolvent compositions (see Example 2.40) and solvable via the proximal point
algorithm.

Proposition 5.10 Suppose that L € B(H,G) satisfies 0 < ||L|| < 1, let B: G —
29 be maximally monotone, let V # {0} be a closed vector subspace of H, and let
v € ]0,+co[. Let S be the set of solutions to the problem

find x € V such that 0 € B(Lx) (5.19)
and let Z be the set of solutions to the problem

find x € H such that 0 € (projy o(Le(yB)))x. (5.20)
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Then (5.20) is an exact relaxation of (5.19) in the sense that S # @ = Z = §. Now
assume that Z # @, let (1,)nen be a sequence in 10, 2[ such that 3,y An(2—2,) =
+o00, and let xy € V. Iterate

Jorn=0,1,...
Yn = Lx,
dn =JyBYn — Yn (5.21)
7 =L*q,

Xp+l = Xp + Ay prOjV Zn-
Then (x,,)nen converges weakly to a point in Z.

Proof. The exact relaxation claim is established in [132, Theorem 6.3(v)]. Now set
M = projy o (Le(yB)) and note that || projy || = 1 and projy, = proj,,. Hence, it
follows from Example 2.31 that M is maximally monotone and from Example 2.40
that Jp; = projy, o(Idgy—L*o L+L"oJ,p o L) oprojy,. Altogether, the convergence
result follows from Theorem 5.1(1) 0O

Here is a strongly convergent algorithm based on the Haugazeau variant.

Proposition 5.11 Suppose that L € B(H,G) satisfies 0 < ||L|| < 1, let B: G —
29 be maximally monotone, let V # {0} be a closed vector subspace of H, and let
v € 10, +co[. Suppose that the set Z of solutions to the problem

find x € H such that 0 € (projy o (Le(yB)))x (5.22)

is not empty. Let (1,),en be a sequence in |0, 1] such that inf,cn A, > 0, and let
xg € V. Iterate

forn=0,1,...
Yn = Lxp
dn =JyBYn — Yn (5-23)
Zn = L*qn

where Q is defined in Lemma 4.6. Then (x,)nen converges strongly to proj, Xo.

Proof. Arguing as in the proof of Proposition 5.10, this is an application of The-
orem 5.3 with M = projy,o(Le(yB)) and (Vn e N) y, =1. O

Below we recover the relaxation framework of [153] for signal reconstruction
in the presence of possibly inconsistent nonlinear observations.

Example 5.12 Let 0 < p € N, let v € ]0,+00[, and let V # {0} be a closed
vector subspace of H. For every k € {1, ..., p}, let Gi be areal Hilbert space, let
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Ly € B(H,Gr), let wy € ]0,+00[, let Fi: Gr — Gi be firmly nonexpansive, and
let rx € Gy. Consider the nonlinear reconstruction problem [153, Problem 1.1]

find x € V suchthat (Yk € {1,...,p}) Fr(Lix)=ri (5.24)

and the relaxed variational inequality problem [153, Problem 1.3]

p
find x €V such that » wiLy(Fi(Lix) = ri) € V*, (5.25)
k=1

Suppose that 0 < Zle wi||L||> < 1 and that (5.25) admits solutions. Let xo € V,
let (1,)nen be a sequence in ]0, 2[ such that ), .y 4, (2 — A,) = +00, and iterate

forn=0,1,...
fork=1,...,p
Yikn = kan
, 5.26
Qin =7k — FiYin (5.26)
in = Zi:l (UkL;;Qk,n
Xp+l = Xp + Ay PIOjy Zp-

Then (x,,),en converges weakly to a solution to (5.25).

Proof. Let G be the standard product vector space G| X -+ X G, with gen-
eric element y = (yx)i<k<p. and equipped with the scalar product (y,y’)
Zi’:l wi(yk | y})- Further,set L: H — G: x = (Lyx, ..., Lpx) and

B: G — 29y ((Id=Fi+r) 'y1=y1)x - - x((Ad=Fp+rp) 'y p=y,). (5.27)

In this setting, (5.24) is a realization of (5.19), (5.25) of (5.20), and (5.26) of (5.21)
(see [132, Example 6.10] for details). The claim therefore results from Proposi-
tion 5.10. O

5.4.4 The method of partial inverses

We go back to a formulation already touched upon in Problem 3.10. Given a
maximally monotone operator A: H — 27 and a closed vector subspace V of H,
Spingarn considered in [362] the problem

find x € V and x* € V* such that x* € Ax (5.28)

and solved it by applying the proximal point algorithm to the partial inverse Ay (see
Example 2.33). The resulting algorithm is called the method of partial inverses.
The following is a relaxed version of the convergence result of [362, Theorem 4.1(i)]
(see [7, Theorem 2.4]).
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Theorem 5.13 Let A: H — 2M be a maximally monotone operator, let V be a
closed vector subspace of H, and let (1,)nen be a sequence in 10,2[ such that
Sinen An (2= A) = +o0. Suppose that (5.28) has solutions, let xo € V, let X, € V4,
and iterate

forn=0,1,...
Pn = JA(xn +x;kl)
Dy =Xp+ X, — Dn (5.29)

Xpgl =Xp — Ay prOjV pfz
*

X = Xy, — An Projy.s py.
Then the following hold:
(i) projy pn —xn — 0 and projy. p,, —x;, — 0.
(ii) There exists a solution (x,x") to (5.28) such that x, — x and x;, — x*.

Proof. Set
(VneN) z,=x,+x), (5.30)

and note that, since (x,),en lies in V and (x,),en lies in V+, (5.29) can be rewritten
as

forn=0,1,...
Pn = JA(xn +x;kl)
Pn =Xn+X, = Pn (5.31)

Xnsl =X+ Ay (prOjV Pn — xn)
X5 =X, + A (Projye py, = Xy,).

Thus,

(Vn e N)  projy, (M +Z,,) + projy. (Zn - (M + Zn))

Ay An
= projy, (Zn+1 —n + zn) + projy. (—Zn —ntl )
n /ln

. (X1 — X i Xy =X
= projy ("/l—n" +x,,) + Projy. ("/l—n'”)
= projy pn + projy.(x;, — p)
= prOjV Pnt+ pI‘OjVL (pn - xn)
=Pn
=Jazn. (5.32)
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Hence, it follows from (5.30), (5.31), and Example 2.38 that

(Vn e N)  zyi1 =2 + An(Jay 2n — 20)- (5.33)
Altogether, we derive from Theorem 5.1(i) that

Jayin —2n — 0 (5.34)
and that there exists z € zer Ay such that

Zn — 2. (5.35)

(1): In view of (5.31), (5.30), Example 2.38, and (5.34), we have
Projy pn = Xn = projy (Jay zn) = Xn = projy (Jay zn = 2n) — 0 (5.36)

and

Xy, = Projy. p = projy (pn —Xn) = projy. Jazn = projy. (zn —Jay zn) — 0.
(5.37)

(ii): As seen above z € zer Ay. Now set (x,x*) = (projy z, projy. z). Then
Example 2.33(ii) guarantees that (x,x*) solves (5.28). In addition, since projy, and
projy. are linear and continuous, they are weakly continuous. We conclude that
Xp = Projy Zp — projy z = x and x;, = projy. 2, — projy. z =x". 0O

Example 5.14 In Theorem 5.13, let f € I'x(H) be such that O € sri(dom f — V),
set A = d f, and suppose that f admits minimizers over V. Then (5.28) amounts to
finding a solution to the Fenchel dual pair

minimize f(x) and minimize f*(x"). (5.38)
xeV x*ev+

In this case, given xo € V and x; € V*, the method of partial inverses (5.29) iterates

forn=0,1,...
Pn = prox g (xp, +x3)
Py =Xn+X, = Pn (5.39)

Xpsl =Xp — Ay prOjV p:z
*

X =X, — An PrOjy Pu

and Theorem 5.13(ii) guarantees that there exists a primal-dual solution (x,x*) of
(5.38) such that x, — x and x}, — x*.
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Algorithm (5.29) has many applications in convex optimization, e.g., [231, 253,
256, 309, 362, 363, 364]. As shown in [344], it also constitutes the basic building
block of the progressive hedging algorithm in stochastic programming [345].

Although the method of partial inverses (5.29) is presented in the context of
the simple problem (5.28), it has far reaching ramifications. We present below
an application proposed in [7], where it is applied to Problem 3.11. In terms of
Framework 1.2, this approach can be seen as a rephrasing of Problem 3.11 as an
instance of (5.28)inX=H O G ®---© G),.

Proposition 5.15 Let 0 < p € N, let A: H — 2™ be maximally monotone, and,
for every k € {1...,p}, let Gx be a real Hilbert space, let By: Gx — 29 be

maximally monotone, and let Ly € B(H, Gr). Suppose that the set Z of solutions
fo the inclusion

p
find x € H suchthat 0 € Ax+ )" Li(Bi(Lix)) (5.40)
k=1

is not empty and let Z* be the set of solutions to the dual inclusion
find yi € Gi,...,y, €Gp such that

P
(Elx € A_l(—z LZy};))(Vk e{l,....p}) Lixe B,;lyz. (5.41)
k=1

Letxy € H andlet (A,)nen be asequencein |0, 2] suchthat 3, ,cpq An(2—2,) = +00.
Set
P -1
U= (Id + Z Lo Lk) (5.42)
k=1

and, for every k € {1,..., p}, let y; , € Gk and set y o = Lxxo. Additionally, set

P
X == > LiYio (5.43)
k=1
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and iterate

forn=0,1,...
Pn=Jalxn +x;kl)
Pn = Xn Xy = Pn
fork=1,...,p
{ 9kn = JBk (yk,n + yz,n)
Qjp = Yk + Vi — dkn
t, = U(p;kl + 25:1 LZQZ’n) (5.44)
Wn = U(pn + Zf:l LZQk,n)
Xp+1 = Xn — Anlp
x:+1 =Xy +An(Wn — pn)
fork=1,...,p
{ Yk,n+l = Ykn — /lnLk[n
yz’n.'.l = yz,n + An (Lxwn — Qk,n)-

Then there exist x € Z and (Y} )1<k<p € Z" such that x, — x and, for every
ked{l,...,p} yz,n - Vi

Proof. Define

G=G1®---0G)
B:G—25: (y1,...,yp) > Biy1 XX Bpy, (5.45)
L:H—G:xw— (Lix,...,Lpx)

and note that L*: G — H: (y],...,y},) — Liy] +---+L}y,,. Moreover set,
for every n € N, qn = (qn)i<k<ps 4 = (43 ) i<k<p> Yn = (Vin)i<k<p, and
vy, = (yz,n)lgk@. In this setting, B is maximally monotone and Jg: (yi)i<k<p H
(JB, Yk)1<k<p (Example 2.37), so that (5.44) can be rewritten as

forn=0,1,...
Pn=Jalx, +x;k1)
dn =JB(yn+yp)
Pn=Xn+X, — Pn
Gn =Yn+Yn—dqn
tn=U(p, +L"q;) (5.46)
Wn = U(pn + L*Qn)
Xp+1 = Xp — Anly
Yn+1 = Yn — AnLty
x:+1 =Xy +An(Wn = pn)

L y:+1 =y +Au(Lwy — dn)-
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Let us introduce

X=HeogG
V:{(x,y) €X|Lx=y}
Z ={(x,y") eX|-L*y* € Ax and y* € B(Lx)} (5.47)

A: X —2X: (x,y) — Ax X By
S={(xx*) eVxV*|x* e Ax}

and observe that

V+E={(x*y*) e X|x* = -L*y*
{0 *I): : '} * (5.48)
S = {((x,Lx),(—L ¥4 %) € Xx X (x,y") EZ}.
Then Lemma 3.12(iii) implies that
(5.40) admits solutions © Z +#0 © S + 2. (5.49)

Now define (Vn € N) p,, = (Pn,qn), Py = (Pp>4n)> Xn = (Xn,Yn), and x5, =
(3, ¥5)- Thenxo € V and x; € V*. Moreover, by Lemma 2.24 and Example 2.37,
A is maximally monotone and

(VneN) Ja(x,+x))= (JA(xn +x,,), Jg(yn + yfl)) (5.50)

Furthermore, since U = (Id + L* o L)™', it follows from (5.47) and [37, Ex-
ample 29.19] that

(V¥ €N)  projys P, = (pu=U(pa+L'an),0n — LU (pa+L'a))) (5.51)
and
(VneN)  projy p’ = (U(p;’; +Lq}), L(U(pl + L*q;’;))). (5.52)

Combining (5.50), (5.51), and (5.52), we rewrite (5.46) as

forn=0,1,...
pn :‘]A(xn+x;k1)
Pp=Xnt+X,-p, (5.53)

Xptl =Xp — Ay Projv p:;

X, =X, — 4, projy . p,,.

In turn, Theorem 5.13(ii) implies that there exists (x,x*) € S such that x,, — x
and x;, — x*. We then derive from (5.48) that there exists (x,y*) € Z such that
(Xn, ;) — (x,¥"). We complete the proof by invoking Lemma 3.12(ii). 0O

60



5.4.5 Renorming

The potency of the proximal point algorithm can be further extended by setting it
up in a renormed space. In terms of Framework 1.2, the guiding principle lies in
the embedding of Example 3.15. Here is a weak convergence result.

Proposition 5.16 Let M: H — 2™ be a maximally monotone operator such that
Z=zerM # @, let U € B(H) be a self-adjoint strongly monotone operator, and
let X be the real Hilbert space obtained by endowing H with the scalar product
(x,y) > (Ux | y). Letxg € H, let (1,,)nen be a sequence in]0,2[, and let (7v,)nen
be a sequence in |0, +oo|. Iterate

Jorn=0,1,...
Up = 7;]an
DPn = (y;1U+M)_lu,,
Xpal = Xp + Ay (Pn — Xp)

(5.54)

and suppose that one of the following holds:
(i) Zperi An(2 = A,) = +o0 and (Yn € N) y, = 1.
(i) Y,en¥2 =+0and (YneN) 2, = 1.
(iii) infuen An > 0, sup,, e An < 2, and inf, e v, > 0.
Then (x,,)nen converges weakly to a point in Z.

Proof. In view of Lemma 2.25(ii)) and Example 2.39, (5.54) is just the prox-
imal point algorithm (5.3) applied to the maximally monotone operator U~! o M
in X. Since weak convergences in H and X coincide, the claims follow from
Lemma 2.25(i) and Theorem 5.1. 0O

Remark 5.17 In terms of the warped resolvent of Section 2.4.3, the update in
(5.54) can be written as x4 = x, + A, (J;/ pXn = Xn).

Likewise, Theorem 5.3 leads to a strongly convergent algorithm.

Proposition 5.18 Let M: H — 2™ be a maximally monotone operator such that
Z=zerM # @, let U € B(H) be a self-adjoint strongly monotone operator, and
let X be the real Hilbert space obtained by endowing H with the scalar product
(x,y) > (Ux|y). Let xo € H, let (A,)nen be a sequence in 10, 1] such that
inf, e A, > 0, and let (y,)nen be a sequence in |0, +co such that inf, ey 7y, > 0.
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Iterate
forn=0,1,...
Up = ’y;lan 1
pn= ' U+M) u,
Xna1 = Q(x0, X, X + A (P — X)),

(5.55)

where Q is defined in Lemma 4.6. Then (x,)nen converges strongly to proj, Xo.

Proof. 1t follows from Lemma 2.25(ii) and Example 2.39 that applying the al-
gorithm (5.10) to the maximally monotone operator U~! o M in X yields (5.55).
Since strong convergences in H and X coincide, the assertion follows from
Lemma 2.25(1) and Theorem 5.3. 0O

Although the inversion of the operators (y, Uv+Mm Jnen in (5.54) and (5.55)
may be intimidating, we show below that the renormed proximal point algorithm
leads to important instances of fully executable splitting algorithms. First, we
revisit a classical minimization problem and recover an algorithm known as the
proximal Landweber method.

Example 5.19 Let ¢ € Th(H), let u € ]0,+co[, and let y € G. Suppose that
0 # L € B(H,G) and that the set Z of solutions to the optimization problem

minimize @ (x) + & ||Lx — y||? (5.56)
xeH 2

is not empty. Without loss of generality (rescale), assume that u||L||> < 1. Let
x0 € H,let (1,)nen be a sequence in ]0, 2[ such that 3,y 1, (2 — A,,) = 400, and
iterate

forn=0,1,...
Up = xn — pL*(Lxy)
Pn = ProX, (un + uL*y)
Xntl = X + An(Pn — Xp).

(5.57)

Then (x,),en converges weakly to a point in Z.

Proof. Set f = ¢ — u{- | L*y), M = d(¢ + u||L - =y||>/2) = df + uL* o L, and
U=Id-uL"oL. Then f € I'y(H), M is maximally monotone with zer M = Z
by virtue of Example 2.12, U € B(H) is self-adjoint and strongly monotone, and
(U+M)"! = prox ; = prox, (- + uL*y). Consequently, (5.57) is the implement-
ation of (5.54) with, for every n € N, y,, = 1, and Proposition 5.16(i) brings the
conclusion. 0O

Next, we return to the primal-dual composite inclusion framework of Prob-
lem 3.7 and approach it via Framework 1.2 where, as discussed in Example 3.20,
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the embedding is based on X = H @& G and the Kuhn-Tucker operator K of
Lemma 3.8.

Example 5.20 Let A: H — 2% and B: G — 29 be maximally monotone, and
let L € B(H,G). Suppose that the set Z of solutions to the primal inclusion

find x € H suchthat 0 € Ax + L*(B(Lx)) (5.58)
is not empty and let Z* be the set of solutions to the dual inclusion
find y* € G suchthat 0 € ~L(A™'(-L*y*)) + B~'y". (5.59)

Let (1,)nen be a sequence in |0, 2[ such that Y,y 4, (2 — 4,,) = +00, let xg € H,
let y; € G, and let o € 0, +oo[ and 7 € ]0, +oo[ be such that 7o ||L||* < 1. Tterate

forn=0,1,...
X, =TL*y},
Pn=Jea(xn —X:;)
Yn =0L(2pn —xu) (5.60)

Ol—

qn=Jop-1 (Y +Yyn)
Xntl =Xpn + Ay (pn - xn)
L Yool = Y0+ Au(qy = y5)-

Then there exist x € Z and y* € Z* such that x, — x and y; — y*.

Proof. Set X =H & G and

{fK: X — 2% (x,y") = (Ax+ L*y*) x (~Lx + B~'y") (5.61)

U: X-X: (x,y) — (T‘lx - L*y*, —Lx + o~ y").

As seen in Lemma 3.8(iii)—(iv), XK is the maximally monotone Kuhn-Tucker op-
erator associated with (5.58)—(5.59) and to prove the claim it is enough to show
that (x,, ) )nen converges weakly to a point in zer K, which we shall derive
from Proposition 5.16(1). It is clear that U € B(X) is self-adjoint. Now set
B =1—+/o7||L||. Then, since To||L||*> < 1, 8 € 0, 1| and, for every (x, y*) € X,
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the Cauchy—Schwarz inequality yields
Uy | @y Ny =7 Il =2(Lx | y) + o7 Iy
> 7 x| = 2vralILI || ==

y -1 2
— |+ Iyl
(on

=77 |x]]> - 2(1 - +oy*I1?
- b
el live Vo

* 2
)
a-o(f -1 ) (f
>ﬁ(r“||x||2+a“||y 11%)
> Bmin{z™", o HI(x, y) Iy (5.62)

which confirms that U is strongly monotone. It remains to show that (5.60) is
a realization of (5.54) with the above operators X and U. Define (Vrn € N)
xXp = (X0, ¥5)s P, = (Pn-q;,), and u,, = Ux,. Then we derive from (5.60) and
(2.18) that

Xp—pn— 7Ly, € TAp,

(vnen) {7 y (5.63)
yn_(’In+a-L(2pn_xn) €oB dn

This yields (Vn € N) u, - Up,, € Kp,, ie., p, = (U+K) 'u,. Altogether,
(5.60) corresponds to the iteration

forn=0,1,...
u, =Ux,
=(U+%K)'u (5.64)

Xntl = Xp +/ln(pn _xn),

which is precisely (5.54) with (Vn e N) y,, = 1. O

Remark 5.21 Here are a few observations regarding Example 5.20.

(i) We have derived weak convergence from Proposition 5.16(i). Using items
(ii) or (iii) in Proposition 5.16 leads to alternative forms of (5.60) involving
proximal parameters (y)nen.

