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Abstract

Efficient first-order algorithms for large-scale distributed op-
timization is the main subject of investigation in this thesis.
The algorithms considered cover a wide array of applications
in machine learning, signal processing and control.

In recent years, a large number of algorithms have been in-
troduced that rely on (possibly a reformulation of) one of the
classical splitting algorithms, specifically forward-backward,
Douglas-Rachford and forward-backward-forward splittings.
In this thesis a new three term splitting technique is devel-
oped that recovers forward-backward and Douglas-Rachford
splittings as special cases. In the context of structured opti-
mization, this splitting is leveraged to develop a framework
for a large class of primal-dual algorithms providing a uni-
fied convergence analysis for many seemingly unrelated al-
gorithms. Moreover, linear convergence is established for all
such algorithms under mild regularity conditions for the cost
functions.

As another notable contribution we propose a randomized
block-coordinate primal-dual algorithm that leads to a fully
distributed asynchronous algorithm in a multi-agent model.
Moreover, when specializing to multi-agent structured opti-
mization over graphs, novel algorithms are proposed. In ad-
dition, it is shown that in a multi-agent model bounded com-
munication delays are tolerated by primal-dual algorithms
provided that certain strong convexity assumptions hold.

In the final chapter we depart from convex analysis and con-
sider a fully nonconvex block-coordinate proximal gradient
algorithm and show that it leads to nonconvex incremental
aggregated algorithms for regularized finite sum and sharing
problems with very general sampling strategies.
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CHAPTER 1

INTRODUCTION

One of the main goals of current distributed optimization research is
to develop easy-to-implement iterative schemes for structured problems.
To this end, proximal algorithms have become the standard tool; they
are suitable for large-scale, nonsmooth problems with different compu-
tational models. These methods operate by splitting the original problem
into simpler subproblems that involve one function at a time and can of-
ten be solved efficiently. The most widely used proximal algorithms are
the proximal gradient and Douglas-Rachford methods that are based on
the classical two term splittings, forward-backward splitting (FBS) and
Douglas-Rachford splitting (DRS).
Consider the structured convex optimization problem

minie%ize p(x) = f(x) + g(x) + h(Lx), (1.1)

where L isalinear mapping, g and & are extended-real-valued nonsmooth
functions, and f is continuously differentiable with Lipschitz continuous
gradient. The proximal gradient method solves (1.1) when i o L = 0, and
the Douglas-Rachford algorithm solves it when f = 0 and L is the identity.
The idea here is that in many applications (1.1) is formulated such that
the proximal mappings (cf. to §1.2.6) of g and /h are easy to compute
(refer to [14, §6 and §7], [49, 130] for extensive lists of common proximable
functions) but this is not the case for g+hoL or f +hoL. In fact, in general
even the proximal mapping of & o L cannot be efficiently computed based
on that of h. Therefore, having algorithms for the sum of more terms
would allow us to effectively tackle larger classes of applications.

A recent trend for solving problem (1.1), possibly with the smooth
term f = 0 or the nonsmooth term ¢ = 0, is to solve the monotone
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inclusion defined by the primal-dual optimality conditions [38, 67, 31, 50,
53, 170, 62, 96, 32]. The popularity of this approach is mainly due to the
fact that it results in fully split primal-dual algorithms, in the sense that
the proximal mappings of g and /, the gradient of f, the linear mapping
L and its adjoint are evaluated individually. In particular, there are no
matrix inversions or inner loops involved.

Different convergence analysis techniques have been proposed in
the literature for primal-dual algorithms. Some can be viewed as in-
telligent applications of classical splitting methods such as forward-
backward splitting (FBS), Douglas-Rachford splitting (DRS) and forward-
backward-forward splitting (FBFS), see for example [170, 53, 31, 27, 50],
while others employ different tools to show convergence [38, 84, 62, 39].
Convergence rates of primal-dual schemes have also been analyzed using
different approaches, see for example [104, 55, 113, 39].

Our approach here is a systematic one and relies on first introducing
a new three term operator splitting method, asymmetric forward-backward-
adjoint (AFBA) splitting that is designed for solving monotone inclusions
involving the sum of three terms, a maximally monotone, a cocoercive
and a bounded linear operator. While AFBA cannot be recovered from
existing operator splitting methods, classical splittings DRS and FBS are
its special cases. These are discussed in detail in Section 2.3. In Chapter
3 we develop a simple primal-dual framework (cf. Alg. 3.1) for problems
of the form (1.1) by solving the primal-dual optimality conditions using
the splitting method AFBA. Based on this approach one can obtain a
wide range of algorithms by selecting different values for two scalar
parameters 0 and p (cf. Alg. 3.1). Many of the resulting algorithms are
new, while some extend previously proposed algorithms and/or result
in less conservative stepsize conditions. Figure 1.1 provides an overview
of several prominent special cases. The function [, stepsizes and other
parameters are defined in Section 3.2 for the more general problem (3.1).
These special cases are implemented in the open-source Julia Package
ProximalAlgorithms' as primal-dual AFBA solver.

Next, let us consider some motivating examples most of which are
revisited throughout this thesis. Many machine learning applications
involve solving empirical risk minimizations (ERM) of the form

N
. . . l . .
minimize g 21 L(bi, (ai, x)) + AQ(x), (1.2)
p=

thttps:/ / github.com/kul-forbes /Proximal Algorithms.jl
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Figure 1.1: Algorithm 3.1 and its special cases

where Q) is a regularizer (e.g., {1 norm or ¢, norm, elastic net, etc), A
is a positive constant and the pair (a;, b;) represents the ith data. The
loss function denoted by L measures the mismatch of the model and
the observed data. This formulation includes many important problems
such as LASSO, logistic regression, SVM [83, 152]. Clearly, the ERM prob-
lem (1.2) can be written in the form of (1.1) by setting g(x) = AQ(x),
h(u) = % Zﬁ\il L(Yi,u;) (where u = (u1,u,...,uN)) representing the
loss function with the rows of L consisting of a, and f = 0. When the
loss function is smooth one may choose to represent it using f and setting
hoL=0.

Another popular example in machine learning is the dual support
vector machine problem [83]

mlmmlze 2|| Z aiba;))® - Zal (1.3a)
subjectto 0<a; <C, i=1,...,N (1.3b)
N
Z a;b; =0. (1.3c)
i=1

This problem can be written in the form of (1.1) by letting f represent
the quadratic cost, g the indicator of box [0, C 1N, h the indicator of zero,
and L = b" where b = (b1, ..., by). This problem is used in Section 3.5 to
compare the performance of several primal-dual algorithms.

3



Total variation denoising is another popular problem encountered in
image processing applications [145, 37, 54]:

minimize %||Ax -b|)®+ AMDx|l12
xeR"
subject to x € C

where D is the discrete gradient operator, || - ||12 is the £; » norm, and C
enforces prior information on the target image, e.g., the pixels being in
the range [0, 255]. This problem is written in the form of (1.1) by setting
f(x) = %||Ax — b||?, g the indicator function of the set C, h(x) = || - |l 2,
and L =D.

Model predictive control (MPC) is another application that can be
formulated as in (1.1); the quadratic cost function may be represented by
the smooth term f, the input and state constraints by g as the indicator
function of the corresponding set, and the linear dynamics by h o L.
Therefore, the resulting algorithm would involve simple matrix-vector
products, and projection onto boxes and points.

Note that in many of the applications considered in this thesis we
are interested in distributed algorithms in a multi-agent setting where a
group of “agents” solve a minimization problem cooperatively. For ex-
ample, in distributed MPC one may have several physically separate sys-
tems/agents each with its own dynamics who share a common goal, or
in an ERM problem the data may be stored across multiple machines. A
distributed algorithm would entail local computations by the systems/a-
gents, and exchange of information with other agents.

Distributed algorithms are often derived by simply formulating a
given problem in the form of (1.1) in such a way that solving it using a
proximal algorithm (e.g., one of the special cases of Algorithm 3.1) results
in a desired distributed implementation. Let us clarify by considering as
an example the problem of minimizing a finite sum problem:

N
mu;gl%lze Zl fi(x),
i=

where f; are convex continuously differentiable functions with Lipschitz-
continuous gradient. In order to solve this problem in a distributed way
over a network of agents, one may consider the equivalent problem

.....



where & denotes the edge set of an underlying graph structure. We have
effectively introduced slack variables for each agent in order to decou-
ple the cost. The two problems are equivalent as long as the graph
is connected. This problem can be written in the form of (1.1) with
flx) = Zf\il fi(xi), and g = 0, h the indicator of vector of zeros (of ap-
propriate dimension), and L = BT ® I,, with B representing the oriented
node-arc incidence matrix (cf. §6.2 for details). Solving this problem with
any of the special cases of Algorithm 3.1 results in schemes where the ith
agent performs gradient operations on f;, as well as some consensus-type
updates using variables that it exchanges with relevant agents (neigh-
bors). In such an algorithm, f; (which may represent private data) does
not need to be shared with other agents. This type of problem is studied
in detail in Chapter 6.

Our focus so far has been on methods that split the cost function
as the sum of several functions, with iterations that involve gradient
or proximal operations on each function separately. However, in many
large-scale applications updating the variables only after a full gradient
or proximal update may be too costly, slow or physically infeasible. A
simple and powerful idea is instead to update a subset of coordinates at
every iteration. These methods are hereafter broadly referred to as block
coordinate (BC) methods. BC methods have a long history and have been
studied under various settings [19, 163, 166, 125, 15, 25, 106, 51, 22, 14].

In the context of multi-agent optimization, randomized BC methods
admit updates that involve random activation of (subsets of) agents to
perform local updates. These are sometimes referred to as asynchronous
[88, 22, 134]. In this sense, occasionally, we also use the terminology
synchronous to emphasize that at each clock tick all agents must perform
their tasks and the iteration cannot proceed if any agent fails to do so.
Note that this notion of asynchrony is quite different from the notions of
partial and total asynchrony introduced in [20], since the information used
by each agent must be up to date. We defer further details about notions
of asynchrony and common computational models to Section 7.1.

Another interesting application of the BC framework is studied in
Chapter 8 in the context of nonconvex optimization. It is shown that BC
proximal gradient updates with a nonseparable nonsmooth term lead to
stochastic and incremental methods for regularized finite sum and shar-
ing problems. The analysis of this chapter is a departure from previous
chapters where monotone operator theory and Fejér monotonicity made
up most of the narrative. The Lyapunov function typically used in the con-
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vergence analysis of the nonconvex proximal gradient method is the cost
function; however, in the BC setting with nonseparable nonsmooth term
even in expectation it does not necessarily decrease along the trajectories.
Instead we show that the forward-backward envelope (FBE) [132, 158] is
a suitable Lyapunov function.

1.1 Overview of the thesis

We briefly describe the structure and content of the chapters. In Chapter
2 a three term operator splitting method, asymmetric forward-backward-
adjoint splitting (AFBA) is introduced. Its convergence rate is studied
under different assumptions and some prominent special cases are dis-
cussed. As depicted in Figure 1.2 this splitting is instrumental in the
developments of the subsequent five chapters. In particular, as discussed
above, in Chapter 3 a general primal-dual framework is developed (see
Fig. 1.1) that relies on solving the primal-dual optimality conditions us-
ing AFBA. Moreover, in Section 3.4.1 linear convergence is established
for all the special cases under mild regularity assumptions for the cost
functions.
Chapters 2 and 3 are based on:

Latafat, P., and Patrinos, P. Asymmetric forward—backward—adjoint splitting

for solving monotone inclusions involving three operators. Computational Opti-

mization and Applications 68, 1 (Sep 2017), 57-93.

Latafat P., Patrinos P., Primal-Dual Proximal Algorithms for Structured Con-
vex Optimization: A Unifying Framework, in Chapter 5 of Large-Scale and
Distributed Optimization, (Giselsson P., and Rantzer A., eds.), vol. 2227 of
Lecture Notes in Mathematics, Springer International Publishing, 2018, pp.
97-120.

In Chapter 4 a randomized block-coordinate primal-dual algorithm
is introduced. The proposed algorithm features linear convergence rate
when the functions involved are either piecewise linear-quadratic, or
when they satisfy certain quadratic growth conditions. The developed al-
gorithm is applied to the problem of multi-agent optimization on a graph,
resulting in novel synchronous and asynchronous distributed methods.
The proposed algorithms are fully distributed in the sense that the up-
dates and the stepsizes of each agent only depend on local information.
In fact, no (prior) global coordination is required. We showcase an ap-
plication of our algorithm in distributed formation control. Moreover, as
another application in Chapter 5 the problem of distributed model pre-
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Figure 1.2: Overview of the chapters

dictive control (DMPC) with coupling in the dynamics of the systems is
considered. The resulting scheme does not require strong convexity, in-
volves one round of communication at every iteration and allows a plug-
and-play implementation where addition or removal of a subsystem only
affects the neighboring nodes without the need for global coordination.
Chapter 4 is based on:
Latafat, P., Freris, N. M., and Patrinos, P. A new randomized block-coordinate
primal-dual proximal algorithm for distributed optimization. IEEE Transactions
on Automatic Control 64, 10 (10 2019), 4050—4065.
Chapter 5 is based on:
Latafat, P., Bemporad, A., and Patrinos, P. Plug and play distributed model
predictive control with dynamic coupling: A randomized primal-dual proximal al-
gorithm. In European Control Conference (ECC) (June 2018), pp. 1160-1165.
Chapter 6 considers a network of agents, each with its own private cost
consisting of the sum of two possibly nonsmooth convex functions, one of
which is composed with a linear operator. At every iteration each agent
performs local calculations and can only communicate with its neigh-
bors. The goal is to minimize the aggregate of the private cost functions
and reach a consensus over a graph. A special case of AFBA is used to
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develop a primal-dual algorithm for solving this minimization over the
communication graph. It is demonstrated through computational exper-
iments how suitably selecting the parameters of our algorithm can lead
to larger stepsizes and yield better performance.

Chapter 6 is based on:

Latafat, P., Stella, L., and Patrinos, P. New primal-dual proximal algorithm for
distributed optimization. In 55th IEEE Conference on Decision and Control
(CDC) (Dec 2016), pp. 1959-1964.

Chapter 7 considers primal-dual algorithms over message-passing
(multi-agent) architectures with communication delays. It is assumed
that the delay with respect to each neighbor is bounded but otherwise ar-
bitrary. The global optimization problem is the aggregate of the local cost
functions and a common Lipschitz differentiable function. When the cou-
pling between agents is represented only through the common function,
the primal-dual algorithm proposed by Vii and Condat [170, 53] is em-
ployed. In the case when the linear maps introduce additional couplings
between agents a new algorithm is developed. Moreover, a randomized
variant of this algorithm is presented that allows the agents to wake up
at random and independently from one another. The convergence of the
proposed algorithms is established under strong convexity assumptions.

Chapter 7 is based on:

Latafat P. and Patrinos. P. Primal-dual algorithms for multi-agent structured
optimization over message-passing architectures with bounded communication
delays (submitted 2019).

Chapter 8 deals with block-coordinate proximal gradient methods for
minimizing the sum of a separable smooth function and a (nonsepara-
ble) nonsmooth function, both of which are allowed to be nonconvex. The
main tool in our analysis is the forward-backward envelope (FBE), which
serves as a particularly suitable continuous and real-valued Lyapunov
function. Global and linear convergence results are established when
the cost function satisfies the Kurdyka-Lojasiewicz property without im-
posing convexity requirements on the smooth function. Two prominent
special cases of the investigated setting are regularized finite sum mini-
mization and the sharing problem; in particular, an immediate byproduct
of our analysis leads to novel convergence results and rates for the popu-
lar Finito/MISO algorithm in the nonsmooth and nonconvex setting with
very general sampling strategies.

Chapter 8 is based on:

Latafat P., Themelis A. and Patrinos P. Block-coordinate and incremental ag-
gregated proximal gradient methods for nonsmooth nonconvex problems.
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arXiv:1906.10053 (submitted 2019).

1.2 Preliminary material

In this section we recap some standard definitions and results that are
used throughout the thesis [143, 13, 144, 18, 14].

The set of real numbers is denoted by R. The set of extended real
numbers is defined as R = R U {co}. We denote (a,b) = {x | a < x <
b} where a, b can be taken to be oo, and square brackets [a, b] when
equality is allowed in the definition. Intervals (4, b] and [4, b) are defined
accordingly.

1.2.1 Vector notation

We denote by R” the standard n-dimensional Euclidean space with inner
product (-, -) and induced norm || - ||. For w = (wy, ..., wn) € R?, w; € R™
is used to denote its i-th (block) coordinate.

The sets of symmetric, symmetric positive semi-definite and sym-
metric positive definite n-by-n matrices are denoted by S", S} and S%,,
respectively. We also write P > O and P > 0 for P € §} and P € S,
respectively. For P € S, we define the scalar product (x, y)p = (x,Py)
and the induced norm ||x||p = 4/{x, x)p. The identity matrix is denoted
by I, € R""; we write I when no ambiguity occurs.

1.2.2 Sequences

We use the notation (wk)kd to denote a sequence with indices in the
set I € IN. Occasionally, when dealing with scalar sequences we use the
subscript notation (yk), ;-

Definition 1.1 (Fejér monotonicity). A sequence (w*) ren 18 said to be Fejér
monotone with respect to a nonempty set U C R™ if forallv € U andall k € N
[0 = o]l < flw* ~o].

It is said to be quasi-Fejér monotone with respect to U C R" if for all v € U,
there exists a summable nonnegative sequence (e), . such that for all k € N

[w! —o|* < flw* —o]* + ex.
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Moreover, given S € S, we say that a sequence is S-(quasi)-Fejér monotone
with respect to U C R" if it is (quasi)-Fejér monotone with respect to U in the
space equipped with (-, -)s.

We use the following notions of linear convergence:

¢ A sequence (wk)k o 18 said to converge to a point w* (at least) Q-
linearly (with quotient rate) with Q-factor givenby ¢ € (0, 1), if there
exists kg € N such that for all k > ko,

[ —w*|| < allwk - x*||.
e A sequence (wk)kdN is said to converge to a point w* (at least) R-
linearly (with root rate) if there exists a sequence of nonnegative

scalars (v)ren such that ||w* — w*|| < o* and (vk)kGIN converges
Q-linearly to zero.

1.2.3 Functions and operators

An operator (or set-valued mapping) F : R" =3 R? maps each point
x € R" to a subset Fx of R?. We denote the domain of F by

domF := {x e R" | Fx # 0},

its graph by
graF = {(x,y) e R" xR | y € Fx},

the set of its zeros by zer F := {x € R" | 0 € Fx}, and the set of its fixed
points by fixF := {x | x € Fx}. The inverse of F is defined through its
graph: gra F~! == {(y, x) | (x, y) € gra F}. The resolvent of F is defined by
Jr := (id + F)™1, where id denotes the identity operator. The mapping F
is called monotone if for all (x, y), (x’, y’) € gra F

0<(x—-x",y—-y"),

and is said to be maximally monotone if its graph is not strictly contained
in the graph of another monotone operator. The mapping F is said to be
nonexpansive if for all (x, y), (x’, y’) € gra F

ly =yl < llx = x7I,

and firmly nonexpansive if
ly = /I <l =12 = [l = ) = (" = )%

10



The resolvent J is firmly nonexpansive (with dom Jr = R") if and only
if F is (maximally) monotone [13, Prop. 23.8].
Operator F is outer semicontinuous (osc) at ¥ € dom F if

limsup Fx := {y | 3x* — %, 3y* — y with v* € Fx*} c Fx. (1.4)
X—X

Operator F is osc everywhere if and only if its graph is closed in R" x R?.

Next, let us define the notion of metric subregularity which is used
throughout the thesis for establishing linear convergence. Metric subreg-
ularity is a “one-point” version of metric regularity. We refer the interested
reader to [61, §3] and [144, §9] for further discussion.

Definition 1.2 (metric subregularity). A set-valued mapping F : R" = R?
is metrically subregular at ¥ for ij if (%, i) € gra F and there exists a positive
constant 1 together with a neighborhood of subregularity U of ¥ such that

dist(x, F1) < ndist(i, Fx) Vx € U. (1.5)
If the following stronger condition holds
lIx — x|| < ndist(iy, Fx) Vx € U, (1.6)

then F is said to be strongly subregular at ¥ for ij.
Moreover, we say that F is globally (strongly) subregular at X for ij if (strong)
subregularity holds with U = R".

Definition 1.3 (cocoercivity). An operator C : R? — RP is said to be cocoer-
cive with respect to || - ||y with V € SE, if forall z,z’ € R?

(Cz-Cz',z-2"y > ||Cz - CZ'H‘Z/_]. 1.7)
For an extended-real-valued function f : R" — R, its domain is the set
dom f = {x e R" | f(x) < co}.

Function f is said to be proper if its domain is a nonempty set. The
epigraph of f is

epi f ={(x,a) e R" xR | f(x) < a},

and f is said to be closed if epi f is a closed set in R"*!. For any a € R,
a-(sub)level set of f is

leve, f ={x eR" | f(x) < a}.
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Function f is called lower semicontinuous (Isc) at ¥ € R" if
f(x) < liminf f(x).
X—Xx

It is called lsc if it is Isc at all points R". For extended-real-valued func-
tions, lower semicontinuity, closedness, and all level sets being closed are
equivalent [144, Thm 1.6].

The indicator function of a set X C R" is given by

_]o if xeX
Ox(x) = {+oo if x ¢ X.

The indicator function 6x is closed if and only if X is a closed set. The
projection onto and the distance from X with respect to || - ||y are denoted

by
Px(z) = argmin{|lw —xllv}, disty(z, X) = inf{llz - x|lv},

respectively. The absence of super/subscript V implies the same defini-
tions with respect to the canonical norm.

A set X C RR" is said to be polyhedral if it can be expressed as the
intersection of finitely many closed half-spaces and /or hyperplanes.

An important class of functions prevalent in optimization is the class
of piecewise linear-quadratic (PLQ) functions, which is closed under scalar
multiplication, addition, conjugation and Moreau envelope [144].

Definition 1.4 (piecewise linear-quadratic). A function f : R" — R is
called piecewise linear-quadratic (PLQ) if its domain can be represented as the
union of finitely many polyhedral sets, and in each such set f(x) is given by an
expression of the form %(x, Qx)+{(d,x)+c, forsome c € R, d € R", and
Qes™

1.2.4 Subgradients

Let f : R" — R be a proper lsc function. Then, v € R” is a regular
subgradient of f at x if

Jim inf flx) = f(x) —_(v, X —X) >0
e [lx — x|
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The set of all regular subgradient of f at X is called the subdifferential of
f at % and is denoted by 9 f(%). The regular subdifferential is closed and
convex.

A vector v € R" is a (limiting) subgradient of f at X € dom f if there
exists sequences x¥ — ¥ with f(x*) — f(¥), and v¥ — v such that
vk € df(x¥). The set of all subgradients of f at ¥ is called the limiting
subdifferential of f at ¥ and is denoted d f(¥). Local minimizers of f are
characterized by the following extension of Fermat’s rule [144, Thm. 10.1].

Lemma1.5. Let f : R" — Rbea proper Isc function. If f has a local minimum
at X, then 0 € df(x). If f is also convex, then this condition is equivalent to
X € argmin f.

The regular and limiting subdifferentials coincide with the usual no-
tion of subdifferential for convex functions [144, Prop. 8.12].

Lemma 1.6. Let f : R" — R be a proper Isc convex function. For any x €

dom f

df(x) = éf(x) ={yeR"|VzeR", (z—x,y) + f(x) < f(z)}.
We conclude by noting that if f is a proper Isc convex function, then
df is maximally monotone [143, Cor. 31.5.2].
1.2.5 Conjugate functions and infimal convolution

The Fenchel conjugate of an extended-real-valued function f : R" — R,
denoted f*, is defined by

f1() = sup{(v,x) - F(x)}.

xeR"

The conjugate function f* is Isc and convex. The Fenchel-Young inequality
states that for all x, u € R"

(x,u) < flx)+ f7(u).

In the special case when f = %ll : ||% for some symmetric positive definite
matrix V, this gives:

(e, u) < g1l + 3llull- (1.8)
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The infimal convolution of two proper extended-real-valued functions f, g :
R" — Ris defined by

(f o)) = inf () +glx-2)},

and the conjugate of the infimal convolution is given by
(fogr=f+g".

1.2.6 Proximal mappings and Moreau envelopes

For a proper Isc function f : R” — Rand V € S, the V-proximal mapping
of f is defined as the following set-valued mapping

Vi — : 2
prox (x) = aru;ge%lln{f(w) + %Hx -wly}

When V = y‘lln is a multiple of the identity matrix I,, the notation
prox, r is typically used and y is referred to as a stepsize. The value
function associated to the minimization defining the proximal mapping
is the Moreau envelope

£¥(x) = min {fw) + 3w - x|} }.

Function f is called prox-bounded if f + 2%,” - || is lower bounded for

some ) > 0. The supremum of the set of all such y is the threshold ¢ of
prox-boundedness for f.

If f is a proper Isc convex function, then the V-proximal mapping is
uniquely determined by the resolvent of V=19 f:

prox}/(x) =({d+V1af)lx,
and the Moreau decomposition is given by

prox),/_l(x) + Vprox}/*(V‘lx) =x.
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CHAPTER 2

ASYMMETRIC FORWARD-BACKWARD~-ADJOINT
SPLITTING

This chapter is based on:

Latafat, P., and Patrinos, P. Asymmetric forward-backward—adjoint split-
ting for solving monotone inclusions involving three operators. Computational
Optimization and Applications 68, 1 (Sep 2017), 57-93.

2.1 Introduction

The focus of this chapter is on solving monotone inclusion problems of
the form

0e Ax + Mx + Cx, (2.1)

where A is a maximally monotone operator, M is a bounded linear op-
erator and C is cocoercive. The most well known algorithms for solv-
ing monotone inclusion problems are forward-backward (FBS), Douglas-
Rachford (DRS) and forward-backward-forward (FBFS) splittings [118,
108, 49, 130, 29, 162]. The operator splitting schemes FBS and DRS are
not well suited to handle (2.1) since they are designed for monotone in-
clusions involving the sum of two operators. The FBFS can solve (2.1) by
considering M + C as one Lipschitz continuous operator. However, being
blind to the fact that C is cocoercive, it would require two evaluations of
C per iteration. Many other variations of the three main splittings have
been proposed over time that can be seen as intelligent applications of
these classical methods (see for example [30, 38, 31, 170, 53]).
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In this chapter a new algorithm called asymmetric-forward-backward-
adjoint splitting (AFBA) to solve the monotone inclusion (2.1), without
resorting to any kind of reformulation of the problem. One important
property of AFBA is that it includes asymmetric preconditioning. This
gives great flexibility to the algorithm, and indeed it is the key for re-
covering and unifying existing primal-dual proximal splitting schemes
for convex optimization and devising new ones. More importantly, it can
deal with problems involving three operators, one of which is cocoercive.
Itis observed that FBS, DRS, and the Proximal Point Algorithm (PPA) can
be derived as special cases of our method. Another notable special case
is the method proposed by Solodov and Tseng for variational inequal-
ities in [151, Alg. 2.1]. Moreover, when the cocoercive term C is absent
in (2.1), in a yet another special case it coincides with the FBFS when its
Lipschitz operator is skew-adjoint. Recently, a new splitting scheme was
proposed in [58] for solving monotone inclusions involving the sum of
three operators, one of which is cocoercive. This method can be seen as
Douglas-Rachford splitting with an extra forward step for the cocoercive
operator. As a special case of our scheme, we propose an algorithm that
also bears heavy resemblance to the classic Douglas-Rachford splitting
with an extra forward step (see Algorithm 2.2). The proposed algorithm
differs from that of [58], in that the forward step precedes the two back-
ward updates.