(ii) Itis straightforward to derive a strongly convergent best approximation vari-
ant of (5.60) from Proposition 5.18 by following the same pattern as in the
proof of Example 5.20, i.e., applying (5.55) to the operators I and U of
(5.61).
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(iii) Algorithm (5.60) can be adapted to Problem 3.11 by applying it to the setting
of (5.45) and using Example 2.37.

(iv) Let f e Th(H) and g € [h(G), and set A = df and B = dg in Example 5.20,
which corresponds to the primal-dual minimization setting of Problem 3.9.
The specialization of Example 5.20 to this minimization problem appears in
[155, Theorem 3.2], where (5.60) is called the Chambolle—Pock algorithim
because it collapses to the algorithm proposed in [113, Algorithm I] in
Euclidean spaces when (Vrn € N) A, = 1 (see [156] for variations on this
algorithm). The fact that the Chambolle—Pock algorithm is a renormed
proximal point algorithm was first observed in [227].

6 Douglas—Rachford splitting

6.1 Preview

The Douglas—Rachford splitting algorithm is an implicit alternating direction
method designed in [170] to solve the matrix equation Ax + Bx = f, where A
and B are positive-definite matrices arising from the discretization of partial dif-
ferentiation operators. It is described by the iteration process

forn=0,1,...
Xn+1/2 —Xn t+ Axn+1/2 +Bx,=f (6.1)
Xnel —Xp t+ Axn+l/2 + Bxp1 = f.

In 1968, Lieutaud [259] (see also [260]) proposed an infinite-dimensional nonlinear
generalization of the method by showing that (6.1) can be extended to single-valued
hemicontinuous monotone operators with dom A = dom B = H. In particular, he
established in [259] that, with the additional assumption that A or B is strongly
monotone, (x,),en converges strongly to some x € H which satisfies Ax + Bx =
f. The investigation of the method for general set-valued maximally monotone
operators was initiated in [265], with subsequent improvements in [37, 42, 128,
179, 366]. See also [393] for further analysis.

To chart the path from the original Douglas—Rachford algorithm to its modern
version for monotone set-valued operators, let us go back to the matrix setting.
Upon eliminating the intermediate variables (x,+1/2)nen in (6.1) and noting that
AJs =1d — J4, we obtain

(Vn € N)  xpq1 =Jp(xn — AJa(x, — Bxp + f) + f)
= Jp(Bx, +Ja(xy — Bxy + f)). (6.2)
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Now set (Vn € N) x,, = Jgy,. Then we derive from (6.2) that

(Vn e N)  yu41 =BJIgyn +Ja(Jpyn — BJpyn + f)
=Yn —IBYn +JA(2IBYn — Yu + f), (6.3)

which leads to the recursion

forn=0,1,...
Xn =JBYn
2 =JAa2xy —yu+ f)
Yn+l = Yn t2Zn — Xn.

(6.4)

Asnotedin [265], unlike (6.1), this algorithm is well defined for arbitrary maximally
monotone set-valued operators and is now referred to as the Douglas—Rachford
splitting algorithm in this context.

Remark 6.1 In particular, upon setting B = 0 and f = 0 in (6.4) and assuming that
A: H — H is hemicontinuous and strongly monotone, it follows from Lieutaud’s
result [259] that the sequence (x,,),en generated by the recursion

(VneN) x,41 =Jax, (6.5)

converges strongly to a zero of A. This is actually the first instance of conver-
gence of the proximal point algorithm, which has been attributed to later work
in the literature. The case when A and B are gradients of convex functions was
also considered in [259] in connection with the minimization of the sum of two
differentiable convex functions.

6.2 Weak convergence

We present results for a form of the Douglas—Rachford algorithm (6.4) which
includes relaxation parameters and a dual inclusion problem.

Theorem 6.2 Let A: H — 2™ and B: H — 2™ be maximally monotone, let
(An)nen be a sequence in 10,2[ such that Y, ,c5An(2 — Ap) = +00, and let y €
10, +oo[. Suppose that the set Z of solutions to the inclusion

find x € H such that 0 € Ax + Bx (6.6)
is not empty and let Z* be the set of solutions to the dual problem

find x* € H suchthat 0 € —A~'(—x*) + B~'x". 6.7)
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Let yo € H and iterate

forn=0,1,...
Xn =JyBYn
X =y (0 = xn) (6.8)

in = )/A(zxn — Yn)
Vel = Yn + An(2n — Xn).

Then there exists y € H such that y,, — y. Now set x = J,,gy and x* = YBy. Then
the following hold:

@ x, ~xeZ
(i) x, = x" € Z".
Proof. We rely on the embedding of Example 3.17. Set

RyA OR),B +1d

RyA = 2J7A—Id, R),B = 2.]73—1(1, and M = 5

-1
) ~1d. (6.9)

Then it follows from (2.33) and Lemma 2.34(iii) that (Ry4 o Ry +1d) /2 is firmly
nonexpansive and that M is maximally monotone. In addition, [37, Proposi-
tion 26.1(iii)(b)] asserts that

o # Z =J,p(zer M), (6.10)
while [37, Proposition 26.1(iii)(c)] asserts that
@+ Z" ="B(zer M). (6.11)

Furthermore, we derive from (6.8) and (6.9) that

A
(Vn EN) Yn+1 :)’n+7n(RyA(RyByn)_yn) :yn+/1n(JMyn_yn), (6-12)

i.e., (¥n)nen is constructed by the proximal point algorithm (5.3) for M. Since
(6.10) implies that zer M # @, Theorem 5.1(i) asserts that

INYn —yn — 0 and (JyeczerM) y, —y. (6.13)
In turn, (6.10) yields x = J, gy € Z, while (6.8) yields
Zn = Xn = JyaA(2xy = yn) = Xn = JnYn = Yn — 0. (6.14)
(1): Let us set

(VneN) 25 =y (20 = yn — 20)- (6.15)
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Then (6.8) and (2.18) yield

(2n,27)) € graA
(Vn € N) (xp,x;) € graB (6.16)

Xn —2n = ')/(x;kl + Z;kl)
Since Lemma 2.34(iii) asserts that J, g is nonexpansive,

(Yn e N) |lxy — xoll = IMyByn = JyByoll < llyn = yoll- (6.17)

Hence, since (y,;)nen is bounded, so is (x,),en. Now take z € W(x,)nen, say
xx, — z. Then it follows from (6.14), (6.13), (6.15), and (6.16) that

Zhy = 2 %, =Y (2=Y)s Za=xn = 0, and zp+x;, =y (X, =20) — 0. (6.18)
In turn, Lemma 2.50 yields z € zer(A + B) = Z,

(z,y '(z—y)) egraA, and (z,y'(y-2)) €graB. (6.19)
Hence, (2.18) implies that

z=JyBYy. (6.20)

Thus, x = J, gy is the unique weak sequential cluster point of the bounded sequence
(x5)nen and therefore, by Lemma 4.1(ii), x,, — x.

(i) We have y, — y € zerM and, by (i), x, — x. Hence, x; =
Yy '(yp=xn) = vy 1(y=x) = "By = x*. Inview of (6.11), the proof is complete. [

Remark 6.3 The convergence result of [265] is that, for the unrelaxed scheme (6.4 ),
(Yn)new converges weakly to a point y € H such that J, gy € Z (see [127, 179] for
the relaxed case). In the special case when J, 5 is weakly sequentially continuous,
as is the case when H is finite-dimensional, x,, = J,gpy, — J,py € Z. The key
fact that (x,),en converges weakly to a point in zer(A + B) without any further
assumption was first proved in [366] in the unrelaxed case. Theorem 6.2 was
established in [37, Theorem 26.11]. The component of the proof given above up
to (6.13) exploits an idea from [179], that identifies the core iteration of (6.8) as an
instantiation of the proximal point algorithm.

Remark 6.4 Connections between the Douglas—Rachford algorithms and the
method of partial inverses of Section 5.4.4 are discussed in [251, Section 1]; see also
[179, Section 5] and [271]. Let us show that we can actually derive Theorem 5.13 (ii)
from Theorem 6.2. Let (x,)nen, (X);)nen, (Pn)nen and (p),)nen be the sequence
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generated by (5.29) and set (Vn € N) y,, = x,, +x}, and z,, = projy (2p, —y»). Then
(5.29) yields

(Vn €eN) pI‘OjV pf,+pr0jv¢ Pn = prOjv(yn—pn)+pn—prOjv DPn = Pn—2Zn. (6.21)

Altogether,

(Vn € N) Pn=JAYn, Zn = projv(2pn—yn), and y,41 = yn+/ln(zn_pn)- (6.22)

In view of Example 2.36, this recursion is precisely that of (6.8) for the operators
(Ny, A) with y = 1. We therefore derive the following from Theorem 6.2: (y,)nen
converges weakly to a point y € H and, if we set x = Jay and x* = y — Jay,
then p, — x € zer(Ny + A) and, by Example 2.15, p* — x* € zer(Ny. + A71).
Furthermore, (6.19)—(6.20) implies that (x, —x*) = (x,x—y) € gra Ny and (x, x*) =
(x,y —x) € graA. Thus, Example 2.15 yields (x,x*) € graNy N graA and
(x,x*) therefore solves (5.28). Finally, since [128, Equation (11)] asserts that
Jay = projy, y and since projy, is weakly continuous, we have x,, = projy, (x, +x},) =
Projy yn — projy y = x and x;, = projy. y, — projy.y =y — proj,, y = x*. Let
us add that, in this setting, the operator M of (6.9) is just the partial inverse Ay.

Remark 6.5 The many application areas of the Douglas—Rachford algorithm (in
its original two-operator form or transposed in product spaces) include road design
[40], equilibrium problems [73], biostatistics [142], signal recovery [143], traffic
theory [196], noise removal [365], and compressive sensing [398] (see also [261]
for additional references).

6.3 Strong convergence

As shown in [94, Counterexample 2], the convergence of (x;,),en in Theorem 6.2(i)
is only weak. The following version based on Theorem 5.3 furnishes strong
convergence.

Theorem 6.6 LetA: H — 2" and B: H — 2™ be maximally monotone, suppose
that zer(A + B) # @, let yo € H, let (1y)nen be a sequence in 10, 1] such that
inf,en A, > 0, and let y € 10, +oo][. Iterate

forn=0,1,...
Xn =JyBYn
x:;, = 7_1 (Yn = Xn) (6.23)

in = yA(zxn —Yn)
Yn+l = Q(yO’ Yns Yn + An(Zn _xn))s

where Q is defined in Lemma 4.6. Let Z and Z* be the sets of solutions to (6.6) and
(6.7), respectively. Then the following hold:
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(1) (xn)nen converges strongly to a point in Z.
(ii) (x),)nen converges strongly to a point in Z*.

Proof. Define M asin (6.9) and set y = proj,e,a¢ 0, * = J,py, and x* = y~1(y—x).
Then it follows from (6.10) that x € Z and from (6.11) that x* € Z*. Additionally,
we derive from (6.23) that

(Vn € N)  yui1 = Q(y0, Yio Yn + An (Iveyn — Yn))- (6.24)

Hence, Theorem 5.3 yields y, — y and, by continuity of Jyp, x, = Jypy, —
Jypy = x. Finally, x, = Yy Y yp—x,) =y N (y-x)=x* 0O

Remark 6.7 The method of partial inverses of Theorem 5.13 may converge only
weakly [94, Counterexample 4]. A strongly convergent version can be designed
using Remark 6.4 and Theorem 6.6.

6.4 Special cases and variants

6.4.1 Minimization setting

We illustrate an application of the Douglas—Rachford algorithm to primal-dual
minimization.

Example 6.8 Let f € T)(H) and g € Ty(H) be such that Z = Argmin (f+g) # @
and 0 € sri(dom f —dom g). Set Z* = Argmin (f* o (=1Id) + g%), let (1,,)en be a
sequence in |0, 2[ such that }, x4, (2 — A,,) = 400, let y € 10, +oo[, let yg € H,
and iterate

forn=0,1,...
xp =y (yn—xn) (6.25)

Zn = Prox,, ¢ (2x, — yu)
Yo+l = Yn + An(2n — xn)-

Then it follows from Problem 3.9, Example 2.35, and Theorem 6.2 that there exists
(x,x*) € Z x Z" such that x,, — x and x), — x*.

Remark 6.9 Relations between the Douglas—Rachford algorithm (6.25) and other
methods have been noted in the literature.

(i) It is observed in [155, Section 3.1.1] that the Douglas—Rachford algorithm
(6.25) can be viewed as a limiting case of the Chambolle-Pock algorithm
(see Remark 5.21(iv)) by implementing it in the case when G = H, L = 1d,
and o = 1/7 = y. Note, however, that this setting violates the condition
7o ||L||> < 1 used to prove weak convergence of (5.60) in Example 5.20.
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(i1) Consider the setting of Problem 3.9 and note that the primal minimization
problem (3.12) is equivalent to

minimize f(x)+g(y). (6.26)
(x,y)egraL
The (unscaled) augmented Lagrangian associated with (6.26) is the saddle
function (see Example 2.21) on (H & G) & G defined as

F:HeG®G — |00, +]
1
(6,3,0") 1 () +g(y) + (L =y | V') + Sl Lx - ylIP. (627

Iteration n of the alternating-direction method of multipliers (ADMM) con-
sists in minimizing F over x for y, and v}, fixed to get x,, then over y for
xp and v}, fixed to get y,+1, and then applying a proximal maximization step
with respect to the Lagrange multiplier v* for x,, and y,.; fixed to get v} .
It was originally proposed in [208], refined in [198], and further developed
in [63, 179, 197, 209]. Given y¢ € G and v; € G, ADMM iterates

forn=0,1,...
1
X, € Argmin (f(x) +(Lx | vE) + = || Lx — y,,||2)
xeH 2
d, = Lx, (6.28)

. o1
yuer = argmin (g(3) = (v | v3) + 5 lldn = yI1?)
yeg
= V:;"'dn — Yn+l-

*
L vn+1

It should be emphasized that ADMM is not a splitting algorithm in our sense
since the computation of x, involves a minimization step which does not
separate f and L, and can therefore be hard to execute. This step is also set-
valued in general. Nonetheless, (6.28) can be interpreted as an application
of the Douglas—Rachford algorithm (6.25) to the functions f* o (=L*) (here
again, note that f and L are not separated and that the typically non-explicit
operator prox s« (_+) intervenes) and g* present in the dual problem (3.13)
[197] (see also [179]). This is merely an algorithmic identification and not
a claim that ADMM converges. Convergence requires more restrictions on
the problem, for instance finite-dimensionality of H and G and invertibility
of L* o L in [179, Section 5]. For further analysis, see [28, 60, 347].

6.4.2 Peaceman-Rachford splitting

The first implicit alternating direction method [55] to solve the positive-definite
matrix equation Ax + Bx = f is the Peaceman—Rachford algorithm [307] (see also
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[169]). It is described by the iterative process

forn=0,1,...
Xn+1/2 —Xn t+ Axn+1/2 + Bx, = f (629)
Xntl — Xpa1/2 + AXpy1j2 + Bxpyr = f.

Using the same arguments used to transition from (6.1) to (6.4), we rewrite (6.29)
as

forn=0,1,...
Xn =JBYn
6.30
Zn:JA(zxn_yn+f) ( )
Vel = Yn +2(2n = Xp).

The strong convergence of (x,),en to a solution to the equation Ax + Bx = f,
where A and B are single-valued hemicontinuous monotone operators such that
dom A = dom B = H and B is strongly monotone, was established in [259] and,
with the additional assumption that # is finite-dimensional and the operators are
continuous, in [242].

Algorithm (6.30) was first considered for general maximally monotone set-
valued operators A and B in [265]. In the presence of a scaling parameter y €
10, +co[ and taking f = 0 without loss of generality, the Peaceman—Rachford
algorithm becomes

forn=0,1,...
Xn =JyBYn 6.31
in = )/A(zxn_yn) ©.31)
Y+l = Yn +2(20 — Xn),

Upon defining M as in (6.9), we derive from (6.31) that
(VneN)  ynn = (2/p — 1d) yn. (6.32)

We can view (6.31) as a limiting case of the Douglas—Rachford algorithm (6.8) in
which the relaxation parameters (A, )< are allowed to be 2. This, of course, means
that (6.31) operates outside of the setting of Theorem 5.1 and hence of the geometric
framework of Theorem 4.2. As a result, the weak convergence of (y,),en cannot
be guaranteed without additional assumptions since (6.32) amounts to iterating a
merely nonexpansive operator (see [265, Remark 6] for a counterexample). Strong
convergence of (x,)nen to a point in zer(A + B) takes place when B is strongly
monotone [265, Remark 2]. More generally, strong convergence occurs when B is
uniformly monotone on bounded sets or when int Fix(2J, 4 — 1d)(2/,p — 1d) # @
[128, Remark 2.2(iv)].
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6.4.3 A three-operator splitting algorithm

An extension of the Douglas—Rachford algorithm (6.8) was proposed in [161] by
adding a cocoercive operator to the inclusion (6.6).

Proposition 6.10 Let 7 € |0, +co[, let A: H — 2" and B: H — 2™ be max-
imally monotone, and let C: H — H be t-cocoercive. Suppose that the set Z of
solutions to the inclusion

find x € H such that 0 € Ax + Bx + Cx (6.33)
is not empty and let Z* be the set of solutions to the dual problem
find x* € H such that 0 € —(A+C)~'(=x*) + B !x". (6.34)

Lety € 10,27[, set 6 =2 —y/(27), let (A,)nen be a sequence in 10, 5| such that
Sinen An (8 — Ay) = 400, and let yo € H. Iterate

Jorn=0,1,...
Xn =JyB Yn
=7 (yn = xn) (6.35)
rnzyn'i"ycxn '

in = 7A(2xn —Tn)
Vel = Yn + An(Zn = Xpn).

Then there exists y € H such that y,, — y. Now set x = J,,py and x* = YBy. Then
the following hold:

i) x, —mxeZ
(i) x;, = x" e Z".

Proof. Remarkably, we can closely follow the proof of Theorem 6.2. The key
additional facts established in [161, Proposition 2.1 and Lemma 2.2] are that, for
a=1/8,

T = Jya0(2J,p—1d—yColJ, g)+ld—J,p is a-averaged and Z = J, g (FixT). (6.36)
We write the maximally monotone operator M of (3.26) as
1 -1
M = (Id + Z(JYA o (24,5 —1d = yC o J,p) - JYB)) ~1d (6.37)
and, in view of Example 3.16 and (6.36), work with the embedding (H, M, J,p)

of (6.33). Then @ # Z = J,g(zer M) and (y,)nen is produced by the proximal
point algorithm (Vn € N) y,..1 = v, + o (IvYn — Yn), wWhere u,, = 2ad, € 10,2[.
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Using Theorem 5.1(i), we infer that (y,),cn converges weakly to a point y € zer M
and that Jy¢y, — v, — 0. Hence, we derive from (6.36), (6.35), and (6.37) that

x=Jygy €Z and z, —x, =2a(Jnyn —Yn) = 0, (6.38)
and hence that
ICzn = Cxull < @ Mlzn — xull — 0. (6.39)
(i): Set (Vn e N) z; = Y1 (2x, = zn — 1p) + Czy. In view of (6.35) and (2.18),
(zn,2),) € gra(A+ C)

(Vn € N) (xp,x)) € graB (6.40)
ZZ +x2 = 7’_1 (xn —23) + Cz; — Cxy,.

Next, fix z € W(x,)nen, say X, — z. Since yi, — Y, it follows from (6.38),
(6.39), (6.40), and (6.35) that

2k, — % z”,;n —~ vy Yz-v), za —x, = 0, and z, +x, — 0. (6.41)

By applying Lemma 2.50 to the maximally monotone operators A + C (see Ex-
ample 2.5 and Lemma 2.27(ii)) and B, we deduce from (6.40) and (6.41) that
zezer(A+C+B) =Z,

(z,y ' (z—-y)) egra(A+C), and (2,9 '(y-2z)) € graB. (6.42)

In turn, (2.18) asserts that z = J, gy, making x = J, gy the unique weak sequential
cluster point of (x,),en Which is bounded since (y,)nen is. By Lemma 4.1(ii),
Xp — X.

(ii): Since y, — y and x,, — x, we have x =y ! (y, —x,) = y ' (y —x) =
YBy=x*e€ Z*by (6.11). O

Remark 6.11 Here are a few comments on Proposition 6.10.

(i) The conclusion of Proposition 6.10(i) was first established in [161, The-
orem 2.1.1(b)] with a different proof. See also [321] for a discussion and
connections with [322].

(i) The duality result of Proposition 6.10(ii) is new.

(iii) A strongly convergent version of Proposition 6.10 can be obtained by adapt-
ing the proof of Theorem 6.6 to the presence of C, as was done above.

(iv) When C = 0, Proposition 6.10 produces the Douglas—Rachford setting of
Theorem 6.2. When B = 0, (6.35) yields a special case of the forward-
backward method of [154, Proposition 4.4(iii)] in which the proximal para-
meters are all equal to vy.
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7 Tseng’s forward-backward-forward splitting

7.1 Preview

In Section 5.4.1, we have discussed a Euler method for finding a zero of a single-
valued operator B: H — 9 under a cocoercivity condition. Under the more
general assumption that B is monotone and S-Lipschitzian, the Euler method is
no longer appropriate, and we can use a scheme proposed by Antipin [12] and
Korpelevi¢ [246] that involves a double activation of the operator B. Specifically,
in this method, y € 10, 1/8[ and xo € H are fixed and we iterate

forn=0,1,...
b; =vyBxy,
my, =x, — b}, (7.1)
m;, = Bm,

— *
Xn+l = Xn —YNM,,.

Clearly, the sequence (m,,, m},),en lies gra B and it is straightforward to see that, by
choosing (4,)nen suitably in (4.32), we obtain (7.1). The convergence properties
of the Antipin—Korpelevi¢ method can therefore be deduced from the results of
Section 4.4 applied to B.

Tseng’s algorithm can be viewed as a generalization of (7.1) for the problem
of finding a zero of A + B, where A: H — 2 is maximally monotone and B is as
above. It is called the forward-backward-forward algorithm because it performs a
forward step on B, then a backward step on A, and finally another forward step on
B. We are going to derive the convergence of Tseng’s forward-backward-forward
splitting algorithm from the principles of Section 4.4 and, more precisely, from the
warped resolvent algorithm of Section 4.5.

7.2 Fejérian algorithm

We cast the forward-backward-forward algorithm as an instance of (4.34) and
then prove its weak convergence via Theorem 4.12. This result was originally
established in [375, Theorem 3.4(b)], where different arguments were used.

Theorem 7.1 Let B € 10,400, let A: H — 2H pe maximally monotone, let
B: H — H be monotone and B-Lipschitzian, and suppose that Z = zer(A +
B) # @. Let xg € ‘H, let € € 10,1/(B+ 1)[, and let ("yn)nen be a sequence in
e, (1 —&)/B]. Iterate

Jorn=0,1,...
by, = YnBxy
my = Jy,,A(xn - b:;)
Xp+l = My — YnBmy + b:;

(7.2)
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Then (x,)nen converges weakly to a point in Z.
Proof. Our objective is to apply Theorem 4.12 with
W=A+B, C=0, and (Vn € N) U, =v,'Id- Band g, = w,. (7.3)

Since C = 0, let us rename (Wy,),en as (m,,)nen. Example 2.3 and Lemma 2.27(ii)
entail that W is maximally monotone. Moreover, a consequence of Lemma 2.48(i)—
(ii) is that

(Vn € N) y,U, is e-strongly monotone and 1/(2 — )-cocoercive.  (7.4)
Additionally, we derive from [95, Proposition 3.9] that
(VneN) ranU, cran(U,+W +C) and U, + W + C is injective. (7.5)
We also observe that
(VneN) Jon  =J%, = (y,'1d+A)o(y, ' 1d=B) = J,, o (Id=y,B). (1.6)

Hence, the variables of (4.34) in this setting become

my = Jy,,A(xn - yann)
(Vn € N) ty = Upxp —Uymy, (7.7)

On = (my —x, | Upm,, — Upxy).

Now set
12
(Vnel) 1,= N(ls—” on>0; (7.8)
g, otherwise.

We derive from (7.4) that

(Va €N) 8y = (mp = xn | Uty = Unxn) > Bellmy —x,1%, (7.9)
which implies that

(VneN) 6,<0 © m,=x, © t,=0. (7.10)

A consequence of (7.4) is that, if 6,, > 0,

i< Unmy = Upxy| < WUnmp, — nxn”2 2-¢

< < < (7.11)
Yn ”mn - xn” <mn —Xn | Unmn - Unxn> Yn
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and we therefore obtain from (7.8) that

U _ 2
A, = YullUnmy nXn || €le,2-¢]. (7.12)
(my —xp | Upmp — Upxy)

Hence, (4.34) and (7.10) yield

(VneN) d, =221 (7.13)
An
Consequently, the sequence (x;, ),en produced by (7.2) coincides with that of (4.34).
We therefore appeal to Theorem 4.12(ii) to conclude since its condition (ii)(b) holds
thanks to (7.12), whereas its condition (ii)(d) holds thanks to (7.4) and the fact that
(7n)n€N lies in [8’ (1 - 8)/18] a

7.3 Haugazeau-like algorithm

We present a strongly convergent best approximation version of the forward-
backward-forward method based on Theorem 4.14.

Theorem 7.2 Let B € ]0,+co[, let A: H — 2H be maximally monotone, let
B: H — ‘H be monotone and B-Lipschitzian, and suppose that Z = zer(A +
B) # @. Let xg € ‘H, let € € 10,1/(B+ 1)[, and let ("yn)nen be a sequence in
e, (1 —&)/B]. Iterate

forn=0,1,...
b}, = ynBx,
ny :1.]7"A(Xn - b:,;) (714)
rn = E(x,, +my, —ynBm, + b;’;)

Xn+1 = Q(x0, Xns ),
where Q is defined in Lemma 4.6. Then (x,)nen converges strongly to proj, Xo.
Proof. We prove the claim as an application of Theorem 4.14 in the setting of (7.3).

Let us use the same variables as in (7.7) and

Yalltnll? €5 >0
(VneN) A,=3 26, o (7.15)

e/2, otherwise.

Then, using the same arguments as in the proof of Theorem 4.12, we see that
(An)nen lies in [g/2, 1] and that the sequence (x;),en produced by (7.14) coin-
cides with that of (4.44). Since conditions (ii)(b) and (ii)(d) in Theorem 4.14(ii)
are fulfilled, we obtain the claim. 0O
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7.4 Special cases and variants
7.4.1 The monotone+skew algorithm

The approach presented here was proposed in [76] to solve the monotone inclusion
(3.7) and it was the first algorithm to fully split the operators A, B, and L. Its
methodology conforms to the program of Framework 1.2: we use the embedding of
Example 3.20 to transfer the initial 3-operator problem (3.7) in the primal space H
to one involving the Kuhn—Tucker operator KX = M+S of (3.10) in the larger primal-
dual space X = H & G. The algorithmic strategy per se is then straightforward:
since M is maximally monotone and S is monotone and Lipschitzian, we can
apply Tseng’s forward-backward-forward algorithm (Theorem 7.1) in X to find a
Kuhn-Tucker point and hence a primal-dual solution.

We derive from Theorem 7.1 the weak convergence of the monotone+skew
algorithm of [76, Theorem 3.1(ii)] (we can derive a strongly convergent version
from Theorem 7.2 using the same arguments).

Proposition 7.3 Let A: H — 2" and B: G — 29 be maximally monotone, and
assume that 0 # L € B(H,G). Suppose that the set Z of solutions to the primal
inclusion

find x € H such that 0 € Ax + L*(B(Lx)) (7.16)
is not empty and let Z* be the set of solutions to the dual inclusion
find y* € G suchthat 0 € —~L(A™'(=L*y*)) + B~ 'y*. (7.17)

Let xo € H, let y; € G, let € € |0, 1/(||L|| + 1)[, let (Yn)nen be a sequence in
le, (1 —&)/IILI[], and set

Jorn=0,1,...

Vi =Xn —YuL'y;,

y;,n = y;kz + ¥YnLxy

min = JynAyl,n

M = SyB1Y2 (7.18)
qi,n =Min — ynL*m;’n

q;,n = m;,n + ')/anl,n

Xn+l =Xn —Yin T q1,n

[ Vit =Y " Vo T o

Then there exist x € Z and y* € Z* such that —L*y* € Ax, y* € B(Lx), x, — x,
andy; — y*.
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Proof. Set X = H® G, define M and S as in (3.9), and set (Vn € N) x,, = (x,, y}),

Yo = (yl,n,y;,n), m, = (ml,n,m;,n), and ¢q,, = (6]1,n,6];,n), Then, in view of
Example 2.37, (7.18) becomes

forn=0,1,...
Yn=%Xn— ')’nsxn
m,=Jy, My, (7.19)

q, =m, — ')’nsmn
Xntl =Xn =Y, +4,,

which we rewrite as an instance of (7.2), namely,
forn=0,1,...
b, =y,Sx,

*
m, = ynM(xn - bn)
Xpt1 = My — ')/nsmn + b:;

(7.20)

It then follows from Theorem 7.1 and Lemma 3.8 that (x,,),cn converges weakly
to a point in zer(M + S) C Z X Z*, as claimed. O

Remark 7.4 The methodology of Theorem 7.1 is to find a Kuhn—Tucker point, i.e.,
azero of M + S. As noted in [76, Remark 2.9], this can also be achieved by using
the Douglas—Rachford algorithm (6.8) which, upon setting U = (Id + y?L* o L)~}
and V = (Id + y?L o L*)~!, and taking y € ]0, +oo[ and a sequence (1,)nen in
10, 2[ such that }}, 3 4, (2 — 2,,) = +00, assumes the form

forn=0,1,...
Xn =U(yin— )’L*)’Z,n)
o=V (5, +vLyin) (7.21)

Yin+l =Yin+ An (JyA(zxn - yl,n) - xn)
Vst = Vot An(Jyp1 (205 = ¥5,) = Vn)-

Weak convergence of (x,,, 5, )nen to a point in Z x Z* follows from Theorem 6.2(i).
The numerical effectiveness of (7.21) depends on the ease of implementation of the
operators U and V. This approach was rediscovered in [300] in an image restoration
application.

7.4.2 A Lagrangian approach to composite minimization

We revisit the setting of Problem 3.9, which was identified as an instance of
Problem 3.7 and can therefore be solved using (7.18) with A = 0f and B =
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0g. Following [131, Section 4.5], we explore a different route which amounts to
employing the embedding (X,8p,J), where X=H & G & G,

SFZ X g 2X
(x,y,v") (Gf(x) + L*v*) X ((')g(y) - v*) X {-Lx + y}

is the saddle operator of (3.24), and J: X — H: (x,y,v*) — x. Let us write
Sr = M + S, where

(7.22)

{M: (x,y,v*) = 0f(x) x dg(y) x {0} (7.23)

S: (x,y,v*) > (L', —v*, —=Lx + y).

Then S| = V1 +||L||> and (Vn € N) Jy, pr = prox,, ;X prox,, . xId. Hence, ap-
plying Theorem 7.1 to this decomposition in X, we obtain the following realization
of Framework 1.2.

Proposition 7.5 Let f € Ty(H), g € To(G), and L € B(H,G) be such that
0 € sri(L(dom f) — dom g). Suppose that the primal problem

minir{l}l{ize f(x)+g(Lx) (7.24)

admits solutions and consider the dual problem

minin&ize =LV +g*(v"). (7.25)
vie

Let (x0,y0,v)) E H® G @G, let £ €]0,1/(1 + 1 +||L||*)[, and let (yp)nen be
a sequence in [, (1 — &) /1 +||L||?]. Iterate

Jorn=0,1,...

n = Yn(Lxn = yn)

My = Prox,, ¢ (X, = yaL*vy)

Mo = Prox, o (yn +¥avy) (7.26)
Xn+l = My = Ynl 1y

Yn+l =M+ Ynln

F o = Vh A Yn(Lmy, —myy).

1%

Then (xp)nen and (v))nen converge weakly to solutions to (7.24) and (7.25),
respectively.

80



Remark 7.6 Let (u,)nen be a sequence in [g, (1 — &)min{l, 1/||L]|}/2]. Al-
gorithm (7.26) bears a certain resemblance with the iterative scheme

forn=0,1,...
Pn = V;kl +,un(an - yn)
X1 = ProX,, ¢ (Xn = tnl*py) (7.27)

Yn+1 = Prox, o (yn + ﬂnpn)

V;.,.l =V, +HUn (an+1 - )’n+1)

proposed in [118] to solve (7.24)—(7.25) in a finite-dimensional setting.

Remark 7.7 In the finite-dimensional context of [177], the saddle operator (7.22)
was split as Sp = M| + M, where

{M1 L (6, y.v%) > (£ (x) + L*v*) x {0} x {~Lx} (728)

My: (x,y,v*) - {0} x (0g(y) —v*) x {y}.

Given y € |0, +co[, u; € R, up € R, and (xo, yo,vy) € H ® G @ G, applying the
Douglas—Rachford algorithm (6.8) to find a zero of M | + M, leads to the algorithm
[177]

forn=0,1,...

2

. o1 yu

et € Argmin (700 + L i)+ =P+ L )
xeH Y 2 o)

1 Y5 (7.29)

Yn+l = argmin (g(y) =0 1vi) + o s - yII* + —lly - ynHZ)

yeg Y
| V;.,.l = V:; + 7_1 (an+1 - yn+1)-

When u; = up = 0, we recover the alternating direction method of multipliers
(ADMM) discussed in Remark 6.9(ii). Just like ADMM, (7.29) necessitates a
potentially complex minimization involving f and L jointly to construct x,.;. By
contrast, (7.26) achieves full splitting of f, g, and L.

Remark 7.8 In view of Example 3.23, the above saddle operator formalism can
be extended to the more general primal-dual inclusion pair of Problem 3.7. As
in Proposition 7.5, a zero (x,y,v*) of the saddle operator 8 of (3.25) can be
constructed by executing (7.26), where prox,,  is replaced with J,, 4 and prox,, ,
with J,, . In this setting, the weak limits x and v* solve, respectively, the primal
inclusion (3.7) and the dual inclusion (3.8).
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7.4.3 Mixtures of composite, Lipschitzian, and parallel-sum operators

The Kuhn-Tucker operator of Lemma 3.8 employed in Section 7.4.1 can be ex-
pressed in block format as

A 0 0 L
Jc_M+S_l0 B_1]+I_L 0]. (7.30)
— —
monotone skew

A Kuhn-Tucker point was obtained in Proposition 7.3 by applying the forward-
backward-forward algorithm (7.2) to M and S. In doing so, we did not exploit the
linearity and skewness of S, but just the fact that it is monotone and Lipschitzian.
Let us observe that, if we fill the diagonal of § with monotone Lipschitzian operators
Q:H — Hand D~': G — G, we obtain a new monotone and Lipschitzian
operator Q: X — X. In lieu of (7.30), we then consider the decomposition

_ 1A 0 o L
K=M+Q0=]|, B—‘] + 7 p-l (7.31)
| — | ——
monotone monotone and Lipschitzian
Using (2.62), we write
_|A+Q L*
X=_ (BDD)—I] (7.32)

and interpret it as a variant of the Kuhn-Tucker operator (3.10) associated with
Problem 3.7 in which A is replaced with A + Q and B with Bo D. In other words,
the primal inclusion is to

find x € H suchthat 0 € Ax + L*((BoD)(Lx)) + Ox (7.33)
and the dual inclusion is to
find y* € G suchthat 0 € —L((A+Q) " '(~L*y"))+B~'y*+ D~ 'y* (7.34)
or, equivalently,

—-L*y* € Ax + Qx

7.35
Lx € B ly* + D~ 1y*, (7.35)

find y* € G suchthat (Ix € H) {

As in Lemma 3.8, for every (x, y*) € X,

(r.y") €zer K = x solves (7.33) (7:36)
y* solves (7.35)

and we therefore recover the embedding principle of Framework 1.2.
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Example 7.9 In the above setting, set X = H & G, let K be the Kuhn-Tucker
operator of (7.32), and let JT: X — H: (x,y*) — x. Then (X,I,T) is an
embedding of (7.33).

The primal-dual inclusion problem (7.33)—(7.34) was first investigated in [145],
where it was solved via Tseng’s forward-backward-forward algorithm. Hereis[145,
Theorem 3.1(ii)(c)—(d)], which describes this approach when the operators L, B,
and D above are deployed in a product space G = G| @ - -+ @ G), in the spirit of
Problem 3.11 (further analysis of the asymptotic behavior of the method in special
cases can be found in [62]).

Proposition 7.10 Let 0 < p € N, let u € 10, +co[, let A: H — 2H be maximally
monotone, let Q: H — H be monotone and u-Lipschitzian. For every k €
{1,...,p}, let vi € ]0,+0[, let Gk be a real Hilbert space, let By: Gx — 29k
be maximally monotone, let Dy : G — 26k pe maximally monotone and such that
Dlzl . Gx — G is vi-Lipschitzian, and assume that 0 # Ly € B(H, Gi). Suppose
that the set Z of solutions to the primal inclusion

p
find x € H suchthat 0 € Ax + Z L ((BkoDy)(Lgx)) + Ox (7.37)
k=1

is not empty and let Z* be the set of solutions to the dual inclusion
find y| € Gi,...,y, € G, such that

— i Liyi € Ax+ Ox
(Vk € {1,...,p}) Lix € By'y;, + Di'ye.

p
p=max{uvi.....vp}+4 > Ll (7.39)
k=1

let xo € H, let (yTO,...,y*pO) EGI® @Gy lete €]0,1/(B+1)[, and let

(3x € H) { (7.38)

Set
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(Yn)nen be a sequence in [, (1 — &) /B]. Iterate

forn=0,1,...

Yin =Xn — ’Yn(an + ZZ:] Lzyz,n)
min = JynA Yin

for k=1,...,p

y;,k,n = yz,n T Yn (kan - Dlzlyz,n)

M e = DynB; Y2k (7.40)
q;,k,n = m;,k,n TYn (Lkml’" - Dlzlm;,k,n)
yz,n+1 = yz,n - y;,k,n + q;,k,n
di,n =Min = Vn (le,n + Zi:l Lzm;,k,n)
L Xn+l =Xn — Y1,n T q1,n-
Then there exist x € Z and (y7,...,y},) € Z" such that x, — x, and, for every

ke{l,...,p},yz’n—\y;

Proof. The duality between (7.37) and (7.38) follows as in Problem 3.11, by
replacing A with A + Q and (B,;l)lgk@ with (B,;1 + D;l)lgk@. Now set

G=G19---0G)p

B:Q—>2g:(yl,...,yp)+—>B1y1><~~-><prp (7.41)

D:G—29: (yi.....yp) » D1y X---XDpy,

L:H—G:x— (Lix,...,Lpx),

define M and Q as in (7.31), and set

X, = (x50 ..,y

(Vn € N) {" ("yl’"* Vo) ) (7.42)
m, = (ml,,,,mz’l’n, .. .,mz’p’n).

Then M is maximally monotone and @ is monotone and S-Lipschitzian [145,
Equation (3.11)] and, following the same steps as in the proof of Proposition 7.3,
we rewrite (7.40) as

forn=0,1,...
b;kl = ¥.0x,
* 7.43
m, = ynM(xn_bn) ( )
Xpyl =My —ypQm, + b:;

and conclude by invoking Theorem 7.1 and (7.36). O

Remark 7.11 In (7.37), suppose that p = 1, Gy = ‘H, Ly =1d, By = B, D| =
{0}7!, and zer(A + B+ Q) # @. Letxo € H, let vy € H,lete €]0,1/(u+2)][,
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and let (yn)nen be a sequence in [g, (1 — &)/(u + 1)]. Then we deduce from
Proposition 7.10 that the sequence (x,),cn generated by the iterations

forn=0,1,...
Yn=Xn — ')’n(an +y;k1)
Pn=Jy,AVn (7.44)

4y =Jy,5-1 (Y5 + ¥nXn)
Xnal =Xn = Yn + Pn — ¥Yn(OPn +4;)
y:;_,.] = q:; +7n(pn —Xpn)-

converges weakly to a zero of A + B + Q. An alternative method to solve this
inclusion is proposed in [349], with constant proximal parameters (y,),en and
the feature that it coincides with the unrelaxed version of the Douglas—Rachford
algorithm when Q = 0O (in the spirit of the method of Section 6.4.3 where Q is
cocoercive).

Example 7.12 In Proposition 7.10, make the additional assumptions that O = 0
and, for every k € {1,...,p}, Gk = H, L = 1d, and D,;l is strictly monotone.
Then (7.37) collapses to

14
find x € H such that 0 € Ax + Z(Bk oDy (x). (7.45)
k=1

Itis shown in [130, Proposition 4.2] that (7.45) is an exact relaxation of the (possibly
inconsistent) instance of the problem

find x € H suchthat 0 € Ax and (Vk € {1,...,p}) 0 € Byx (7.46)

in the sense that the solutions to (7.45) are the same as those to (7.46) when the
latter happen to exist.