As another contribution, big-O(1/(k + 1)) and little-o(1/(k + 1)) con-
vergence rates are derived for AFBA (see Theorem 2.3). It is observed that
in many cases these convergence rates are guaranteed under mild condi-
tions. In addition, under metric subregularity of the underlying operator,
linear convergence is guaranteed without restrictions on the parameters
(see Theorem 2.4). Given that AFBA generalizes a wide range of algo-
rithms, this analysis provides a systematic way to deduce convergence
rates for many algorithms.

Notation: In this section, we consider real Hilbert spaces. We denote
the scalar product and the induced norm of a Hilbert space by (:,-)
and || - || respectively. Let H and G be real Hilbert spaces. We denote
by B(H,G) the space of bounded linear operators from H to G and
set B(H) = B(H, H). The space of self-adjoint operators is denoted by
S(H) = {L € Z(H)|L = L'}, where L* denotes the adjoint of L. The
Loewner partial ordering on S(H) is denoted by >. Let T €]0, +co[ and
define the space of 7-strongly positive self-adjoint operators by S¢(H) =
{U € S(H)|U = tid}. For U € S;(H), define the scalar product and
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the norm by (x, y)u = (x, Uy), and || x|z = v {x, Ux). We also define the
Hilbert space Hy; by endowing H with the scalar product (x, y)u.

All other preliminary definitons and notations in Section 1.2 extend
directly to real Hilbert spaces considered in this chapter.

2.2 Asymmetric forward-backward-adjoint
splitting

Let H be a real Hilbert space and consider the problem of finding z € H
such that

0eTz where T:=A+M+C, (2.2)

where operators A, M, C satisfy the following assumption:
Assumption 2.I. Throughout the chapter the following hold:

(i) Operator A : H =3 H is maximally monotone and M € #(H) is
monotone.

(if) Operator C : H — H is B-cocoercive with respect to || - ||p, where
B €]1/4,+c0) and P € .7,(H) for some p € (0, ), i.e.,

(VzeH)Vz' e H) (Cz—-Cz',z-2') > B|Cz - Cz’llle.

It is important to notice that the freedom in choosing P is a crucial part
of our method. In Assumption 2.1(i7) we consider cocoercivity with respect
to || - ||[p with B €]1/4, +o0). However, this is by no means a restriction of
our setting; another approach would have been to consider cocoercivity
with respect to the canonical norm || - || with 8 €]0, +o0) but this would
lead to statements involving ||P|| and ||P~!||. Indeed convergence with
respect to || - || and || - ||p are equivalent but in using || - ||p we simplify the
notation substantially.

In addition, let S be a strongly positive, self-adjoint operator, K €
%(H) a skew-adjoint operator, i.e., K* = =K, H = P + K and (A),  is a
sequence satisfying (2.5). Then, the algorithm for solving the monotone
inclusion described above is as follows:
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Algorithm 2.1 Asymmetric Forward-Backward-Adjoint Splitting (AFBA)

Inputs: z° € H
fork=0,1,...,do
ZK=(H+A)YH-M-C)z*
sk — 5k _ Sk
i
IH + Mz,
2K = 2k 4 0 STYH + M*)zk

=z

Ok

Before proceeding with the convergence analysis let us define
D =(H+M)'SYH+ M. (2.3)

Since P € .7, (H) for some p € (0, ), K is skew-adjoint, and M € Z(H)
is monotone, it follows that ((H + M*)z, z) > p||z||? for all z € H, and we
have

(Vz e H) (z,Dz) = |I(H+M")z|Z = p*[ISII 721> (24)

Hence, D € .%,(H) with v = p?||S||"!. Notice that the denominator of ay
in Algorithm 2.1 is equal to the left hand side of (2.4) for z = 2 and thus
it is bounded below by p?||S|| 71|22

2.2.1 Convergence analysis

In this section we analyze convergence and rate of convergence of Al-
gorithm 2.1. We also consider a special case of the algorithm in which
it is possible to relax strong positivity of P to positivity. We begin by
stating our main convergence result. The proof relies on showing that the
sequence (z* )i 18 Fejér monotone with respect to zer(A + M + C) in the
Hilbert space H equipped with the scalar product (-, -)s.

Theorem 2.1. Consider Algorithm 2.1 under Assumption 2.1 and assume that
zer(T) # O where T = A+ M+ C. Let 0 € (0,), S € .;(H), K € B(H)a
skew-adjoint operator, and H = P + K. Let (Ax), . be a sequence such that

. 1 .
(Ak)pen € 10,81 with 6= 2_%’ 6> 0, liminf Ax(6~Ax) > 0. (25)

Then the following hold:
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(i) (zk)k o 18 S-Fejér monotone with respect to zer(T).
(ii) (Zk)k N converges strongly to zero.
(iii) (zk)ke]N converges weakly to a point in zer(T).
Furthermore, when C = 0 all of the above statements hold with 0 = 2.

Proof. The operators A = P~1(A+K)and B = P~'(M+C~-K) are monotone
in the Hilbert space Hp. We observe that

F=(H+A)H-M-0C)z" = (id + A)7'(id - B)z*.

Therefore zK — BzK € zk + Az, or —zk — Bzk € Azk. Since —Bz* € Az* for
z* € zer(T) by monotonicity of A on Hp we have

(BzF = Bz* + 2K, 2% — 25y > 0.

Then,
0 < (BzF — Bz* +2F,2* - zF)p
=(PY M +C-K)zK=P M+ C - K)z* + 2K, 2% — zk)p.
= (M - K)(zF = z*) + CzF = Cz* + PzF, 2* — zF). (2.6)
On the other hand

(Czk = Cz*, 2% = 2y = (CzF - Cz*, 2K — 2F) + (CZF — Cz*, 2% - 2F)
€ sky2 . L k 2
< SIEHIB + poliC2t - I
+(Czk = Cz*, z* = 25

1
< glli"llﬁ + (1 - —)(Czk —Cz*,2* - Z5).

2ep
The first inequality follows from Fenchel-Young inequality for 5| - ||123,
while the second from B-cocoercivity of C with respect to || - [[p. Set

1
€ 1= 55 SO that

(CzF —Cz*,z* - 2F) < %ﬁlli"llﬁ- (2.7)

In turn, (2.6), (2.7) and monotonicity of M — K, yield

0 < (M - K)(z" = z*) + Cz* — Cz* + Pk, z* — 2F)
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< ((M - K)(z" = 2%), z* = 25) + (M - K)(zF - 2*), 2F — 2F)

+E” 12 + (P2, 2% — 2%) + (PzF, 2F - 2F)
< (zF-z2*,(M* + K)(zF —zk))+E||zk||P+(Pz 26 =2y — 12912
= (2" - 2%, ~(M" + H)Z") - (1 - 4tlﬁ)nzkup,

or equivalently

ap

For notational convenience define 6 =2 — ﬁ We show that ||zF — z
decreasing using (2.8) together with step 3 and 4 of Algorithm 2.1:

1
(zF = 2%, (M* + H)zF) < —(1 - —)||zk||12,. (2.8)
*13is
24 =2*|2 = [|2F = 2% + a STHH + M*)zF|I2

= |25 = 2*13 + 2ai (2" = 2%, (H + M")Z") + aZ|I(H + M")z"|3.,

k 2 skj2 2 sk |2
< Iz = z¥[l5 — awdllZ"llp + aglI(H + M)ZF||5

sk |14 sk (|4
I T L
=z Z ”5 k k112 + A% k12
I(H + M*)Z*I, l(H + M*)ZF|5,
= [I125 = 2*13 = Ak(6 = ApII(H + M2 2 112513 (2.9)

= |12 = 2*113 = (6 = AIPT2S V2 (H + MM)Z* 121124 15
< 128 = 2*13 = Ak(® = AIIPTV2STH2(H + M) 712513
= ll2" = 213 = Ak(0 = ADIST2(H + MOPT2I 2|2, (2.10)
Furthermore, when C = 0 all the above analysis holds with 6 = 2.
(1): Inequality (2.10) and (Ax), € [0, 0] show that (zk)ke]N is S-Fejér

monotone with respect to zer(T).
(i): From (2.10) and h{n inf Ax(6 — Ag) > 0, it follows that 25 — 0.

(iii): Define
= —(H - M)z* + czF - CzF. (2.11)

It follows from (2.11), linearity of H — M, cocoercivity of C and (ii) that

wk — 0. (2.12)
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By step 1 of Algorithm 2.1 we have (H — M — C)z* € (H + A)z¥, which
together with (2.11) yields
w* e TZF. (2.13)

Now let z be a weak sequential cluster point of (zk)k eN v Say zk, — z. It
follows from (ii) that Zxy, — z, and from (2.12) that wy, — 0. Altogether,
by (2.13), the members of the sequence (Zx, , wk,)sen belong to gra(T).
Additionally, by [13, Ex. 20.31, 20.34 and Cor. 25.5(1)], T is maximally
monotone. Then, an appeal to [13, Prop. 20.38(ii)] yields (z,0) € gra(T).
This together with (i) and [13, Thm. 5.5] completes the proof. O

Remark 2.2. Tt can be shown based on (2.8) that for a constant A,, = A €
10, 0], the fixed-point mapping behind Algorithm 2.1 is ‘S_TA-strongly quasi-
nonexpansive (SQNE), in the sense of [35, Def. 2.1.38]. It is well known that

an averaged operator is also SQNE. In fact if an operator is 4-averaged

then it is 254-SQNE. But the converse is not true in general. See [35, Fig.

2.10] for an overview of the relation between algorithmic operators. [

Equation (2.10) implies that the sequence (min;—; 1271 f,)de, the cu-
mulative minimum of (||2¥ ||1%)k€N, converges sublinearly. Next, we derive
big-O(1/(k + 1)) and little-o(1/(k + 1)) convergence rates for the sequence
itself. This is established below, under further restrictions on (A)ren, by
showing that the sequence (||z¥|2),_ is monotonically nonincreasing
and summable.

keN
Theorem 2.3 (convergence rates). Consider Algorithm 2.1 under the assump-
tions of Theorem 2.1. Let cq and cy be two positive constants satisfying
1P <D <P, (2.14)
with D defined in (2.3). Assume
(A)en € 10,c16/c2], (2.15)

where 6 is defined in (2.5). Suppose that T = infren Ak (6 — Ax) > 0. Then, the
following convergence estimates hold:
k2 C% 0 _ %2 k2
1251 < mllZ =275 and ||Z%[]5 = 0(1/(k +1)).
Proof. Using the monotonicity of A and Step 1 of Algorithm 2.1
0 < ((H - M)(z" = 251y — H(ZF — 241 + c2F1 — o2k, 2F — 21y,
(2.16)
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On the other hand we have
<Czk+1 _ CZk,Zk _ Zk+1> — <Czk+1 _ CZk,Zk _ Zk+1>
+ <CZk+1 _ CZk Zk _ k+1>
=k =k+1 k+1 k2
<§lzF - 22 + ZGIICZ = CzMl5.
+(CZF = Oz, 2k — 2Ty

sk _ sk+1)12
<sIEF -2

(1 _ E)(CZkJrl CZk,Zk _ Zk+1>.

The first inequality follows from the Fenchel-Young inequality for §|| - |3,
and the second inequality follows from f-cocoercivity of C with respect
to|| - ||p- Sete = % so that

(CzFT — ¢k, zF — 2041y < ﬁnzk — 2, (2.17)

Using (2.16), (2.17) and monotonicity of M we have

B
— _‘BH k k+l||P + < M(Z k+1) _ H(Zk _ Zk+1), Zk _ 2k+1>

+(=M(2k — 25¥1) = H(z — k1) gk _ gkey

< ﬁllik SRR 4 (—M(EF - M) - H(EF - 24, 2k 2Ry

+ (—H(EF = 2k, 2k — 2k Ty (2.18)
(1 - —)llz FH2 (M + HY) (2K - 2941), 26 - 2041y (2.19)

0< %sz ~k+1”12J + <—M(Zk _ Zk+1) _ H(Zk _ Zk+1)/ Zk _ Zk+1>
1

It follows from (2.19) and Step 4 of Algorithm 2.1 that

(1 _ —)Ilz SRR < (<M + HY)(EE — 25, £ - 2Ry
= (o (H + M*)*S‘l(H + M*)zk, 2k - g+
< (apDzk, 2k — k1, (2.20)

Let us show that (||z* ||123)k€]N is monotonically nonincreasing. Using the
identity
lall, = 1Bl = 2(Da,a - b) —|la = b||, (2.21)
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we have
~k|12 ~k+1p2 =k sk sk+1 sk sk+1p2
IZ5I15 = 1215 = 2(DzF, 2% = 254 — |12 = 257915
sk sk+12 sk sk+1p2
ka(l—ﬁ)llz -2 = 1125 = 2515

0115k _ sk+12 _ 5k _ sk+12
Tl =2 - 12 -2

o ~k =k+12
> (&L 1))z -

\%

where the inequalities follow from (2.20), the definition of ay and (2.14).
Therefore ||z¥ ||% is nonincreasing as long as (2.15) is satisfied. It follows
from (2.9) and (2.14) that

250 = 2* 113 < 12 = 2% 113 = A6 = ADIH + MK 1281
2 Ski1-2 5k |4
= {125 = 2*|12 = Ak(6 = AIEF I IE 115

k 2_ -2 =k 12
< 1z" = 2*ll5 = ;" Ak(6 = AIIZ" I

Summing over k yields Zfio/\i(é—/\i)llii||12) < cz||zo—z*||§.Therefore we
have ,
SollE R < 2120 - 212 (2.22)

On the other hand, since ||2* “1% is nonincreasing, it follows that ||z II%, <

klj Z?:o ||z ||12). Combining this with (2.22) establishes the big-O conver-
gence. The little-o convergence follows from [57, Lem. 3-(1a)]. O

Recall the notion of metric subregulariy in Definition 1.2. In Theorem
2.4, we derive linear convergence rates when the operator T = A+ M +Cis
metrically subregular at all z* € zer(T) for 0. Metric subregularity is used
in [104] to show linear convergence of Krasnosel’skii-Mann iterations for
finding a fixed point of a nonexpansive mapping (see Lemma 4.12 and
the preceding discussion).

Theorem 2.4 (linear convergence). Consider Algorithm 2.1 under the as-
sumptions of Theorem 2.1. Suppose that T is metrically subregular at all z* €
zer(T) for O, ¢f. (1.5). If either H is finite-dimensional or U = H, then
(dists(z¥, zer(T)))xen converges Q-linearly to zero, (z%)rew and (||2¥||p)ken
converge R-linearly to some z* € zex(T) and zero, respectively.

Proof. Tt follows from metric subregularity of T at all z* € zer(T) for 0
that

dist(x, zer(T)) < n|ly|| Vx € U and y € Tx with [|y]| <v, (2.23)
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for some v € (0, ) and 1 € [0, ) and a neighborhood U of zer(T).
Consider w* defined in (2.11). It was shown in (2.12) that w* — 0 and
if H is a finite-dimensional Hilbert space, Theorem 2.1(if)-(iii) yield that
zK converges to a point in zer(T). Then there exists k € N such that for
k > k we have ||w¥|| < v and a neighborhood U of zer(T) exists with
zK € U (This holds trivially when U = H). Consequently (2.23) yields
dist(z¥, zer(T)) < n||w*|. In addition, triangle inequality and Lipschitz
continuity of C yield

lwk|| = ||HzF — MzF — CzF + C2F|| < |I(H = M)zF|| + ||czF - C2F)|
< (I1H - MIL+ P11,
Consider the projection of z¥ onto zer(T), Pzer(T)(Zk). By definition ||z¥ —

Pzerm(ik)” = dist(z*, zer(T)) (the minimum is attained since T is maxi-
mally monotone [13, Proposition 23.39]), and we have

125 = Poer) EN < 125 = Prer(r) (9N + 112]] = dist (2", zex(T)) + ||12¥]]

< EnllZf) + 128 < En+ DIPTUM2ZR I, (2.24)

where & = |H — M|| + %HPH It follows from (2.24) that
distg (2" zer(T)) <||2F = Perer ENEF < (En+D2IPISIIZHNZ.  (2.25)

By definition we have ||z¥ — Pgerm(zk)ﬂs = dists(z, zer(T)), and since
inequality (2.9) holds for all z* € zer(T), it follows that
distg(z**!, zer(T)) <12 =P ) (Z9)I13

|12 =Py G = ARG = ARI(H+M)ZF 1 2 112117
=dist§(zF, zer(T)) = A (6 Ap) [I(H+M)" || 2 125113 (2.26)
<dist3(zF,zer(T))~ Ak (6-Ap)ISTVA(H+M)P~V2 2|22 (2.27)
<dist} (2", zer(T))— 222 st} (2, zex(T)),

where ¢ = (& + 12|[P7H|[ISIIIS™/2(H + M*)P~'/2||2 and in the last in-

equality we used (2.25). It follows from (2.5) that there exists k € IN

such that (Ax(6 — Ax));; € [T, 0) for some 7 > 0. Hence, the sequence

(dists(z*, zer(T)))ren converges Q-linearly to zero. Thus, R-linear conver-
gence of (||2X]|p), o follows from (2.27).
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Step 4 of Algorithm 2.1 and (2.26) yield

1251 = 2813 = AZ)I(H + MM A 1IEM
62
<= (distg(zk, zer(T)) — dist3(z5*1, zer(T))).

Therefore, (]|z**! - z¥||s), . converges R-linearly to zero. This is equiva-
lent to saying that there exists ¢ € (0,1), ¥ € (0, ), k € N such that for
allk > k, ||zF*1 = zF||s < xc* holds. Thus, for any j > k > k we have
‘ i—1, i ; -1 o j

2 — s < BI 12— 2ills < 5 wel < S2wel = 2k, (228)
Hence, the sequence (zF)ken is a Cauchy sequence, and therefore con-
verges to some z € H. From uniqueness of weak limit and Theorem
2.1(iii) we have z € zer(T). Let j — co in (2.28) to obtain R-linear conver-
gence of (z5)ken. O

In the special case when C = 0, M is skew-adjoint, K = M and S = P,
the operator P € Z(H) can be a self-adjoint, positive operator rather than
a strongly positive operator. Under these assumptions AFBA simplifies
to the following iteration:

zk = (H+ A)'pzF (2.29a)
2K = 2K 4 A (EF - 2R, (2.29b)

Notice that if P was strongly positive, this could simply be seen as proxi-
mal point algorithm in a different metric applied to the operator A + M,
but we have relaxed this assumption and only require P to be positive. Be-
fore providing convergence results for this algorithm we begin with the
following lemma, showing that the mapping (H + A)™! has full domain
and is continuous when H has a block triangular structure with strongly
positive diagonal blocks, even though its symmetric part, P, might not
be strongly positive. This lemma motivates the assumption on continu-
ity of (H + A)™'P in Theorem 2.6. As an application of this theorem in
Proposition 2.7(iii), when P is positive with a two-by-two block structure
(see (2.54a) in the limiting case 6 = 2), DRS is recovered.

Lemma 2.5. Let H = H, & --- & Hy, where Hy,--- , Hy are real Hilbert
spaces. Suppose that A is block separable and H has a conformable lower (upper)
triangular partitioning, i.e.,

Az (A1z1,--+ ,ANZN),
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N
H:zw (Huz1, Haz1 + Hoza, -, ZHNij)r (2.30)
=1

where z; € H; fori=1,--- ,N,z = (21, ,zn) € H, and H;; € B(H;, H;)
fori,j=1,-+- ,N.Fori=1,---,N, assume that A; is maximally monotone,
and H;; € %, (H;) with t; €]0, 00]. Then, the mapping (H + A)~! is continuous
and has full domain, ie., dom((H + A)™Y) = H. Furthermore, the update
z = (H + A)~'z is carried out using

) (Hi + A1) 'z, i=1;

Zi = _ i _ . 2.31
{(Hll +Al) 1(Zi - Z;:i HI]Z])/ 1= 2/ e /N/ ( )

where Z = (Z1,--+ ,ZN) € H.

Proof. We consider a block lower triangular H as in (2.30), the analysis for
upper triangular case is identical. The goal is to consider A;’s separately.
Letz = (H + A)~'z with z = (Z1,- - , Zn). The block triangular structure
of H in (2.30) yields the equivalent inclusion z; € A;Z; + Zj’:l H;jzj, for
i =1,---,N. This is equivalent to (2.31), in which, each z; is evaluated
using z; and Z; for j < i. For the first block we have z; = (Hyp + A1)z
Since Aj is monotone and Hy is strongly monotone, it follows that Hy1+A41
is strongly monotone, which in turn implies that (H1 +A; )"l is cocoercive
and, as such, at most single-valued and continuous. Since A1 is maximally
monotone and Hj is strongly positive we have

dom ((Hy1 + A1)™") = ran(Hiy + A1) = ran(id + A1 Hy') = H,,

where the last equality follows from maximal monotonicity of A1H;' in
the Hilbert space defined by endowing H; with the scalar product (-, -) Hs
and Minty’s theorem [13, Thm. 21.1]. For the second block in (2.31) we
have Z, = (Hy + A2) Yz — H21Z1). Hence, by the same argument used
for previous block, (Haz + A>)7! is continuous and has full domain. Since
(zo — Hynz1) and (Hp + As)™! are continuous, so is their composition
(Hx + A2)"Y(z2 — Hy1Z1). Follow the same argument for the remaining
blocks in (2.31) to conclude that (H + A)~! is continuous and has full
domain. O

The next theorem provides convergence and rate of convergence re-
sults for algorithm (2.29a)-(2.29b) in finite-dimensions by employing the
same idea used in [53, Thm. 3.3]. The idea is to consider the operator R =
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P+id—-Q, where Q is the orthogonal projection onto ran(P). The proof pre-
sented here is for a general P and it coincides with the one of Condat [53,
Thm. 3.3] for a special choice P € Z(K) : (x,y) = (y lx —y,—x +yy).

Theorem 2.6. Suppose that H is finite-dimensional. Let P € .7 (H), P > 0,
M e B(H) a skew-adjoint operator and H = P + M. Consider the iteration
(2.292a)-(2.29b) and assume zer(T) + D where T = A+M. Furthermore, assume
that (H +A)~'P is continuous. Let (A k) e be uniformly bounded in the interval
(0,2). Then,

(i) (zk)kdN converges to a point in zer(T).
(ii) Let Q be the orthogonal projection onto ran(P), and R = P +id — Q. The
following convergence estimates hold:

P
1Pzt = P22 < L1020 - 2|2, (2:32)

for some constant T > 0, and ||PzF1 — Pz5||2 = o(1/(k + 1)).

Proof. (i): Since P is not strongly positive, it does not define a valid inner
product. Consider R := P +id — Q, where Q is the orthogonal projection
onto ran(P). We show that by construction R is strongly positive. By the
spectral theorem we can write Pz; = UAU"z1, where U is an orthonormal
basis consisting of eigenvectors of A. Consider two sets: s; = {i|A’ # 0}
and s, = {i|[A' = 0}. Denote by U; the orthonormal basis made up of
u; for i € s1. Then, ran(P) = ran(U;) and we have Q = U;U;. For
any z € H, z = z1 + zp where z; = Qz and z; = (id — Q)z. Then,
Rz = Pz+z-Qz = Pz1+zpand (Rz,z) = (Pz1+2,z) = (Pz1, z1) + || 22|
If z; = 0 then (Rz,z) = ||z2]|> = ||z||*. Suppose that z, # 0 and z; # 0.
Denote by Amin the smallest non zero eigenvalue of P. We have

(Rz,z) = (Pz1,21) + ||22|* = (UAU 21, 21) + || 22|
= (AU’z1, U'z1) + |22l = Amin | Ujz1 |1 + [|22]?
= Amin(z1, Qz1) + l|22]1* = Aminllz11* + [|2]1?
> min{1, Amin}z]/*

If zo = 0 the above analysis holds with z = z; and result in strong
positivity parameter equal to Amin.

We continue by noting that by definition we have Q o P = P, and
symmetry of P yields P o Q = P. Therefore, R o Q = P and for z € H we
have

(Pz,z) =(QPz,z) = (Pz,Qz) = (RQz, Qz), (2.33)
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which will be used throughout this proof. Observe now that for z* €
zer(T) # 0 we have —Mz* € Az*. By monotonicity of A and (2.29a) we
have (MzX — Mz* + P2k, z* — 2Ky > 0. Then
0 < (MzF — Mz* + PzK, 2% — 2F) = (pzk, 2% - zF)
= (Pz¥,Qz* - Q") + (RQZ", QZF) - (RQZ", QZ%)
= (Pz¥,Qz* - Qz") - Q2" I}, (234)

where the equalities follows from skew-symmetricity of M and (2.33). We
show that ||Qz* — Qz*||r is decreasing using (2.34):

1QzF — Qz*|12 = |QzF — Qz* + A,QzF|3
= [1Qz" — Qz*|I% + 244 (Qz* — Qz*, PF) + A2|1QzF |2
< 1QzF — Qz*|13 - Ax(2 — Ap)IQZ"12. (2.35)

Let us define the sequence x* = QzF and ¥* = Qz* for every k € N. Then,
since P o Q = P the iteration for x¥ = QzF is written as

= Q(H + A)7'P(x%)

= K 4 A (7 - x6). (2.36)

LetG = (H+A) 'Pand G’ = QoG. It follows from H = P+ M and (2.29a)
that
0 € T(G(z)) + PG(z) — Pz. (2.37)

Use (2.37) and monotonicity of T at z* € zer(T) and G(z*) to derive
0 < (G(z*) - z*¥, Pz* — PG(z")). (2.38)

In view of (2.38) and positivity of P, we have (G(z*) —z*, PG(z*)—-Pz*) =
0, and by [13, Cor. 18.18], PG(z*) — Pz* = 0. Hence, since Ro Q = P,
we have RQG(z*) — RQz* = 0, and strong positivity of R implies Qz* =
QG(z*) = QG(Qz*), where the last equality is due to G o Q = G. Thus,
Qz* is a fixed point of G’ = QG. We showed that if z* € zer(T) then
Qz* € fix(G'), i.e.,

Qzer(T) C fix(G'). (2.39)

Furthermore, for any x* € fix(G’) we have Px* = PG'(x*) = PQG(x*) =
PG(x*). Combine this with (2.37) to derive G(x*) € zer(T). Therefore,
x* = G'(x*) = QG(x*) € Qzer(T). This shows that if x* € fix(G’),
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then x* € Qzer(T), i.e., fix(G’) € Q zer(T). Combine this with (2.39) to
conclude that the two sets fix(G’) and Q zer(T) are the same. On the other
hand, we rewrite (2.35) for x* and x*:

1! = Qz* I < IIx* — Qz*If = A2 = AW — NIz (240)

Therefore, (xk)k N 18 R-Fejér monotone with respect to fix(G’). Since
(Ak), oy is uniformly bounded in (0, 2), it follows that

G'(xF)—xF =5k —xk > 0. (2.41)

Let x be a sequential cluster point of (O een, say X, — X. G’ is continuous
since G’ = Q o G and G is assumed to be continuous. Thus, it follows
from (2.41) that G’(x) —x = 0, i.e., x € fix(G’). This together with Fejér
monotonicity of xk with respect to fix(G’) and [13, Thm. 5.5] yields xk —
x € fix(G).