The specialization of Proposition 7.10 to minimization is as follows. It features
the ability to split infimal convolutions (see (2.7)) together with linearly composed
functions.

Example 7.13 ([145, Theorem 4.2(ii)(b)—-(c)]) Let 0 < p € N, let u € ]0, +oo],
let f € To(H), and let h: H — R be convex, differentiable, and such that V4 is
pu-Lipschitzian. Forevery k € {1,..., p},letvg € ]0,+o0], let Gi be a real Hilbert
space, let g € I'o(Gr), let £, € To(Gr) be 1/vy-strongly convex, and suppose that
0# Ly € B(H,Gr). Let Z be the set of solutions to the primal problem

P
minimize f(x) + D (el (Lix) + h(x), (7.47)
X€E p
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let Z* be the set of solutions to the dual problem

P p
_minimize  (f*0h") (— > L;;y;) DN ACAETACAIE (7.48)
ylegl ..... ypegp o s
and suppose that
p
zer(&f + Z L; o (0grodty) o Ly + Vh) + Q. (7.49)

k=1
Set

P
B =max{u.vi,....vp} +4[ D ILiI (7.50)
k=1

let xg € H, let (y?o,...,y;o) €EGI® -Gy, lete €]0,1/(B+1)[, and let
(¥n)nen be a sequence in [g, (1 — &)/B]. Iterate

forn=0,1,...

Yin =Xn —Yn (Vh(xn) + Zi:l Lzyz,n)
Mmin =Prox, r Yin

for k=1,...,p

Yaden = Vin + Yn(Lixn = V€ ,))

My g = ProX,, ¢« Yakon (7:51)
Do g =M g+ Yn(Limin = VE(my )
Vi1 = Vin = Y2 hn + 2
qin =Mip — Yn(Vh(ml,n) + Zi:l Lzm;k’n)
L Xn+l =Xn — Y1,n T q1,n-
Then there exist x € Z and (y],...,y),) € Z" such that x, — x, and, for every

ke{l,...,p},y;n—\yz.

Remark 7.14 Conditions under which (7.49) holds are provided in [145, Proposi-
tion 4.3].

8 Forward-backward splitting

8.1 Preview

The forward-backward splitting method is a basic algorithm for solving Problem 3.1
when B is cocoercive. At iteration n, given a step size y, € ]0,+oo[, a discrete
dynamics associated with the Cauchy problem (5.1) with M = A + B is
Xn — Xn+l
Yn

€ Ax,y41 + Bx,,. (8.1)

86



It amounts to performing a forward Euler step relative to the operator B and a
backward Euler step relative to the operator A. In view of (2.18), this means
that x,.41 = Jy, A(xn — ¥nBx,). This iteration scheme goes back to the gradient-
projection method [213, 258] for the constrained minimization of a smooth function
(see Example 8.7 below) and its extension to variational inequalities [27, 277].

8.2 Fejérian algorithm

We establish a new, geometric proof of the convergence of a relaxed primal-dual
version of the forward-backward algorithm found in [154, Proposition 4.4(iii)]
for the primal result and in [37, Theorem 26.14(ii)] for the dual result, where
the proximal parameters (y,)nen are constant. Related primal results and special
cases can be found in [197, 254, 255, 278, 374]. The importance of cocoercivity in
establishing weak convergence was first identified by Mercier [277] in the context
of variational inequalities and, more generally, in [278].

Theorem 8.1 Let a € |0, +oo[, let A: H — 2M be maximally monotone, and let
B: H — H be a-cocoercive. Let € € 10, a/(a+1)[, let (Yn)nen be a sequence
in g, (2 - &)a], and let

da — yy

(Vn €M) &< py < (1-)——=" (8.2)

Suppose that the set Z of solutions to the problem

find x € H such that 0 € Ax + Bx (8.3)
is not empty and let Z* be the set of solutions to the dual problem

find x* € H suchthat 0 € —A~'(=x*) + B~!x". (8.4)
Let xy € H and iterate

forn=0,1,...
by =v,Bx,
Wn = JynA(xn - b:;)
Xn+l = Xn +,un(Wn —Xpn)-

(8.5)

Then the following hold:

(1) (xp)nen converges weakly to a point in Z.
(il) Z* contains a single point x* and (Vz € Z) Bz =X".

(iii) (Bx,)nen converges strongly to X*.
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Proof. The proof hinges on an application of Theorem 4.12 with
W=A, C=B, and (VneN) U, =v,'Id- Band g, = x,. (8.6)
In this setting
(VneN) Jir  =J", = (y;'1d+A)o(y,'1d=B) = J,, a0 (Id—y,B) (8.7)

and the variables of (4.34) become

Wp = JynA(xn — ¥YnBx,)

= Xn — Wp
(Vn € N) Ty, (8.8)
1 1
On = (_ - _)Hwn _xn||2-
vn 4a

Furthermore, we derive from [95, Proposition 3.9] that (7.5) holds. Now set

4
(VneN) A, =——2Hn (8.9)
da -y,
Then (8.2) yields
4 da(l - &) (da -
(Vnel) s<—28 o, (alzo)@azy) ,_ (8.10)
da — & (4a — y,)2a
We also deduce from (8.8) that
(VneN) 6,<0 & w,=x, © 1,=0. (8.11)
Hence, (4.34) yields
(Vn eN) dyp =52 (00— wn). (8.12)

An

Altogether, we arrive at the conclusion that the sequence (x;,),cn produced by (8.5)
coincides with that of (4.34). Hence, by Theorem 4.12(i) and (8.10),

D lldnll? < +oo. (8.13)

neN

In turn, upon invoking (8.12), we obtain
wy —x, — 0. (8.14)

(1): In view of (8.10), condition (ii)(b) in Theorem 4.12(ii) is fulfilled. On
the other hand, since Lemma 2.48(iii) asserts that the operators (y,Uy)nen are
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nonexpansive, (8.14) implies that ||U,w, — Upx,|| < [[wn — x|/ — 0, so that
condition (ii)(c) is also fulfilled. Thus, the assertion follows from Theorem 4.12(ii).

(ii): The strong monotonicity of B~! implies that of —A~!o(=Id)+B~'. Hence,
[37, Corollary 23.37(ii)] asserts that (8.4) admits a unique solution x*. Now let
z € Z. Then —Bz € Az and therefore —z € —A~!(=Bz). Thus, 0 = —z+z €
~A~Y(-Bz) + B~'(Bz),i.e., Bz € Z* = {x*}.

(iii): It follows from (i) and (8.14) that (x,),en and (wy),en are bounded.
Now let z € Z. We retrieve from (4.27) that

(Vn €N)  (z—wn | ;) < (tn —wy | Bx, — Bz) — a||Bx, — Bz||>. (8.15)
Hence, the Cauchy—Schwarz inequality, (2.32), (8.8), and (8.14) imply that
|| Bxy, = Bzll” < Wy = xall [|Bxn = Bzll + llwn = 2l Iz
< Clwn = xnll llen = 2ll + yillwn =zl [Ilwn = x|

n

— 0. (8.16)

In view of (ii), Bx, — Bz =x". 0O

The following examples address Example 3.2 and Example 3.3, respectively.

Example 8.2 Let a € ]0,+oo], let f € ['((H), let B: H — H be a-cocoercive,
suppose that the set Z of solutions to the variational inequality

find x € H suchthat (Vy e H) (x—y | Bx)+ f(x) < f(y) (8.17)
is not empty, and let Z* be the set of solutions to the dual problem
find x* € H suchthat 0 € -9 f*(—x*) + B~ 'x*. (8.18)

Letxg € H,lete € 10,a/(a+ 1)[, let (v,)nen be a sequence in [&, (2 — €)a], and
suppose that (u,),en satisfies (8.2). Iterate

forn=0,1,...
b:; = vuBx,
Wn =Pr0Xynf(xn -by)
Xn+l = Xn + fn(Wp — Xp).

(8.19)

Then (x;),en converges weakly to a point in Z and (Bx,),en converges strongly
to the unique point in Z*.

Proof. Use Example 2.12 and Example 2.35 and set A = d f in Theorem 8.1. 0O
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Example 8.3 Let a € 0, +o0[, let C be a nonempty closed convex subset of H, let
B: H — H be a-cocoercive, suppose that the set Z of solutions to the variational
inequality

find x € C suchthat (VyeC) (x—y|Bx) <0 (8.20)
is not empty, and let Z* be the set of solutions to the dual problem
find x* € H suchthat 0 € —do¢c(—x*) + B~ 'x*. (8.21)

Letxg € H,lete € |0, a/(a+ 1)[, let (¥n)nen be a sequence in [&, (2 — £)a], and
suppose that (u,,),cn satisfies (8.2). Iterate

forn=0,1,...
b, =v,Bx,
Wy = Proje (xn — by,)
Xpil = X+ fn(Wy — Xp).

(8.22)

Then (x;)nen converges weakly to a point in Z and (Bx,),en converges strongly
to the unique point in Z*.

Proof. Use Example 2.36 and (2.2), and set f = (¢ in Example 8.2. O

The following example focuses on the minimization in the setting of Prob-
lem 3.5(ii). This framework has found a multitude of applications, especially in
the areas of signal processing and machine learning [15, 45, 115, 149, 152, 164,
232, 382].

Example 8.4 Let B8 € |0, +oo[, let f € Th(H) and let g: H — R be convex and
differentiable. Suppose that Vg is S-Lipschitzian and that the set Z of solutions to
the problem

minimize f(x) + g(x) (8.23)
xeH
is not empty, and let Z* be the set of solutions to the dual problem
minimize f*(—x") +g"(x"). (8.24)
x*eH

Letxg € H,lete € 10,1/(B+ 1), let (7v,)nen be a sequence in [g, (2 —€)/8],
and suppose that

(VneN) &< pu,<(l-g)—2 (8.25)
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Iterate

forn=0,1,...
by, = vnVg(xn)
W = PIOX,, 1 (t = b})
Xntl = Xpn + fn(Wp — Xp).

(8.26)

Then (x,),en converges weakly to a point in Z and (Vg (x;,))xen converges strongly
to the unique point in Z*.

Proof. The claim is established by applying Theorem 8.1(i) with A = Jf (see
Example 2.12) and B = Vg (see Lemma 2.2). O

Remark 8.5 In some applications, it may be of interest to quantify the asymptotic
behavior of the function values (f (x;) + g(x,))nen produced by (8.26). This topic
has been the focus of a lot of interest since the publication of the influential papers
[43, 44, 112]; see [201] and its bibliography for recent results on the unrelaxed
implementation of (8.26) with constant proximal parameters.

The following example, taken from [152], models linear inverse problems
in which the prior knowledge is modeled by penalizing the coefficients of the
decomposition of the ideal solution in an orthonormal basis (see [149, 160, 193]
for special cases).

Example 8.6 Suppose that H is separable, let (e )rcrcn be an orthonormal basis
of H,let y € G, suppose that 0 # L € B(H,G), and let (¢r)rex be functions in
I'o(R) such that (Vk € K) ¢ = 0 = ¢x(0). Suppose that the set Z of solutions to
the problem

1
minimize Z di((x | ex)) + = |ILx — y|? (8.27)
xeH ek 2

is not empty. Let xo € H, lete € ]O, 1/(JIL]]? + 1) [, let (v, )nen be a sequence in
[£, (2= &)/IIL||%|. and suppose that

4—|\L)?
(VneN) &<y, < (1—5)%. (8.28)
Iterate
forn=0,1,...
bn = ’yrlL (an - y) (8.29)

Wn = Drex (Prox,, 5, (Xn = b}, | ex))ex
Xn+l = Xn + fn(Wp — Xp).

Then (x,),en converges weakly to a point in Z.
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Proof. Set f: x — Y iex ¢x({x | ex))and g: x — ||Lx—y]||?/2. Then, as shown in
[152, Example 2.19], f € I'o(H) and prox,, : x = Yier(prox,, 4 (x| ex))ek.
On the other hand, g is convex and differentiable and Vg: x +— L*(Lx — y) is
||L||>-Lipschitzian. Altogether, the conclusion follows from Example 8.4. 0

Next, we specialize Example 8.4 to the gradient-projection method, which
minimizes a smooth function over a convex set (see Example 3.6) and goes back to
[213, 258].

Example 8.7 Let 8 € ]0, +oo[, let C be a nonempty closed convex subset of H,
and let g: H — R be convex and differentiable. Suppose that Vg is 8-Lipschitzian
and that the set Z of solutions to the problem

minimize g(x) (8.30)
xeC
is not empty, and let Z* be the set of solutions to the dual problem
minimize o (—x") + g*(x"). (8.31)
x*eH

Letxg € H, let £ € 10, 1/(B+1)[, let (yn)nen be a sequence in [g, (2 —&)/8],
and suppose that (u,),cn satisfies (8.25). Iterate

forn=0,1,...
by, = Yn V8 (xn)
Wy = projc (x, — by)
Xn+l = Xn + fn(Wp — Xp).

(8.32)

Then (x,),en converges weakly to a point in Z and (Vg (x;,))xen converges strongly
to the unique point in Z*.

Proof. Set f = 1c in Example 8.4. Alternatively, set B = Vg in Example 8.3. 0O

Remark 8.8 In [22], the backward-forward iterations

forn=0,1,...
Pn =JyAXn 8.33
qn = Pn —YBpn ( )

Xpil = Xp + fn(gn — xn)

are studied and shown to be related to the forward-backward iterations applied to
Yosida envelopes of B and A.
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8.3 Haugazeau-like algorithm

Asseenin[152, Remark 5.12], the strong convergence of (x;,),en in Theorem 8.1(i)
may fail. Item (i) below on the strong convergence of a best approximation forward-
backward algorithm extends [140, Theorem 5.6(i) and Remark 5.5], where (Vn €
N) vy, =y €]0,2a[ and u, < 1.

Theorem 8.9 Let a € 0, +oo[, let A: H — 2H pe maximally monotone, and
let B: H — H be a-cocoercive. Let £ € 10, min{1/2,2a}[, let (yy)nen be a
sequence in |&,2a], and let

4o —
(VneN) &<p, < 2—In (8.34)
4a
Suppose that the set Z of solutions to the problem
find x € H such that 0 € Ax + Bx (8.35)
is not empty and let Z* be the set of solutions to the dual
find x* € H suchthat 0 € —A~'(—x*) + B~'x". (8.36)
Let xy € H and iterate
forn=0,1,...
b = YnBn (8.37)

Wn = JynA(xn - b:;)
Xn+l = Q(xo’xn,xn + tn(Wy _xn)),

where Q is defined in Lemma 4.6. Then the following hold:
(1) (xp)nen converges strongly to proj, xo.
(ii) Z* contains a single point x* and (Bx,)nen converges strongly to X™.

Proof. We apply Theorem 4.14 in the setting of (8.6), using the same variables as
in (8.8) and (A,,),,ew defined as in (8.9). Then (8.11) holds and

dae

(VneN) &< <A, <1 (8.38)

da — &
Therefore the sequence (x,),en produced by (8.37) coincides with that of (4.44).
Hence, by Theorem 4.14(i),

wy —x, — 0. (8.39)

(1): This follows from Theorem 4.14(ii) since, as in the proof of Theorem 8.1(i),
its conditions (ii)(b) and (ii)(d) are fulfilled.

(ii): Since B is continuous, (i) and Theorem 8.1(ii) imply that Bx, —
B(proj, xo) € Z*, where Z* is a singleton. 0O
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8.4 Special cases and variants
8.4.1 Projected Landweber method

In inverse problems, constrained least-squares estimation has a long history [51,
53, 184, 298, 313]. We address the numerical solution of this problem from the
viewpoint of the forward-backward algorithm to obtain a relaxed version of the
projected Landweber method with iteration-dependent parameters.

Proposition 8.10 Let G be a real Hilbert space, suppose that 0 # L € B(H,G),
lety € G, and let C be a closed convex subset of H such that the set Z of solutions
to the problem

o] 2
NLx — 8.40
minimize Ly - y| (8.40)

is not empty. Let xy € H, let € € ]O, L/(IL|I>+ 1) [ let (Vn)nen be a sequence in
[s, 2- s)/||L||2], and suppose that (i, )nen satisfies (8.28). Iterate

forn=0,1,...
by, = ynL*(Lx, —y)
W = projc (xn — by,)
Xnsl = Xn + iy (Wp — Xp).

(8.41)

Then (x,,)nen converges weakly to a point in Z.
Proof. Apply Example 8.7 with g: x — ||Lx — y||*/2. O

Proposition 8.10 was established in [184, Section 3.1] with (Vn € N) 2,, = 1
andy, =y € ]O, 2/IIL|I? [ There, it was also conjectured that the convergence was
strong, which was disproved in [152, Remark 5.12]. This motivates the following
result.

Proposition 8.11 Let G be a real Hilbert space, supposethatQ # L € B(H, G), let
y € G, let C be a closed convex subset of H, and suppose that the set Z of solutions
to (8.40) is not empty. Let xo € H, let € € ]0, min{1/2,2/||L||*}) [, let (Yn)nen be
a sequence in [s,2/||L||2], and suppose that (Vn € N) & < pp < 1 = ||L||*yn/4.
Iterate

forn=0,1,...
bfz = YnL*(Lx, — y)
Wy = projc (x, — by)
Xn+l = Q(xo,xn,xn + pn(Wn _xn)),

(8.42)

where Q is defined in Lemma 4.6(ii). Then (x,)nen converges strongly to proj, Xo.
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Proof. Follow the pattern of the proof of Proposition 8.10 and use Example 2.36
to apply Theorem 8.9(i) with A = Nc and B: x — L*(Lx —y). O

Here is an application of Proposition 8.10 to the problem of finding the best
approximation to a point from a linearly transformed convex set.

Example 8.12 Consider the setting of Proposition 8.10 with the assumption that
L(C) is closed, which guarantees that (8.40) admits solutions. Then x,, — x, where
x solves (8.40). Furthermore, if we set p = Lx, then p = proj. () y. Hence, upon
rewriting (8.41) as

forn=0,1,...
qn = Lx,
by, = ¥nL*(qn — ) (8.43)

Wp = projc(x, — b;,)
Xn+l =Xp + ,un(Wn - xn)

and invoking the weak continuity of L, we conclude that g, — projz ) y-

Example 8.13 Let G be a real Hilbert space, and suppose that 0 # L € B(H, G)
and that ran L is closed. Additionally, let xo € H, let ¢ € ]O, 1/(JIL]]? + 1) [, and
let (v,)nen be a sequence in [8, (2- 8)/||L||2]. Iterate

forn=0,1,...
qn = Lxn (8.44)
Xn+l = Xn — VnL*qn

and let ¢ be the minimal-norm element of ran L. Then ¢,, — q.

Proof. Apply Example 8.12 withC =H andy=0. O

The next example is about a composite best approximation problem.

Example 8.14 Let G be a real Hilbert space, let y € G, and let 0 < p € N.
For every k € {1,..., p}, let H; be a real Hilbert space, let C; be a nonempty
closed convex subset of Hy, let 0 # Ly € B(Hy,G), and let xx o € Hy. Sup-
pose that ¥¥ | Li(Cy) is closed and set B = XP_ [ILc||*>. Furthermore, let
e € 10,1/(B+1)[, let (yn)nenw be a sequence in [g, (2 —&)/B], and suppose
that (un)nen satisfies (8.25). Iterate

forn=0,1,...
qn = Xp_; Lixeon
fork=1,...,p

x * 8.45
bk,n :7nLk(Qn_y) ( )

Wi = Projc, (Xk,n — by )
Xinal = Xien + Hn(Win — Xien)-
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Then g, — prOjZf;l Le(Cr) Y-
Proof. Set H=H, ®---®H,,C=C; x---xCp, and

p
L:H = G: (x)iekep = ) Lix. (8.46)
k=1

Then projo: (xk)i<k<p > (Projc, Xk)i<k<p (see Examples 2.36 and 2.37),
ILI> =B, and L*: G — H: y" (L7y*, ..., L,y"). Altogether, the result
is an application of Example 8.12to C and L in H. 0

As an application of Example 8.14, we address the problem of computing the
best approximation from the Minkowski sum of closed convex sets; see [34, 175,
276,320, 351, 388, 390] for instances of decompositions with respect to such sums.

Example 8.15 Let z € H and 0 < p € N. Forevery k € {1,...,p}, let Ci be
a nonempty closed convex subset of H and let xx o € H. Suppose that Zi’zl Cr
is closed, let £ € 0, 1/(p + 1)[, let (Yn)nen be a sequence in [g, (2 — &) /p], and
suppose that (Vn e N) e < u,, < (1 —&)(2 — py,n/2). Iterate

forn=0,1,...
qn = Zle Xk,n
by, = Yn(qn = 2)
fork=1,...,p
Win = projck (xk,n - b:;)
Xkt = Xkon + n(Whn = Xkon)-

(8.47)

Then g, — projziz1 C &

Proof. Apply Example 8.14 with G = H,y =z, and (Vk € {1,...,p}) Hx =H
and L, =1d. O

8.4.2 Partial Yosida approximation to inconsistent common zero problems

We extend a framework proposed in [127, Section 6.3], where no linear transform-
ations were present. We start with the following composite common zero problem
(see [100] for a special case).

Problem 8.16 Let A: H — 27 be maximally monotone and let 0 < p € N.
For every k € {1,...,p}, let G« be a real Hilbert space, let By: Gx — 29 be
maximally monotone, and suppose that 0 # Ly € B(H, Gx). The objective is to

find x € zer A suchthat (Vk € {1,...,p}) Lix € zer By. (8.48)
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Example 8.17 Suppose that, in Problem 8.16, A = N¢, where C is a nonempty
closed convex subset of H, and, for every k € {1,..., p}, Bx = Np,, where Dy is
a nonempty closed convex subset of Gi. Then (8.48) is the split feasibility problem
[328]

find x € C such that (Vk € {1,...,p}) Lix € Dy. (8.49)

Example 8.18 Suppose that, in Problem 8.16, A = df, where f € I'o(H), and,
for every k € {1,...,p}, Gk = H, Ly =1d, and By = 9 f;, where f; € T'o(H).
Then (8.48) becomes

r
find x € (Argmin f) N () Argmin fi. (8.50)
k=1

Example 8.19 Suppose that, in Problem 8.16, A = N¢, where C is a nonempty
closed convex subset of H, and, forevery k € {1, ..., p}, By = (Id—Fy+r) "' —1d,
where Fi: Gx — Gy is firmly nonexpansive and rp € Gy. Then (8.48) becomes

find x € C such that (Vk € {1,...,p}) Fr(Lgx) =ry. (8.51)

Note that the operators (Id — Fy +7)1<k<p are firmly nonexpansive as well, which
makes the operators (Bj)i<k<, maximally monotone by Lemma 2.34(iii). This
formulation was investigated in [153] in the context of recovering a signal in C
from p nonlinear observations modeled as outputs of Wiener systems (see also
Example 5.12).

Our focus here is on situations in which (8.48) is not guaranteed to have solutions
(see [105, 133, 138, 212] for concrete illustrations). In such environments, it
is natural to approximate it by a more general problem, which exhibits better
regularity properties and admits solutions. We propose the following relaxation of
Problem 8.16, in which dom A serves as a hard constraint.

Problem 8.20 Consider the setting of Problem 8.16 and let (px)i<k<p and
(wir)1<k<p be in ]O,+oo[. The objective is to solve the partial Yosida approx-
imation

P
find x € H such that 0 € Ax + Z wir L (7B (Lix)) (8.52)
k=1
to Problem 8.16.

The fact that Problem 8.20 is an appropriate relaxation of Problem 8.16 is
supported by the following argument.
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Proposition 8.21 Suppose that the set of solutions to Problem 8.16 is not empty.
Then it coincides with the set of solutions to Problem 8.20.

Proof. Let x be a solution to Problem 8.16. Then (2.22) yields

14
- Z wi L (P*Br(LiX)) € AX, (8.53)
k=1

which shows that x solves Problem 8.20. Now let x be a solution to Problem 8.20.
Then

14
—Zka;(pkBk(ka)) € Ax. (8.54)
k=1

It follows from (8.53), (8.54), the monotonicity of A, and the cocoercivity of the
operators (P¥By)1<k<p (see Example 2.7) that

p p
0> <x -X Z a)kLZ(pkBk(ka)) - Z a)kLZ(pkBk(Lk)_C))>

k=1 k=1

p
= Z a)k<ka - Lk)_c

1

PkBr (LX) —p"Bk(Lk)_C)>

>~
1l

\VY%

M T

wrpk||PBi (Lix) — pkBk(ka)H

wiepi]| B (Lix)|”. (8.55)

x~
I

1

Hence, we deduce from (2.22) that (Vk € {1, ..., p}) Lix € zerP By = zer B;. In
view of (8.54), we conclude that x solves Problem 8.16. 0O

Remark 8.22 It should be emphasized that Problem 8.20 is a relaxation of Prob-
lem 8.16, and not of the inclusion

p
find x € H suchthat 0 € Ax + Z wiLy (Bi(Lix)). (8.56)
k=1

In particular, zer(A + #B) # zer(A + B) when zer(A + B) # @. However, the
problem of finding a zero of A + B can be regarded as a regularization of that
of finding a zero of A + B in the sense that solutions to the former approaches a
particular solution of the latter as p — 0 [270, 278, 295].
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Example 8.23 Consider the setting of Example 8.17 and let (Vk € {1,...,p})
px = 1. Then (8.52) relaxes the possibly inconsistent problem (8.49) to the
problem

p
. 2
minimize kil widp, (Lix). (8.57)

(1) Assume that, for every k € {1,...,p}, Gr = H and Ly =1d. Then (8.57) is
the relaxed formulation of [133].

(ii) Assume that H = RN, C = RY, and, for every k € {I,...,p}, Gk = R,
Li: x v+ ujx with u € RN, and Dy = {ni} withx € R. Let U € RP*N
be the matrix with rows uy,...,u;, and set y = (n)1<k<p- Then (8.49)
amounts to solving the linear system Ux = y and (8.57) to minimizing
x — ||[Ux — y||>. This least-squares relaxation was proposed by Legendre
[252] and rediscovered by Gauss [202].

Example 8.24 Consider the setting of Example 8.18 and recall that (Vk €
{1,....p}) PXOfx) = {V(P*fx)} [37, Example 23.3]. Thus, (8.52) relaxes the
possibly inconsistent problem (8.50) to the problem

p
minimize f(x) + > wk(fie) (x). (8.58)
paS k=1

This formulation arises in particular in federated learning [306].
Example 8.25 Consider the setting of Example 8.19 and let (Vk € {1,...,p})
px = 1. Then it follows from Example 2.14 and (2.21) that (8.52) relaxes the

possibly inconsistent problem (8.51) to the variational inequality problem (see
Problem 3.3)

p
find x € C such that (Vy € C) Z wilLie(y = x) | Fe(Lgx) —r) = 0, (8.59)
k=1

which is precisely the relaxation of (8.51) studied in [153].

Let us now solve Problem 8.20 with the forward-backward algorithm.
Proposition 8.26 Consider the setting of Problem 8.20, suppose that its set Z of
solutions is not empty, and set

a = _ (8.60)

Zp:wk“LkHZ
Pk

k=1
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Letxog € H, lete € 10, a/(a+ 1)[, let (Yn)nen be a sequence in [ g, (2 — &)a], and
suppose that (i, )nen satisfies (8.2). Iterate

forn=0,1,...
fork=1,...,p
\‘ Ykn = Lix;,
-1
Pkan = Py Yk,n = Jpr B Yk,
"ot Wion = Jpuiyicn) 8.61)
b:; =7n Z kazpk,n
k=1
Wn = ynA(xn - b:;)
| Xn+l = Xn +,un(Wn — Xn)-
Then (x,,)nen converges weakly to a point in Z.
Proof. Define
P
B= Z wirL} o (PBy) o Ly. (8.62)

k=1

Then it follows from [37, Proposition 4.12] and Example 2.7 that B is @-cocoercive.
Since (8.61) is a specialization of (8.5), Theorem 8.1(i) furnishes the desired con-
clusion. [0

8.4.3 Backward-backward splitting

We focus on the following special case of Problem 8.20.

Problem 8.27 Let A: H — 2% and B: H — 2% be maximally monotone, and
let p € ]0, +oo[. The objective is to

find x € H such that 0 € Ax +°Bx. (8.63)

Proposition 8.28 Consider the setting of Problem 8.27 under the assumption that
Z =zer(A+PB) # @. Letxg € H,lete € 10, p/(p + 1), let (Yn)nen be a sequence
in [&, (2 — &)p], and suppose that (u,)ncn satisfies (8.2) with a = p. Iterate

forn=0,1,...
Pn = P_] (xn - Jprn)
Wn = Jy,,A(xn ~YnPn)
Xn+l = Xn + fn(Wp — Xp).

(8.64)

Then (x,,)nen converges weakly to a point in Z.
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Proof. Apply Proposition 8.26 with p =1, G; =H, Ly =1d, B; = B, w; = 1, and
pr=p. 0O

Example 8.29 In particular, if we execute (8.64) with, for every n € N, y,, = p
and u,, = 1, then
(Vn € N)  xpp1 = Jpa(JpBxn). (8.65)

This recursion is known as the backward-backward algorithm, as it alternates two
backward Euler steps. As derived above, it is a special case of (8.61) and therefore
of the forward-backward algorithm (8.5). Its asymptotic behavior has been studied
in [38, 278] (see also [264, 305] for ergodic convergence).

Example 8.30 Let f and g be functions in I'y(H). In Problem 8.27, suppose that
A =0f and B = dg. Then, as in Example 8.24, (8.65) becomes

minimize f(x) +g(x) (8.66)
xeH
and (8.65) reduces to the alternating proximal point algorithm
(Vn € N)  xp41 = Prox,, s (prox ,, x,). (8.67)
This method was first investigated in [1], with further developments in [38].

Example 8.31 Let C and D be nonempty closed convex subsets of 4. In Ex-
ample 8.30, suppose that f = (¢ and g = ¢p. Then (8.67) is the problem of finding
apoint in C at minimal distance from D and (8.67) yields the alternating projection
method

(Vn € N)  xu41 = projc (projp x»), (8.68)

which was first investigated in [120]. Its weak convergence was established in [220,
Theorem 2]

Example 8.32 Let f € Ty(H), h € Ty(H), z € H, and p € ]0,+o0[. The
problem is to

1
Ecnei;l{i’rvlvllz(fe; F(x) +h(w) + an +w—z|% (8.69)

Following [152, Section 4.4], set g: y — h(z — y). Then, with the change of
variable y = z — w, the objective of (8.69) is to

xeH.

1
minimize f(x) +g(y) + —|lx — y|I%, (8.70)
yeH 20
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which is precisely (8.66) in terms of the variable x. Now let xo € H, let ¢ €
10, 0/(p + 1)[, let (vn)nen be a sequence in [&, (2 — €)p], and let (uy),en be a
sequence in [&, 1]. Applying algorithm (8.64) to A = df and B = dg, and noting
that Jyp = prox,,, : x > z — prox,,,, (z — x) yields

forn=0,1,...
Pn = p_l(xn -+ pl’OXph(Z - xn))
Wn = proxynf(xn ~YnPn)
Xntl = Xn + fn(Wp — Xp).

(8.71)

It follows from Proposition 8.28 that (x,),cn converges weakly to a point x such
that (x, prox,,;, (z — x)) solves (8.69).

Next, we revisit the problem of projecting onto the Minkowski sum of two
convex sets (see Example 8.15).

Example 8.33 Let C and D be nonempty closed convex subsets of H such that
C + D is closed, and let z € H. Upon setting f = tc, h = tp, and p = 1 in
Example 8.32, (8.69) specializes to the problem of finding the projection of z onto
C+D. Now letxg € C,lete € ]0,1/2[, let (7vx)nen be a sequence in [&,2 — €],
and let (u,)nen be a sequence in [, 1]. Then (8.71) assumes the form

forn=0,1,...
Pn = Xn — 2+ Projp(z —xp)
W = Projc (Xn = ¥YnPn)
Xpsl = Xn + fn(Wn — Xp)

(8.72)

and it follows from Proposition 8.28 that (x,),en converges weakly to a point x
such that proj-, z = x + proj, (z — x). This best approximation algorithm was
first obtained in [351, Theorem 2.1] in the case when (Vn € N) y,, = u,, = 1, i.e.,

(Vn € N)  xp41 = proje(z = projp (z — x,)). (8.73)

8.4.4 Dual implementation

We present a framework for solving strongly monotone composite inclusion prob-
lems by applying the forward-backward algorithm to the dual problem. The em-
bedding underlying this approach is that of Example 3.22.

Problem 8.34 Let p € ]0,+oo[,let0 < p e N,letz € H,and let A: H — 2% be
maximally monotone. For every k € {1,...,p}, let By: Gx — 29 be maximally
monotone, let vi € ]0,+co[, let Dy: G — 29 be maximally monotone and
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vi-strongly monotone, and suppose that 0 # Ly € B(H, Gx). Further, suppose
that

P
Z € ran (A+ZL*,‘C o (ByaDy) oLk+pId). (8.74)
k=1

The problem is to solve the primal inclusion

r
find x € H suchthat z € Ax+ Y Li((BoDy)(Lix)) +px,  (875)
k=1

together with the dual inclusion
find y} € Gi,...,y), € Gp such that (Vk € {1,....p})
1 4 * % - * - *
0e —Lk(JA/p(;(z - Z Ljyj))) + Bklyk + Dklyk. (8.76)
j=1

We refer to [151, Proposition 5.2(iv)] for sufficient conditions that guarantee
(8.74). The mechanism to solve (8.75) dually hinges on the following properties.

Proposition 8.35 ([151, Proposition 5.2(ii)—(iii)]) Consider the setting of Prob-
lem 8.34 and set

p
M:A+2L;o (BxoDy)o Ly and X=Jyp(z/p). (8.77)
k=1
Then the following hold:

(i) X is the unique solution to the primal problem (8.75).

(ii) The dual problem (8.76) admits solutions and, if (¥))i<k<p Solves (8.76),
then

p
x=JA/p(p—1(Z_ZL;;y;)). (8.78)
k=1

We now apply the forward-backward algorithm of Theorem 8.1 to the dual
inclusion (8.76) to construct a sequence (x;,),en Which converges strongly to the
solution to primal inclusion (8.75). The following result is an adaptation of [151,
Corollary 5.4].

103



Proposition 8.36 Consider the setting of Problem 8.34 and set

1
v = 1rr}cin Vi and a = 1 . (8.79)
<k<
! — = > Ll?
v p1<k<p

Let € € 10,a/(a+ 1)[, let (vy)nen be a sequence in [g, (2 — €)a], suppose that
(Un)nen satisfies (8.2), and, for every k € {1,..., p}, let y; , € Gk. Iterate

forn=0,1,...

qn =2 T Livk,

Xn :JA/p(Qn/p)

for k=1,...,p (8.80)

Win = yz,n T Yn (ka" - Dlzlyz,n)

% L %
Yine1 = Vi +:‘1n(]yn3;‘Wk,n = Yin)-

Then the following hold for the solution X to (8.75) and for some solution y* =
(V1>- .- Vp) t0 (8.76):

(i) (Vke{l,....p}) ¥i, = Vi

() x, — x.
Proof. We deduce from [37, Proposition 22.11(ii)] that, for every k € {1, ..., p},
D,;l is vi-cocoercive with dom D,;l =Gk Letusset G =G ®--- & G)p and

T:H—->H:x—J,,(p7 (z-x)

A: 629y - X By,
1<k<p
D:G—-G:y' (D;1y2)1<k<p
L:H— G:x (L)
B=D-LoTolL"

(8.81)

1<k<p

It follows from Lemmas 2.23 and 2.24 that A is maximally monotone, from (8.79)
that D is v-cocoercive, from Lemma 2.34(iii) that —7 is p-cocoercive, and hence
from [37, Proposition 4.12] that

B=D+Lo(-T)oL"is1/(1/v+]|L|*/p)-cocoercive. (8.82)

Since ||L|> < le ILklI?, (8.79) implies that B is a-cocoercive. Next, let us
define (Vn € N) y;, = (¥} ,)1<k<p and w;, = (Wi n)1<k<p- Then, upon combining
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(8.81) and Example 2.37, (8.80) can be rewritten as
forn=0,1,...
Wn=Yn = YnBy, (8.83)
y;kH.l :y;kz +/1n(JynA Wn _yjz)’
and the dual problem (8.76) as
find y* € G suchthat 0 € Ay” + By™. (8.84)

(1): In view of the above, the claim follows from Theorem 8.1(i).
(i1): We derive from Proposition 8.35, (8.80), and (8.81) that

X=T(L'y") and (YneN) x,=T(L"y"). (8.85)

In turn, we deduce from the p-cocoercivity of —T, (i), the monotonicity of D, and
the Cauchy—Schwarz inequality that

(Vn e N)  plix, —=X|1* = plIT(L*y}) = T(L*Y)|)?
<(L*(y, =¥) | T(Ly") -T(L"y;))
==Y | (LoToL")y —(LoToL")y,)
<{y,-¥'| Dy, -Dy"
~(n =Y | (LoToL")y,—(LoToL")y")
=(y, - | By, - BYy")
< 6||By, - By'|| (8.86)

where, by (i),

6 =sup [ly, =¥l < +oo. (8.87)
neN

Therefore, using (8.83) and Theorem 8.1(ii)—(iii), we conclude that ||x, — x| — O.
O

Here is an application to strongly convex minimization problems that arise in
particular in mechanics [185, 278] and in signal processing [134, 135, 318].

Example 8.37 Let 0 < p € N, let z € H, let f € T[y(H), and let '(f*) be the
Moreau envelope of f* (see (2.11)). Forevery k € {1,..., p},let g € To(Gr), let
Vi € ]0,+00], let hy € T'o(Gk) be vi-strongly convex, and suppose that 0 # Ly €
B(H,Gr). Define « as in (8.79) and suppose that

p
Z € ran (6f + Z Ly o(0gxnohy)o Ly +1d|. (8.88)
k=1
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Then the primal problem

P
. . . 1 2
L =|lx - .
minimize f(x) + 1;:1 (8 B hie) (Liex) + S llx — 2] (8.89)

admits a unique solution X, namely
x= PIOX fi3? | (gk Ohi)oLy % (8.90)
and the dual problem is
S 1 S S
_ minimize (f*) (Z - Z L};y’,‘() + Z(g,t(y;;) +hp(yp)- (8.91)
YI€G1: - YpE€Gp = =

Now let € € 10, a/(a + 1)[, let (v,)nen be a sequence in [g, (2 — &)a], suppose
that (un)nen satisfies (8.2), and, for every k € {1,..., p}, lety; , € Gy. lterate

forn=0,1,...
— p * 0k
Gn =2~ Xy LYy,

Xn = PIOX ¢ qpn
for k=1,...,p (8.92)

Win = Vi + Y (Lixn = Vg (v )

] Vit = Vion +run(Pr0X7ng}; Whk.n = yi,n)-
Then the following hold:

(i) There exists a solution (¥7,...,Y,) to (8.91) such that (Vk € {1,...,p})

Vi = Vi

(il) x, — X.
Proof. Apply Proposition 8.36 with p = 1, A = df, and (Vk € {1,...,p})
By = 0gx and Dy = 0hy (see [151, Eample 5.6] for details). 0O

Remark 8.38 In Example 8.37, suppose that H = H(l) (€2), where Q is a bounded
open domain in R?, p = 1, G| = L>(Q) @ L*(Q), L1 = V, g1 = u|| - ||l2.1 with
u € ]0,+c0[, and hy = t(gy. Then (8.89) reduces to

minimize f(x) + u / |Vx(w)|2dw + l||)c -] (8.93)
xeH}(Q) Q 2
In mechanics, (8.93) has been studied for certain potentials f [185]. For instance,
f = 0 yields Mossolov’s problem and its dual analysis is carried out in [185,
Section I'V.3.1]. In image processing, Mossolov’s problem corresponds to the total
variation denoising problem. In 1980, Mercier [278] proposed a dual projection
algorithm to solve Mossolov’s problem. In image processing, this approach was
rediscovered in a discrete setting in [110, 111].
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8.4.5 Barycentric Dykstra-like algorithm

Using Proposition 8.36 and, thereby, the forward-backward algorithm, we obtain
a method for computing the resolvent of a sum of maximally monotone operators.
This result, which generalizes the barycentric Dykstra algorithm of [199] for pro-
jecting onto an intersection of closed convex sets, was originally derived in [128,
Theorem 3.3] with different techniques.