The proof is completed by first using G o Q = G and continuity of G
to deduce that z¥ = G(z¥) = G(x¥) converges to G(x*) € zer(T), and then
arguing for convergence of zX. We skip the details here because they are
identical to the last part of the proof in [53, Thm. 3.3]).

(ii): Follow the procedure in the proof of Theorem 2.3 to derive (2.18),
except that in this case the cocoercive term is absent. This yields

0< <—M(Zk _ Zk+1) _ H(Zk _ Zk+1), Zk _ 2k+1> _ (H(zk _ Zk+1), Zk _ Zk+1>.

(2.42)
Since H = P + M and M is skew-symmetric, (2.42) simplifies to
0< (—P(Zk _ Zk+1), Zk _ Zk+1> + <—P(Zk _ Zk+1), Zk _ 2k+1>
= —[1Qz" - Q2| + Aw(PZF, 2" - 2T, (2.43)

where we used (2.33) and (2.29b). Using identity (2.21), we derive

1QzF|12 — |Qz"1 |2 = 2(RQzF, QzF — Qz**1y — ||QzF — QzF112
— 2<P2k,2k _ -Z~k+1> _ ”sz _ Q2k+1“12{

> (£ -1)I07" - 02", (244)
where we made use of (2.43). Consider (2.35) and sum over k to derive
DA = AIQE IR < 11Q2° - Qz* I3, (245)
i=0
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Inequality (2.44) shows that ||Q2k||1% is monotonically nonincreasing.
Combined with (2.45) and uniform boundedness of Ay, i.e., (Ak) o €
[e,2 — €] for some € > 0,

1Q2F12 < ———11Qz" — Qz*]I3. (2.46)

(k+ 1) (k +1)e2
Furthermore, it follows from (2.36) and definition of x*, ¥* that

I = oM IR = ARNQZH IR < 2 - e?IQ2 |- (247)
Combine (2.47) and (2.46) to derive

2
It - x5 < 22020 - 0zt @49

This establishes big-O convergence for (x¥) ren- Lhe little-o convergence of
|Qzk ||I% and subsequently ||x* — x*+1 I|§ follows from (2.44), (2.45) and [57,
Lem. 3-(1a)]. We derive from (2.33) that [|x¥ — x**1||2 = (zF — z+1 P(zF -
zk*1)). Then, it follows from [13, Cor. 18.18] that

IP2* = PZE 2 < ||PJl[|x* — xR (2.49)

Sett = (2 Bcp’ and combine (2.49) with (2.48) to yield big-O convergence

for the sequence (Pz¥)ien. Similarly, little-o convergence follows from that
property of ||xk — xk+1 ||12{ O

2.3 Operator splitting schemes as special cases

We are ready to consider some important special cases to illustrate the
importance of parameters S, P and K. Further discussion on other special
choices for the parameters appear in Chapter 3 in the framework of convex
optimization with the understanding that it is straightforward to adapt
the same analysis for the corresponding monotone inclusion problem.

2.3.1 Forward-backward splitting

When H = y7lid, S = id and M = 0, Algorithm 2.1 reduces to forward-
backward splitting (FBS):

zF = (id + yA)~1dd - yC)ZF
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M = 2K A, (28 - 2F).

Let 5 be the cocoercivity constant of C with respect to the canonical norm
Il - Il, then /v is the cocoercivity constant with respect to the P norm and
condjition (2.5) of Theorem 2.1 becomes
(A)ken € [0,6] with 6=2- % y €(0,4p), liminf 15— Ay) > 0.
(2.50)

This allows a wider range of parameters than the standard ones found
in the literature. The standard convergence results for FBS are based on
the theory of averaged operators (see [52] and the references therein) and
yield the same conditions as in (2.50) but with y € (0,28] (see also [53,
Lem. 4.4] and [13, Thm. 26.14]). Additionally, if C = 0, FBS reduces to the
classical PPA.

The convergence rate for FBS follows directly from Theorem 2.3. Since
D = y~2id and P = y~lid, (2.14) holds with ¢; = ¢; = y 1. Consequently,
if (Ak(6 — Ak))ken C [T, o0) for some 7 > 0, we have

1
t(k+1)

sk2 2
12511 < 120 = 2*|1%,

and [|2%])? = o(1/(k + 1)).

2.3.2 Solodov and Tseng

In Algorithm 2.1, set C = 0, H = id and A = Nx where X is a nonempty
closed convex set in H. Then, Algorithm 2.1 reduces to

K = Py (zF - MzZF) -z
2 = 2K ST (Ad + MOEE,  ag = WP jddem

recovering the scheme proposed by Solodov and Tseng [151, Alg. 2.1].

2.3.3 Forward-backward-forward splitting

Consider Algorithm 2.1 when M is skew-adjoint and set H = y~1id, S =
id. We can enforce ay = y by choosing Ax = (y||(y~tid + M*)z¥||/|12¥]))2.
It remains to show that the sequence (Ay)ren satisfies the conditions of
Theorem 2.1. Since M is skew-adjoint, we have A, = 1+ (yIMz¥|/112%11)?,

and if the stepsize satisfies y € (0, [[M||7'y/1 —1/(2B)), then (Ax)ken is
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uniformly bounded between 0 and 6 (in fact it is larger than 1) and thus
satisfies (2.5). Under these assumptions Algorithm 2.1 simplifies to

zF = (id + yA)(id - yM - yC)zk

This algorithm resembles the FBFS [162]. Indeed, if C = 0, then the range
for the stepsize simplifies to y € (0, |[M||™!) and yields the FBFS when its
Lipschitz operator is the skew-adjoint operator M.

2.3.4 Douglas-Rachford type with a forward term

We now focus our attention on a choice for P, K and S that lead to a
new Douglas-Rachford type splitting with a forward term. Consider the
problem of finding x € H such that

0€e Dx +Ex + Fx, (2.51)

together with the dual inclusion problem of finding y € H such that
there exists x € H,
{0 €Dx+Fx+y (2.52)

0eEly—nx.

where D : ‘H 3 H, E : H 3 H are maximally monotone and F :
H — H is n-cocoercive with respect to the canonical norm. Let K be
the Hilbert direct sum K = H & H. The pair (x*, y*) € K is called a
primal-dual solution to (2.51) if it satisfies (2.52). Let (x*, y*) € K be a
primal-dual solution, then x* solves the primal problem (2.51) and y*
the dual (2.52). In this section, we assume that there exists x* such that
x* € zer (D + E + F). This assumption yields that the set of primal-dual
solutions is nonempty (see [50, 26] and the references therein for more
discussion).

Reformulate (2.52) in the form of (2.2) by defining

A:K3K:(x,y)— (Dx,Efly), (2.53a)
Me B(K):(x,y)— (y,—x), (2.53b)
C:K—->K:(x,y)— (Fx,0). (2.53¢)

The operators A and M are maximally monotone [13, Prop. 20.23 and Ex.
20.35]. It is easy to verify, by definition of cocoercivity, that C is cocoercive.
Let y > 0, 0 € [0,2], (the case of 8 = 2 can only be considered in the
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absence of the cocoercive term and results in classic DR, see Proposition
2.7). Set

PeB(K):(x,y)— (y'x-10y,-10x +yy), (2.54a)
KeZ(K):(x,y)— (30y,-30x), (2.54b)
SeBK): (x,y)— (B-0)y'x—y,—x+yy). (2.540)

The operators S and P are strongly positive for 6 € [0,2) [96, Lem. 5.1,
5.3]. The operator H = P + K is given by

HeBK): (x,y)— (ylx,-0x +yy). (2.55)

Notice that H has the block triangular structure described in Lemma 2.5.
By using this structure as in (2.31) and substituting (2.54), (2.55) in Algo-
rithm 2.1, after some algebraic manipulations involving Moreau’s identity
as well as a change of variables s* := x* — yy (see proof of Proposition
2.7 for details), we derive the following algorithm:

Algorithm 2.2 Douglas-Rachford Type with a Forward Term

Inputs: xp € H,so € H
fork=0,1,...do

xk = J),D(sk — yFxk)

k= J,p(6xF + (2 - 0)xk — s)

k+1

sk+l = gk 4 pk(rk —x5)

Xkl — k4 Pk(fk _ xk)

In the special case when py = 1, the last line in Algorithm 2.2 becomes
obsolete and ¥ can be replaced with x¥*1. The next proposition provides
the convergence properties for Algorithm 2.2.

Proposition 2.7. Consider the sequences (xF)een and (s%)ren generated by Al-
gorithm 2.2. Let n € (0, +00) be the cocoercivity constant of F. Suppose that one
of the following holds:

(i) 0 €[0,2),y € (0,n4- 02)) and the sequence of relaxation parameters
(pr)ken is uniformly bounded in the interval

0 4-0-y/n
"2-0)2+V2-0)]
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(ii) F=0,0 €[0,2), y € (0,00), and sequence (pi)ren uniformly bounded
in the interval
(piken € (0,2-V2-0).

(iii) F=0,0 =2,y € (0,), (pk)keN uniformly bounded in the interval
(0,2), and K is finite-dimensional.

Then, there exists a pair of solutions (x*,y*) € K to (2.52) such that the
sequences (x*)rew and (s*)rew converge weakly to x* and x* —y y*, respectively.

Proof. (i): Let us start by noting that P and S defined in (2.54) are strongly
positive if 8 € [0,2) [96, Lem. 5.1, 5.3].

Next, consider step 3 of Algorithm 2.1 and Substitute the parameters
defined in (2.54), to derive

a _ NI y U + IR - 07, 7)
A 253y 702 =30 + FIP + y 7P + 201 - 6)(F, 75
(2.57)

where D is defined in (2.3) and by construction is strongly positive. Let
Ak be equal to the inverse of the right hand side in (2.57) multiplied by
px where (pr)ken € (0,2). This would result in ax = pr and simplify the
iterations. Consider C defined in (2.53c), we have

’ -1 ’
ICz—CZ'|I7., = y(1-16%) ||ICz - CZ|*.

From here it is easy to see that C is -cocoercive with respect to P norm,
where g = 17y71(1 — 162). In order to apply Theorem 2.1, condition (2.5)
must hold. From strong positivity of D, boundedness of P and the fact
that py is uniformly bounded above 0 it follows that (Ax)ren S (v1, 00) for
some positive vi. Let v, be a positive parameter such that

1 20k2+V2-0)
<2 —-tEs e

2B 2+0 ’ (2:58)

holds for all k € IN. It’s easy to verify that such v, exists as long as pi is
uniformly bounded in the interval (2.56). For brevity, we define p’ such
that 2%3’ = ﬁ + v2. Additionally, introduce the notation v = (2 - ziﬁ,) / Pk,
w1 =v0+2(1-0), w, = 0%>-30+3. We proceed by showing that Ay is
smaller than 2 — ﬁ — v,. A sufficient condition for this to hold is

&=y (W= @)lIF + (0 = DIFI? = wi (5, 7*) > 0. (2.59)
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|| to lower bound &:

Apply the Fenchel-Young inequality for £|| -

&2 (y (v =w) ~ ol §)IFIP + (0 = 1) = |5 1717, (2.60)

where | - | is the absolute value. It follows from (2.58) that v > 1 for all
k € N.Lete = Z)J(“;l_ll) so that the term involving || *||? in (2.60) disappears.
We obtain

2
@3

y—l(u —wy— 4(v_l))nazknz >0, 2.61)

which is sufficient for (2.59) to hold. By substituting w1 and w and after
some algebraic manipulations we find that the condition (2.58) is sufficient
for the right hand side in (2.61) to be positive. Consequently, Theorem 2.1
completes the proof of convergence. We showed that we can set oy = pi
by choosing A, appropriately. Algorithm 2.2 follows by setting ax = py,
a change of variables s* = x¥ — yy¥, substituting x**! and application of
Moreau’s identity.

(i1): Mimic the proof of (i), but use Theorem 2.1 with C = 0, by showing
that Ay is uniformly bounded between 0 and 2.

(iii): When 6 = 2, we have P € .(K), P > 0. It follows from (2.53a),
(2.55) and Lemma 2.5 that (H + A)™'P is continuous. Therefore, since
F = 0, by appealing to Theorem 2.6 and following the same change of
variables as in previous parts the assertion is proved. O

The next proposition provides convergence rate results for Algorithm
2.2 when 6 = 2, based on Theorem 2.6. Similarly, for the case when
0 € [0, 2), convergence rates can be deduced based on Theorem 2.3. Fur-
thermore, when metric subregulariy assumption in Theorem 2.4 holds,
linear convergence follows without any additional assumptions.

Proposition 2.8 (convergence rate). Let K be finite-dimensional. Consider the
sequences (x*)rew and (s¥)rew generated by Algorithm 2.2. Let F = 0, 0 = 2,
y € (0, ), and (px)ken be uniformly bounded in the interval (0, 2). Then

k+1 k2 0 2
I~ sFP < 4 11Q2° - Q|

and ||s**1 — s¥||2 = o(1/(k + 1)) for some constant T > 0, where Q is the
orthogonal projection ontoran(P), R = P+id—Q, and zF = (x*, y~1(x* - s¥)).

Proof. Following the argument in proof of Proposition 2.7(iii) and Theo-
rem 2.6(i7) yields

P
1Pt - P22 < L1020 - Q2|12 (2:62)
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and ||Pz"*1 = Pz¥||2 = o(1/(k+1)), where zF = (x¥, y~1(xk - s)). Combine
this with definition of P, (2.54a) with 6 = 2, to derive

P2 = P2F|2 = (14 72| = 55|12 (2.63)

Furthermore, simple calculation shows that P> = (y + y~1)P. Hence for
allze K

IPz||> = (y + 7" )(z, Pz)

=@ +y O I+ yllyli* = 2¢x, v))
<(y+y 2zl (2.64)

where we used Fenchel-Young inequality with € = y.Itfollows from (2.64)
that ||P|| < (y +7!). Combining this with (2.62) and (2.63) completes the
proof. O

Remark 2.9. Recently, another three operator splitting algorithm was
proposed in [58] which can also be seen as a generalization of Douglas-
Rachford method and allows a third cocoercive operator. In the afore-
mentioned paper, the forward step takes place after the first backward
update, while in Algorithm 2.2 it precedes the backward update. The
parameter range prescribed in [58, Thm. 3.1] is simply y € (0,27) and
(Pr)ken € (0,2— 2117), while for Algorithm 2.2 it consists of y € (0, n(4—06?))
with relaxation parameter uniformly bounded in the interval (2.56). For
0 € [0,V2), Algorithm 2.2 can have larger stepsize but it is important
to notice that this might not necessarily be advantageous in practice be-
cause the upper bound for the relaxation parameter in (2.56) decreases as
we reduce 0. For example if we fix p; = 1, conditions of Proposition 2.7
become 6 € (1,2) and y/n € (0,(2 — 6)(6 — V2 — 0)). This stepsize is al-
ways smaller that the one of [58]. However, if the relaxation parameter py
is selected to be small enough then y can take values larger than the one
allowed in [58]. In Section 3.5 numerical simulations are performed for
the two algorithms which indicate that on dual support vector machine
problem Algorithm 2.2 is slower presumably due to smaller stepsize.

O

Remark 2.10. In Algorithm 2.2 the case 0 = 2, py = 1 with F = 0 (see
Proposition 2.7(iii)) yields the classical DRS [108]. This choice of P is
precisely the one considered in [53, §3.1.1]. O
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ADMM form

Consider the following problem

minimize  fi(x1) + fa(x2) + f3(x3) (2.65a)
X1,X2,X3
subject to  Lix1 + Loxo + Laxz =D, (2.65b)

where f; € To(H;),Li € B(H;, Hy),i=1,2,3,and b € HywithHi, ..., H,
denoting real Hilbert spaces. Additionally, f1 is &-strongly convex for
some & €]0, +oo[. It is well known that the classic Alternating Direction
Method of Multipliers (ADMM) is equivalent to Douglas-Rachford algo-
rithm applied to the dual problem (see [29] and the references therein).
We derive a new 3-block ADMM iteration in a similar way. Consider the
dual problem

mini;nize di(y) + da(y) + ds(y), (2.66)

where d1(y) = fl( -L y) da(y) = fz( L} y) and d3(y) = fg( -L: y) +(y,b).
By strong convexity of f1 we have that d1 has a &71||Ly?- Llpschltz gradi-
ent. Form the augmented Lagrangian

Ly(xlle/xSIJ/) Zﬁ(x)+<]//ZL Xi— >+g

i=1

2

231 Lixi—b
i=1

We apply Algorithm 2.2 with pj = 1 to the monotone inclusion associated
with (2.66) and after a change of order and some algebraic manipulations
we derive Algorithm 2.3 (the procedure is similar to the one found in [66,
§3.5.6] for the classic ADMM). Our 3-block ADMM can be written as

Algorithm 2.3 3-block ADMM
Inputs: (x¥, x3,x3) € Hy x Hy X Hs, (y°, y') € Hy x Hy
fork=0,1,...do
7 =0 -1y +2-0)y*!

xk*1 = argminy, Lo(x1, x5, xlgfr v

x5! = argminy, £, (x¥, x2, x%, %)

= argmlnrs Ly(, x5, 28, )

YRl = gk 4 )/(lelch + szlzﬁ'l + L3x§+1 -b)
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Proposition 2.11. Let H;, ..., Hy be finite-dimensional, f; € To(H;), b € Ha,
Li € B(H;i, Hy) for i =1,2,3 and ker(Lp) = {0}, ker(L3) = {0}. Let & €
10, +oo[ be the strong convexity constant of f1. Assume that the set of saddle
points of (2.65), denoted by ¥, is nonempty. Let O €]1,2[ and

y < &@2-0)(0-V2-0)/IIL|*. (2.67)

Then the sequence (x’l‘ , x’Z‘ , x§, y¥)rew generated by Algorithm 2.3, converges to
some (x, x5, x;, y*) e X

Proof. Let (x}, x5, x; , y*) denote a KKT point of (2.65), i.e.,

: * * %k | =
{0 € afl(xi )+ Liy™, for i=1,2,3 (2.68)

0=b- lef - LQX; - L3X§.

Algorithm 2.3 is an implementation of Algorithm 2.2 for solving (2.66).
Hence, Proposition 2.7 yields y¥ — y, where y is a solution to (2.66). Let
x1 be a point satisfying —L}y € d fi(x1). From strong convexity of f at x;

k+1
1

and x¥™*, we have

(Vu € dfi(xF (Vo € dfi(x1)) &l — 2P < (u =0, x5 = xy).

It follows from the optimality condition for the x’lchl update and the
definition of x; that

k+1 2 k k41 k+1 k
Elley™ = xll* < (=Liy" + Liy, x1" = x1) < |[Lalllley™ = xalllly” = wll.

Combine this with the convergence of (y*)ien to derive x’l‘ — x1. From

the change of variables to derive Algorithm 2.3 we have
sk — yk = —)/le’f - ngxé‘, (2.69)

which together with the convergence of (sF)ken, (yk)kej[\] (see Proposi-
tion 2.7) and (x1,4)ken imply that (L3x’3‘)k€]N converges to a point. Since
ker(L3) = {0}, it follows that (x3,,)ken converges to some x3. From the op-

timality condition for the x’g” update and the last step in Algorithm 2.3,
we have
—Lyy** = —L5 g% — yLy(Liaf ™ + Loxb™ + Laxk™ — b) € 9 f5(x5™1).

Taking the limit and using [13, Prop. 20.38(iii)], we have —L3y € d f3(x3).
On the other hand, Theorem 2.1(ii) and the last line of Algorithm 2.3 yield

Yol —yk -0, and Lixk+ Loxk + Lyxk — b (2.70)
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It follows from (2.69), (2.70), and the convergence of (sF)ken, (yk)ke]N that
(szlz‘)ke]N converges to a point. We can now argue almost exactly as we
did for (L3x’3‘)ke]N. Since ker(L;) = {0}, we deduce that (x2,, )ren converges
to some x,. Combine the optimality condition for the x’z‘Jrl update and the
last step in Algorithm 2.3 with the convergence of y*, to derive -Lyy €
dfr(x2). Altogether, we showed that the limit points (x1, x, x3, y), are
jointly optimal by the KKT condition (2.68). O

Remark 2.12. The convergence rate of Algorithm 2.3 can be deduced
similar to Algorithm 2.2 from Theorems 2.3, 2.4 and 2.6 with px = 1.
However, we do not consider it here. O

Remark 2.13. In the case when f; = 0 we can choose the limiting value
0 = 2 and recover the classical ADMM (see Proposition 2.7(iii)). On
the other hand if f, or f3 vanish, the Alternating Minimization Method
(AMM) [160] is recovered. Finally, when both f, and f3 vanish then the
dual ascent method is recovered. O

Remark 2.14. In [58, Alg. 8], another 3-block ADMM formulation is pre-
sented by following similar algebraic manipulations (It is derived by
applying their Algorithm 7 to the dual). It should be noted that they do
not require rank assumptions on Ly, L3. In contrast to that work in our
version (x'f)keN and (x’é)kE]N are updated in parallel which corresponds
to the fact that in Algorithm 2.2 the forward step precedes the first prox
step. Furthermore, in our algorithm, (x’z‘ )keN and (x’3‘ )ken are updated us-
ing the augmented Lagrangian at (6 — 1)y* + (2 — 0)y*~! rather than y*.
Moreover, the stepsize in [58, Thm. 2.1] has to satisfy y < 2&/||L1||>. This
is always larger than the stepsize in (2.67). Refer to Remark 2.9 for further
discussion, noting that Algorithm 2.3 is derived by setting the relaxation
parameter, pi, equal to one. O

Remark 2.15. Some of the other recent attempts to directly generalize
ADMM for 3 blocks include [33, 42, 81, 103, 107]. In [42], it was shown
through a counterexample that a direct extension of ADMM to more
than 2 blocks is not convergent in general. In order to ensure convergence,
additional assumptions on strong convexity of the functions or rank of L;’s
are needed. In [33] the authors require one function to be strongly convex
and L, and L3 to have full column rank, while [103] modify the steps with
regularization terms and [107] solves a perturbed problem (see [107] and
the references therein for further discussion). In contrast to these papers,
the first minimization step of Algorithm 2.3 consists of minimizing a
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normal Lagrangian rather than an augmented one (therefore it can be
trivially executed in a distributed fashion in the case where f; is block-
separable) and it can be performed in parallel to the second step. O

2.4 Conclusions

In this chapter the operator splitting technique asymmetric-forward-
backward-adjoint splitting (AFBA) was introduced for solving monotone
inclusions involving three terms. We discussed how it relates to, unifies
and extends classical splitting methods. Asymmetric preconditioning is
the main feature of AFBA that can lead to several extensions and new al-
gorithmic schemes. We make extensive use of the results of this chapter in
the next five chapters where we study primal-dual proximal algorithms
for distributed applications.

We conclude by noting some recent developments. In Section 2.3.3
it was shown that a special case of AFBA coincides with the classical
forward-backward-forward splitting (FBFS) when the Lipschitz opera-
tor in FBFS is skew-adjoint. Interesting recent work [78] proposes a four
operator splitting that recovers AFBA as well as the forward-backward-
forward splitting (FBFS). Moreover, several new splittings have been pro-
posed recently that involve Lipschitz continuous operators but unlike
FBFS require only one evaluation of the Lipschitz operator per iteration
[116, 36, 146, 140].
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CHAPTER 3

A UNIFYING FRAMEWORK FOR PRIMAL-DUAL
PROXIMAL ALGORITHMS

This chapter is based on:

Latafat, P., and Patrinos, P. Asymmetric forward-backward—adjoint split-
ting for solving monotone inclusions involving three operators. Computational
Optimization and Applications 68, 1 (Sep 2017), 57-93.

Latafat P., Patrinos P., Primal-dual proximal algorithms for structured
convex optimization: a unifying framework, in Chapter 5 of Large-Scale and
Distributed Optimization, (Giselsson P, and Rantzer A., eds.), vol. 2227 of
Lecture Notes in Mathematics, Springer International Publishing, 2018,
pp- 97-120.

3.1 Introduction

In this chapter we revisit the convex optimization problem (1.1). As dis-
cussed in Chapter 1 this model is quite rich and captures a plethora
of problems arising in machine learning, signal processing and control
[49, 152, 92].

Here, we present a simple primal-dual framework that relies on the
splitting method introduced in Chapter 2. Recall that this splitting in-
volves a stepsize parameter @y (cf. Alg. 2.1), which is dynamically com-
puted at each iteration. We also consider a variant with constant stepsize
that serves to simplify the analysis for primal-dual algorithms discussed
in Section 3.2.1. We provide a general and easy-to-check convergence con-
dition for the stepsizes in Assumption 3.1l and Assumption 3.11I (for the
case with dynamically computed stepsize parameter). Furthermore, we
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discuss four mild regularity assumptions on the functions involved in
(1.1) that are sufficient for metric subregularity of the operator defining
the primal-dual optimality conditions (cf. Lem.s 3.8 and 3.11). Linear con-
vergence rate is then deduced based on the results developed for AFBA
(cf. Thm. 3.5). These results do not impose additional restrictions on the
stepsizes of the algorithms. It is important to note that the provided con-
ditions are much weaker than strong convexity and in many cases do not
imply a unique primal or dual solution.

It is worth mentioning that another class of primal-dual algorithms
was introduced recently that rely on iterative projections onto half-spaces
containing the set of solutions [4, 48]. This class of algorithms is not
covered by the analysis of this chapter.

3.2 A simple framework for primal-dual algo-
rithms

In this section we present a simple framework for primal-dual algorithms.
For this purpose we consider the following extension of (1.1)

minieﬁlnize p(x) = f(x)+ g(x)+ (hOl)(Lx), (3.1)

where [ is a strongly convex function. Notice that when | = 6, the
infimal convolution / O [ reduces to 1 and problem (1.1) is recovered. As
it will become apparent later in the chapter, the framework developed
here is not symmetric with respect to the primal and dual variables.
Some known algorithms are recovered by applying it to the dual problem
(where [ plays the role of the smooth term, see (3.2)).

Throughout this chapter the following assumptions hold for (3.1).

Assumption 3.1.

(i) ¢ : R" > R, h : R" — R are proper closed convex functions, and
L:R" — R’ is a linear mapping.

(ii) f : R" — R is convex, continuously differentiable, and for some
B € [0, 00), Vf is B r-Lipschitz continuous with respect to the metric
induced by some Q > 0, i.e., forall x, y € R":

IV (x) = VEWlig- < Brllx = yllo,
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(iii) 1 : R" — R is proper closed convex, its conjugate I* is continu-
ously differentiable, and for some B; € [0, 0), VI* is §;-Lipschitz
continuous with respect to the metric induced by some R > 0.

(iv) The set of solutions to (3.1), denoted by X*, is nonempty.

(v) (Constraint qualification) There exists x € ridom g such that Lx €
ridom#% + ridom [.

In Assumption 3.1(ii) the constant f ¢ is not absorbed into the metric
Q in order to be able to treat the case when Vf is constant in a uniform
fashion by setting s = 0. The same reasoning applies to Assumption
3.1(iii).
The dual problem is given by
minuieI]Ierize (¢ O f)=LTu)+h*(u) + I"(u). (3.2)

Notice the similar structure of the dual problem in which I, f and &, g
have swapped roles. A well-established approach for solving (3.1) is to
consider the associated convex-concave saddle point problem given by

mini%lnize maxi%}ize L(x,u) = f(x)+g(x)+(Lx, uy—h*(u)-I"(u). (3.3)

The primal-dual optimality conditions are

{0 €dg(x)+Vf(x)+LTu,

0 € Oh*(u) + VI* (1) — L. 34)

Under the constraint qualification condition, the set of solutions for the
dual problem denoted by U* is nonempty, a saddle point exists, and the
duality gap is zero. In fact for any x* € X* and u* € U*, the point (x*, u™)
is a primal-dual solution, see [143, Cor. 31.2.1] and [13, Thm. 19.1].

The right-hand side of the optimality conditions in (3.4) can be split
as the sum of three operators:

0 ag(x) V£(x) 0 L7\ (x
o) < (5 o0) = (vl (5 %) () )
Az Cz M T

Operator A defined above, is maximally monotone [13, Thm. 21.2, Prop.

20.23], while operator C, being the gradient of f(x,u) = f(x) + I*(u), is

cocoercive and M is skew-symmetric and as such monotone.
Throughout this section we use T to denote the operator above, i.e.,

0eTz :=Az+Cz+ Mz. (3.6)
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3.2.1 Primal-dual algorithms with constant stepsize

Algorithm 3.1 describes the proposed primal-dual framework for solving
(3.1). This framework is the result of solving the monotone inclusion (3.5)
using the three term splitting AFBA with constant stepsize as described
in Section 3.3. We defer the derivation and convergence analysis of Algo-
rithm 3.1 to Section 3.4.

The proposed framework involves two scalar parameters 0 € [0, o)
and u € [0, 1]. Different primal-dual algorithms correspond to different
values for these parameters. The iterates in Algorithm 3.1 consist of two
proximal updates followed by two correction steps that may or may not
be performed depending on the parameters p and 6. Below we discuss
some values for these parameters that are most interesting.

Notice that Algorithm 3.1 is not symmetric with respect to the primal
and dual variables; another variant may be obtained by switching their
roles (equivalently by applying the algorithm to the dual problem (3.2)).

Algorithm 3.1 A simple framework for primal-dual algorithms

Require: x’ € R", u° € R’, algorithm parameters p € [0,1], 6 € [0, o).
Initialize: X, I" and A based on Assumptions 3.11(i7) and 3.11(iii).
fork=0,1,...do

xk = prox?1 (x* =TLTuk —TVf(x))

ii* = proxy. (uf + ZL((1 - 0)x* + 0FF) — ZVI*(u"))

7k = gk —xk gk = gk —yk
XK = ok 4 A(ZF - p(2 - O)TLT k)
ubtt =k 4 A5 + (1 - p)(2 - 6)LE)

- X

In Section 3.4 we show that the sequence (x*, u¥) ren Senerated by Al-
gorithm 3.1 converges to a primal-dual solution if Assumption 3.1I holds.
Practical rules of thumb for selecting the stepsizes are presented in Section
3.5.

Assumption 3.II (convergence condition for Algorithm 3.1).

(i) (Algorithm parameters) 6 € [0, o), u € [0, 1].

(ii) (Stepsizes)T € S%,, L € SI,, and (relaxation parameter) A € (0, 2)
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(iii) The following condition holds

(E‘?‘? g) >0, (3.7)

where

2 -1 - (1-p-0)@2-0LTEL- L0,
(u=(1-w-6)-9LT,
(2 -1 - - O)LTLT - &R,

A
B
C

In Algorithm 3.1 the linear mappings L and L™ must be evaluated
twice at every iteration. In the special cases when u = 0,1 they may be
evaluated only once per iteration by keeping track of the value computed
in the previous iteration. As is evident from (3.7), the cases where both
the algorithm and the convergence condition simplify are combinations
of u =0,1, 6 = 0,1,2. Here we briefly discuss some of these special
cases to demonstrate how (3.7) leads to simple conditions that are often
less conservative than the conditions found in the literature. We have
dubbed the algorithms based on whether the two proximal updates can be
evaluated in parallel and if a primal or a dual correction step is performed.

The first algorithm is the result of setting 6 = 2 (regardless of )
and leads to the algorithm of Condat and Vi [53, 170] which itself is
a generalization of the Chambolle-Pock algorithm [38]. With this choice
of 0, the two proximal updates are performed sequentially while no
correction step is required. In the box below a general condition is given

for its convergence.
( )

SNCA (Sequential No Corrector Algorithm): 6 =2
Substituting 6 = 2 in (3.7) and dividing by % — 1 yields

I"—l _ Br Q LT
( 2(2-4) B > 0. (3.8)
-L Y- mR

If Q,R =id and I = yid, X = ¢id for some scalars y, o, then the
following sufficient condition may be used

oyILIP < (1- 7255 ) (1- 75), Ae©2.  (9)
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Notice that this condition is less conservative than the condition of
[53, Thm. 3.1] (see [96, Rem. 5.6]).

In the next algorithm proximal updates are evaluated sequentially,
followed by a correction step for the primal variable, hence the name
SPCA. Most notable property of this algorithm is that the generated se-
quence is S-Fejér monotone where S is block diagonal. The algorithm
introduced in [95] (discussed in Chapter 4) can be seen as an applica-
tion of SPCA to the dual problem when the smooth term is zero. Note
that SPCA can be transformed into SNCA (when A = 1and f = 0) by a
change of order, eliminating the primal variable x* and keeping the aux-
iliary primal variable &*. Below we comment on algorithms proposed in
[62, 95] emphasizing the close relation between them.

SPCA (Sequential Primal Corrector Algorithm): 6 =1, y =1,

A=1

In this case the left-hand side in (3.7) is block diagonal. Therefore

the convergence condition simplifies to

r1-fQso0, Tl-LrL"-&Rr>o0.

If Q =id, R =id, T = yid, £ = ¢id for some scalars vy, o, then it is
sufficient to have

vBs <2, oyllL|?<1-%LL (3.10)

This special case generalizes the recent algorithm proposed in [62].
In particular we allow a third nonsmooth function g as well as
the strongly convex function /. In addition to this improvement
our convergence condition with [* = 0 (set ; = 0 in (3.10)) is
less restrictive and doubles the range of acceptable stepsize y. The
convergence condition in that work is given in our notation as
yBs < land oy||L||> < 1[62, Cor. 3.2].

\. J

The next algorithm features sequential proximal updates that are fol-
lowed by a correction step for the dual variable, for all values of 6 € (0, o).
The parallel variant of this algorithm, referred to as PDCA, is discussed in
a separate box below. We have observed that selecting 0 so as to maximize
the stepsizes, i.e., 0 = 1.5, leads to faster convergence [100]. Moreover, if
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we set & = '}, this choice of y leads to a three-block ADMM or equiva-
lently a generalization of DRS to include a third cocoercive operator (see
Section 2.3.4).
P

N\

SDCA (Sequential Dual Corrector Algorithm): 6 € (0, ), 1 =0,
A=1
In this case the convergence condition simplifies to

r-l-(1-6)Q-0LtL-%Q -LT

1 B > 0.
-L L 1-4R

If I = 640y then B; = 0 and using Schur complement we derive the
following condition

- (6>-36+3)L"EL-%Q > 0.

If in addition Q = id, and I' = yid, £ = oid for some scalars y, o,
then we have the following sufficient condition

(62 =30 +3)ay||LI? < 1- 2L,
The next algorithm appears to be new and involves parallel proximal
updates followed by a primal correction step.

N
PPCA (Parallel Primal Corrector Algorithm): 0 =0, u =1
The convergence condition is given by

G-nr'-%q LT

>0
L 2 _q)p-l-2LrLT - BR

If f=0(setfs=0)and A =1, using Schur complement yields the
following condition
£ -3LTLT - &R > 0.

If in addition R = id and I' = yid, & = oid for some scalars y, o,
then the following sufficient condition may be used

30y|IL|* <1 - GTﬁ’
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The parallel variant of SDCA is considered below. Interestingly, by
switching the order of the proximal updates (since 6 = 0), PDCA may be
seen as PPCA applied to the dual problem (3.2).

N

PDCA (Parallel Dual Corrector Algorithm): 9 =0, u =0

In this case the convergence condition simplifies to

@ -nrl-207srL- Qo L7

> 0.
-L (2 -1zt - AR

If | = 640y (set f; = 0) and A = 1, using Schur complement yields
the following condition

r1-3L7xL-2Q >0

If in addition Q = id, and I' = yid, £ = oid for some scalars y, o,
then the following sufficient condition may be used

BoyIL|? <1 - %L,

The last special case considered here involves sequential proximal
updates followed by correction steps for the primal and dual variables.
As noted before for this choice of p, the linear mappings L and LT must

be evaluated twice at every iteration.
-

N
PPDCA (Parallel Primal and Dual Corrector Algorithm): 6 = 0,
u=0.5

In this case condition (3.7) reduces to:

-1 A Br -1 A T Bi
I - mLTZL - Z(Z_—MQ >0, X - erL - mR > 0.

IfQ=id,R=1id, A =1andT = yid, & = ¢id for some scalars y, g,
the following sufficient condition may be used

oY IILIP < min{1 - 22,1 — 2y,

This special case generalizes [31, Alg. (4.8)] with the addition of
the smooth function f and the strongly convex function /.
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Remark 3.1. In[180] anew primal-dual algorithm is proposed for solving
(3.1) that recovers the three term splitting of [58] when L = id. It is
interesting to note the relation to our framework. This algorithm is given
by [180, Eq. 4a-4c]:

u**! = prox ;. (uk +oLz* - aVl"(uk)) (3.11a)
xk+l — pI'OXyg (xk _ )/LTuk+l _ )/Vf(xk)) (3.11b)
T = 20k ok 4y VE(xF) - p V(R (311¢)

Let us consider SPCA, a special case of Algorithm 3.1 where 6 =1, u =1,
with A = 1, X = ¢id, I = yid. Change the order of the updates starting
from the dual update to obtain:

u**! = prox . (uk +oL7k - on*(uk)) (3.12a)
okl gk )/LT(uk+1 _ uk) (3.12b)
k1l = PLOX,) (xk+1 _ 7/LTMk+1 _ ]/Vf(xk+1))- (3.12¢)

In order to be able to compare the stepsizes of the two algorithms without
algebraic difficulty (see [180, Assumption 1 and Thm. 1]) set I = 640y and
Q = id. Using the above parameters in Assumption 3.1I(iii) we obtain the
following sufficient condition for (3.12):

yBr <2, yolLI? <1. (3.13)

This stepsize condition is the same as that of [180]. However, the two al-
gorithms are quite different in the way the primal variables are updated.
In Section 3.5, simulations are performed for solving dual support vec-
tor machine problems, and the results indicate very similar convergence
speed for the two algorithms, see Figure 3.2. O

3.2.2 Primal-dual algorithms with a dynamically updated
stepsize

In this section a variant of Algorithm 3.1 is discussed that involves a step-
size parameter that is computed based on the primal and dual variables
atevery iteration, leading to potentially larger stepsizes. This algorithm is
the result of applying AFBA Algorithm 2.1 to solve the monotone inclu-
sion (3.5). The algorithm converges to a primal-dual solution provided
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that Assumption 3.III holds. The analysis is detailed in Section 3.4. As
remarked in Section 3.2.1, Algorithm 3.1 is also not symmetric with re-
spect to the primal and dual variables, and a variant may be obtained by
switching their roles.

Algorithm 3.2 A simple framework for primal-dual algorithms

Require: x’ € R", u? € R’, algorithm parameters u € [0,1], 6 € [0, ).
Initialize: X, I' and A based on Assumption 3.111.
fork=0,1,...do

¥k = proxgl(xk —TLTu* —TVf(x*))

i* = prox.. (uf + ZL((1 - 0)x* + 0FF) — ZVI*(u*))

gk = gk — xk gk = gk — yk
Compute a according to (3.14)
XM = xk (8% - p(2 - 0)TLT k)

uktl = k4 ak(ﬁk +(1- u)(z — Q)ZLfk)

In Algorithm 3.2

IR, + ak )12, - o¢FF, LTa")

A = P
k V(Ek, ik

(3.14)

where

V(ES, @) = 12415 + 1812, + (1 - w1 - 0)2 - O)ILF* |12
+u2 = O)ILTE|F +2((1 - (1 - 0) — )", L"), (3.15)

Note that in many distributed applications the computation for the step-
size in (3.14) is disadvantageous since it would entail global coordination.
Nevertheless, if this is not a concern, it can lead to larger stepsizes.

In Section 3.4 it is shown that the sequence (x*, uk)k <N generated
by Algorithm 3.1 (resp. Algorithm 3.2) converges to a primal-dual solu-
tion if Assumption 3.II (resp. Assumption 3.1II) holds. Moreover, linear
convergence rates are established if either one of four mild regularity
assumptions hold for functions f, g,/ and h (cf. Cor. 3.12).

50



Assumption 3.III (convergence condition for Algorithm 3.2). Addition-
ally to Assumptions 3.11(7) and 3.11(ii) suppose that the following holds

— 1 [°]
I - B Q —zL7

6 -1 1 > 0. (3.16)
—5L - 2(2—/\)ﬁlR

3.3 Simplified asymmetric forward-backward-
adjoint splitting

A new three term splitting technique was introduced in Chapter 2 for the
problem of finding z € R” such that

0eTz =Az+Cz+ Mz, (3.17)

where A is maximally monotone, C is cocoercive and M is a monotone
linear mapping. AFBA in its original form includes the stepsize ay, (cf.
Alg. 2.1). Here we simplify the algorithm by considering a constant step-
size (cf. Alg. 3.3). This variant of AFBA is particularly advantageous in
distributed applications where global coordination may be infeasible.
Furthermore, unlike Algorithm 2.1, cocoercivity of the operator C is con-
sidered with respect to some norm independent of the parameters of the
algorithm, and the convergence condition is derived in terms of a matrix
inequality. These changes simplify the analysis for the primal-dual algo-
rithms discussed in Section 3.2. We remind the reader that Algorithm 3.1
is the result of solving the primal-dual optimality conditions using AFBA.
We defer the derivation and convergence analysis of Algorithm 3.1 until
Section 3.4. A basic key inequality that we use is the following.

Lemma 3.2 (three-point inequality). Suppose that C : R? — RP is cocoercive

with respect to || - ||y with U € S, and let V : RP — RP be a linear mapping

such that V o C = C (identity is the trivial choice). Then, for any three points
z,z',2z"” € RP we have
(Cz-Cz, 2/ =2") < LIV (z - 2)II};. (3.18)
Proof. Use the inequality, valid for any a,b € R?,
b) = 1 % _%b 1 2 b 2
(a,b) =2(3U2a,U"2b) < gllallg + DI, (3.19)
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together with (1.7) and V o C = C to derive

(Cz-Cz',z/ =z"y=(V(Cz-CZ),z- 2"y +(Cz - CZ, 2’ — z)
ﬁg(Cz -Cz,VT(z-2")+(Cz-Cz',z - z)
< 1llVT(z =2 + 1€z = CZ'IIF
_— (Cz-CZ,7z' - z)
< VT -2 O
The main reason for considering V is to avoid conservative bounds in
(3.18). For example, assume that the space is partitioned into two blocks
z = (z1,22) € R? with z; € R and z; € R??, and C : R? — R/ is given
by Cz = (Ci1z1,0) where C; : R — RP! is cocoercive. Using inequality
(3.19) without taking into account the structure of C, i.e., that Vo C = C
for V = blkdiag(I,,,0,,), would result in the whole vector appearing in
the upper bound in (3.18).
Algorithm 3.3 involves two matrices H and S that are instrumental to
its flexibility. In Section 3.4 we discuss a choice for H and S and demon-
strate how Algorithm 3.1 is derived. Below we summarize the assump-

tions for the monotone inclusion (3.17) and the convergence conditions
for Algorithm 3.3 (¢f. Thm. 3.4).

Assumption 3.IV.
(i) Assumptions for the monotone inclusion (3.17):

1) The operator A : R” =2 R? is maximally monotone.
2) The linear mapping M : R — R? is monotone.

3) The operator C : R? — R is cocoercive with respect to || - ||
with U € S,. In addition, V : R” — R? is a linear mapping
such that V o C = C (identity is the trivial choice).

(ii) Convergence conditions for Algorithm 3.3:

1) The matrix H := P + K, where P € S/, and K is a skew-
symmetric matrix.

2) The matrix S € S, and the following holds
2P -1vUVT -D >0, (3.20)

where
D=H+M")"SYH+M"). (3.21)
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Algorithm 3.3 AFBA with constant stepsize

Require: z° € R?
Initialize: set S and H according to Assumption 3.1V (ii).
fork=0,1,...do
Zx=H+A)YH-M-C)z
ZK = 2k 4 STHH + MT)(zF - 2F)

Lemma 3.3. Let Assumption 3.1V hold. Consider the update for z in Algorithm
3.3
z=H+A Y H-M-C)z. (3.22)

For all z* € zer T the following holds
(z=2*,(H+M")(Z-2)) < 1IlVT(z = 2)Ilf; = llz - ZIIp. (3.23)

Proof. Use (3.22) and the fact that z* € zer T, together with monotonicity
of A at z* and Z to derive

0<{(-Mz*-Cz*+Mz+Cz+H(Z-2z2),z"-2). (3.24)
InLemma32setz’ =z*andz” =2
(Cz-Cz*,z*-z) < VT (z-2)|7. (3.25)

For the remaining terms in (3.24) use skew-symmetry of K (twice) and
monotonicity of M:
(-Mz*+Mz+H(Z-2z2),z*-2)
=(-Mz* + Mz +P(z -z)+K(Z-2z)+K(z*-2),z* - 2)
=((M -K)(z-z*)+P(Z-2z2),z*-2)
=((M -K)(z-2z")+P(Z-2z),z* — z)
+{M-K)z-2z")+P(Z-2),z-%2)
(P(EZ-2z),z"-2)+({(M-K)(z-2%),z-2)-||Z - z||123
Az -z, (MT +H)(z - 2)) - |1z - z|)3.

Combining this with (3.24) and (3.25) completes the proof. O
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Theorem 3.4 (convergence). Let Assumption 3.1V hold. Consider the sequence
(zk)k o Senerated by Algorithm 3.3. Then, the following inequality holds for all
keN

k+1 2 k 2 1k _ skpp2
27 = 2*|I5 < NIz = z*II5 — llz" = 27117 4 , (3.26)
2P-FVUVT-D

and (z converges to a point z* € zer T.

k
)ke]N

Proof. We show that the generated sequence is S-Fejér monotone with
respect to zer T. For any z* € zer T using the z5*! update in Algorithm
3.3 we have

k+1 2 k 2 -1 =k _ ky||2
1257 = z*|l5 =llz" = z*llg + ST/ (H + MT)(z" - z)ll5

+2(zF — 2% (H + MT)(zF - 2%))

(3.23)

k 2 -1 =k _ky|2
<Jl2° = 2*I5 + 1STHH + MT)(E" - 29|13
+ IV =27 - 202" - 242
(3.21) B
e (A [ A Zkll;

p-Ivuvt-p’

Therefore, the sequence (zF — z* )yen CONVerges to zero. Convergence of
(zF) en toapointin zer T follows by standard arguments; see the last part
of the proof of Theorem 2.1. O

It is shown in Theorem 2.4 that under a metric subregularity assump-
tion for operator T, (3.17), the sequence generated by AFBA (cf. Alg. 2.1)
converges R-linearly. In the next theorem we show that Algorithm 3.3
also enjoys linear convergence if either (i) operator T is metrically sub-
regular at all z* € zer T for 0 or (ii) when the operator id — Taorpa has
this property, where Tappa denotes the operator that maps z* to z¥*! in
Algorithm 3.3. In addition, we show that the two conditions are equiva-
lent. Note that although not stated, this equivalence also holds for TaArpa
corresponding to Algorithm 2.1 in Chapter 2. In Section 3.4 we exploit
the first condition in order to establish linear convergence based on the
properties of the cost functions involved.

Theorem 3.5 (metric subregularity equivalence and linear convergence).
Let Assumption 3.1V hold. The following subreqularity assumptions are equiv-
alent.

(i) T = A+ M + C is metrically subregular at all z* € zer T for 0.
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(ii) Let TaApBA denote the operator that maps zF to 5+ in Algorithm 3.3, i.e.,
21 = Tappa(z5). The operator id — Tarpa is metrically subregular at
all z* e zer T for 0.

Moreover, if either condition holds then (z")ke]N generated by Algorithm 3.3

converges R-linearly to some z* € zer T and (dists(z¥, zer T)), o converges
Q-linearly to zero.

Proof. (ii) = (i): assume that R := id — Torpa is metrically subregular at
z* for 0. Then, there exists 1 > 0 and a neighborhood U of z* such that

dist(z, R10) < ndist(0,Rz) Vz e U. (3.27)

Using the definition of TaAppa we have that z € fix Taoppa if and only if
(H+A)™Y(H-M-C)z = z which is equivalent to z € zer T. Therefore, the
sets R"10and T~'0 are equal. In what follows, we upper bound dist(0, Rz)
by dist(0, Tz). Letw € Tz = Az + Mz + Cz and consider Z as in (3.22). We
have

Hz-Mz-Cz—-Hz € Az.

Using this together with the monotonicity of A at z and z, we obtain:

0<(z-Z,(w—Mz—-Cz)- (Hz - Mz - Cz - HZ))

=(z—-zZ,w—Hz+Hz) = <z—2,w)—||2—z||1%,

where in the last equality we have used the fact that H = P + K and K is
skew-symmetric.
By the Cauchy-Schwarz inequality

— 2 — —
12 —zllp < (z -2, w) < ||z - zllpllwllp-1,

therefore
1z = zllp < llwllp-1. (3.28)

On the other hand since Tarpaz =z + S™HH + MT)(Z - 2),
IRzl < IS7'(H + MT)P2|[1z - zlp.
Combine this with (3.27) and (3.28) to obtain
dist(z, T710) = dist(z, R710) < n||Rz||
<nllS™HH + MOP2 PV w]).
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Since w € Tz was arbitrary, we conclude that T is metrically subregular
at z* for 0 (possibly with a different subregularity modulus).

(i) = (ii): assume that T is metrically subregular at z* for 0, i.e., there
exists 7 > 0 and neighborhood U of z* such that

dist(z, T710) < ndist(0,Tz) VzeU. (3.29)
By (3.23) and the Cauchy-Schwarz inequality we infer that

12—zl <cllz=z*1,

for some positive constant c. Hence, there exists a neighborhood UcU
of z* such that if z € U then Z € U. Fix a point z € U so that Z € U. By
(3.29) it holds that:

dist(z, T710) < ndist(0, TZ). (3.30)

Define
vi=—(H-M)Z-2z)+Cz-Cz.
By the triangle inequality and Lipschitz continuity of C
lloll = [I(H - M)(z - z) - Cz + Cz||
<|I(H-M)(z-2)|l+[IC2 - Cz|| < &l|z -z, (3.31)
for some positive &. Moreover, noting that v € TZ, it follows from (3.30)

that
dist(z, T10) < nllo|l < néllz -z, (3.32)

where we used (3.31) in the second inequality. Invoking triangle inequal-
ity we have

dist(z, R710) =dist(z, T710) < dist(z, T10) + ||Z - z||
<1 +ndlz -zl (3.33)

On the other hand it holds that
I1Z = 2|l < [I(H + M) S| Rz=]|.
Combining this with (3.33) yields
dist(z, R710) < (1 + n&)I(H + MT)LS|[||Rz]| Vz e U,

i.e., that R is metrically subregular at z* for 0. This completes the proof
of equivalence of (i) and (ii).

The proof of linear convergence based on (i) is identical to Theorem
2.4 and is therefore omitted. O
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3.4 A unified convergence analysis for primal-
dual algorithms

Our goal in this section is to describe how Algorithms 3.1 and 3.2 are de-
rived and to establish their convergence. The idea is to solve the monotone
inclusion corresponding to the primal-dual optimality conditions using
asymmetric forward-backward-adjoint splitting (AFBA) described in Section
3.3. In order to recover Algorithm 3.1 simply apply Algorithm 3.3 to this
monotone inclusion with the following parameters: let 6 € [0, c0) and set
H =P + K with

-1 _077T orT
P:(r 2L )’ K=( 0 Z(L) )’ (3.34)
and S = (AuS7! + A1 - w)S;!) ™" where p € [0,1], A € (0,2) with

S = r-! 1-0)L7 S = I'+2-0)L"ZL -LT
a-9)L = 4+1-6)2-0)LTLT) 72~ -L 1)
Notice that with P and K set as in (3.34), H has a lower (block) triangular
structure. Therefore the backward step (H + A)~!in Algorithm 3.3 can
be carried out sequentially, see Lemma 2.5. Algorithm 3.1 is derived by
noting this and substituting S and H defined above. Algorithm 3.2 is
obtained similarly by using Algorithm 2.1 with P, K, M and S as defined
in this chapter. Therefore, convergence of both algorithms follow directly
from that of the two variants of AFBA. This is summarized in the next

theorem.