Proposition 8.39 Let 0 < p € N, let z € ‘H, and, for every k € {1,...,p}, let
Ax: H — 2" be maximally monotone. Suppose that

r
z € ran ( Z Ap + Id) (8.94)

k=1

and consider the inclusion problem

P
find x € H such that 7 € ZAkx +X. (8.95)
k=1
Set xo = zand (Vk € {1, ..., p}) zk0 = z. Iterate
Jorn=0,1,...
for k=1,...,p

I_ Tieen = JpArZk,n

xn+1 = (1/p) Zle Tk,n

for k=1,...,p

|_ Zkn+l = Zkn — Tkn T Xn+l-

(8.96)

Then x;,, — szzl AL

Proof. First, we observe that (8.94)—(8.95) is the special case of (8.74)—(8.75) in
which A = 0 and, for every k € {1,...,p}, Gx = H, By = Ay, Ly = 1d, and
Dy = {0}~'. Moreover, the cocoercivity constant in (8.79) is @ = 1/p. With this
scenario, implementing (8.80) with, for every n € N, y,, = 1 and y,, = 1/p, and,

forevery k € {1,...,p}, y; , = 0 leads to the recursion
forn=0,1,...
An =2~ Z;c):l yz,n
for k=1,...,p (8.97)

[ Yinst = a2 1p (Vi *+Xn/P)

107



and Proposition 8.36(ii) guarantees that x,, — sz—u A 2. Alternatively, with the

initialization xy = z, we rewrite (8.97) as

forn=0,1,...
for k=1,...,p
[ Yinrt =Jaz17p (Vi *+%a/P)

_ p *
Xntl = 2= 2p_y Vi1 -

(8.98)

Let us introduce the variables (Vn € N)(Yk € {1,...,p}) zx.n = Py}, +xn, Where

Zk,0 = X0 = z. Then (8.98) corresponds to the iterations

forn=0,1,...
Xn+l =2 — ch):l JAil/p(Zk,n/p)
for k=1,...,p

[ Zkn+l = pJALI/p(Zk,n/p) + Xn+1-

By construction,

14
(Yn € N) Z Tk = P2
k=1

Hence, appealing to (2.21), (8.99) becomes

forn=0,1,...
Xn+l = (1/P) Zle JpAka,n
for k=1,...,p

[ ksl = Zhon — IpAgZhon + Xnels

which is precisely (8.96). O

(8.99)

(8.100)

(8.101)

Example 8.40 Consider the instantiation of Proposition 8.39 in which, for every
ke{l,...,p}, Ar = 0 fx, with fi € I'y(H), and execute (8.96), which becomes

forn=0,1,...
for k=1,...,p
[ Tk,n = ProX, g Zk,n
Xns1 = (1/p) X7, Thon
for k=1,...,p
[ Zhe,nel = Zhkon — Thon + Xpa-

Then x,, — proxyr  p Z.
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Our last example addresses the barycentric Dykstra algorithm per se. The
original Dykstra algorithm was devised in [174] to project onto the intersection of
closed convex cones (see also [223] for general closed convex sets whose intersec-
tion has a nonempty interior) in Euclidean spaces using periodic applications of
the projectors onto the individual sets. Convergence of this periodic scheme in the
general case of arbitrary closed and convex sets in Hilbert spaces was established
in [64] (see [36] for an extension to monotone operators). The barycentric version
described below, in which all the projectors are used at each iteration, was devised
in [199, Section 6]. Its connection with the forward-backward algorithm is dis-
cussed in [134, Remark 3.8] and [135, Remark 2.3], and its asymptotic behavior in
the inconsistent case in [32, Theorem 6.1].

Example 8.41 In Example 8.40, suppose that, for every k € {1,..., p}, fk = tc,,
where Cy is a nonempty closed convex subset of /. Then algorithm (8.102)
becomes

forn=0,1,...
for k=1,...,p
|_ T'k,n =pr0jCk Zk,n
Xns1 = (1/p) Xi Thon
for k=1,...,p
[ Zhe,nel = Zhkyn — Thon + Xnad

(8.103)

and x,, — projnr_ ¢y z-

8.4.6 Renorming

We preface our discussion with a renormed version of Theorem 8.1.

Proposition 8.42 Let a € ]0, +oo|, let B € |0, +oo[, let A: H — 2H be maximally
monotone, let B: H — H be a-cocoercive, let U € B(H) be self-adjoint and
B-strongly monotone, and let X be the real Hilbert space obtained by endowing H
with the scalar product (x,y) — (Ux | y). Let € € 10,aB/(aB + 1)[, let (vn)nen
be a sequence in (&, (2 — g)af], and let (A,)nen be a sequence in &, 1]. Suppose
that the set Z of solutions to the problem

find x € H such that 0 € Ax + Bx (8.104)
is not empty and let Z* be the set of solutions to the dual problem

find x* € H such that 0 € —A~'(—x*) + B~ 'x". (8.105)
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Let xy € H and iterate

Jorn=0,1,...
u, =y, 'Ux, — Bx,
_ 1,
wy = (U +A) ul
Xn+l = Xn +/1n(wn_xn)-

(8.106)

Then the following hold:

(1) (xp)nen converges weakly to a point in Z.
(il) Z* contains a single point x* and (Vz € Z) Bz = X".
(iii) (Bx,)nen converges strongly to X*.

Proof. We derive from Lemma 2.25 and Example 2.39 that
(Vn €N) X1 = xp + /ln(JynU_qu(xn — YU (Bxy)) - xn), (8.107)

where U™! 0 A: X — 2% is maximally monotone, U™' 0 B: X — X is af3-
cocoercive, and zer(A + B) = zer(U~! o (A + B)). Hence the assertions follow
from Theorem 8.1 appliedto U"' o Aand U= o Bin X. 0O

Remark 8.43 In terms of the warped resolvents of Section 2.4.3, (8.106) can be
condensed into

(VneN) x,1 =x,+4, (JU”

Y (A_,_B)xn_xn), where U, =U-vy,B. (8.108)

We present an approach proposed in [387], which revisited the primal-dual
setting of [145] discussed in Proposition 7.10 by replacing the monotone Lipschitz
property of the operators C and (D,;1 )1<k<p With the stronger cocoercivity property.

Proposition 8.44 ([387, Theorem 3.1(i)]) Let 0 < p € N, let @ € |0, +oo[, let
A: H — 2H pe maximally monotone, and let C: H — H be a-cocoercive.
For every k € {1,...,p}, let Br € ]0,+c0], let Gi be a real Hilbert space,
let By: Gk — 29¢ be maximally monotone, let Dy : Gi — 29k pe maximally
monotone and PBy-strongly monotone, and suppose that 0 + L € B(H, Gr).
Additionally, suppose that the set Z of solutions to the primal inclusion

P
find x € H suchthat 0 € Ax+ Y Li((BxoDi)(Lex)) +Cx  (8.109)
k=1
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is not empty and let Z* be the set of solutions to the dual inclusion

find y| € Gi,...,y, €Gp such that

xe(A+ C)_l(— Zle LZyZ)

(Fx eH) (8.110)
1% —1 %
(Vk € {1,...,p}) Lyx € B.'y; +Dk1yk.
Lete € 10, 1], let (A,)nen be a sequence in &, 1], let xg € H, let (yT,O’ . ,y;’o) €
GI® &G, let T €]0,+00], and let (0, ...,0p) € ]0,+c0[P. Set
N 1= T2 ouliLal?
= min{a, B1,. .., d = 8.111
min{e, B By} and B max{7r,0y,...,0p} ( )
and assume that
1
NG > 3 (8.112)
Iterate
Jorn=0,1,...
Xy = T(Z‘z:] LZyz’n + Cx,,)
Pn = TA(xn —X:;)
Xntl = X + A (Pn — Xp)
fork=1,...,p (8.113)
Yin = Ok(Li(2pn = xa) = D'vi )
Den = o8t Vi + Vien)
yz,n+1 = yz,n + /ln(qz,n - yz,n)'
Then there exist x € Z and (y7,...,y},) € Z" such that x, — x, and, for every

ke{l,...,p},yz,n—\y};.
Proof. SetX=H & G ®---®Gp and

M:X—2%: (x,y],....y}) —

C: X > X: (x.)].....5}) & (Cx. DYyl Dy} )
U: X — X: (x,9],...,5p) #

(A)C + Zi:l L;;y;;) X (—L]X + Bl_lyT) X oo X (_pr + Bgl)’;)

—1 P * % —1 % —1 %
(t X=X Ly —Lix+o7'y], ..., ~Lpx + 0, yp).

(8.114)

As in (5.61), M is maximally monotone, while C is N-cocoercive. Furthermore,
U € B(H) is self-adjoint and, as shown in [387, Equation (3.20)], (8.112) implies
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that it is B-strongly monotone. Now set (Vn € N) x, = (xn, ¥] 5> Y} ,) and
Wn = (Pnsq} >+ -»4pn)- Then, adopting the same pattern as in the proof of
Example 5.20, we rewrite (8.113) as

forn=0,1,...
u, =Ux, - Cx,
wo=(U+M) u;
Xn+l = Xn +/ln(wn _xn),

(8.115)

and thus recover (8.106) with (Vn € N) y, = 1 < 2KB. We therefore appeal
to Proposition 8.42(i) to obtain the weak convergence of (x,),en to a point
(x,y}.....y}) € zer(M + C). However, replacing A with A + C and (B} ")1<k<p
with (B];1 + D;Zl)Kksp in Lemma 3.12(ii) yields zer(M +C) c Zx Z*. O

Remark 8.45 In terms of Framework 1.2, the embedding underlying Proposi-
tion 8.44 employs X = H® G & - ® Gy, M = M +C, and T: X —
H:(x, 3755 Yp) P x.

The following application to minimization revisits the setting of Example 7.13
and Remark 7.14.

Example 8.46 LetO < p € N, leta € |0, +oo[, let f € T\(H),andlet h: H - R
be convex, differentiable, and such that Vi is 1/a-Lipschitzian. For every k €
{1,...,p}, let Br € ]0,+o0[, let Gi be a real Hilbert space, let g, € To(Gx), let
lr € Ty(Gr) be Br-strongly convex, and suppose that 0 # Ly € B(H,Gi). Let Z
be the set of solutions to the primal problem

p
minimize f(x) + Z(gk a6 (Lix) + h(x), (8.116)
xeH =
let Z* be the set of solutions to the dual problem
p p
_minimize  (f*0h") (— > L;;y;) GO +G0D),  ®117)
V€61 p €GP k=1 k=1
and suppose that
P
zer(6f+ZL*,;o (agkm(%’k) oLk+Vh) * Q. (8.118)
k=1
Lete € 10, 1[, let (4,)nen be asequence in [, 1], letxg € H, let (], . - - ,y; o) €

GI® &Gy, let T € ]0,+00], and let (0q,...,0,) € ]0,+co[” be such that
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(8.111)—(8.112) hold. Iterate

forn=0,1,...

X = T(Z‘z:] LZyz’n + Vh(x,))

Pn = PIOXTf(Xn )

Xpil = Xp + Ay (pp — xn)

fork=1,...,p (8.119)
Y = Ok (Lk(2pn = x2) = VE (V7))
qz,n = proxcrkg’*( (y;;,n + )’k,n)
yz,n+1 = yz,n + /l"(qz,n - yz,n)'

Then there exist x € Z and (y],...,y,,) € Z" such that x, — x, and, for every

ke{l,....ph ¥i, = Vi

Proof. It follows from the arguments presented in [145, Section 4] that this is an
application of Proposition 8.44 with A = df, C = Vh, and (Vk € {1,...,p})
By = 3gk and Dy = 65](. O

Remark 8.47 If we make the additional assumptions that, forevery k € {1, ..., p},
{x = t(0y and oy = o, Example 8.46 was independently obtained in [155, Sec-
tion 5]. For this reason, (8.119) in this particular setting is called the Condat—Vii
algorithm.

8.5 Forward-backward-half-forward splitting

Let A: H — 2M be maximally monotone, let C: H — H be cocoercive, and let
Q: H — H be monotone and Lipschitzian. Then a zero of M = A+ C + Q can be
constructed through the forward-backward-forward algorithms of Theorem 7.1 or
Theorem 7.2, applied to A and the monotone and Lipschitzian operator B = C + Q.
These algorithms require two applications of B, i.e., two applications of C and Q,
at each iteration. However, the algorithms discussed so far require two applications
of a monotone Lipschitzian operator per iteration, as in the Antipin—Korpelevic¢
method of Section 7.1 and the forward-backward-forward methods of Sections 7.2
and 7.3, but only one application of a cocoercive operator, as in the Euler method
of Section 5.4.1 and the forward-backward methods of Sections 8.2 and 8.3. It is
therefore natural to ask whether one can find a zero of A + C + Q using only one
application of C per iteration. A positive answer to this question was given in [79]
with the following forward-backward-half-forward splitting algorithm. We provide
a simple proof of its convergence using our geometric framework.

Proposition 8.48 ([79, Theorem 2.3.1]) Let a € ]0,+co[, let B € ]0,+oo], let
A: H — 2H pe maximally monotone, let C: H — H be a-cocoercive, let
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Q: H — H be monotone and B-Lipschitzian, and suppose that the set of solutions
Z to the inclusion

find x € H such that 0 € Ax + Cx + QOx (8.120)

is not empty. Let xo € H, set y = 4a /(1 ++/1+16a2p2), let e € 10, x/(x + 1)[,

and let (y,)nen be a sequence in g, (1 — €) x]. Iterate

Jorn=0,1,...
¢y =vYnCxp
dn = YnQxn (8.121)

Wn = JynA(xn - C;kl - Q;kl)
Xp+l = Wp — YnQwy + q;k‘l,'

Then (x,,)nen converges weakly to a point in Z.

Proof. The claims will be established as an application of Theorem 4.12 with
W=A+Q,and (VneN) U,=y,'1d-C-Q and ¢, =x,. (8.122)
In this setting, [95, Proposition 3.9] implies that (7.5) is satisfied, we have

(VneN) Jir .= (yy'ld+A)o (y,'ld-C - Q)
=Jy, a0 (Id=y,(C+0Q)), (8.123)

and the variables of (4.34) become

W =Jy,a(Xn = ¥n(Cx, + 0x,))

(Vneny {t=('1d=0)x, = (y;'ld - Q)w, (8.124)
1 1
Op = (_ - _)“Wn _)CnH2 = (Wn = xn | Qwy — Oxy).
Yn Aa
Now set
yaltnll®
nlinll .
VneN) A,={ o, » Ton>0 (8.125)
g, otherwise
and note that the assumptions yield
inf 4, >0 and sup4d, <2. (8.126)
neN

neN
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As a consequence of (8.124) and the properties of O, we have

11
(VneN) 6,<0= (————,8)||w,,—xn||2<0

Yn Aa
S W, =X,
& 1 =0. (8.127)
Hence, (4.34) yields
L1
(VneN) d, = Z—"tn = = (5 = W+ 7u(Qw = Q). (8.128)
n n

As a result, the sequence (x,)nen produced by (8.121) coincides with that of
(4.34). Hence, by Theorem 4.12(i) and (8.126), 3,.ci l|dn||> < +0c0 which, in view
of (8.128), yields

(Id =y, Q)wy, — (Id = y,Q)xn — 0. (8.129)

However, since y < 1/8, (Vn)nen liesin [g, (1 —&)/B] and Lemma 2.48(i) implies
that the operators (Id — v,,Q),en are e-strongly monotone. Hence,

(Vi €N)  ellwp=xal* < (Wn = xn | (1d = y2Q)wn = (Id = y2Q)xa) (8.130)
and, by the Cauchy—Schwarz inequality and (8.129),
1Wn = xall < &7HI(1d = ¥2Q)wn ~ (1d = 7, Q)| — 0. (8.131)
In turn, since C is 1/a@-Lipschitzian, these facts confirm that

Unwn = Unxall < 7;1 1(dd =y, Q)wp — (Id = ¥, Q) xull + |Cwy — Cxy|
< S_IH(Id = ¥nQ)wn — (Id = yn Q) x| + Q_IHWn = Xnl|
— 0. (8.132)

Thus, the assertion follows from Theorem 4.12(ii) since its conditions (ii)(b) and
(i1)(c) are fulfilled. 0O

Remark 8.49 We complement Proposition 8.48 with a few commentaries.

(1) Suppose that C = 0. Then, since @ can be arbitrarily large, y = 1/8 and
(8.121) reverts to the forward-backward-forward algorithm (7.2).

(i) Suppose that O = 0. Then, since § = 0, y = 2a and (8.121) becomes an
unrelaxed version of forward-backward algorithm (8.5).
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(iii) Using the geometric pattern of the proof given above, a strongly convergent
version of the forward-backward-half-forward algorithm can be derived from
Theorem 4.14.

As an illustration, we extend the Lagrangian approach of Proposition 7.5.

Example 8.50 Let f € T\(H), g € Iy(G), and L € B(H,G) be such that
0 € sri(L(dom f) — domg). Let @ € ]0,+oco[ and let h: H — R be convex
and differentiable and such that V& is 1/a-Lipschitzian. Suppose that the primal
problem

minimize f(x)+ g(Lx) + h(x) (8.133)
xeH
admits solutions and consider the dual problem

minimize (f*0h)(=L7v") +&" (7). (8.134)
vie

Let (x0,y0.vy) € H® G & G, set xy = 4a /(1 + VI+16a2(1+||L|]2)), let € €
10, x/(x + 1)[, and let (v,,)ncn be a sequence in [g, (1 — &) x]. Iterate

forn=0,1,...

C; =vnVh(xy)

4y, = ynLl*v,
2,

dy . = _anj;
Q;n =Yn(Yn — Lxp)
a1 = Prox,, s (xn — ¢ = q}.,) (8.135)

—_ _ *
azn = proxyng (yn q2,n)
Xn+l =dip t VnL*CI;n
Yn+l = A2.n — an;n

*

| Vi1 T Vi +7n(Lal,n - aZ,n).

Then (x,)nen and (v})nen converge weakly to solutions to (8.133) and (8.134),
respectively.

Proof. We adapt the approach of Section 7.4.2. The saddle operator of (7.22)—
(7.23) becomes 8 = A + C + Q, where

A: (x,y,v") > df(x) x dg(y) x {0}
C: (x,y,v*) — (Vh(x),0,0) (8.136)
0: (x,y,v*) > (L*v*,—v*,—Lx +y).

As in Section 7.4.2, A is maximally monotone and Q is monotone and /1 + || L||-
Lipschitzian. Further, by virtue of Lemma 2.2, C is a-cocoercive. Now set
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(V€ N) Xy = (oo yna Vi) €5 = (¢5.0.0), g5 = (4] 45,0 45,)- and wy, =
(@1,n>@2,n, vy, — 45 ,,)- Then (8.135) assumes the form

forn=0,1,...
¢, =vnCxy
q:; = yann (8-137)

Wn =Jy,a(Xn — € — q5)
Xpil =Wn —VnQw, + q;kl’

which is (8.121). Hence, by Proposition 8.48, (X, Y, V), )nen converges weakly to
apoint (x,y,v*) € zerS. O

Remark 8.51 Let a € ]0,+oo[, let A: H — 2% and B: G — 29 be maximally
monotone, let C: H — H be a-cocoercive, and let 0 # L € B(H,G). Asin
Remark 7.8, the saddle approach of Example 8.50 has a natural extension to the
problem of finding a zero of A+ L* o B o L + C and the dual problem of finding a
zero of —L o (A+C)~! o (=L*) + B~!. In this setting, the saddle operator is

8§: HoGeg — 210690

(6.3 v") > (Ax+Cx+Lv) x (By —v) x {~Ly+y}. 1Y)

Accordingly, it suffices to replace VA with C, prox,, , with Jy, 4, and prox,, , with
Jy,. in (8.135) to find primal-dual solutions.