Theorem 3.6 (convergence of Algorithms 3.1 and 3.2). Let Assumption 3.1
hold. Consider the sequence (z¥), = (x*, u®), _ generated by Algorithm 3.1
(resp. Algorithm 3.2). Suppose that Assumption 3.1 (resp. Assumption 3.111)

holds. Then, (zk)kdN converges to some point z* € zer T.

Proof. We begin by establishing the claim for Algorithm 3.3. The goal is
to verify that Assumptions 3.1 and 3.1I are sufficient for Assumption 3.1V
to hold. As noted in Section 3.2, operator A is maximally monotone [13,
Thm. 21.2, Prop. 20.33], and the linear mapping M is skew-adjoint and as
such monotone. The operator C is cocoercive with respect to the metric
induced by U = blkdiag(Q, fiR). In Assumption 3.1V we use the linear
mapping V in order to avoid conservative requirements. The special cases
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when f = 0 (or I* = 0) are captured by setting V' = blkdiag(0,,I,) (or
V = blkdiag(I,, 0,)). It remains to verify Assumption 3.1V(ii). Evaluating
D according to (3.21) yields the following D = AuDy + A(1 — u)D; where

r-! L7
D= (—L (2= Q)LrLT)'

b, ([ +1-6)2-60LTEL  (1-6)LT
27 (1-0)L I A

Noting that I', £ > 0, and using Schur complement for D; and P defined
in (3.34) we have

Di>0 & Z'+(1-0)LILT >0, = '-ZITLT>0 & P>0.

Thus, since 1 — 6 > —%2 for all 8, we have that D; > 0if P > 0. It
can be shown that the same argument applies for Si, Sz and D;. The
sum of two positive definite matrices is also positive definite, therefore
S,D > 01if P > 0. Matrix P is symmetric positive definite if (3.20) holds.
The convergence conditions in Assumption 3.II are the result of replacing
D, P, U and V in (3.20).

In order to establish convergence of Algorithm 3.2 we start by adapting
the convergence analysis of Algorithm 2.1 to suit the notation of this
chapter. This amounts to the following condition:

2-MNP-IvuvT >0, A€(0,2). (3.35)

To see this note that using Lemma 3.3, inequality (2.10) is updated as
follows:

k+1 2 oy,k 2,42 sk (=2 15k (4
1257 =2l <[lz" =2 [[5 + AZII(H + M1 5 1251

FANH+MOZIZ IR (SIVT -2 20125 -1

k%2 wyaki=2 nskn2 | ns2 205k 2
=[lz" =27 g - lI(H+M)Z" (|5 |12 IIP(/\IIZIIZP_%VWT A%|z IIP)
_1k_oxp2 -1/2¢-1/2 wski=2115k02 [ 12112
=||z" -z - AP S H+M%zZ 4 4

I llg—All ( ZE IR ”p(” ”(Z—A)P—%VUVT)

k_ %2 -1/2¢-1/2 wi1=2112(12
<l|lz z AP S H+M z
” ”5 || ( )”p ” ”(2 AP % uvT
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Therefore, using standard arguments we conclude that if (3.35) holds then
the sequence (zk)k <N converges to a primal-dual solution. It is straight-
forward to see that Assumption 3.1II is a restatement of (3.35) with P, U,
V defined here. This completes the proof. O

3.4.1 Linear convergence

In this section we explore sufficient conditions for f, g, and | under
which Algorithm 3.1 and Algorithm 3.2 achieve linear convergence rates.
In Lemma 3.8 and Lemma 3.11 we provide four regularity assumptions
under which T defining the primal-dual optimality conditions is metri-
cally subregular at z* € zer T for 0. The linear convergence rate results
are then deduced in Corollary 3.12.

Let us first recall the notion of quadratic growth: a proper closed
convex function g is said to have quadratic growth at x for 0 with 0 € dg(X)
if there exists a neighborhood U of ¥ such that

g(x) > inf g + cdist®(x,dg7'(0)), VxeU. (3.36)

Metric subregularity of the subdifferential operator and the quadratic
growth condition are known to be equivalent [6, 63]. In particular, dg is
metrically subregular at x for i with il € dg(x) if and only if the quadratic
growth condition (3.36) holds for g(-) — (ii, -), i.e., there exists a positive
constant ¢ and a neighborhood U of X such that [6, Thm. 3.3]

g(x) = g(%) + (i1, x — %) + cdist®(x, dg " (@), VxeU. (3.37)
Strong subregularity has a similar characterization [6, Thm. 3.5]
g(x) = g(x) + (i, x — %) + c||x — %>, VxeU. (3.38)
Next, let us define the following general growth condition.

Definition 3.7 (quadratic growth relative to a set). Consider a proper closed
convex function g and a pair (X,il) € gradg. We say that ¢ has quadratic
growth at X for i relative to a nonempty closed convex set X containing X, if
there exists a positive constant c and a neighborhood U of % such that

g(x) = g(%) + (i1, x — %) + cdist®(x, X), VxeU. (3.39)

From the above definition it is evident that metric subregularity and
strong subregularity characterized in (3.37) and (3.38) are recovered when
X = dg~Y(i1) and X = {x}, respectively.
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Another regularity assumption used in Lemma 3.8 is the notion of
local strong convexity: a proper closed convex function g is said to be
locally strongly convex in a neighborhood of ¥, denoted by U, if there
exists a positive constant ¢ such that

g(x') = g(x) + (v, x" —x) + §[|x" - x||?, Vx,x’ € U, Vv € dg(x).

Notice that local strong convexity in a neighborhood of ¥ implies (3.38),
but (3.38) is much weaker than local strong convexity since it holds only at
% and only for ii € dg(%).

In the next lemma we provide three different regularity assumptions
that are sufficient for metric subregularity of the operator defining the
primal-dual optimality conditions. In Lemma 3.8(7) (or Lemma 3.8(ii)) we
use local strong convexity, as well as the quadratic growth condition (3.39)
relative to the set of primal solutions (or dual solutions). Interestingly, this
regularity assumption does not entail a unique primal-dual solution.

Lemma 3.8. Let Assumption 3.1 hold. The operator T defining the primal-dual
optimality conditions, cf. (3.6), is metrically subregular at z* = (x*, u*) for 0
with 0 € Tz* if one of the following assumptions holds:

(i) f + g has quadratic growth at x* for —LTu* relative to the set of primal
solutions X*, and h* + I* is locally strongly convex in a neighborhood of
u*. In this case the set of dual solutions is a singleton, U* = {u*}.

(ii) f + g is locally strongly convex in a neighborhood of x*, and h* + I* has
quadratic growth at u* for Lx* relative to the set of dual solutions U*. In
this case the set of primal solutions is a singleton, X* = {x*}.

(iii) Vf + dg is strongly subreqular at x* for —LTu* and oh* + VI* is strongly
subregular at u* for Lx*. In this case the set of primal-dual solutions is a
singleton, zer T = {(x*, u*)}.

Proof. 3.8(i)- Consider the point z* = (x*, u*). By definition of quadratic
growth there exists a neighborhood U+ and a positive constant c¢; such
that

(f + 9)(x) = (f + Q)(x*) + (~LTu*, x — x*) + ¢; dist®(x, X*), Vx € Uys.
(3.40)
Let U, denote the neighborhood of u* in which the local strong convexity
of i* + I" holds. Fix a point z = (x,u) € Z;+ = Uy X Uy,». Now take
v=_(v1,02)€Tz=Az+Mz+Cz,ie.,

{01 €dg(x)+Vf(x)+Lu,

vy € Oh*(u) + VI"(u) - Lx. (3.41)
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Let zp = (xg, 4g) denote the projection of z onto the set of solutions, zer T
The subgradient inequality for f + g at x using (3.41) gives

(v1,x = x0) > (f + g)(x) = (f + §)(x0) + (L7 u, x = xo). (3.42)

Noting that 0 € Tz, by the subgradient inequality for h* + [* at uy we
have
(h* + I")(u) = (h* + I")(ug) + (Lxo, u — up). (3.43)

Summing (3.42) and (3.43) yields
(v1,x = x0) 2 Lx,u) = L(xo,u0) = L(x,u) = L(x*,u*),  (3.44)

where L is the Lagrangian defined in (3.3). By local strong convexity of
h* + 1" at u € Uy~ (for some strong convexity parameter c;):

(W + 1) (w*) = (W + 1)) + (o2 + Lx, u* —u) + Z|lu* — ul®.
Sum this inequality with (3.40) to obtain that for z € Z,+

Lx,u) - L%, u*) > ey dist*(x, X*) + (0p, u* — u) + L||u* — ul|?.

(3.45)
It follows from (3.44) and (3.45) that
(02, u —u*) +(v1,x — x0) = Zlu* —ul* +c1 dist?(x, X*)
= Fllu* = ull* + crllx = xoll?
> c(llu* = ull® + llx = xoll?), (3.46)
where ¢ = min{ci, }. By the Cauchy-Schwarz inequality
1
(v1,x = x0) + (02, u = u*) < [loll(Jlu = u*|? +lx = xol*) 2. (347)

Combining (3.46) and (3.47) yields

1
2

loll = c(llu = w*|* +lx = x0ll*)2 = cl|z — zoll = cd(z, T~'0).

Since v € Tz was selected arbitrarily we have that
d(z, T7'0) < 1d(Tz,0), Vze Z..
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This completes the first claim. Next, consider z* = (¥*, #*) € zer T such
that z* € Z.». Setting z = Z* in (3.45) yields

0= L&, a*) - L, u*) 2 Fllu* —a*|*.

Therefore, ii* = u* and since zer T is convex we conclude that U* = {u*}.

3.8(ii)- The proof of the second part is similar to part 3.8(i). Therefore,
we outline the proof. Let Uy, U,» be the neighborhoods in the defini-
tion of local strong convexity of f + ¢ and quadratic growth of h* + I,
respectively. Fix z € Z;x = Upx X Uyr. Take v = (v1,v2) as in (3.41), and
let zg denote the projection of z onto zer T. In contrast to the previous
part, sum the subgradient inequalities for f + ¢ at xo and for h* + [ at u
to derive

(02, u — ug) = L(x0, ug) — Lx,u) = L(x*,u*) - L(x,u). (3.48)

Use local strong convexity of f + ¢ at x, and the quadratic growth of h* +1I*
at u* for Lx* relative to U* to derive

L%, u%) = L, ) = (e, U + (01, 5% = x) + Gl - ¥

Combining this with (3.48) and arguing as in the previous part completes
the proof.

3.8(iii)- The proof of this part is slightly different. Let Uyx, U+ be
the neighborhoods in the definitions of the two strong subregularity
assumptions. Fix z € Z;x = Uy X Uy». Sum the subgradient inequality
for f + g at x and for h* + I" at u to derive

(v,2—=2%) ={vo, u —u*) + (v, x —x*y > L(x,u*)— L(x*,u) (3.49)

On the other hand by [6, Thm. 3.5], f + ¢ has quadratic growth at x* for
—LTu* relative to {x*} and h* + I* has quadratic growth at u* for Lx*
relative to {u*}. Summing the two yields

L(x,u*) = Lx*,u) 2 collu = u*|? + callx = 217 (3.50)

Combining this inequality with (3.49) and using the Cauchy-Schwartz
inequality as in previous parts completes the proof. Uniqueness of the
solution follows from (3.50) by setting z = z* € zer T such that z* € Z«
and using the convexity of zer T O

The assumptions of Lemma 3.8 are much weaker than strong con-
vexity and do not always imply a unique primal-dual solution. Here we
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present two simple examples for demonstration. Notice that in the next
example the assumption of Lemma 3.8(i) that f + ¢ has quadratic growth
with respect to the set of primal solutions is equivalent to the metric
subregularity assumption.

Example 3.9. Consider the problem

miniquize g(x) + h(x) = max{1 - x,0} + 7 min{x, 0}
Xe€

The solution to this problem is not unique and any x* € [1, ) solves this
problem. The dual problem is given by

minimize ¢*(—u)+ h*(u), (3.51)
ueR

where ¢*(u) = u + 6[_1,0)(u) and h*(u) = %uZ + O<o(u). It is evident that
the dual problem has the unique solution u* = 0. It is easy to verify that
¢ has quadratic growth at all the points x* € [1, c0) for 0 with respect to
X* = [1, c0). Moreover, we have dg~1(0) = [1,), i.e., X* = dg71(0). In
other words in this case the assumption of Lemma 3.8(i) for g is equivalent
to the metric subregularity of dg at x* for 0. Notice that dg is not strongly
subregular at any pointin [1, co) for 0. Furthermore, /" is globally strongly
convex given that Vh is Lipschitz. Therefore, according to Lemma 3.8(i)
one would expect a unique dual solution but not necessarily a unique
primal solution, which is indeed the case. O

Example 3.10. Let ¢ € [-1, 1] and consider

minimize g(x) + h(x) = |x| + cx.
xeR

When ¢ € (-1,1) the problem attains a unique minimum at x* = 0.
When ¢ = 1 (or ¢ = —1) all x* € (—o0,0] (or x* € [0, ™)) solves the
problem. The dual problem is given by (3.51) with ¢*(u) = 6|1,1)(#) and
h*(u) = 04 (u). The unique dual solution is u* = c. Furthermore, dh*
is strongly subregular at u* = ¢ for all x* given that x* € Jh*(u*). It is
easy to verify that dg is metrically subregular at x* = 0 for u* € [-1,1]
but is only strongly subregular at x* = 0 for u* € (-1,1). Notice that
u* = c, therefore by Lemma 3.8(iii) one would expect a unique primal-
dual solution when u* = ¢ € (-1, 1) which is indeed the case. O

A wide range of functions used in optimization applications belong to
the class of piecewise linear-quadratic (PLQ) functions, Definition 1.4. Some
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notable examples include: affine functions, quadratic functions, indicators
of polyhedral sets, polyhedral norms such as ¢1, and regularizers such as
elastic net, Huber loss, hinge loss, and many more [144, 7]. For a proper
closed convex PLQ function g, dg is piecewise polyhedral, and therefore
metrically subregular atany z for any z’ provided thatz’ € dg(z) [144, 61].

Lemma 3.11. Let Assumption 3.1 hold. In addition, assume that f, g, 1, and
h are piecewise linear-quadratic. Then, the operator T defining the primal-dual
optimality conditions, cf. (3.6), is metrically subregular with the same constant
at any z for any z’ provided that z’ € Tz.

Proof. The subdifferential dg, Vf, dh* and VI* are piecewise polyhedral
[144, Prop. 12.30, Thm. 11.14]. Therefore, A and C are piecewise polyhe-
dral. Furthermore, the graph of M is polyhedral since M is linear. There-
fore, the graph of T = A+ M + C is also piecewise polyhedral. The inverse
of a piecewise polyhedral mapping is also piecewise polyhedral. There-
fore by [61, Prop. 3H.1, 3H.3] the mapping T is metrically subregular at z
for z’ whenever (z,z’) € graT. O

In the next corollary linear convergence results based on the two
previous lemmas and Theorem 3.5 are presented.

Corollary 3.12 (linear convergence for Algorithms 3.1 and 3.2). Let As-
sumption 3.1 hold. Consider the sequence (zk)k N = (xk, uk)k N Senerated by
Algorithm 3.1 (resp. Algorithm 3.2). Suppose that Assumption 3.1 (resp. As-
sumption 3.111) holds. In addition, suppose that one of the following assumptions
holds:

(i) f,g,1, and h are piecewise linear-quadratic.

(ii) f,g,1, and h satisfy at least one of the conditions of Lemma 3.8 at every
z* € zer T (not necessarily the same condition at all the points).

Then, the sequence (z* )ien
(dists(zF, zer T)), e Converges Q-linearly to zero.

converges R-linearly to some z* € zerT, and

3.5 Stepsize selection and simulations

In this section we present some rules of thumb for selecting the step-
sizes of the algorithms introduced in Section 3.2. Note that in appli-

cations where function g (or h) is separable, ie., g(x) = Zg\il gi(x;)
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with x = (x1,x2,...,xn) € R", x; € R", using a diagonal matrix £ =
blkdiag(c1l,y, 0214,, ..., onIsy) results in the following decomposition
of the proximal mapping of g

-1
prox§ (x) = (proxo]g] (x1), ProX,, e, (x2), . ..,pronggN(xN)),

and leads to larger stepsizes than if we had used £ = oI, (this would
effectively correspond to o = min; 0;). Below, after discussing stepsize
selection and practical aspects of termination criteria, numerical sim-
ulations are performed comparing the performance of the algorithms
presented in this chapter.

Stepsize selection: For simplicity we discuss some rules of thumb for
stepsize selection when © = ¢id, I' = yid, R, Q = id and the relaxation
parameter A = 1. Similar rules can be obtained following the same rea-
soning for more general cases such as when diagonal stepsize matrices
are used.

While the choice of the stepsizes is application dependent, the choices
discussed below perform reasonably well in our experiments. These are
also used as default parameters in the Julia package Proximal Algorithms'
for the primal-dual AFBA solver.

Consider the stepsize condition for the Vii-Condat algorithm (see
(3.9)):

oylILI? < (1 - Vzﬂ) (1 - “Tﬁl) (3.52)

This inequality is always satisfied for

1 0.9
=—L1 - =22 1€(0, ). (3.53)
NN -

In our experiments, setting

&llLlfp, if Br > &1 & &1Bs > |IL||
v=1B/alLl if B> &1fr & E1fi > |IL| (3.54)
1 otherwise,

with & =5 and &, = 100 seems to perform best. The idea here is that if
B is much larger that f, it is best to select  as large as possible. If g,
and f ¢ are of the same order, or if ||L|| is much larger than both of them,
then given the symmetry in (3.53), stepsizes y and o of the same order
are used.

thttps:/ / github.com/kul-forbes /Proximal Algorithms.jl
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In the case of SPCA, the condition is as follows:

yollLI? < (1= %, yps<2.

In the simulations we set y = 1.9/, and ¢ = 099/y|IL||* (since B; = 0).

In the case of SDCA, PDCA, PPDCA when f8; = 0 (as is the case in the
simulations) the stepsizes are selected as in (3.53) and (3.54), with ||L||
replaced by 1||L|| where = 6% — 360 + 3.

In the case of Algorithm 3.2, in order to satisfy Assumption 3.1II we
set the stepsizes as follows: if 6 # 0 then the stepsizes are selected as in
(3.53) and (3.54), with ||L|| replaced by §||L||. If 0 =0 then y = 1.9/,
and o = 199/,. Since in the example below ; = 0, ¢ can be any positive
number and is selected by trial for best performance.

Termination criteria: Another practical matter is to have a criterion
for termination and performance comparisons of primal-dual algorithms.
Consider v = (v1,v2) € Tz, ie.,

v1 € dg(x)+ Vf(x)+LTu,
vy € dh*(u) + VI*(u) — Lx.

This inclusion is satisfied with v = 0 at any primal-dual solution (x, u).
Therefore, the norm of v is an appropriate measure of optimality. Con-
sider the primal and dual updates in Algorithms 3.1 and 3.2 with £ = ¢id
and I' = yid. Using the definition of proximal mapping we have

Yy k=) LT (uF = a*)+ VF (Z*) -V (x*) e LT i* + g (&5) + V (75,
o Yk —i")+ (1 - 0)L(xF =)+ VI* (@)= VI* (u¥) e O (*) + VI* (i) - Lz*.

Therefore, we use O(z*, z¥) given by

02", 2%) = Iy (¥ = 3) = LT (u* = %) + VF (&) = VF ()2
o7k = @%) + (1 - O)L(H - 74 + VI (@¥) - VI (u)|?

as a measure of optimality in the simulations. Note that computing
O(zF, zF) does not always require additional gradient evaluations. This
is the case for several of the special cases discussed in Section 3.2.1 for
which x¥*1 = %, such as SNCA with A = 1, or SDCA, PDCA and dual
of SPCA when [ = 6(py and A = 1. Although in other cases additional
gradient evaluations may be unavoidable, O(z*, z¥) is used here for per-
formance comparisons anyway. We also remark that in practice one may
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use the sum of residuals || ¥* — x¥||/y and ||ii* — u*|| /o as the termination
criteria.

Simulations: We evaluate the performance of the algorithms with
the above stepsizes on the dual support vector machine problem (1.3) with
C = 1/10. In our simulations we used two processed datasets, iris (first two
classes) and ala from the LIBSVM dataset [40].

[ Vi-Condat - - - SPCA == SDCA - - - PDCA - - - PPDCA |

iris dataset iris dataset
T T T
1021 1 10| 1
|
\
1071 - 101 | 4
N
o107t : 1074 :
Q
1077 |- R 1077 i
10-10 L | | L I 10-10 L I | | I
0 0.5 1 1.5 2 0 0.5 1 1.5 2
# of gradient evaluations 104 # of gradient evaluations .14
ala dataset ala dataset
102 [ T T T ] 102 [ T T T ]
) )
\ \
1000 ¢ - 1000 % i
\ \
3 LY
SRTEIEEAN : 02h o\ :
N 2\
3 \ LN
O 04 f Ng 8 1074 F e .
Sy ~
N
N &*\3\ d.%-"'
1076 |- T 2 1076 - v 2
~l — S TSR
1078 L I | I | L 1078 b1 | | L | L
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
# of gradient evaluations .15 # of gradient evaluations .15

Figure 3.1: Dual SVM on iris, ala: (left column) variants of Algorithm 3.1 (right
column) variants of Algorithm 3.2

We formulate the problem in the form of (3.1) by setting f equal to
the quadratic cost, ¢ the indicator of the box [0, C]N, h = drpyand L = b7
where b = (b, ..., by). The results are presented in Figure 3.1 where we
have only included some representative algorithms. Other variants have
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similar performances and are excluded for the sake of clarity of the plot.
The stepsizes for SPCA can take larger values compared to other variants.
Consequently, we often observe faster convergence for SPCA; however, it
is observed that in general the algorithms have similar performance and
the trajectories are very close to each other. Note that other than PPDCA
the other five algorithms depicted require only two matrix-vector prod-
ucts excluding the gradient evaluation (PPDCA requires four). Moreover,
for this problem the performance gain by using Algorithm 3.2 is not sig-

nificant enough to justify the extra computation required for computing
Vi in (3.14).

10° — ‘ :
' i -- SPCA
'! 10° } ........ PD30 H
H H
1021 4 1 i
t t
X s. 102 1
“ H — ;
& a, - !
= e 10 )
1074 | N“"-e,,.“. i
108 i
107 I 1 I 1 [ 10-10 I I I I I |
0 0.2 0.4 0.6 0.8 1 0 02 04 0.6 0.8 1
# of passes through the data .1(5 # of gradiant evaluations .15

Figure 3.2: Performance comparisons for SPCA and PD30 [180] for classifying
ala dataset
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# of passes through the data .15 # of gradiant evaluations  .1(5

Figure 3.3: Performance comparisons for SPCA, Alg. 2.2 and Davis-Yin algorithm
for classifying ala dataset
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Next, SPCA is compared with PD30 [180] discussed in Remark 3.1.
We use the same formulation for both algorithms. The stepsize condition
for PD3O0O is identical to SPCA, and therefore we use the same rule of
thumb described above for best performance. Note that the iterates are not
necessarily feasible. In order to have a fair comparison, for both algorithms
we use the primal variable that belongs to the domain of g, i.e., x*!
in (3.11) and #*! in (3.12). Figure 3.2 (left) shows the distance of the
quadratic cost from the optimal cost and (right) plots [Lx| (recall the
constraint Lx = 0). It is observed that both algorithms have very similar
performances.

In Chapter 2 a DRS-type algorithm was introduced, Algorithm 2.2,
which in the optimization framework can be derived from Algorithm 3.1
with u = 0, by setting | = 6y, L = id, and y = o ! after a change of
variable. As noted in Remark 2.9, we compare its performance against
the three term splitting of Davis and Yin [58]. For this set of simulations,
problem (1.3) is formulated as before with the difference that / is set to
be the indicator of the set {x € RV | Zf\il xib; = 0} (and L = id). Note that
the proximal mapping of /1 can be computed efficiently. The stepsizes of
Algorithm 2.2 were selected according to Proposition 2.7 with 8 = 1.5,
y =0.5(4-0%)/B 7 and py set to the maximum permitted value in (3.37).
It is observed in Figure 3.3 that for this problem Algorithm 2.2 is slower,
which is due to limiting the stepsizes to y = o~!. We also plotted the
result of SPCA with this formulation and observe that its trajectories are
quite close to those of the Davis-Yin algorithm.

3.6 Conclusions

This section introduced a simple primal-dual framework for solving struc-
tured convex optimization problems. Depending on the value of two
parameters, (extension of) known as well as many new primal-dual algo-
rithms are obtained. Owing to this unified framework linear convergence
rates were obtained for all the special cases of our framework provided
that some mild regularity conditions for the cost functions are satisfied.
Moreover, numerical simulations were performed on dual SVM where
we discussed practical issues such as rules of thumb for stepsize selection
and termination criteria.
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CHAPTER 4

A RANDOMIZED BLOCK-COORDINATE PRIMAL-DUAL
PROXIMAL ALGORITHM

This chapter is based on:

Latafat, P., Freris, N. M., and Patrinos, P. A new randomized block-
coordinate primal-dual proximal algorithm for distributed optimization. IEEE
Transactions on Automatic Control 64, 10 (10 2019), 4050—4065.

4.1 Introduction

In this chapter we revisit the optimization problem

minie{l%ize f(x)+ g(x) + h(Lx), 4.1)

where L is a linear mapping, I and g are proper, closed, convex func-
tions (possibly nonsmooth), and f is convex, continuously differentiable
with Lipschitz continuous gradient. We further assume that the proximal
mappings associated with I and g are efficiently computable [49]. This
setup is quite general and captures a wide range of applications in signal
processing, machine learning and control.

In problem (4.1), itis typically assumed that the gradient of the smooth
term f is f¢-Lipschitz for some nonnegative constant . We consider
Lipschitz continuity of Vf with respect to || - [|o with Q > 0 in place
of the canonical norm (cf. (4.2)). This is because in many applications of
practical interest, a scalar Lipschitz constant fails to accurately capture
the Lipschitz continuity of Vf. A prominent example lies in distributed
optimization, where f is separable, i.e., f(x) = X7, fi(x;). In this case,
the metric Q is taken block-diagonal with blocks containing the Lipschitz
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constants of the Vf;’s. Notice that in such settings considering a scalar
Lipschitz constant results in using the largest of the Lipschitz constants,
which leads to conservative stepsize selection and consequently slower
convergence rates.

This chapter presents a primal-dual algorithm TriPD (Alg. 4.1), that
consists of two proximal evaluations (corresponding to the two nons-
mooth terms g and /), one gradient evaluation (for the smooth term f),
and one correction step (cf. Alg. 4.1). We adopt the general Lipschitz con-
tinuity assumption (4.2) in our convergence analysis, which is essential
for avoiding conservative stepsize conditions that depend on the global
scalar Lipschitz constant.

In Section 4.2, it is shown that the sequence generated by TriPD (Alg.
4.1) is S-Fejér monotone (with respect to the set of primal-dual solutions),
where S is a block diagonal positive definite matrix. This key property
is exploited in Section 4.3 to develop a block-coordinate version of the
algorithm with a general randomized activation scheme.

The connections of TriPD to other related primal-dual algorithms in
the literature are discussed in Section 4.2.1. Most notably, TriPD trans-
forms into the algorithm of Vii and Condat [170, 53] by a change of order
and elimination of the dual variable (refer to Section 4.2.1). Convergence
of the Vii-Condat scheme was established independently by Vi [170] and
Condat [53], by casting it in the form of the forward-backward splitting.
In the original analysis a scalar constant is used to capture the Lipschitz
continuity of the gradient of f, thus resulting in potentially smaller step-
sizes (and slower convergence in practice). In [47], the authors assume
the more general Lipschitz continuity property (4.2) by using a precon-
ditioned variable metric forward-backward iteration. Nevertheless, the
stepsize matrix is restricted to be proportional to Q1.

Block-coordinate (BC) minimization is a simple approach for tackling
large-scale optimization problems. At each iteration, a subset of the coor-
dinates is updated while others are held fixed. Randomized BC algorithms
are of particular interest, and can be divided into two main categories:

Type a) comprises algorithms in which only one coordinate is randomly
activated and updated at each iteration. The BC versions of gradient [125]
and proximal gradient methods [139] belong in this category. A distinctive
attribute of the aforementioned algorithms is the fact that the stepsizes
are selected to be inversely proportional to the coordinate-wise Lipschitz
constant of the smooth term rather than the global one. This results in
applying larger stepsizes in directions with smaller Lipschitz constant,
and therefore leads to faster convergence.
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Type b) contains methods where more than one coordinate may be
randomly activated and simultaneously updated [22, 51]. Note that this
class may also capture the single active coordinate (type a) as a special
case. The convergence condition for this class of BC algorithms is typically
the same as in the full algorithm. In [22, 51] random BC is applied to a-
averaged operators by establishing stochastic Fejér monotonicity, while
[51] also considers quasi-nonexpansive operators. In [134, 22] the authors
obtain randomized BC algorithms based on the primal-dual scheme of
Vii and Condat; the main drawback is that, just as in the full version
of these algorithms, the use of conservative stepsize conditions leads to
slower convergence in practice.

The BC version of TriPD (Alg. 4.1) falls into the second class, i.e.,
it allows for a general randomized activation scheme (cf. Alg. 4.2). The
proposed scheme converges under the same stepsize conditions as the full
algorithm. As a consequence, in view of the characterization of Lipschitz
continuity of Vf in (4.2), when f is separable, i.e., f(x) = 211, fi(x;), our
approach leads to algorithms that depend on the local Lipschitz constants
(of Vfi’s) rather than the global constant, thus assimilating the benefits
of both categories. Notice that when f is separable, the coordinate-wise
Lipschitz continuity assumption of [125, 139, 70] is equivalent to (4.2) with
Bf =1and Q = blkdiag(B1lu,, ..., Bmln,), where m denotes the number
of coordinate blocks, n; denotes the dimension of the i-th coordinate
block, and B; denotes the Lipschitz constant of f;. In the general setting,
[125, Lem. 2] can be invoked to establish the connection between the
metric Q and the coordinate-wise Lipschitz assumption. However, in
many cases (most notably the separable case) this lemma is conservative.

In [70], the authors propose a randomized BC version of the Vii-
Condat scheme. Their analysis does not require the cost functions to be
separable and utilizes a different Lyapunov function for establishing con-
vergence. Notice that the block-coordinate scheme of [70] updates a single
coordinate at every iteration (i.e., it is a type a) algorithm) as opposed to
the more general random sweeping of the coordinates. Additionally, in
the case of f being separable, our proposed method (cf. Alg. 4.2) assigns
a block stepsize that is inversely proportional to % (where B; denotes
the Lipschitz constant for f;), in place of ; required by [70, Assumption
1(e)]: larger stepsizes are typically associated with faster convergence in
primal-dual proximal algorithms.

In Section 3.4.1 linear convergence rates were obtain for a large class of
primal-dual algorithms (special cases of Algorithms 3.1 and 3.2). In Sec-
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tion 4.4 we further explicate the required conditions for TriPD in terms
of the objective functions, with two special cases of prevalent interest: a)
when f, ¢ and h satisty a quadratic growth condition (cf. Lem. 4.8) (which
is much weaker than strong convexity) or b) when f, ¢ and h are piecewise
linear-quadratic (cf. Lem. 4.9), a common scenario in many applications
such as LPs, QPs, SVM and fitting problems for a wide range of regular-
ization functions; e.g. {1 norm, elastic nets, Huber loss and many more.
Specifically, for the BC version of TriPD, linear conveergence rate is estab-
lished under slightly stronger conditions (cf. Thm. 4.11).

Finally, as an important application, we consider a distributed struc-
tured optimization problem over a network of agents. In this context, each
agent has its own private cost function of the form (4.1), while the commu-
nication among agents is captured by an undirected graph G = (V, &):

minimize Z fi(xi) + gi(xi) + hi(Lix;)
i=1

X1,/ Xm
subject to  Ajjx; + Ajixj = b j) (i,]) €&.

We use (i, j) to denote the unordered pair of agents i, j, and ij to denote
the ordered pair. The goal is to solve the global optimization problem
through local exchange of information. Notice that the linear constraints
on the edges of the graph prescribe relations between neighboring agents’
variables. This type of edge constraints was also considered in [182]. It is
worthwhile noting that for the special case of two agents i = 1,2, with
fi,hi = 0, one recovers the setup for the celebrated alternating direction
method of multipliers (ADMM) algorithm. Another special case of particu-
lar interest is consensus optimization, when A;; = I, Aj; = —I and b(l-,]-) =0.
A primal-dual algorithm for consensus optimization was introduced in
[100] for the case of f; = 0, where a transformation was used to replace
the edge variables with node variables.

This multi-agent optimization problem arises in many contexts such
as sensor networks, power systems, transportation networks, robotics,
water networks, distributed data-sharing, etc. [28, 89, 136]. In most of
these applications, there are computation, communication and/or phys-
ical limitations on the system that render centralized management infea-
sible. This motivates the fully distributed synchronous and asynchronous
algorithms developed in Section 4.5. Both versions are fully distributed
in the sense that not only the iterations are performed locally, but also the
stepsizes of each agent are selected based on local information without
any prior global coordination (¢f. Assumption 4.VI). The asynchronous
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variant of the algorithm is based on an instance of the randomized block-
coordinate algorithm in Section 4.3. The protocol is as follows: at each
iteration, a) agents are activated at random, and independently from one
another, b) active agents perform local updates, c) they communicate the
required updated values to their neighbors and d) return to an idle state.

4.2 Triangularly preconditioned primal-dual al-
gorithm

In this section we present a primal-dual algorithm for problem (4.1). We
adhere to the following assumptions throughout sections 4.2 to 4.4:

Assumption 4.1.

(i) g :R" — R h:R — Rare proper, closed, convex functions, and
L:R" — R’ is a linear mapping.

(ii) f : R" — R is convex, continuously differentiable, and for some
B € [0, 00), Vf is B r-Lipschitz continuous with respect to the metric
induced by Q >0, i.e,

IVf(x) = Vi(Wllg-<Brllx —yllo  Vx,y € R (4.2)

(iii) The set of solutions to (4.1) is nonempty. Moreover, there exists
x € ridom g such that Lx € ridom h.

In Assumption 4.1(ii), the constant f > 0 is not absorbed into the
metric Q in order to also incorporate the case when Vf is a constant (by
setting B = 0).

The dual problem is to

minigrﬁlyize (g+ f)'(=LTu)+ h*(u). (4.3)

With a slight abuse of terminology, we say that (u*, x*) is a primal-dual
solution (in place of dual-primal) if u* solves the dual problem (4.3) and
x* solves the primal problem (4.1). We denote the set of primal-dual
solutions by S. Assumption 4.1(iii) guarantees that the set of solutions to
the dual problem is nonempty and the duality gap is zero [143, Corollary
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31.2.1]. Furthermore, the pair (1#*, x*) is a primal-dual solution if and
only if it satisfies:

{0 € dh*(u) — Lx, @.4)

0€dg(x)+Vf(x)+ L u.

We proceed to present the new primal-dual scheme TriPD (Alg. 4.1). The
motivation behind the name becomes apparent in the sequel after equa-
tion (4.12). The algorithm involves two proximal evaluations (respective
to the non-smooth terms g, /), and one gradient evaluation (for the Lip-
schitz differentiable term f). The stepsizes in TriPD (Alg. 4.1) are chosen
so as to satisfy the following assumption:

Assumption 4.II (stepsize selection). Both the dual stepsize matrix
X € R™, and the primal stepsize matrix I' € R"*" are symmetric positive
definite. In addition, they satisfy:

r'-2o-LTxL >0 (4.5)

Selecting scalar primal and dual stepsizes, along with the standard
definition of Lipschitz continuity, as is prevalent in the literature [170, 53],
can plainly be treated by setting X = ol,, I' = yI,, and Q = I,,, whence
from (4.5) we require that

1

S TEE—
5 +olIL|12

Algorithm 4.1 Triangularly Preconditioned Primal-Dual algorithm (TriPD)

Inputs: x* € R", u® e R
fork=0,1,...do
ik = prox)h::l(uk + XLxk)
xkl = prox(rg_1 (xk —TVf(x*) - TLT ")
uk+1 — L_lk + ZL(ka _ xk)

Remark 4.1. Each iteration of TriPD (Alg. 4.1) requires one application of
L and one of LT (even though it appears to require two applications of L).
The reason is that, at iteration k, only LTk, Lxk*1 need to be evaluated
since L(x**1 — x¥) = Lx**1 — Lx* and Lx* was computed during the
previous iteration. O
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TriPD (Alg. 4.1) can be compactly written as:
Zk+1 — TZk,

where z¥ := (u*, x¥), and the operator T is given by:

il = proxffl (u + ZLx) (4.6a)
% =prox} (x = TVf(x) -TLT#) (4.6b)
Tz = (it + ZL(X — x), X). (4.6¢)

Remark 4.2 (relaxed iterations). It is also possible to devise a relaxed
version of TriPD (Alg. 4.1) as follows:

2K = 2K 4 A(TZF - 25,

where A is a positive definite matrixand A < 2I,,,,. For ease of exposition,
we present the convergence analysis for the original version (i.e., for A =
I1++). Note that the analysis carries through with minor modifications for
relaxed iterations. O

For compactness of exposition, we define the following operators:

A:(u,x)— (dh*(u),dg(x)), (4.7a)
M :(u,x)— (=Lx,LTu), (4.7b)
C:(u,x)— (0,Vf(x)). (4.7¢)

The optimality condition (4.4) can then be written in the equivalent form
of the monotone inclusion:

0e Az + Mz +Cz =: Fz, (4.8)

where z = (u, x). Observe that the linear operator M is monotone since
it is skew-symmetric, i.e., MT = —M. It is also easy to verify that the
operator A is maximally monotone [13, Thm. 21.2 and Prop. 20.23], while
operator C is cocoercive, being the gradient of f(u, x) = f(x), and in light
of Assumption 4.1(ii) and [13, Cor. 18.17].

We further define

o

L 0 —-3L
LT Ig—l , K= %LT (2) ’ (49)

gl

N—=
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and set H = P + K. It is plain to check that condition (4.5) implies that the
symmetric matrix P is positive definite (by a standard Schur complement
argument). In addition, we set

S = blkdiag(z™!,T71). (4.10)
Using these definitions, the operator T defined in (4.6) can be written as:
Tz=z+S Y H+M")Z-2), (4.11)

where
Z=(H+A)(H-M-C)z. (4.12)

This compact representation simplifies the convergence analysis. A key
consideration for choosing P and K as in (4.9) is to ensure that H = P + K
is lower block-triangular. Notice that when M = 0, (4.11) can be viewed as
a triangularly preconditioned forward-backward update, followed by a cor-
rection step. This motivates the name TriPD: Triangularly Preconditioned
Primal-Dual algorithm. Due to the triangular structure of H, the back-
ward step (H + A)~! in (4.12) can be carried out sequentially: an updated
dual vector i is computed (through proximal mapping) using (u, x) and,
subsequently, the primal vector ¥ is computed using i and x, cf. (4.6).
Furthermore, it follows from (4.11) that this choice makes H + M " upper
block-triangular which, alongside the diagonal structure of S, yields the
efficiently computable update (4.6¢) in view of:

(4.13)

ST H+MT) = (I ZL).

0 I

Remark 4.3. Note that potentially larger stepsize parameter as in Sec-
tion 3.2.2 can be considered here. Although this can potentially improve
the rate of convergence in practice, we opt not to: the reason is that in
the context of multi-agent optimization (that we especially target in this
chapter) such design choice would require global coordination, that is
contradictory to our objective of devising distributed algorithms. O

We proceed by showing that the set of primal-dual solutions coincides
with the set of fixed points of T, fix T:

S={z]|0€Az+ Mz +Cz} =fixT. (4.14)
To see this note that from (4.11) and (4.12) we have:

zefixT e z=Tz & Z=z
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= H+A T H-M-C)z=z
—— Hz-Mz-CzeHz+Az < z€8S,

where in the second equivalence we used the fact that S is positive definite
and (H+M")z,z) > ||z||l2, for all z € R"*" (since K is skew-adjoint and
M is monotone).

Next, let us define

-1 _1
b= Zl N 2@} ) (4.15)
-1LT 11 -HQ

Observe that (from Schur complement) Assumption 4.1I is necessary and
sufficient for 2P — S to be symmetric positive definite (cf. the convergence
result in Thm. 4.5). In particular, P is positive definite since S is positive
definite.

The next lemma establishes the key property of the operator T that is
instrumental in our convergence analysis:

Lemma 4.4. Let Assumptions 4.1 and 4.11 hold. Consider the operator T in (4.6)
(equivalently (4.11)). Then, for any z* € S and any z € R"*" we have

Tz —z||? < (z - 2%,z — Tz)s. (4.16)

Proof. Consider the operator T as in (4.11). By monotonicity of A at z*
and z along with (4.12) we have

0<(-Mz*-Cz*+Mz+Cz-Hz+Hz,z*-2Z). (4.17)

For B > 0, assumption 4.1(ii) is equivalent to Vf being cocoercive [13, Thm.
18.17],i.e., for all x, y € R™:

ﬁllvf(x) = VEWNIZ- < (V) = V), x = y). (4.18)
On the other hand, for ¢ > 0 we have
(Cz - Cz*,z* = 2) = (Vf(x) - Vf(x*), x* — &)
= (Vf(x) = Vf(x*), x — %) + (Vf(x) = VF(x*), x* — x)
< #va(x) - Vf(X*)Héq + ﬁTfHX - JE||i~, +(Vf(x) = Vf(x*), x* —x)
< (VF(x) = VA7), x — x*) + ﬂrfﬂx - f||é +(Vf(x) = Vf(x*), 2" = x),

_ By o2
= 7llx - xllg, (4.19)
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where we have used (1.8) (with V = %Q‘l) in the first inequality,
and (4.18) in the second inequality, respectively. Notice that if By = 0

then inequality (4.19) holds trivially with equality.
Using (4.19) in (4.17), along with skew-symmetry of K and M, we have
0 <(-Mz*-Cz*+Mz+Cz-Hz+Hz,z*-Z)
(M - K)(z - 2%) + P(z - 2), 2 - 2) + F |lx - 7|3
=((M - K)(z - 2*) + P(z - 2), 2* - 2) + S x - 7|12
+{(M-K)z-2z")+P(Z—2),z-2)
=(P(E-2),z* —2) + Lx - ZlIE = 112 = zIIp + (M =~ K)(z — z¥), 2 - 2)

=(z =2, (H + M)z - 2) + Hllx - 213 - 112 - 2113 (420)
By definition, S™/(H + MT)(z — z) = Tz — z. Thus
(z=-z*,(H+M")z-2)) =(z—-z*,z-Tz)s. (4.21)

On the other hand, we have Z—z = (H+MT)~'S(Tz -z). Using (4.9), (4.13)
and (4.6¢) we conclude

12 - 212 = B01% - 203 = Tz - 2112, (422)

where P is defined in (4.15). Combining (4.20), (4.21) and (4.22) completes
the proof. O

The main convergence result for TriPD (Alg. 4.1) is established in
the next theorem. In specific, it is shown that the generated sequence
is S-Fejér monotone. We emphasize that the diagonal structure of S is
the key property used in developing the block-coordinate version of the
algorithm in Section 4.3.

Theorem 4.5. Let Assumptions 4.1 and 4.11 hold. Consider the sequence (z*) N
generated by TriPD (Alg. 4.1). The following Fejér-type inequality holds for all
z¥eS:

12541 =242 < 124 = ¥ 12 = 125 = 242, . (4.23)

Consequently, (z converges to some z* € S.

k
)kelN

80



Proof. We establish convergence by showing that the sequence (z¥) fen 1S
S-Fejér monotone with respect to S = fix T. We have

k+1 2 k k k 2
I = 2*|I5 =lITz" = 2" + 2" - 2*]|;
= 128 = 2* 3+ IT2" = 282 + 2(2F — 2%, T2F = 2F)s

< Iz = 211§ - 172" = 241155, (424)
where the inequality follows from Lemma 4.4. Note that 2P — S is sym-
metric positive-definite if and only if assumption 4.1 holds. Therefore,
by (4.24) the sequence (zk)k <N is Fejér monotone in the space equipped
with inner product (:, -)s; in particular, (z5) (eN 1S bounded. Furthermore,

it follows from (4.24) and the fact that 2P — S is positive-definite that
ITzF - 2% — o. (4.25)

The operator T is continuous (since it involves proximal and linear map-
pings that are continuous, and since Vf is assumed continuous). Let z¢ be
a cluster point of (z5) ren- Lt follows from the continuity of T and (4.25) that
Tz —z¢=0,ie.,z° € fix T. The result follows from Fejér monotonicity of
(zk)keIN with respect to S = fix T and [13, Thm. 5.5]. O

4.2.1 Related primal-dual algorithms

In this section we elaborate on the relation between TriPD (Alg. 4.1) and
other primal-dual algorithms. In Section 3.2 six main special cases of Al-
gorithm 3.1 were discussed. The algorithm considered in this chapter,
TriPD (Alg. 4.1), can be seen as SPCA (sequential primal corrector algo-
rithm) applied to the dual problem when the smooth term is zero (see
Section 3.2). Note that it is possible to derive and analyze a variant of
TriPD (Alg. 4.1) for (3.1). However, we do not pursue this in this chapter
and focus on problem (4.1) for clarity of exposition.

A closely related algorithm was proposed in [62] called PAPC (prox-
imal alternating predictor-corrector) for solving saddle point problem
(3.3) with ¢ = 0 and I = dg). Refer to the explanation for SPCA in Sec-
tion 3.2 for more details. Another closely related primal-dual algorithms
is the algorithm of Vii and Condat [53, 170]. In fact TriPD (Alg. 4.1) trans-
forms into this algorithm with a change of order (by starting from the
primal update) and elimination of the dual variable u* while keeping
the axillary dual variable it*. Another connection with [53, 170] can be
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drawn by seeing it as a special case of Algorithm 3.1 as discussed in Sec-
tion 3.2 under the name SNCA. One can verify that the operator defining
the fixed-point iterations in the Vii-Condat algorithm is given by (4.11)
with H = P + K and S defined as follows:

1L
S= (LT 1"—1)/ (426)

L 0 -L
p=(ir ) k=07
For such selection of S, P, K, it holds that S™'(H + MT) = I, whence in
proximal form, the operator defined in (4.11) becomes:

i = proxffl (u — XVI*(u) + ZLx)
% =prox} (x = TVf(x) - TLT (2 - u))

Tz = (i, X).

Observe the non-diagonal structure of S for the Vi-Condat algorithm
in (4.26), in contrast with the one for TriPD (Alg. 4.1) in (4.10). For the
sake of comparison with [53, 170] we consider the relaxed iteration zk+1 =
zk + A(TzF - z¥) for some A € (0,2) and problem (3.1) with [ satisfying
Assumption 3.1(iii) in this subsection (which we opted to exclude from
TriPD (Alg. 4.1) solely for the purpose of simplicity).

The analysis in Theorem 4.5 can be further used to establish conver-
gence of the Vii-Condat scheme for problem (3.1) under the sufficient
conditions (3.8) (in place of Assumption 4.II). Notice that when [ = 6g)
(i.e., for problem (4.1)), I* = 0 whence ; = 0, and the condition simplifies
to:

-1 Bs
I - mQ -LTYL > 0.

Given the stepsize condition (3.1) the following Fejér-type inequality
holds.

k+1 2 k 2 k+1 k12
|4 =282 < 2k - IR - Al MR, @)

with S defined in (4.26) and P given by:

(zr-BR L

LT r_l_l%Q'

P:

82



This generalizes the result in [53, Thm. 3.1], [170, Cor. 4.2] and [96, Prop.
5.1] where Q = I and the stepsizes are assumed to be scalar.

Our main goal here was to demonstrate the non-diagonal structure
of S for the Vii-Condat algorithm. In the sequel, we highlight that our
analysis additionally leads to less conservative conditions as compared
to [170, 53, 47]. Notice that the proofs in the aforementioned papers are
based on casting the algorithm in the form of forward-backward itera-
tions. Consequently, the stepsize condition obtained ensures that the un-
derlying operator is averaged. In contradistinction, the sufficient condition
in (3.1) only ensures that the Fejér-type inequality (4.27) holds, which is
sufficient for convergence. Therefore, even in the case of scalar stepsizes
(as in [170, 53]) condition (3.1) allows for larger stepsizes compared to
[170, 53].

In [47, 134] the authors propose a variable metric version of the al-
gorithm with a preconditioning that accounts for the general Lipschitz
metric. This is accomplished by fixing the stepsize matrix to be a con-
stant times the inverse of the Lipschitz metric, and obtaining a condition
on the constant. Our approach does not assume this restrictive form for
the stepsize matrix; even when such a restriction is imposed it allows for
larger stepsizes, thus achieving generally faster convergence. As an illus-
trative example, let us set T = uQ~! and £ = vR~! for some p, v > 0. For
simplicity and without loss of generality, let §; = 1, fy = 1. Then, (3.1)
simplifies to:

(u" = 2(21—/\))(1/_1 - )R- LTR™'L >0, (4.28)

whereas the condition required in [47, 134] is A € (0,1] and

5 max{y, v} | 1 127 A=1/2)-1
It is not difficult to check that condition, (4.28), is always less restrictive
than (4.29). For instance, let R"1/2LQ7"/2 = T and set u = 1.5, then (4.28)
requires that v < 6%5 whereas (4.29) necessitates that v < i.

4.3 A randomized block-coordinate algorithm
In this section, we describe a randomized block-coordinate variant of

TriPD (Alg. 4.1) and discuss important special cases pertaining to the
randomized coordinate activation mechanism. The convergence analysis
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isbased on establishing stochastic Fejér monotonicity [51] of the generated
sequence. In addition, we establish linear convergence of the method
under further assumptions in Section 4.4.

First, let us define a partitioning of the vector of primal-dual variables
into m blocks of coordinates. Notice that each block might include a
subset of primal or dual variables, or a combination of both. Respectively,
let U; € RUIX0+1) for i = 1,...,m, be a diagonal matrix with 0-1
diagonal entries that is used to select a subset of the coordinates (selected
coordinates correspond to diagonal entries equal to 1). We call such matrix
an activation matrix, as it is used to activate/select a subset of coordinates
to update.

Let @ = {0, 1} denote the set of binary strings of length m (with the
elements considered as column vectors of dimension m). At the k-th it-
eration, the algorithm draws a ®-valued random activation vector eh+1
which determines which blocks of coordinates will be updated. The i-th el-

ement of the vector €f*! is denoted as ef“: the i-th block is updated at

iteration k if ei.‘” = 1. Notice that in general multiple blocks of coordi-

nates may be concurrently updated. The conditional expectation E[- | 7]
is abbreviated by E[-], where 7 is the filtration generated by (€', ..., €").
The following assumption summarizes the setup of the randomized co-
ordinate selection.

Assumption 4.III.
(i) {U;}]", are 0-1 diagonal matrices and };2; U; = I.

(i1) (ek)ke]N is a sequence of i.i.d. ®-valued random vectors with

pi=Pe;=1)>0 i=1,...,m. (4.30)

(iii) The stepsize matrices L, I are diagonal.

The first condition implies that the activation matrices define a parti-
tion of the coordinates, while the second that each partition is activated
with a positive probability.

We further define the (diagonal) coordinate activation probability ma-
trix I'T as follows:

= Z pill;. (4.31)
i=1
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For € = (€1, ..., €x) we define the operator T by:

m
TEz =z + Z €ili(Tz — z),

i=1
where T was defined in (4.6) (equivalently (4.11)). Observe that this is
a compact notation for the update of only the selected blocks. The ran-
domized scheme is then written as an iterative application of T for
k =0,1,... (this operator updates the active blocks of coordinates and
leaves the others unchanged, i.e., equal to their previous iterate values).
The randomized block-coordinate scheme is summarized below.

Algorithm 4.2 Block-coordinate TriPD algorithm

Inputs: x* € R", u® € R”
fork=0,1,...do

Select ®-valued r.v. €
Zk+1 — F(eRH)

k+1

Zk

We emphasize that the randomized model that we adopt here is capa-
ble of capturing many stationary randomized activation mechanisms. To
illustrate this, consider the following activation mechanisms (of specific
interest in the realm of distributed multi-agent optimization cf. §4.5):

* Multiple coordinate activation: at each iteration, the j-th coordinate block
is randomly activated with probability p; > 0 independent of other
coordinates blocks. This corresponds to the case that the sample space
is equal to @ = {0,1}"™. The general distributed algorithm of Section
4.5 assumes this mechanism.

* Single coordinate activation: at each iteration, one coordinate block is
selected, i.e., the sample space is

{(1,0,...,0),(0,1,0,...,0)...,(0,...,0,1)}. (4.32)

We assign probability p; to the event €; = 1 (and €¢; = 0 for j # i),
whence the probabilities must satisfy },;"; pi = 1.