9 Block-iterative Kuhn-Tucker projective splitting

9.1 Preview

Unlike the methods described so far, those described in this section were explicitly
designed by employing the geometric principle of Theorem 4.2. The terminology
projective splitting was coined in [181] in the context of an algorithm to solve
Problem 3.1 by choosing points in the graph of A and B to construct half-spaces
containing an “extended solution set.” In the language of Lemma 3.8, this set is
actually the set of zeros of the Kuhn—Tucker operator (3.10), which collapses to

zerK = {(x,x*) eHOH|—x"€Ax and x € B_lx*}. 9.1)

The paper [181] initiated a fruitful line of work towards more complex monotone
inclusions [9, 10, 47, 93, 136, 178, 182, 234, 235, 236, 237, 268, 269, 355]. We
use the term Kuhn—Tucker projective splitting to describe a method that operates
through the principles of Framework 1.2, where M is a Kuhn-Tucker operator. As
we shall see, projective splitting algorithms have features quite different from those
of the traditional methods of Sections 5-8 and they display an unprecedented level
of flexibility in terms of implementation.
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9.2 Primal-dual composite inclusions

Let us go back to the composite Problem 3.7. The sets of primal and dual solutions
are, respectively,

Z=zer(A+L oBoL) and Z*=zer(-LoA™'o(-L*)+B™"). (9.2)

Moreover, as pointed out in Example 3.20, an embedding of (3.7) is (X, X, T),
where X = H & G, K is the Kuhn-Tucker operator of (3.10), that is,

K: X — 2% (x,y") o (Ax+ L*y*) x (B™'y* - Lx), 9.3)

and J: X — H: (x,y*) — x. The task is therefore to find a zero of . This is
the path followed in the monotone+skew approach of Section 7.4.1. However, this
method requires knowledge of ||L|| (or of a tight upper bound for it), which may be
difficult to obtain in certain problems. The renormed algorithms of Example 5.20
and [61], the saddle algorithm of Remark 8.51, or the minimal lifting algorithm
of [14] share the same potential limitation. On the other hand, the method of
Proposition 5.15, which was derived from the method of partial inverses, requires
the inversion of linear operators, a task that may also face implementation issues.

A strategy which circumvents the above shortcomings was proposed in [9],
where the approach of [181] for solving Problem 3.1 was extended to Problem 3.7.
More precisely, it employs the geometric principle of Proposition 4.10 as follows.
Let us assume that, at iteration n, points (a,, a;) € gra A and (b,, b},) € gra B are
available and set

m, = (a,,b,) and m, = (a, +L*D,,b, — La,). 9.4)

Then it is clear from (9.3) that (m,,m)) € gradC. Hence, given 4, € |0,2],
iteration n of algorithm (4.32) updates (x,, y;,) € X via the routine

T = [ltall® + [I1, 11
ifr, >0

An '
{ 6, = T—max{o, n | 12)+tn | y5) —an | @) — (by | bi)} (9.5)

n

else 8, =0
| (xn+1,y;+1) = (xp — gnt;, y;’; — Ontn).

In view of Proposition 4.10(ii), the task is now to specify (a,,a,) € graA and
(bn, b}) € gra B so as to guarantee that m,, — (x,,,y,,) — 0 and m, — O, that is,

an —x, =0, b, -y, =0, b, —La, — 0, and a,, + L"b;, — 0. (9.6)
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Given vy, and oy, in |0, +0o[, choosing

(ans@3) = (ot (o = YL ¥, ¥ (6 = Ty, a Cin = vuL¥3)) = L¥5) O.7)
and
(bs63) = (Vo n (Lt + 033, 03 (Lt = S, (L + 0037)) + ) 98)
satisfies this requirement, which leads to the following result.

Proposition 9.1 ([9, Proposition 3.5]) Let A: H — 2" and B: G — 29 be
maximally monotone, and let L € B(H,G). Suppose that the set Z of solutions to
the primal inclusion

find x € H such that 0 € Ax + L*(B(Lx)) 9.9)
is not empty and let Z* be the set of solutions to the dual inclusion
find y* € G suchthat 0 € —L(A™'(=L*y*)) + B™'y*. (9.10)

Let € € 10, 1], let (Yn)nen and (0p)nen be sequences in (g, 1/¢g], let (A,,)nen be a
sequence in [g,2 — €], let xo € H, and let y € G. Iterate

Jorn=0,1,...
an = JynA(xn - YnL*y:;)
I, = Lx,
b, = JcrnB(ln + a—ny:;)
tn =b, — La,

t;k; = 7;1()6,1 _an) +0—n_1L*(ln - bn)

: (9.11)
T = lltall® + 125117

ift, >0

| 60 = Aa (75 110 = anl® + 0 Nl = Ball?) /7

else 6, =0

Xn+l = Xn — Ont;k,
| Vet =V~ Onln.

Then (xp)nen converges weakly to a point x € Z and (y;,)nen converges weakly to
a point y* € Z*.

Remark 9.2 Here are notable instantiations of Proposition 9.1.

(i) The first instance of (9.11) in the literature seems to be that of [167], where
H and G are Euclidean spaces, A = 0, and (Vn € N) y, = 0, = 1
and 1, = 1 € ]0,2[. Convergence of the primal sequence (x,),en Was
established by different means.
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(ii) In the setting of Problem 3.1 (i.e., G = H and L =1d), (9.11) was studied in
[181]. Under the additional assumptions that A + B is maximally monotone
or that H is finite-dimensional, weak convergence was established in [181,
Proposition 3] for a version of (9.11) which allows for an additional relaxation
parameter in the definition of a,,.

Remark 9.3 So far, we have presented several methods to solve Problem 3.7; see
Proposition 5.15, Example 5.20, Proposition 7.3, and Remark 8.51. Some features
that distinguish the splitting algorithm (9.11) from them are as follows.

(i) At each iteration of (9.11), different proximal parameters y,, and o, can be
used for the operators A and B and, since ¢ is chosen by the user, their values
can be arbitrarily large.

(i1) The execution of (9.11) does not require that || L|| or an approximation thereof
be known, or the inversion of linear operators.

(iii) A variant of (9.11) exploiting the cocoercivity of some of the operators and
activating them via Euler steps is discussed in [236].

(iv) The complexity of certain special cases and variants of (9.11) is investigated
in [234, 269].

The following strongly convergent projective splitting algorithm results from
Proposition 4.11.

Proposition 9.4 ([10, Proposition 3.5]) Let A: H — 2H" and B: G — 29 be
maximally monotone, and let L € B(H, G). Suppose that the set Z of solutions to
the primal inclusion

find x € H such that 0 € Ax + L*(B(Lx)) (9.12)
is not empty and let Z* be the set of solutions to the dual inclusion
find y* € G suchthat 0 € ~L(A™'(=L*y")) + B~'y". (9.13)

Let £ € 10, 1[, let (Yn)nen and (0p)nen be sequences in (&, 1/¢g], let (1,,)nen be a
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sequence in [&, 1], let xo € H, and let y; € G. Iterate

forn=0,1,...
an = JynA(xn - ynL*yf,)
l, = Lx,
bn = J(rnB(ln + O-ny;kl)
ty, = b, — La,

th=Yn' (Xn = an) + 0, ' L* (1, = by)

T = ltall* + [l7 117

ift, >0

I. 0n = A (%?lllxn - anllz + O-n_lllln - anz)/Tn
else 0, =0

'n =Xn — Hnt:;

Fpn=Yn — Onin

Xn =00 (o = Xn | 5+ (ta | Y5 = Vi) 9.14)
fn = llxo = xull® + llyg = yillI?
Vp = 03,1',,
Pn = HnVn _szl
ifpn=0and y, 20
Xn+l =Tn
L y2+1 = r:‘,

if pn > 0and xnv, = pn
Xps1 = X0 — O (1 + xu/va)ty
L y:;+1 = ys =00 (1+ xn/Va)tn
if on > 0 and xnvn < pn
Xn+l = Xp + (Vn/pn) (Xn(xo _xn) - ,Ungnt:;)
L y;kH.] = ytz + (Vn/pn)(/\/n(ya - ytz) - ,unentn)-

Then (xp)nen converges strongly to a point x € Z and (y},)nen converges strongly
to a point y* € Z*.

9.3 Block-iterative asynchronous method

We consider a refinement of Problem 3.11 in which the primal variable is specified
in terms of finitely many coordinates, say x = (x,...,X;), where each x; lies
in a Hilbert space H;. Such coupled systems of inclusions arise in particular in
multivariate optimization [1, 16, 17, 130], domain decomposition methods [6, 18,
21], image processing [25, 78, 117, 384], game theory [48, 57, 77, 98], network
flow problems [54, 92, 341, 342], machine learning [74, 232, 279, 385], signal
processing [75], mean field games [81], statistics [141, 394], tensor completion
[200, 288], and semi-definite programming [229, 301].
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Problem 9.5 Let 7 ={1,...,m}and K = {1,..., p} be nonempty finite sets. For
everyi € I andevery k € K, let H; and Gy be real Hilbert spaces, let A; : H; — 2H:
and By : G — 29% be maximally monotone, and let Ly; € B(H;, Gx). Set

1{:@% and g:@gk. (9.15)

iel keK

The objective is to solve the primal inclusion

find x € H such that
(Viel) 0eApi+ ) L;i(Bk(Z ijxj)) (9.16)
keK Jjel

together with the dual inclusion
find y* € G such that

(Viel) x; € A]! (— Z L};iy”,;)
(Ix e H) kek 9.17)
(Vk € K) Z Lyixi € By 'yi.

iel

Remark 9.6 There is an oversight in the dual problem given in [136, Problem 1],
the correct formulation of the dual inclusion is (9.17).

The counterpart of Lemma 3.12 for Problem 9.5 is as follows.

Lemma 9.7 In the setting of Problem 9.5, set X = H & G, and let Z and Z" be
the sets of solutions to (9.16) and (9.17), respectively. Define the Kuhn—Tucker
operator of Problem 9.5 as

K:X—2%: (x,y) —

(Alxl + Z LzlyZ) X e X (Amxm + Z LzmyZ)

keK keK

x (— Z Lyx; + Bl_lyT) X oo X (_Z Lyix; + B;,lyj;,) (9.18)

iel iel
and the set of Kuhn—Tucker points as zer K. Then the following hold:
(1) XK is maximally monotone.
(i1) zer K is a closed convex subset of Z X Z~.

(i) Z" 20 czerK+0=>7 + 2.
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Example 9.8 In the setting of Problem 9.5, set X = H & G, let K be the Kuhn—
Tucker operator of (9.18), and let T: X — H: (x,y*) — x. Then it follows from
Lemma 9.7(ii) that (X, I, J) is an embedding of (9.16).

When the monotone operators (A;)1<i<m and (Bx)i<k<p are taken to be sub-
differentials, Problem 9.5 specializes to a multivariate minimization problem under
a suitable qualification condition.

Example 9.9 Define H and G as in Problem 9.5. For every i € I and every
k € K, let f; € To(H;), let gx € To(Gr), and let Ly; € B(H;, Gx). Suppose that
(existence of a Kuhn—Tucker point)

(Viel) = ) Liyi € 0fi(x)
(3x e H)(3y" € G) kek (9.19)
(Vk € K) " Liixi € 9gi(y}).

iel

The objective is to solve the primal minimization problem

minimize W EIEDS gk( > Lkix,-) (9.20)

iel keK iel

together with its dual problem

minimize i - L.y |+ “(v3). 9.21
v eG Zfz( Z klyk) ng(yk) 9.21)

iel keK keK

In an attempt to recast Problem 9.5 as a realization of Problem 3.7, let us define

A:H—-2M: x5 Aixp X X Apxom
B:G—2%:y Biyi X - XB,yp (9.22)
L:H—> G:x (Dies Liixis oy Yier Lpixi)-

Upon injecting these operators into (9.11) and invoking Example 2.37, we obtain an
algorithm that requires that m + p resolvents be evaluated at each iteration. In large-
scale problems, m and/or p can be huge and this requirement poses implementation
issues as the only information flow within an iteration is from the m operators
(A;)ier calculations to the p operators (By)rex calculations. This results in an
algorithm in which large blocks of calculations must be performed before any
information is exchanged between subsystems. Thus, if some small subset of the
subsystems represented by the operators (A;);cy or (Bx)kek are more computation-
intensive than others, load balancing can become problematic: most processors may
have to sit idle while the remaining few complete their tasks. More generally, none
of the methods discussed so far can handle block-processing or asynchronicity.

The algorithm we present now was conceived in [136] around combined ob-
jectives which were beyond the reach of the existing splitting algorithms:
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* Block iterations: At iteration 7, it necessitates calculation of new points in
the graphs of only some of the operators, say (A;)ics, and (Bg)rek, With
I, c I and K,, ¢ K. The deterministic control sequences (I,),en and
(K )nen dictate how frequently the various operators are used.

* Asynchronicity: A new point (a;,,,4a;,) € graA; being incorporated into
the calculations at iteration n may be based on data x; r, (,) and ( yz’m ) VkeK
available at some possibly earlier iteration 7;(n) < n. Therefore, the cal-
culation of (a;,n,a;,) could have been initiated at iteration m;(n), with its
results becoming available only at iteration n. Likewise, for every k € K,,,
the computation of (by ,, bz’n) € gra By can be initiated at some iteration
wi(n) < n, based on (X;, ¢, (n))ier and y’,‘(ywk(n).

* Convergence: It guarantees (weak or strong) convergence of the iterates to
primal and dual solutions.

Remark 9.10 Regarding block iterations for Problem 9.5, a product space version
of the Douglas—Rachford algorithm was introduced in [146], which features random
activation of the blocks. A random block-iterative version of the forward-backward
algorithm was also proposed in [146], which led in [310] to algorithms for Prob-
lem 9.5 via the renorming techniques presented in Section 8.4.6 (for specialized
block-iterative forward-backward algorithms tailored for instances of Example 9.9,
see [74, 266, 350, 372]). These methods differ from the deterministic ones presen-
ted below in that they operate under stochastic assumptions on the underlying
processes, have a less predictable computational load over the iterations, have
less freedom in the choice of the proximal parameters, and offer only almost sure
convergence guarantees (see also [99] for numerical comparisons).

Going back to (9.5) in the setting of (9.22) and Lemma 9.7, what is actually
needed at iteration n to create the half-space containing zer I are points

{(ai,n,a:i’n) € gra A;, fori € I (9.23)

(bk,n,b}‘(,n) € graBy, forkeK.

The key observation is that not all of these points have to be new in order to obtain
a new half-space. In other words, we can update only some of them while keeping
old ones and still create a new half-space onto which the current primal-dual iterate
(X Y5) = X1ns - oo s X Vi ¥p.n) Will be projected. How often the points
in the individual graphs should be updated, and in which fashion, will be regulated
by the following rules.
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Assumption 9.11 Given 0 < R € N, (I,,),en is a sequence of nonempty subsets of
I, and (K, )nen is a sequence of nonempty subsets of K such that

n+R-1

U I=1

Io=1, Ko=K, and (YneN) { /=" (9.24)

n+R-1

U K; =K.
Jj=n

Assumption 9.12 T € N and, for every i € I and every k € K, (n;(n))nen and
(wr(n))nen are sequences in N such that (Vn € N) n — T < m;(n) < n and
n—T < wr(n) < n.

With these considerations and by making selections for the updated points
(ajn, a:"n)ieln and (by ., b}, )kek, akin to those of (9.7) and (9.8), we arrive at
the following realization of (9.5).

Algorithm 9.13 Consider the setting of Problem 9.5, suppose that Assump-
tions 9.11 and 9.12 are in force, let € € ]0, 1[, and let (1,),cn be a sequence
in [g,2 —g]. Forevery i € I, let (y;n)nen be a sequence in [g,1/e] and let
xi0 € H;. For every k € K, let (0k.n)nen be a sequence in [g,1/g] and let
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Vio € G- lterate

forn=0,1,...
forevery i € I,
l;'k,n = ZkEK LZiyz,m(n)
Ain = ‘]Vi,n,-(n)Ai (xi,ﬂf (n) —VYi,m (")lj,n)
a?,n = )’,_,,lrl (n) (xi,ﬂi(n) - ai,n) - l;'k’n
foreveryie I\ I,
I_ (ai,n’ a:':n) = (ai’"—l ’ a?,n—l )
for every k € K,
lin = Zier LkiXi,w (n)
bin = ‘]O'k,mk(n)Bk (lk,n + Ok, wp (”)yz,wk (n))
% ok -1
bk,n - yk,wk (n) + O-k,a)k (n) (lk’" - bk’")
forevery k € K \ K,
| (bkons Dy ) = (Pron-15 b5 )
foreveryi €
I_ t;'k,n = a?,n + ZkGK LZibz,n
for every k € K
I_ tkn = bk,n - Ziel Lkiai,n
T = Sier 117,117 + Ziek Mxnll?
if 7, >0
A « x
gn = T_n maX{O, Zie[(<xi,n | ti,n> - <ai,n | ai,n>)

+ Bk ({ten | Vi) = (ben 1 57,0))

(9.25)

else 6, =0
foreveryi € [

| Xins1 = Xin = Ont},
forevery k € K

| Yt = Yen — Onlon-

Weak convergence is obtained by applying the principles of Proposition 4.10(ii).

Theorem 9.14 ([136, Theorem 13]) Consider the setting of Problem 9.5 and Al-
gorithm 9.13, and suppose that the Kuhn—Tucker operator K of (9.18) has zeros.
Then, for every i € I, (x;,)nen converges weakly to a point x; € H; and, for every
k ek, (yz,n)HEN converges weakly to a point y; € G. In addition, (x;)ics solves
the primal problem (9.16) and (y} )kek solves the dual problem (9.17).

Remark 9.15 Here are a few comments on algorithm (9.13).

(i) The synchronous implementation is obtained by taking, for every n € N,
every i € I,,, and every k € K,,, w;(n) = wr(n) = n.
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(i) We recover [9, Theorem 4.3] (and in particular Proposition 9.4 when m =
p = 1) in the special case when the implementation is synchronous, and at
every iteration n, every operator is used (i.e., I, = [ and K, = K), with
Yin =yn foreveryi € I and o, = o, for every k € K.

(iii) The specialization of Theorem 9.14 to the minimization setting of Ex-
ample 9.9 is obtained by replacing each J,, . 4, with prox, o fi and
each Jo , (, B, With PrOX o,y gk Numerical experiments are presented
in [99] in the context of signal recovery and machine learning, and in [183]
in the context of stochastic programming.

(iv) For the strongly convergent variant of Theorem 9.14 based on Proposi-
tion 4.11, see [136, Theorem 15].

(v) Whenm = 1 and A = 0, a variant that takes into account the fact that some
of the operators (Bj)rex may be monotone and Lipschitzian, and which
activate them via Euler steps is presented in [237] (see also [235]).

10 Block-iterative saddle projective splitting

10.1 Preview

In all the algorithms discussed so far, each monotone operator has one of three
properties: it is set-valued, single-valued and cocoercive, or single-valued and
Lipschitzian. In addition, at each iteration, a set-valued operator is used once
via its resolvents, a cocoercive operator once via a Euler step, and a Lipschitzian
operator twice via Euler steps. Thisis particularly the case in the forward-backward-
half-forward algorithm of Section 8.5, the objective of which is to find a zero of

A:H — 2™ is maximally monotone
M =A+C+Q, where {C:H — H is cocoercive (10.1)
Q:H — H is monotone and Lipschitzian.

On the other hand, the Kuhn—Tucker projective splitting techniques of Section 9 ac-
tivate all the operators via their resolvents (exceptions were noted in Remarks 9.3 (iii)
and 9.15(v), but they concern special cases of Problem 9.5). Furthermore, they
are not designed to handle problems such as (7.37) or (8.109), which incorporate
parallel sums.

In this section, following [97], we unify all the problem formulations en-
countered in Sections 5-9 by including parallel sums in the system of monotone
inclusions of Problem 9.5, and decomposing each operator in the resulting problem
as in (10.1). In addition, nonlinear coupling operators (R;);c; are incorporated.
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Problem 10.1 Let (#;);c; and (Gi)rek be finite families of real Hilbert spaces,
and set

H=PH, and G=6 (10.2)

iel keK

For every i € I and every k € K, suppose that the following are satisfied:

[a] A;: H; — 2% is maximally monotone, C;: H; — H; is cocoercive with
constant a; € ]0,+oo[, Q;: H; — H; is monotone and Lipschitzian with
constant af € [0,+co[, and R;: H — H;.

[b] BZ’L: Gr — 29 is maximally monotone, Bz: Gr — Gy 1s cocoercive with
constant By € 10, +oo[, and Bi: Gr — Gy is monotone and Lipschitzian
with constant ﬂi € [0, +oo].

[c] DZ””: Gr — 29 is maximally monotone, Di: Gr — Gy is cocoercive with
constant (52} € 10, +co[, and Di: Gr — Gy is monotone and Lipschitzian
with constant 6i € [0, +oo].

[d] Lxi € B(H;, Gi).
In addition,

[e] R: H — H:x — (R;ix);cs is monotone and Lipschitzian with constant
x € [0, +oo].