The next lemma establishes stochastic Fejér monotonicity for the gen-
erated sequence, by directly exploiting the diagonal structure of S. The
proof technique is adapted from [22, Thm. 3] (see also [88, Thm. 2], [51,
Thm. 2.5]), and is based on the Robbins-Siegmund lemma [142].
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Theorem 4.6. Let Assumptions 4.1-4.111 hold. Consider the sequence (z*) eN
generated by TriPD-BC (Alg. 4.2). The following Fejér-type inequality holds for
allz* € S:

k+1 2 k
Bl = 2412 ] < ll25 = 2 g — T2 = 24, (439)
Consequently, (zk)k N Converges a.s. to some z* € S.
Proof. Let us define the operator EX := \/2; €*U; that maps the elements

of (R"*", Fi_1) to (R"*", F¢). The iterations of TriPD-BC (Alg. 4.2) can be
written as zK*1 = zk + EF1(TzK — zK). We have

Ey o EF*1 = ZP(ek+1 = e)Z& U = ZZP(ek“ = ¢)e;U;

ee¥ j=1 ee¥
= Z Z P(e"! = e)U; = Z p;u; =TI, (4.34)
j=1 eeW,¢e;=1 j=1

where we used Assumptions 4.111(7) and 4.111(ii). Therefore, we have

Ei 1125 = 2112006 ] = Be[ll2" + EF (T2 - 2%) - 2*|12.]

*||1—[ g+ 2(zF - 2%, By [EkH(TZk - Zk)])n-ls
+ By [(EMN(TZF = 29), EF (T ZF - 2)) 6]

+||TZF - zk||§ +2(zF — 2%, TzF — 2Ky

= ||z" -

= ”Zk - Z*”H 15
where we used (4.34) and the fact EF is self-adjoint and idempotent (since
U; are 0-1 matrices) in the last equality. Inequality (4.33) follows by using
(4.16). The convergence of the sequence follows from (4.33) using the
Robbins-Siegmund lemma [142] and arguing as in [22, Thm. 3] and [51,
Prop. 2.3]. O

It is important to emphasize that a naive implementation of TriPD-
BC (Alg. 4.2) (with regards to the partitioning of primal-dual variables)
may involve wasteful computations. As an example, consider a BC algo-
rithm in which, at every iteration, either all primal or all dual variables are
updated. In such a case, if at iteration k the dual vector is to be updated,
both x**1, u*+1 are computed (cf. Alg. 4.1), whereas only u**! is updated.
This phenomenon is common to all primal-dual algorithms, and is due to
the fact that the primal and dual updates need to be performed sequen-
tially in the full version of the algorithm. As a consequence, the blocks of
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coordinates must be partitioned in such a way that computations are not
discarded, so that the iteration cost of a BC algorithm is (substantially)
smaller than computing the full operator T. This choice relies entirely on
the structure of the optimization problem under consideration. A canon-
ical example of prominent practical interest is the setting of multi-agent
optimization in a network (cf. §4.5), where L is not diagonal, f and g
are separable, and additional coupling between (primal) coordinates is
present through £, see (4.51). In this example, the primal and dual coor-
dinates are partitioned in such a way that no computation is discarded
(cf. §4.5 for more details).

We proceed with another example where the coordinates may be
grouped such that the BC algorithm does not incur any wasteful compu-
tations: consider problem (4.1) with Lx = blkdiag(Lix1,..., LyuXm), and
g, h separable functions i.e.,

mir;ie%lize flx)+ ; (gi(xi) + hi(Lix;)).

In this problem, the coupling between the (primal) coordinates is carried
via function f.Foreachi =1,..., m, we can choose U; such that it selects
the i-th primal-dual coordinate block (u;, x;). Under such partitioning of
coordinates, one may use TriPD-BC (Alg. 4.2) with any random activation
pattern satisfying Assumption 4.1I1. For example, for the case of multiple
independently activated coordinates, as discussed above, at iteration k
the following is performed

» each block (u;, x;) is activated with probability p; > 0
« for active block(s) i compute:

k_ k k
P= prox(,h;(ui +oLix})

u
X" = Prox, (xf = yVif 5 = yLi i)
u

1= gk 4 oLk — &6,

1 1 1 1

More generally, when ¢ and & are separable in problem (4.1), and L is
such that either each (block) row only has one nonzero element or each
(block) column has one nonzero element, then the coordinates can be
grouped together in such a way that no wasteful computations occur: in
the first case the primal vector x; and all dual vectors u; that are required
for its computation are selected by U; (with the role of primal and dual

reversed in the second case).
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Remark 4.7. Note that in TriPD-BC (Alg. 4.2) the probabilities p; are
taken fixed, i.e., the matrix Il is constant throughout the iterations. This is
a non-restrictive assumftlon and can be relaxed by considering iteration-
varying probabilities p; in (4.30) and modifying TriPD-BC (Alg. 4.2) by
setting:

m
ek+l
Zk+l = Zk + Z Wul‘(TZk - Zk).
i=1

Let TT¢ denote the probability matrix defined as in (4.31) using pf.‘. Then,
by arguing as in Theorem 4.6, it can be shown that the following stochastic
Fejér monotonicity holds for the modified sequence:

k+1 2 k k|12
Ei [llz54" = 2*13] < l12* = 2* 11 - IT2" - 2|

k
m S(H +l)

4.4 Linear convergence

In this section, we establish linear convergence of Algorithms 4.1 and 4.2
under additional conditions on the cost functions f, g and k. To this end,
we show that linear convergence is attained if the monotone operator
F = A+ M + C defining the primal-dual optimality conditions (cf. (4.8)) is
metrically subregular (globally metrically subregular in the case of TriPD-
BC (Alg. 4.2)). A notable consequence of our analysis is the fact that linear
convergence is attained when the cost functions either a) belong in the
class of piecewise linear-quadratic (PLQ) convex functions or b) when they
satisfy a certain quadratic growth condition (which is much weaker than
strong convexity). Moreover, notice that in the case of PLQ the solution
need not be unique (c¢f. Thm.s 4.10 and 4.11).

Recall the notion of metric subreqularity in Definition 1.2. Metric sub-
regularity of the subdifferential operator has been studied thoroughly
and is equivalent to the quadratic growth condition [6, 63] defined next.
In particular, for a proper closed convex function f, the subdifferential
df is metrically subregular at ¥ for i with (¥, ) € gradf if and only if
there exists a positive constant ¢ and a neighborhood U of X such that
the following growth condition holds [6, Thm. 3.3]:

f@) 2 f@) +(F,x = %) +cd®(x, (0f) (7)) VxeU

88



Furthermore, df is strongly subregular at ¥ for i with (¥, i) € gradf, if
and only if there exists a positive constant ¢ and a neighborhood U of x
such that [6, Thm. 3.5]:

f(x) = f(&)+{(FJ,x— %) +cllx —%||> VxeU (4.35)

Note that strongly convex functions satisfy (4.35), but (4.35) is much weaker
than strong convexity, as it is a local condition: it only holds in a neighbor-
hood of ¥, and also only for j.

The lemma below provides a sufficient condition for metric subregu-
larity of the monotone operator A+M+C, in terms of strong subregularity
of Vf + dg and dh* (equivalently the quadratic growth of f + g and /", cf.
(4.35)) as stated in the following assumption:

Assumption 4.IV (strong subregularity of Vf + dg and dh*). There exists
z* = (u*, x*) € S satisfying;:

(i) Vf + dg is strongly subregular at x* for —LTu*,

(ii) Jh* is strongly subregular at u* for Lx*.

We say that f, g and & satisfy this assumption globally if the strong sub-
regularity assumption of Vf + dg and dh* both hold globally (cf. Def.
1.2).

In particular, Assumption 4.1V holds globally if either f or g (or both)
are strongly convex and # is continuously differentiable with Lipschitz
continuous gradient, i.e., i* is strongly convex.

Lemma 4.8. Let Assumptions 4.1and 4.1V hold. Then, F = A+ M+C (cf. (4.7))
is strongly subreqular at z* for 0. Moreover, if f, g and h satisfy Assumption
4.1V globally, then F is globally strongly subregular at z* for 0. In both cases
the set of primal-dual solutions is a singleton, S = {z*}.

Proof. From the equivalent characterization of strong subregularity in
(4.35) we have that there exists a neighborhood U,+ of x* such that for all
X € (L{X*

(f +8)(x) =(f + &)™) + (~LTu*, x — x*)
+c1lx — x*?, (4.36)

and a neighborhood U, of u* such that for all u € U,

B (u) > B (u*) + (Lx*, u — u*) + callu — u*||*. (4.37)
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Fix z = (u, x) with u € U~ and x € U,~. Consider v = (v1,0vp) € Fz =
Az + Mz + Cz. By definition (cf. (4.7)) we have

v1 € dh*(u) — Lx,
vy € 9dg(x) + Vf(x)+ L u.

Using this together with the definition of subdifferential yields:
(v1+ Lx,u—u*y > h*(u) - h*(u*), (4.38)
(V2 = LTu, x = x*) > (f + g)(x) = (f + g)(x™). (4.39)
Combining (4.38), (4.39) with (4.36), (4.37) and noting that
(LT(u* —u),x —x*) + {L(x —x*),u —u*y =0,
yields:

(0,2 =2%) = (o1, u —u*) + (02, x - x*)

> collu = w* | +eallx = x*|? 2 cllz = 2*|P%,

where ¢ = min{cy, cp}. Therefore, by the Cauchy-Schwarz inequality
llo]| > c|lz — z*||. Since ||z — z*|| > dist(z, F7'0), and v € Fz was selected
arbitrarily, we have

dist(z, F710) < 1 dist(0,Fz) Vz € Uy» X Uy (4.40)

Thus F is metrically subregular at z* for 0.
To establish uniqueness of the primal-dual solution consider:

L(u,x) = (f + g)(x) + (Lx, u) — h*(u).
Adding (4.36) and (4.37) yields
Lu*,x) = L(u,x*) > cllz—2*|> Vz € Uy X Uy (4.41)

Let z* = (#*,x*) € S such that z* € U,» X U. Since Z* is also a
primal-dual solution we have L(it*, x*)— L(u*, ¥*) > 0. Therefore, using
(4.41) at z* yields z* = z*. Since S is convex, we conclude that it is a
singleton, ie., S = {z*}. Consequently it follows from (4.40) that F is
strongly subregular at z* for 0.

The second part is a direct consequence of the first part and the fact
that if Assumption 4.IV holds globally then also the quadratic growth
conditions (4.36) and (4.37) hold globally, i.e., U+ = R", U,» € R". This
can be shown by adapting the proof of [6, Thm. 3.3]. O

90



Lemma 4.9 establishes metric subregularity of the operator A +M +C
when the functions f, ¢ and & are piecewise linear-quadratic (PLQ) (see
Definition 1.4). The claim follows directly from Lemma 3.11. Note that
this assumption does not imply that the set of solutions S is a singleton,
nevertheless, linear convergence can still be established. The class of PLQ
functions is closed under scalar multiplication, addition, conjugation and
Moreau envelope [144]. A wide range of functions used in optimization
applications belong to this class, for example: affine functions, quadratic
forms, indicators of polyhedral sets, polyhedral norms (e.g., the £1-norm),
and regularizing functions such as elastic net, Huber loss, hinge loss, to
name a few.

Lemma 4.9. Let Assumption 4.1 hold. In addition, assume that f, g and h
are piecewise linear-quadratic. Then F = A + M + C (c¢f. (4.7)) is metrically
subregular with the same constant 1 at any z for any v with (z,v) € graF.

Our main convergence rate results are provided in Theorems 4.10 and
4.11. In this context, Lemmas 4.8 and 4.9 are used to establish sufficient
conditions in terms of the cost functions. We omit the proof of Theorem
4.10; it is similar to that of Theorem 4.11, the main difference being that
in Theorem 4.10 local (as opposed to global) metric subregularity is used:
due to the Fejér-type inequality (4.23), z¥ will eventually be contained in
a neighborhood of metric subregularity, where inequality (4.46) applies.

Theorem 4.10 (linear convergence of Alg. 4.1). Consider TriPD (Alg. 4.1)
under the assumptions of Theorem 4.5. Suppose that F = A+ M + C is metrically
subregqular at all z* € S for 0. Then, (dists(z*, S)) e Converges Q-linearly to
zero, and (zF)ren converges R-linearly to some z* € S.

In particular, the metric subreqularity assumption holds and the result follows
if either one of the following holds:

(i) either f, g and h are PLQ,

(ii) or f, g and h satisfy Assumption 4.1V, in which case the solution is
unique.

Theorem 4.11 (linear convergence of Alg. 4.2). Consider TriPD-BC (Alg.
4.2) under the assumptions of Theorem 4.6. Suppose that F = A+ M + C is
globally metrically subregular for 0 (cf. Def. 1.2), i.e., there exists n > 0 such
that

dist(z, F710) < ndist(0, Fz) Vz € R""".

Then (B [dlle S(zk, S)])k N converges Q-linearly to zero.
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In particular, this result holds if

(i) either f, g, h are PLQ and there exists a compact set C such that (z* een S
C (as is the case if dom g and dom h* are compact),

(ii) or f, g and h satisfy Assumption 4.1V globally, in which case the solution
is unique.

Proof. For notational convenience let § = IT™'S and note that S = zer F
(cf. (4.14)). By definition we have ||z* - Pg(zk)||§ = dist(zF, S) (where
the minimum is attained since S is a closed convex set). Consequently, it
follows from (4.33) that

B2, 8)| < B 127 - PRI
< ll25 - PR — 1725 = K2,
— dict2 (K k_ k2
= dist3(z", S) - ITz" -z ”215—5' (4.42)
By definition (4.11), we have
125 = 2512 = [|(H + MT)7'S(TZ" - 29)|12

- ~ -1
< I(H + MT)'SIPI@P - 8) Tz = 2813, (4.43)

where z¥ is defined by (4.12) applied at z = z¥. Consider the projection
of ¥ onto S, Ps(z5). By definition ||k — Ps(z¥)|| = dist(z¥,S), and we
have

dist3(z", S) < |12 = Ps(EIZ < ISIlIz* - PsE)I?

- 2
< ISII{112* - Ps I + 12 - 21

- 2
- ||S||(dist(2k,8) + 1z - zk||) . (4.44)
In what follows we bound dist(z¥, S) by ||zX — z¥||. Define
o* = —(H - M)(ZF - 2F) + czF - CzF. (4.45)

It follows from (4.12) that (H — M — C)z*¥ € (H + D)z¥, which in turn
implies
v e FzF = (A+ M + O)z*.
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Consequently, using (global) metric subregularity of F yields
dist(zF, S) < nl|o]. (4.46)
By the triangle inequality and Lipschitz continuity of C,

ok = ||(H — M)(ZF - 2F) — cz% + C2F||
<(H - M)EF =29+ czF - c2h < gl1zF - 28|, @47)

where & = ||H-M]| + B¢]|Q||. By (4.46) and (4.47) we have
dist(zF,8) < &n||zF - 2.
Combine this with (4.43) and (4.44) to derive

distz(z",S) < pIITz" - 2|2, _, (4.48)
where ¢ = (En+1)?||(H+MT)71S|?||(2P - S)_1||||S_||. Therefore, by (4.42)
and (4.48) we have

E, [dg(zk”,S)] < dist3(z", ) - L dist?(z", 9).

Taking expectation in both sides concludes the proof. For the case of PLQ
functions, let U,, denote an open subregularity neighborhood around
zx € S, and set Uy = UzxesU,,. By Lemma 4.9 there exists a positive
1 such that dist(z, F710) < ndist(Fz,0) for z € U,. Moreover, since
(z")kGIN C C up to possibly enlarging C we have (Zk)k -~ E C. Note
that since (z")ke]N CCandCisclosed, CNS #0and CNU, + 0. 1tis
sufficient to show that dist(z, F710) < ndist(0, Fz) for z € C. Let us define
D(z) = dist(0, Fz). Since graF is closed, D(z) is lower semicontinuous
[144, Thm. 5.7, Prop. 5.11(a)]. By [144, Cor. 1.10] D(z) attains a minimum
over the compact set C \ Ux: cc = min,cc\qq, D(z) > 0 where the strict
inequality is due to the fact that the minmizer belongs to C\ U,. Moreover,
cc = Sup,¢c dist(z, F710) < oo due to the fact that C is bounded. Hence
dist(z, F710) < cc < i—‘; dist(Fz,0) for z € C\U,. Therefore, by combining
the two cases we obtain dist(z, F710) < max{’;—j, n} dist(Fz,0) forz € C
as claimed. The second sufficient condition follows from Lemma 4.8. O

In the recent work [104] the authors establish linear convergence in
the framework of non-expansive operators under the assumption that the
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residual mapping defined by R = id—T is metrically subregular. However,
such a condition is not easily verifiable in terms of conditions on the cost
functions. In the next lemma, we show that R is metrically subregular if
and only if the monotone operator F is metrically subregular. This result
connects the two assumptions and is interesting in its own right. More
importantly, it enables the use of Lemmas 4.8 and 4.9 for establishing
linear convergence for a wide array of problems.

Lemma 4.12. Let Assumptions 4.1and 4.11 hold. Consider the operator T defined
in (4.11) and a point z* € S. Then, F = A + M + C (cf. (4.7)) is metrically
subregular at z* for 0 ifand only if the residual mapping R = id—T is metrically
subregular at z* for 0.

4.5 Distributed optimization

In this section, we consider a general formulation for multi-agent opti-
mization over a network, and leverage Algorithms 4.1 and 4.2 to devise
both synchronous and randomized asynchronous distributed primal-
dual algorithms. The setting is as follows. We consider an undirected
graph G = (V,E) over a vertex set V = {1,...,m} with edge set
& C V x V. Each vertex is associated with a corresponding agent, which
is assumed to have a local memory and computational unit, and can only
communicate with its neighbors. We define the neighborhood of agent i by
N; = {jl(i, j) € E}. We use the terms verteX, agent, and node interchange-
ably. The goal is to solve the following global optimization problem in a
distributed fashion:

m
minimize Z filxi) + gi(x;i) + hi(Lix;) (4.49a)
X1,/ Xm i1
subject to A,-]'xi + A]‘ix]‘ = b(i,j) (i, ]) €ég, (4.49Db)

where x; € R". The cost functions f;, gi, h; o L; are taken private to agen-
t/node i € V, i.e., our distributed methods operate solely by exchanging
local variables among neighboring nodes that are unaware of each other’s
objectives. The coupling in the problem is represented through the edge
constraints (4.49b).

Throughout this section the following assumptions hold:

Assumption 4.V. Foreachi=1,...,m:

94



(i) Forj € Ni, b j € Rle) and Ajj e RY — R/@ is a linear mapping.

(ii) gi: R" — R, h; : R" — R are proper closed convex functions, and
L; : R" — R is a linear mapping.

(iii) f; : R" — R is convex, continuously differentiable, and for some
Bi € [0, ), Vf; is B;-Lipschitz continuous with respect to the metric
Qi>0,ie.,

IVAi(x) = Vil < Billx =yl x, v € R™.

(iv) The graph G is connected.

(v) The set of solutions of (4.49) is nonempty. Moreover, there exists
x; € ridom g; such that L;x; € ridombh;, for i = 1,...,m, and
Ai]'xl' + Ajl-x]- = b(i,j) for (i,j) eé&.

Algorithm 4.3 Synchronous & asynchronous versions of TriPD-Dist al-
gorithm

Inputs: x? e R, y? eR", fori=1,...,m,and w(ij),i € Rli» for j € Nj.
fork=0,1,...do

I: Synchronous version II: Asynchronous version

Each agent i = 1....,m is activated inde-
pendently with probability p; > 0
forallagentsi=1,...,m do || forall active agents do

Local updates:
wﬁ,].),i: %(wé‘i’j),i + wé(i,j),j) + @(Aijxf +A]»,-x;? ~bij), ViEN;
o
x; T = proxy,, (¥ = Gl §F = Ti Lien: Al—.;w(z.,j),i - 7, Vfi(xf))
= gkt oLy - 1k
+ K(,-,j)A,-]-(xf.”l - xf.‘), VjeN;

Y
k+1 —k

Wy =W,

(i,7),i (@i,))i

Transmission of information:

Send Al']‘x;”l, wé‘;r]l)l toagent j, Vj € N;

Each agent i € V maintains its own local primal variable x; € R"
and dual variables y; € R", and w; j); € Rl (for each j € N;), where
the former is related to the linear mapping L;, and the latter is the local
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dual variable of agent i corresponding to the edge-constraint (4.49b). It is
important to note that the updates in TriPD-Dist (Alg. 4.3) are performed
locally through communication with neighbors: the only information that
agent i shares with its neighbor j € N; is the quantity A;;x;, along with
edge variable w(; ;) ;, while all other variables are kept private.

The proposed distributed protocol features both a synchronous as
well as an asynchronous implementation. In the synchronous version,
at every iteration, all the agents update their variables. In the random-
ized asynchronous implementation, only a subset of randomly activated
agents perform updates, at each iteration, and they do so using their lo-
cal variables as well as information previously communicated to them
by their neighbors. After an update is performed, in both cases, updated
values are communicated to neighboring agents. Notice that the asyn-
chronous scheme corresponds to the case of multiple coordinate blocks
activation in TriPD-BC (Alg. 4.2). Other activation schemes can also be
considered, and our convergence analysis plainly carries over; notably, the
single agent activation which corresponds to the asynchronous model of
[169, 74, 186] in which agents are assumed to ‘wake-up’ based on inde-
pendent exponentially distributed tick-down timers.

Furthermore, in TriPD-Dist (Alg. 4.3) each agent i keeps positive local

stepsizes o;, T; and (K(i,]'))' N The edge weights/stepsizes «(; jy may
JEN:

alternatively be interpreted as inherent parameters of the communication

graph. For example, they may be used to capture edge’s ‘fidelity, e.g., the

channel quality in a communication link. The stepsizes are assumed to

satisfy the following local assumption that is sufficient for the convergence
of the algorithm (cf. Thm.s 4.13 and 4.14).

Assumption 4.VI (stepsizes of TriPD-Dist (Alg. 4.3)).
(i) (node stepsizes) Each agent i keeps two positive stepsizes g;, ;.

(i) (edge stepsizes) A positive stepsize «(; ;) is associated with edge
(i, j) € &, and is shared between agents i, j.

(iii) (convergence condition) The stepsizes satisfy the following local
condition

1

T < o :
=5 Flloil ] Li+ Xjen; k,pAj Al

According to Assumption 4.VI(iii) the stepsizes 7;, 0; for each agent
only depend on the local parameters f;, ||Q;||, the edge weights, x(; ;) and
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the linear mappings L;, and A;;, which are all known to agent i; therefore
the stepsizes can be selected locally, in a decentralized fashion.

We proceed by casting the multi-agent optimization problem (4.49)
in the form of the structured optimization problem (4.1). In doing so, we
describe how TriPD-Dist (Alg. 4.3) is derived as an instance of Algorithms
4.1 and 4.2.

Define the linear operator

N j) : x = (Aijxi, Ajixj),
and N € R?Z.jee lip*Ziz i by stacking Nj; j:
N:x+— (N(i,j)x)(i,]')e,g.

Its transpose is given by:

NT: (g )i pes = X = D, NEw ),
(i, )<E

with ¥; = ZjeM A;;,ZU(,',]‘),I‘. We have set w(i,j) = (w(i,j),i/ HJ(,‘,]‘),]'), ie., we
consider two dual variables (of dimension /; ;)) for each edge constraint,
where wy; ;) ; is maintained by agent i and w(; ;) ; by agent j.

Consider the set

Ci,j = {(z1,22) € RY i) x RYD | z1 4+ 20 = b(i,j)}-
Then problem (4.49) can then be re-written as:
m
minimize Zfi(xi) + gi(x;) + hi(Lix;) + Z 6c,)(Nijpx)  (4.50)
i=1 (i,j)eE
Let C = X jjeg Ci,j), L = blkdiag(Ls, ..., Lu), and Lx = (Lx, Nx) =:
(¥, W) € R™ with ng = 23 heg Liij) + ity 1i, and rewrite (4.50) in the
following compact form:

minimize f(x)+ g(x) + h(Lx), (4.51)

where f(x) = 37 fi(xi), 9(x) = 27, &i(xi), h(§, W) = h(y) + 6c(W), h(y) =
Yicy hi(Fi).
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In what follows, S refers to the set of primal-dual solutions of (4.51).
As in Section 4.2, the primal-dual optimality conditions can be written in
the form of monotone inclusion (4.8) with

Ay, w,x) > (Ih'(y), do(w), dg(x)),
M :(y,w,x) — (=Lx, —=Nx, LTy + NTw),
C :(y,w,x) — (0,0, Vi(x)),

where u = (y, w) represents the dual vector.
We define the edge weight matrix as follows

W = blkdiag ((K(i,j)lzz(,.,j))(i,j)ea),

where the weights «; ;) are repeated twice (for each of the two neighbor-
ing agents). Furthermore, we set
Y = blkdiag(o1ly,, ..., omly,, W),
I = blkdiag(tilu,, ..., Tuln,),
Q = blkdlag(,Blle cecy ,BQO)'
Since proxg.(y, w) = (proxu«(y), w — Pc(w)) (using prox,.(-) = Pc(-)

along with Moreau decomposition [13, Thm. 14.3]) the proximal updates
of TriPD (Alg. 4.1), cf. (4.6), become:

Yi = prox,;,~(yi + oiLixi),

—_— -1

Wi, j= Wi, j) G, ) (N, X = Peg (kG5 Wa6,) + N jx),
X = prox, (xi — tiL] Ji — Ti(NTW); — T;V f(x7)).

Note that for wq, w, € RY) the projection onto C; ;) is

1
Pcyy(wi, wr) = E(wl —wa + b j),—w1 +wy + b(z’,j))~

By assigning to agent i the primal coordinate x; and dual coordinate
yiand w j) ; forall j € N;, TriPD-Dist (Alg. 4.3) is obtained. Note that this
assignment entails non-overlapping sets of coordinates, i.e., Assumption
4.111(i) is satisfied.

The convergence results of TriPD-Dist (Alg. 4.3) are provided sepa-
rately for the synchronous and asynchronous schemes in the next two
theorems, along with a sufficient condition for linear convergence. The
proofs follow directly from Theorems 4.10 and 4.11.
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Theorem 4.13 (convergence of Algorithm 3-I). Let Assumptions 4.V and
4.V1 hold. The sequence (zk)k N = (yk,wk,xk)k N Senerated by Algorithm 3-1
converges to some z* € S. Furthermore, if fi, giand h;, i =1,...,m are PLQ,
then (dists(zk,S))k o Converges Q-linearly to zero, and (zk)ke]N converges R-
linearly to z* € S.

Theorem 4.14 (convergence of Algorithm 3-II). Let Assumptions 4.V and
4.VI hold. The sequence (z")ke]N = (yk,wk,x")ke]N generated by Algorithm 3-
IT converges almost surely to some z* € S. Furthermore, if fi, gi and h;,

i =1,...,m are PLQ and (zk)ke]N C C where C is a compact set, then

(E [dist12_[_1 S(zk , S)] )ren COnverges Q-linearly to zero.

4.6 Application: formation control

In this section we consider the problem of formation control of a group
of robots [136, 148], where each robot/agent has its own local dynam-
ics and cost function and the goal is to achieve a specific formation by
communicating only with neighboring agents.