The objective is to solve the primal problem
find x = (x;);e; € H suchthat (Viel) 0€ Ajx; + Cix; + Qix; + Rix

£ L;i(((B;n + B} +B{)o (D" + Df + D)) 3 Lkm)) (103)
keK Jel

and the associated dual problem

find y* = (y})kek € G such that (3x € H)

(Vl € I) - Z Lzlyz € Aix; + Cix; + Ql-xi + Rix
keK

(Vk € K) i € (B + B + BY) o (D} + D + DY)

Z Lyix;

iel

) (10.4)

Here is an instance of Problem 10.1 which is not captured by previous monotone
inclusion models.
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Example 10.2 We consider a game theoretic minimax problem. Let / be a finite
set and suppose that @ # J C I. For every i € I, the strategy x; of player i belongs
to a real Hilbert space H;. A strategy profile is a point

x = (xi)ies € @%, (10.5)
iel
and the associated profile of the players other than i € I'is x\; = (x;)jes«(i}- For
every i € I and every

(xi,y) € Hy & P H;, (10.6)
Jjel
we set (X;5¥.;) = (V1s- s Yie1,Xis Yitls- - -» Y p). NOw set
U=PH, V=CPH;, and H=UOV, (10.7)
iel\J jeJ

and, for every i € I, let f; € Ty(H;). Further, let F: H — R be differentiable
with a Lipschitzian gradient and such that, for every u € U and every v € V, the
functions —F (u, -) and F(-,v) are convex. We consider the multivariate minimax
problem

m1llllér(;111ze maz(gr‘yze Z fiu;) + F(u,v) — Z fi(v). (10.8)
iel\J JjeJ
Now define

) F(u,v), ifiel\J,
Viel i H—->R: (u, 10.9
(vieD h:H-R: V)H{—F(u,v), ifiel. (105

Then (10.8) can be put in the form
find x € H suchthat (Vi € I) x; € Argmin f; + b; (-;x;). (10.10)
Since

V,F(x), ifiel\J;
Viel)(Vx € Vih; (x) = 10.11
(vie D( H () {—ViF(x), if iel, { :

the operator
R:H — H:x o (Vi) = (GF@);e 0 (FHF @), ) (10.12)

is monotone [335, 336] and Lipschitzian. Now, for every i € I, set A; = df;. Then,
by Fermat’s rule, (10.10) is equivalent to

find x € H suchthat (Viel) 0€ Ax; + Rix, (10.13)
which shows that (10.8) is an instantiation of (10.3). Special cases of (10.8) under
the above assumptions arise in [17, 148, 226, 297, 342, 371, 396].
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Our objective is to solve Problem 10.1 with the same level of flexibility and
the same primal-dual convergence guarantees as in Theorem 9.14, i.e., to achieve
full splitting of all the operators using an asynchronous block-iterative algorithm
without knowledge of the norms of the linear operators or inversion of linear
operators. In addition, all the single-valued operators should be activated via Euler
steps.

10.2 Saddle operator formulation

The approach adopted in Section 9 to break Problem 9.5 into manageable pieces
hinged on the Kuhn-Tucker operator of Lemma 9.7 to obtain the embedding
of Framework 1.2. This strategy does not appear to lead to a full splitting of
Problem 10.1, as it contains a larger number of operators. We therefore re-
quire an embedding in a space X which is bigger than the primal-dual space
Hi @ Hp®G &+ &G, of Theorem 9.14. As discussed in Remark 8.51,
saddle operators are defined on a bigger space than Kuhn—Tucker operators (for in-
stance, H® G® G versus H @ G in (8.138)) and their zeros still provide primal-dual
solutions. Following Framework 1.2, as we did in Example 3.23, the methodology
of saddle projective splitting is to introduce a saddle operator for Problem 10.1.
We shall then devise asynchronous block-iterative splitting algorithms based on
the geometric principles of Theorems 4.8 and 4.9 to find a zero of it, from which
solutions to Problem 10.1 will be extracted. This is outlined in the following
lemma.

Lemma 10.3 ([97, Proposition 1]) Define H and G as in (10.2), set X = H &
G ® G @ G, and define the saddle operator of Problem 10.1 as

$: X —2X: (x,y,z,v")

><(Al-x,- + C,-x,- + Ql-x,- + Rix + Z LZiV;;)’

iel keK

X By + Biyi+ Biyk = vi),

keK

>< (D25 + DY zx + Dz — v}),

keK

X {yk *u- )y Lkixi} ) (10.14)
keK iel

let Z be the set of solutions to (10.3) and let Z* be the set of solutions to (10.4).
Then the following hold:

(1) 8 is maximally monotone.

130



(ii) zer8 is closed and convex.
(iii) Suppose that (x,y,z,v*) € zer8. Then (x,v*) € Z X Z".

(iv) 2"+ 0o zer8+ 0> Z + @.
We thus obtain the following generalization of Example 3.23.
Example 10.4 In the setting of Problem 10.1, set
X=HeGoGoG. (10.15)
let 8 be the saddle operator of (10.14), and let
T X>H: (x,y,z,v") — x. (10.16)

Then it follows from Lemma 10.3(iii) that (X, S, J') is an embedding of (10.3).

Thus, to solve Problem 10.1 via Theorem 4.8, we need a decomposition of the
saddle operator (10.14) asS =W + C, where W: X — 2X s maximally monotone
and C: X — Xis a-cocoercive. This will be achieved with

C: X = X: (6,,29") > ((Cixt)ps (BEVE) g (D 2i)gege-0) (10.17)

and @ = min{a}, By, 07 ticr,kek- These considerations lead to the following
implementation of (4.23).

Algorithm 10.5 In the setting of Problem 10.1, set
a =min{a?, B7, 67} i1, (10.18)
keK
let o € |1/(4a),+oo[ and € € ]0, 1[ be such that

é >o-+max{af+)(,,3£,5i}iep (10.19)
keK

and let (1,)nen be a sequence in [g,2 — g]. For every i € I, let (y; ,)nen be a

sequence in [s, 1/(af +x + 0')] and let x; o € H;. Forevery k € K, let (g n)nen

be a sequence in [s, 1/(,8i + a’)], let (px.n)nen be a sequence in [8, 1/(6i + a’)],

let (0k.n)nen be a sequence in [, 1/¢], and let {yx 0, k.0, v};’o} C Gr. Suppose

that Assumptions 9.11 and 9.12 are in force and iterate
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forn=0,1,...
for every i € I
o ) % .
li,n = lel,ﬂ',' (n) t Rtxn,-(n) + ZkeK Lkivk,m (n)’
ain = Jy[,,r[(,,)A[ (xi,ﬂi(n) = Yi, i (n) (ll*,n + Cixi,ﬂi (n)));
— A1 .
a?,n =Yim ) (xi,ﬂi(n) —ain) - l,*,n +Qidin;
— 2.
in = ||ai,n _xi,m(n)“ >
foreveryie I\ I,
|_ Ain = Ain-1; aj,n = a?,n—l; fi,n = é‘:i,n—l;
for every k € K,
¥ % _nt N, _nt .
Upn = Viwrn) ~ Bk W n = Vi o) ~ PrZkwrn)s
_ * < .
bk,n = Jﬂk,wk(n)BZ,n (yk,wk (n) T Hk,wi (n) (uk,n - Bkyk,a)k (n))),
— * < .
din = ka,wkm)D,'\,” (Zk,wk (n) + Pk, wi (n) (wk,n - Dkzk’wk(")))’
€ = Thon(m) ( Zier LkiXi,wp (n) = Yhowr (n) = Zhoaog (n))
+v; ;
k,wi (n)’ p
* _ -1 _ * PR T
dn = “k,wk(n) (yk,wk(n) bk,n) + Uy n + Blgbk’" Crn>
=1 * ®
Ben = Pl oy (m) (koo m) N din) ¥ Wi, + Dkdzk,n ~Crn
Nk,n = ||bk,n - yk,a)k(n)” + ||dk,n - Zk,wk(n)” 5
| €kn = bk,n + dk,n - Ziel Lkl‘al"n;
for every k € K \ K,
bin = bkn-1; den = din-1; eZ,n = ez,n—l; (10.20)
% Copk gk . — .
Dk = Dkn-15 Yk = ten—1> Men = Mkn-15
| €kn = bk,n + dk,n - Ziel Lkiai,’l;
forevery i € I
€ % . * ok,
I_ pi,n - ai,n 1+R’a" + ZkEK Lkiek,n’
Ay =—(4a) (Zier éin + Zkek Men) + Zier Xin — Gin | Pin)
+ 2kek (<yk,n —bin | q2n> + 2k — din | t}:n>
* * .
+ <ek,n | Vin ~ ek,n>)a

if A, >0
On = nBn/( Zier 197 )P+ Ziek (Nay, IP+17, P+ llexqll?));
foreveryi e I
| Xint1 = Xin = Onp} 5
for every k € K
_ * . — *
Ykn+l = Yk,n — ank’na Zkn+l = Zk,n — Qntk’n,
| vz,n+1 = vz,n - enekv";
else
foreveryi € [
[ Xi,n+l = Xi,ns
for every k € K
| Yhont1 = Yeons Zhonsl = Zhkns Vi = Vi

132




10.3 Convergence

The convergence properties of Algorithm 10.5 are laid out in the following theorem.

Theorem 10.6 ([97, Theorem 1(iv)]) Consider the setting of Problem 10.1 and
Algorithm 10.5, and suppose that the saddle operator 8§ of (10.14) has zeros.
Then, for every i € I, (x; ,)nen converges weakly to a point x; € H; and, for every
k € K, (Vz’n)nEN converges weakly to a point vy € Gy. In addition, (x;);c; solves
the primal problem (10.3) and (v”;() kek Solves the dual problem (10.4).

Remark 10.7 The strongly convergent variant of Theorem 10.6 based on The-
orem 4.9 is proposed in [97, Theorem 2(iv)].

Remark 10.8 A fact that has not be appreciated previously is that Theorem 10.6
contains as special cases various weak convergence results of Sections 7-8. Thus,
suppose that

I=K= {1}, R] 20, and L]] =0. (1021)

Then Problem 10.1 reduces to finding a zero of A +C1+Q; (see (8.120)), (10.20) re-
duces to the forward-backward-half-forward algorithm (8.121), and Theorem 10.6
reduces to Proposition 8.48. This covers both the forward-backward-forward al-
gorithm (7.2) for C; = 0 (Theorem 7.1) and the unrelaxed forward-backward
algorithm (8.5) for Q1 = 0 (Theorem 8.1). In a similar fashion, we can recover the
multivariate forward-backward-forward algorithm of [130] by choosing

(Vie)(Vk€eK) C;=R;=0 and BY =B, =D¢=D{=0. (1022

Going back to the simple inclusion problem (8.120), Theorem 10.6 offers several
other possibilities, for instance by implementing it with
I=K={1},A1=A, Ri=C=0,=0, L; =1d,
B"=0,B7=C, B{ =Q, and DT" = D{ = D{ = {0}'. (10.23)
As mentioned earlier, Problem 10.1 encompasses all the problems discussed
earlier. Theorem 10.6 can therefore be used to provide alternative algorithms
to solve them in an asynchronous and block-iterative manner, and with operator-

dependent proximal parameters (these features are absent from the algorithms of
Sections 5-8). Here is an example.

Example 10.9 In Problem 10.1, suppose that
12{1}, KZ{I,...,p}, A=A, Ci =R ZO,Q] IQ, and (VkGK)

Ly = Ly, BY* = By, B{ = B, =0,D}" = Dy, and DY = D{ =0. (10.24)
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Then we obtain the primal-dual inclusions (7.37)—(7.38) of Proposition 7.10, and
Theorem 10.6 furnishes a flexible alternative to Proposition 7.10 which, in addition,
places no restriction on the operators (Dy)rek, With the algorithm

forn=0,1,...
L= Oxr(n) + Dkek szz,n(n);
n = Ty aExn) = Va(m 13);
a, = 7’;%@ (xn(n) —ay) =l + Qay;
for every k € K,
bkn = e eog (n) B (Yk,wor () + ﬂk,wk(")vz,wk(n));
din = ka,wk(n)Dk (2K, cox () +pk,wk(")vz,wk (n));
€t n = Tk (LiXorm) = Yewr ) = Zkwem) ¥ Vi )
‘li,n = “l:,la)k(n) (yk’wk(") - bk’") + Vz,wk(n) - ez,n;
tlt,n = plz,lwk(n) (Zk""k(") - dk’") + vz,a)k (n) ez,n;
Nk,n = ”bk,n — Yk,wi (n) ”2 + ||dk,n — 2k, wyi (n) ”2;
| €kn = bk,n + dk,n — Liay;
for every k € K \ K,
bin = bkn-1; din = din-1; eZ,n = ez,n—l;
D = Dints ton = thno1’ Men = M1
| ekn = b+ din — Lian;
Py =dy + ke LZez’n;
An = —(4&)_1(”&" —Xnx(n) ||2 + ZkeK nk,n) + <xn —dap | PZ)
+ Xkek (<yk,n — b | qz,n> +{Zkn — din | t}t,n>
+(hn | Vi = €rn))s

if A, >0
2 2 2 2\).
On = nBn/ (1P 117 + Ze (g, 17 + 1 117 + llewnll?)):
Xn+l = Xn — QnPZ;
for every k € K
Vil = Yien = Ond) 5 Zhnel = Zhkn = Only
| vz,n+1 = vz,n - enekv";
else
Xn+l = Xn,
for every k € K

*

I_ Ykn+l = Yk,ns Zkntl = Zkons Vz,n+1 =Vin

(10.25)
Remark 10.10 In the same vein as Example 10.9, we can solve the primal-dual

inclusions (8.109)—(8.110) of Proposition 8.44 via Theorem 10.6 by making the
modifications C; = C and Q| = 01in (10.24).
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11 Extensions and variants

The following flowchart summarizes the articulation of the main splitting methods
presented in the previous sections (a similar flowchart can be drawn for the chain of
strong convergence results starting with the Haugazeau principle of Theorem 4.7,
then Theorem 4.9, etc.).

o Cutting plane Fejér principle (Theorem 4.2)

l
e Graph-based cuts (Theorem 4.8)

e Section 9 (Block-iterative Kuhn—Tucker projective splitting)
e Section 10 (Block-iterative saddle projective splitting)
e Warped resolvent splitting (Theorem 4.12)

U

e Section 5 (Proximal point algorithm)

e Section 6 (Douglas—Rachford splitting)

e Section 7 (Forward-backward-forward splitting)

o Section 8 (Forward-backward splitting). (11.1)

This flowchart suggests that any extension or variant of the main theorems of
Section 4 (Theorems 4.2, 4.8, and 4.12) will lead to further splitting methods
or, at least, different implementations of them. We discuss some of the possible
variations on the basic geometric principles we have employed.

The basic operating principle of Theorem 4.2 is Fejér-monotonicity, i.e., its
property (i). There are extensions of this notion which preserve the main weak
convergence conclusions. For instance the notion of quasi-Fejér monotonicity, in-
troduced in [188] and studied in detail in [126], requires that there exist a summable
sequence (&;)nen in [0, +oo[ such that

(Vze Z)(Vn e N)  |xps1 — zll* < llxn — 21> + 0. (11.2)

It follows from [126, Section 3] that Theorem 4.2 remains valid if, for some
sequence (e,)nen in H such that 3, .y Anllen]l < +oo, we use an approximate
projection p, = proj H, Xnten in (4.1) (see also [146] for a stochastic version of this
result that allows for random iteration modeling). This summable error framework
can be propagated in (11.1) to recover approximate implementation results from
[61, 127, 130, 145, 155, 339, 387]. Variable metric quasi-Fejér-monotonicity is an
extension of (11.2) described by

(Vz€ Z)(Yn €N)  |lxper —2llf, < llxn = zll, + &, (11.3)
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where (Up)nen is a sequence of strongly monotone operators in B(7H) satisfying
certain properties [150]. It follows from [150, Theorem 3.3] that the conclusions of
Theorem 4.2 remain valid in this setting, which amounts to changing the metric of
H at each iteration. See [119, 151] for applications to forward-backward splitting,
[343] for applications to multiplier methods, and [323] for considerations on the
choice of the variable metrics. All the results derived from Theorem 4.2 can be
revisited in this variable-metric context. Another extension of (11.2) of interest is
the multi-step quasi-Fejér-monotonicity notion

n
(Vz€ Z)(Yn € N)  [otuer = xI2 < Dl = x|12 + 2, (11.4)
j=0
of [139, Lemma 2.2], where (u,,;)nen,0<j<n 15 an array in [0, +oo[ satisfying
certain properties. This setting led to deterministic block-iterative implementations
of the forward-backward algorithm [139, Proposition 4.9] in the spirit of methods
found in [287, 289] in the minimization case.

The hybrid proximal-extragradient/projection methods of [357, 358, 359, 361]
revolve around a variant of Proposition 4.10 in which, at iteration n, (m,,, m},) is
merely required to be in the graph of a perturbed version of M, which permits us
to recover certain iterative methods beyond the proximal point algorithm. See also
[367] for more recent work along these lines, where approximate resolvents are
used to recover an instance of the forward-backward algorithm.

As is apparent from (11.1), many convergence results we have discussed follow
from Theorem 4.12. We now present a perturbed extension of it in which, at itera-
tion n, the warped resolvent is applied at a point X,, and not necessarily at the current
iterate x,,. The special case when C = 0, (g,)nen = (W5 )nen, and conditions (ii)(b)
and (ii)(c) of Theorem 4.12 are fulfilled appears in [95, Theorem 4.2].

Theorem 11.1 Let @ € 0, +oco[, let W: H — 2H pe maximally monotone, let
C: H — H be a-cocoercive and such that Z = zer(W + C) # @, let xg € H, and
let (A,)nen be a sequence in 10,2[. Further, for every n € N, let x,, € H and let
U,: H — H be an operator such that ranU,, C ran(U,, + W+ C) and U,, + W+ C
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is injective. Iterate

forn=0,1,...
— Un v
W"_JW+CX"
. +
w, =Ux, —Uyw, — Cw,
gn € H

ty=w;, +Cqn

" 11.5
S = (in = W | £2) = W = gull?/ (4) (11.5)
5
g if 5, > 0;
dn = ”th2 " "
0, otherwise

| Xn+l = Xn — Andy.

Suppose that x,, — x,, — 0. Then the conclusions of Theorem 4.12 remain valid if
the condition U,w, — U,x, — 0 in (ii)(c) is replaced by U,w,, — U, X, — 0.

Proof. Adapt the pattern of the proof of Theorem 4.12. O

Remark 11.2 The auxiliary sequence (X,)necn in Theorem 11.1 adds considerable
breadth to the scope of the algorithm, compared to that of Theorem 4.12. Here are
some illustrations of the condition x,, —x,, — 0, where we assume thatinf,,exy 4,, > 0
and sup, ¢y An < 2.

(@)

(ii)

(iii)

At iteration n, X;, can model an additive perturbation of x,,, say x,, = x, + e,.
Here, the error sequence (e, ),en need only satisfy ||e,|| — 0 and not the
usual summability condition ),y ||en || < +oo required in the quasi-Fejérian
splitting methods of [61, 126, 127, 130, 145, 387].

In the spirit of inertial methods [20, 43, 112, 137, 317], let (@;,),en be a
sequence in R and set (Vn € N\ {0}) X, = x,, + @ (x5, — x5—1). In these
methods, a,(x, —x,_1) — 0, which guarantees that ||x, — x,|| — 0, as
required.

More generally, weak convergence results can be derived from Theorem 11.1
for iterations with memory, that is,

n
(VneN) Xx,= Z Mn,jXj, where
j=0

n
(tn.o<jen € R and > gy ;= 1. (11.6)
=0

~ . -1

Here we have x,, — x,, — 0 if (1 — )X, — Z?:o Mn,jx; — 0. In the
case of standard inertial methods, weak convergence requires more stringent
conditions on the weights (i, j)nen,0<j<n [137].
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(iv)

Asindicated in (11.1), Theorem 9.14 on the Kuhn—Tucker projective splitting
algorithm was derived from Proposition 4.10, hence from Theorem 4.8, and it
does not appear possible to derive it from Theorem 4.12. However, as shown
in [93, Corollary 4], Theorem 9.14 follows from Theorem 11.1 (implemented
with C = 0 and ¢g,, = w,,) through a suitable choice of the auxiliary sequence
(X5)nen- This last example provides further confirmation of the effectiveness
of warped resolvents.

Acknowledgment. The author thanks Minh N. Bui for his careful proofreading
of the paper and his suggestions.
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