For simplicity of visualization we consider a 2D problem. Each sub-
system (corresponding to a robot) has four states x; = (px,, py,, Ux;, 0y;),
where (py;, py;) and (vy,;, vy;) denote the position and the velocity vec-
tors, respectively. The input for each system is given by u; = (v}, v}

yi’r
The discrete-time LTI model of each system is given by
xi(k + 1) = fI)ixi(k) + Aiui(k), k= 0,1,....
The state and input transition matrices are as follows
I 0 X3 O Xz 0
10T 0 Xy 10 X3
q)’_OOXz 0V A’_X1 0f
00 0 X, 0 Xi
1 1
where the parameters are given by X; = —tg(e t« —1), X = e % and
1

X3 = tﬁ(e_a -1+ %) with time constant f; = 5 (s). This discrete-time
model was derived from the continuous-time model of [148] using exact
discretization with step length AT = 1.
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Let N denote the horizon length. Consider the stacked state and input
vectors x; € R* u; € R?V:

X = (xi(l), - ,Xi(N)), u; = (ui(O), ey Z/l,'(N - 1))

Then the dynamics of each agent can be represented as A;x; + Biu; = b;
where A;, B; are appropriate matrices and b; depends on the initial
state. The state and input constraints of each agent are represented by
the sets X;, U; and are assumed to be easy to project onto, e.g., boxes,
halfspaces, norm balls, etc. Moreover, we assume that each agent has its
own private objective captured by input and state cost matrices Q; and
Ri, and vectors g;, t;. The specific formation between agents is enforced
using another quadratic term that penalizes deviation of two neighbors
from the desired relative position. The optimization problem is described
as follows:
m

minimize > 11Qixi - qill* + 1IRin;  t]?

Xi, Ui

i=1
m
+ Z Z %HC(X; - x]') = d,’j”z (4.52)
i=1 jeN;
subject to A;x; + Bju; = b;, xi € Xi, u; € U;
i=1,...,m

The relative desired distance of agent i from its neighbor j is given by
dij, C is an appropriate linear mapping that selects the position variables,
and A; is a scalar weight to penalize deviation.

For each system that communicates with i, i.e., j € N;, we introduce
a local variable x;j, that can be seen as the estimate of x; kept locally
by agent i. In order to be consistent hereafter the self variables x;, u; are
denoted by x;;, u;;.

For each agenti = 1, ..., m define the stacked vector

ZN; = ((xij)jeMu{i},uii) e R",

where n; = 4AN(|N;| + 1) + 2N.

Let E; be a linear mapping such that E;zy; = A;x;; + Biu;;. Hence, the
set of points satisfying the dynamics are givenby D; = {z € R"|E;z = b;}.
Consider the linear mapping L; such that L;zy, = (xi;, #;;) and denote
Zi = X; x U;. Moreover, let h; := 67, gi = 0p, and

. 2 2 A
filzne) = 31Qixii = qill* + 3| Rimii — til* + 5 X jen, [1C(xii — xi7) — dif |
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With these definitions problem (4.52) is cast in the form of problem
(4.49) (minimizing over zx;, i = 1,...,m) where the linear mapping A;;,
for j € Nj, is such that Ajjzx; = (xii, —x;j) if i < jand Ajjzp; = (=xij, xii)
otherwise. Therefore, we can readily apply TriPD-Dist (Alg. 4.3) to solve
the problem in a fully distributed fashion yielding both synchronous and
randomized asynchronous implementations.

In our simulations we used horizon length N = 3. For the input and
state constraints of all agents we used box constraints: the positions py,
and p,, are assumed to be between 0 and 20 (m). The velocities vy, and
vy, and inputs vy, and vy, are assumed to be between between 0 and 15
(m/s) (for all agents). The local state cost matrices are set Q; = 0.1I for all
i. The local input cost matrices are set R; = I for half of the agents and
R; = 21 for the rest. Moreover, the vectors g;, t; are set equal to zero, and
the penalty parameter A; = 10 is used for all the agents.

The stepsizes of TriPD-Dist (Alg. 4.3) were selected as follows: i) (edge
stepsizes) x(;,j) = 1 for all (i, j) € &, ii) (node stepsizes) g; = f;/4 and

T = 0.99/(% +0i + Xjen; K(,j) for all i, where we used
Bi = max{[|Q] Qill + A;(INi| + 1), IR Rill},

which is an upper bound for the Lipschitz constant of Vf;. It is plain to
see that the above choice of stepsizes for the agents satisfy Assumption
4.VI(iii). Note that the stepsize selection only requires local parameters
Ri, Qi, A; and the number of neighbors |N;|, i.e., the algorithm can be
implemented without any global coordination.

In our simulations, we considered m robots initially in a polygon con-
figuration and enforced an arrow formation by appropriate selection of
d;j in (4.52). This scenario is depicted for m = 5 in Figure 4.2. The neigh-
borhood relation in this case is taken to be the same arrow configuration,
i.e., all agents have two neighbors apart from two agents with only one
neighbor.

For comparison we considered the dual decomposition approach of
[136] (based on the subgradient method). Notice that dual decomposi-
tion with gradient or accelerated gradient methods can not be applied
to this problem since f;’s are convex but not strongly convex. Recently,
TriPD-Dist (Alg. 4.3) was compared against the dual accelerated proximal
gradient method, in the context of distributed model predictive control
(with strongly convex quadratic cost) [94].

In the simulations for Figure 4.1, we used the stepsize 10/k (as tuned
for achieving better performance) for the dual decomposition method
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Figure 4.1: Comparison for the convergence of the algorithms for m =5 (left), and
m = 50 (right).
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Figure 4.2: Five agents reorganizing from a polygon to an arrow configuration.

where k is the number of iterations. Notice that the dual decomposition
approach for this problem can not achieve a full splitting of the operators
involved: at every iteration agents need to solve an inner minimization (we
used MATLAB’s quadprog to perform this step), the result of which must
be communicated to the neighbors for their computation, and is followed
by another communication round. This extra need for synchronization
would further slow down the algorithm in practice [73].

Figure 4.1 demonstrates the superior performance of both the syn-
chronous and asynchronous versions of TriPD-Dist (Alg. 4.3) compared
to the dual decomposition approach. The y-axis is the distance of v¥ :=

(x’fl, u’fl, e, x’;m, u’,jm) from the solution (v* was computed by solving
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(4.52) in a centralized fashion). The x-axis denotes the total number of lo-
cal transmissions between agents. In the asynchronous implementation
we used independent activation probabilities p; = 0.5 for all agents. It is
observed that the total number of local iterations is similar to that of the
synchronous implementation. Finally, as evident in Figure 4.1 both ver-
sions of TriPD-Dist (Alg. 4.3) achieve linear convergence rate as predicted
by Theorems 4.13 and 4.14 (the functions f;, g; and h; are PLQ).

4,7 Conclusions

The primal-dual algorithm considered in this chapter enjoys several struc-
tural properties that distinguish it from other related methods in the
literature. A key property, that has been instrumental in developing a
block-coordinate version of the algorithm, is the fact that the generated
sequence is S-Fejér monotone, where S is a block diagonal positive defi-
nite matrix. It is shown that the algorithm attains linear convergence un-
der a metric subregularity assumption that holds for a wide range of cost
functions that are not necessarily strongly convex. The block-coordinate
version of the developed algorithm is exploited to devise a novel fully dis-
tributed asynchronous method for multi-agent optimization over graphs.
Our future work includes designing a block-coordinate version of the Su-
perMann scheme of [157] that applies to quasi-nonexpansive operators.
In light of the fact that this method enjoys superlinear convergence rates,
such extension is especially attractive for multi-agent optimization yield-
ing schemes with faster convergence and fewer communication rounds.
Other research directions enlist investigating extensions to account for di-
rected and time-varying topologies, communication delays, and design-
ing efficient strategies for selecting activation probabilities and stepsizes.
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CHAPTER 5

PLUG AND PLAY DISTRIBUTED MODEL PREDICTIVE
CONTROL

This chapter is based on:

Latafat, P., Bemporad, A., and Patrinos, P. Plug and play distributed
model predictive control with dynamic coupling: A randomized primal-dual
proximal algorithm. In European Control Conference (ECC) (June 2018),
pp- 1160-1165.

5.1 Introduction

This chapter considers distributed model predictive control (DMPC) of a
network of m dynamically coupled linear systems. Fori = 1,...,m, the
dynamics of system i is of the form

m
xi(k + 1) = Z@ijx]'(k) + A,-ju]-(k),
j=1

with x;(k) € IR%, u;(k) € IR", subject to local state and input constraints.
The structure of the network is defined by the coupling of the dynamics
through matrices ®@;; and A;;. System j affects i if either one of ®;;, A;;
is nonzero. It is natural to assume that two systems can communicate if
either one of them affects the dynamics of the other, in which case we say
that they are neighbors. However, the systems need not be aware of the
global structure of the network, or even existence of systems beyond their
neighbors.

DMPC formulations considered in the literature vary depending on
the nature of the coupling and can be grouped in two general categories.
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In applications such as formation control where the systems are phys-
ically separate but share a common goal the DMPC problem involves
coupling cost or constraints without dynamic coupling [171, 65, 173].
The second category involves DMPC problems with dynamic coupling
with applications ranging from smart grids, sensor networks, water net-
works to transportation systems, and has been studied by many authors
[79, 16, 77, 86, 69, 159]. This chapter is focused on the second category.
We note that in our setting it is straightforward to extend the proposed
setup to include coupling in cost and constraint between neighbors, how-
ever, this leads to complicated notation and has been avoided for the
sake of clarity. Furthermore, this chapter is not concerned with the stabil-
ity of the closed-loop system and looks at the DMPC problem from the
optimization point of view.

A popular approach for solving the DMPC problem is to derive dis-
tributed algorithms using dual decomposition. Many authors have con-
sidered solving the dual problem using the proximal gradient method,
the alternating direction method of multipliers (ADMM) or their variants
[124,77,69, 86, 79]. These approaches are preferred to subgradient meth-
ods given that they allow constant stepsizes. Algorithms that are based
on proximal gradient or its accelerated variants require the cost function
to be strongly convex. Another common issue is the need for central-
ized computations for selecting the stepsizes. This is a major drawback
that can hinder the implementation especially in applications where the
network structure is subject to change. For example, applying proximal
gradient requires the stepsize to be bounded by the inverse of the Lip-
schitz constant associated to the dual function [79]. In [76] a metric for
Lipschitz continuity is used which requires solving a semidefinite pro-
gram (SDP) globally. In [77] the authors provide a distributed method
for selecting the metric that involves solving a series of local SDPs. An-
other recent work that involves distributed stepsize selection is [86] where
the Lagrangian minimization step is modified with regularization terms.
Each iteration in [77] and [86] involve a local inner minimization step the
result of which is required by the neighbors, i.e., each iteration involves
two rounds of communication.

The main contributions are summarized below:

* The new algorithm is fully-distributed, involves simple computations
for each subsystem without any inner loops, and requires one round
of communication per update. At every iteration active subsystems
perform local updates, communicate the necessary vectors to their
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neighbors, and go idle. The algorithm is presented in two forms: The
synchronous case where all of the systems are active at every iteration,
and the asynchronous case where subsystems are activated at random
independently of one another.

* The stepsize of each subsystem is selected locally through a simple rule
(cf. Assumption 5.11(iii)). Therefore, any modification to the network
structure would only affect the neighboring subsystems.

¢ The cost function must be convex but not necessarily strongly convex.

¢ The algorithm possesses linear convergence rate when the local input
and state constraints are polyhedral sets, a common scenario.

5.2 Problem setup

We consider a distributed model predictive control problem with m dy-
namically coupled subsystems. We use an undirected graph G = (V, &)
to model the interaction between subsystems/agents. Each node i € V
is associated with a subsystern, maintains its own local variables, and can
communicate with its neighbors. The goal is to solve the global model pre-
dictive control problem with only local exchange of information between
neighbors.

Let @;; and A;; denote the state transition and input matrices from
subsystem j to i. For all i € V, the in-neighbor and out-neighbor sets are
defined by

/Vz.in ={] eV {i}|CD,']' #0or A,’j # 0},
NOS ={j € V\ {i}|®j; # 0 or Aj; # 0},
and the neighborhood set is defined by N; = /\/l.OUt U Nl.i“, i.e., the edge

(i, 7) € & exists if j € N;. The DMPC problem is written in the following
standard form:

m N N-1
s s 1 . TNk . Tpk,,.
minimize 5;(;x’(k) Qix,(k)+kz_:ul(k) Riul(k))
subject to  xi(k +1) = Z D (k) + Agjuj(k) (5.1a)

jENIULi}
uj(kyeU;, fork=0,...,N-1,
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x,'(k)EX,', fOI'k=1,...,N—1,
xi(N) e X/

foralli=1,...,m

where x;(0) is given, x;(k) € IR* and u;(k) € IR" denote the state and
input variables of subsystem i at time k.

Note that the separable quadratic cost function is used for clarity of
exposition. It may be replaced by any Lipschitz differentiable function
without requiring the subsystems to solve inner minimizations (cf. Rem.
5.1). Furthermore, it is straightforward to modify our analysis to allow
coupling between neighbors.

Throughout the chapter the following assumptions hold:

Assumption 5.1. Fori=1,...,m:

(i) Input and state constraint sets Xi,z\’,f c IR¥ and U; ¢ IR are
p i
nonempty, closed, and convex.

(ii) The cost matrices Qi.‘ and Ri,‘ are positive semidefinite.
(iii) The graph G is connected.

(iv) The DMPC problem admits a solution. Moreover, fori = 1,...,m

there exists xj(k) € riX; fork =1,...,N -1, x;(N) € rin.f, and
ui(k) eril;fork =0, ..., N—1such that the linear dynamics (5.1a)
are satisfied.

The strict feasibility enforced in Assumption 5.1(iv) ensures that strong
duality holds, and can be dropped whenever the constraint sets are poly-
hedpral [143, Corollary 31.2.1].

Fori=1,...,m define
zi = (xi(1), -+, xi(N), ui(0),--- ,u;(N - 1)) e R",
where r; = N(s; + t;). The quadratic cost function can be written as

3 XM, 2] Gizi where G; = blkdiag(Q},...,QN,R?,...,RN1). The dy-
namics can be expressed as:

Z Lifzf = Z binj(O), fori=1,---,m,

jENMU{i} jENIU{i}
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where L;; and b;; are appropriate linear mappings [76]. With these defi-
nitions the distributed MPC problem becomes

1 m
minimize > Z z/ Gizi (5.2a)
i=1
subjectto Y Lyzj=bi, i=1-,m (5.2b)
jE/V;“U{i}
zieZ, i=1,---,m (5.2¢)

where b; = i yin(;y bijxj(0), and the constraint sets Z; denote the prod-
uct of local input and state constraint sets:
Zi=X[><...><X,-><Xf><(Lll-x...><‘Lli.

————
N-1 N

5.3 A primal-dual algorithm for DMPC

Our goal is to solve (5.2) in a fully distributed fashion while keeping
the number of communications to a minimum. For each subsystem that
affects i, i.e., j € Nl.i“, we introduce a local variable z;;, that can be seen
as the estimate of z; kept locally by agent i. For notation consistency,
self-variables z; are hereafter denoted by z;;. We write the equivalent
optimization problem:

m
minimize % Z z}.Gizii (5.3a)
i=1
subject to Z Li]'Z,']' =b;, i=1,...,m (5.3b)
jeENIU{i}
Zii E-Zi, i=1,...,m (5.3C)

zij=zjj, i=1,...,mandjeN" (5.3d)
Fori eV, let nj = 3 ;cymyy rj and define:
2n; = (2if) jeninuy € IR™, Li = [Lijljepmuqiye R
The set of points satisfying the linear constraint is given by:

Di={ze€ IRni|LiZ =b;}.
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Nin = {2,4}
Newt= (3,4}

Figure 5.1: Dynamic coupling in the DMPC problem

We note that the variables are stacked in ascending order (index-wise). For
example, consider the neighborhood relation described in Figure 5.1. Sub-
system 1 is affected by subsystems 2 and 4, therefore, zx, = (z11, Z12, 214)-
Our proposed algorithm is a primal-dual scheme. Therefore, in addition
to primal variables each system holds dual variables. For each i € V we
introduce two sets of dual variables: the node variable y; € IR" and the
edge variables w;j; € IR" for j € N°", and wj;; € IR" for j € N/ The
first argument of the subscript denotes the edge relation and the second
the ownership of the variable, i.e., if system i affects j, then i and j will
keep wjj; and w;; ; respectively.
Let E; € IR be a linear mapping such that E;zy; = z;;. Define

8i(zn) = 0m,(zn,) + 32 E{ GiEizn,,  hi =0z, (5.4)
where 0x denotes the indicator function of a closed nonempty convex set,

X. Problem (5.3) becomes

1
minimize Qi(za;) + hi(Eizp;) (5.5a)

m
i=1
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subject to  Ajjzn; + Ajizn; =0 (i,j)eé& (5.5b)

where A;; € IR'»*" is defined based on the neighborhood relation as
follows
Zii ] ¢ N}n, ] € Nout
AijZM =4 "Zjj ] S Mn, ] ¢ /Vout (5.6)
(zii, Zz]) j€ N‘m/ S Nom

Notice that depending on the neighborhood relation [; ) is either equal
tori, rjorri+r;.

A primal-dual algorithm was introduced in [100] (see Chapter 6) for
problems of the form (5.5) with consensus constraint. However, a con-
sensus constraint can not capture the coupling in the DMPC problem
depicted in Figure 5.1. Another drawback of the aforementioned work is
that the stepsize selection requires global coordination. Our analysis here
is different from that work and is based on [95] (see Chapter 4). In Sec-
tion 5.4 we describe how TriPD-Dist (Alg. 4.3) is applied to the DMPC
problem to derive Algorithm 5.1.

Our proposed distributed scheme is summarized in Algorithm 5.1. It
involves two versions. In the synchronous case at each iteration all sys-
tems perform their local updates and broadcast the result to the relevant
neighbors. In the asynchronous case each system wakes up randomly in-
dependent of other systems, i.e., there may be several active systems at
each iteration. The stepsizes appearing in Algorithm 5.1 should satisfy
the following:

Assumption 5.II (stepsizes in Algorithm 5.1).

(i) (node stepsizes) Subsystem i keeps two positive stepsizes o;, 7;
associated to h; and g;, respectively.

(i) (edge stepsizes) For each edge (i,j) € & we associate a positive
stepsize x(;, j) that is shared between system i and ;.

(iii) (convergence condition) The stepsizes satisfy the following local
condition consensus

1
max{Xjenou K(i,j) + 0, (K(i,j))]-eNim}'

(5.7)

T <

The dual updates for y; in Algorithm 5.1 require projection onto the
set Z; which can often be performed efficiently, e.g. for boxes, halfspaces,
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Algorithm 5.1 Synchronous & asynchronous distributed primal-dual al-
gorithm for DMPC

Inputs: 0; >0,7; >0fori=1,...,m,and K(i,j) > Ofor(i,j) e &
fork=0,1,...do

I: Synchronous version II: Asynchronous version
drawr.v. e;‘ according to P(e? =1)=p; >0

forallsystemsi =1,...,mdo || for all systems i with eif =1do

Local updates:

k1, k ik t
Wiji = (wur + wzu) + T](Zii - ]l)'v] €N
“k _ 1(.k k Wi [k :
Wiii = E( jii T w]zj) + T(ij - ) VienN®
—k_

7F =y +oizk —0i Pz (07 Yk +25)
zf\zl = prox, ., (c) is given by (5.8) and (5.9).
yzl’ﬁ—l — glk + Gz(zk+1 _ Zk)

k+1

1= w it 1<(l,])(z’“rl ’.(l.), forall j € N
k+1 _ —k k+1 k : in

wili = w/.il K(w)( l./.), forall j € N}
Broadcast of 1nformat10n

k1 opk+1 out k1 pk+1 in
Send z;", Wto]eN anclz , j”to]eNi

norm balls. The primal updates are compactly writtenas zy; = prox, . (c)
where ¢ = (cij) jenmyyiy is given by

cii = zii — Ti(7i + Z Wij i), (5.8a)
jE/\(iout
Cij = Zij + Tiwji,il for aII] S /Vl-in. (58b)

The proximal mapping prox.,,, (c) involves the minimization of a strongly
convex quadratic function over an affine subspace:

minizmize 1zT(EJGiE; + %_In,.)z - %cTz (5.9a)
subject to Lz = b;, (5.9b)

and can be evaluated efficiently through solving the linear system defin-
ing its KKT optimality conditions. We stress that the matrix of the linear
system is constant throughout iterations, and needs to be factored only
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once. Consequently, the evaluation of the primal step at every iteration
amounts to forward and backward substitution steps [129, §IIL.C].

5.4 Deriving the algorithm and convergence re-
sults

In this section we detail the steps of applying Algorithms 4.1 and 4.2 to
the DMPC problem.
Letz = (zpn;, ..., 2p;,,) and define the linear operator

N(i,j) Z (Ai]'ZN,'rAjiZNj)-

The edge constraints (5.5b) can be equivalently formulated in the cost
as 1 oc,, (Nijyz), where Cijy = {(z1,22) € R | 21+ 2 = 0).
Consequently, (5.5) can be formulated in the form of unconstrained opti-
mization:

m

minimize Z (gi(zn;) + hi(EizM))+Z ¢y (N(i,j)z)
i=1 (i,j)e&

In order to formulate the dual problem we introduce two sets of dual
variables, y; € IR" and w(; j € IR%), The former corresponds to node
and the latter to edge constraints. The edge variable wy; ;) consists of two
blocks, w(;, jy = (w( j),i, W, j),;), i-e., we consider two dual variables for each
constraint, where wy; ;) ; € IR'0/ is maintained by agent i and w;;); €
IR by agent j. Notice that the edge variable wy; ;) ; itself consists of
either one or two blocks: wy; j; = (wjji, wji,;), where w;;; and wj;; are
present when j € N°" and j € N/, respectively.

For clarity of exposition we rewrite the problem with compact nota-
tion. We use N without any subscript to denote the stacked linear mapping
N = (N, j)i,jee, and C = X(i,]-)eg Ci,j)- The transpose of N is given by

NT: (@ )i jee = 2= D, NG wa .
(i))<E

with Z; = Yien AiTjw(i,j),i. Furthermore, set E = blkdiag(E1,...,En)
and define Lz = (Ez,Nz) =: (7, @) € IR", where n; = 2 jes 2L j) +
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SiirioSet g(z) = T gilzn),  h(F, @) = h(§) + 6c(@), where h(§) =
2.ty hi(7;). Then, problem (5.5) can be casted as

minimize g(z)+ h(Lz). (5.10)

Problem (5.10) may be solved by a range of primal-dual algorithms re-
sulting in the full splitting of the nonsmooth functions and the linear
mapping, see Chapter 3. Our goal is to derive algorithms in which: i)
both the iterates and the stepsizes are computed locally, ii) involve one
round of communication per iteration, iii) allow block coordinate up-
dates. An ideal candidate for this purpose is the primal-dual algorithm
introduced in [95, Alg. 1], see Chapter 4. In particular, the sequence gen-
erated by the algorithm is S-Fejér monotone where S is a block diagonal
positive definite matrix.

Remark 5.1. In (5.4) the quadratic terms were captured by nonsmooth
functions g;. Our scheme requires calculating the proximal mapping of
gi which translates to solving the quadratic over affine minimization
(5.9). Alternatively, one can model the quadratic cost functions using a
third smooth term in (5.10) (see TriPD (Alg. 4.1)). This would result in a
gradient step and a projection onto the set O; in place of a quadratic over
affine minimization. Hence, it is possible to use general convex Lipschitz
differentiable functions as cost in the DMPC problem. In that case the
Lipschitz constant of the smooth term would affect the stepsizes. O

In order to represent the algorithm compactly we define the following
set of diagonal matrices:

W = blkdiag ((K(i:j)IZZ(i,i))(irf)ea)’
% = blkdiag(oly,, .- ., omly,),
I' = blkdiag(t1ly,, - - -, Tmln,,)-

Notice that x;, j) is repeated twice, i.e., once for every node sharing the
edge.
Letv = (y, w, z), and define the operator T

To=(§J+XE(z—-2z),w+WN(Z-2z),2),
where

y= proxg:l(y + XEz) (5.11a)
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w

pr0}><g‘f_1 (w + WNz) (5.11b)
C
z=prox} (z-TET§-IN"@). (5.11¢)

Then TriPD (Alg. 4.1) can be represented as the fixed-point iteration
v**1 = Tok. This iteration is amenable to block coordinate (BC) updates. A
general BC scheme was proposed in TriPD-BC (Alg. 4.2). Our focus here
is on the case where each coordinate has an independent probability to
be active. Briefly put, the BC scheme is represented as

m

Zk = Z efui(Tzk),
i=1

where U; are diagonal matrices with zero and one diagonal elements,
and are used to select the coordinates, while €f € {0,1}" encodes if a co-
ordinate i is updated at iteration k. The matrices U; are assumed to be
disjoint and )2, U; = I, where I is the identity matrix of appropriate
dimensions. The partitioning described in this section satisfies these re-
quirements, i.e., for i = 1,...,m, the matrix U; selects z;, y; and Wi, jy,i
forj e N;.

Since 7 in (5.11a) is separable, using (5.4) and the Moreau identity
[13], we have that fori =1,...,m

Ui =yi+o0izii = Pz,(yi + 0izii),
and the projection onto C; ;) is given by
PC(,‘,/)(wlr w2) = %(wl — W2, —w1 + wZ)'

Therefore, (5.11b) yields the updates for the edge variables in Algorithm
5.1. The Z in (5.11c) can be evaluated as follows: For each i € V

- T_ T —_
ZN; = PrOXq e, (ZM - TE; §i — 7 Z Al.].w(i,]-),,-).
JeN;

Therefore, the primal update is carried out by solving (5.9) where c is
given by (5.8). Finally, evaluation of the operator T requires matrix-vector
products and straightforward substitution of the involved matrices yields
Algorithm 5.1.

The next theorem summarizes the convergence results for Algorithm
5.1. The proof is omitted here and the interested reader is referred to
Chapter 4.
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Theorem 5.2. Let Assumptions 5.1 and 5.11 hold. Consider the stacked vectors
z=0zn, 2N Y = W, e Ym), W = (w([/j))(i,]-)eg. Then, in the case of
synchronous updates, (vk)kelN = (y%, wk,zk)ke]N generated by Algorithm 5.1
converges to some v*, and in the case of asynchronous updates it converges
almost surely to some v*-valued random variable, where v* is a primal-dual

solution to (5.5). In particular, (z’l(l, cee, z’,;m)keN converge to a solution of the

DMPC problem (5.1). If in addition, X;, X/ and U; are polyhedral sets then in
the synchronous case the distance from the primal-dual solution set converges
Q-linearly to zero.

5.5 Numerical simulations

In this section, as a benchmark example we consider the problem of
frequency control in power networks [141]. The network consists of power
generation areas with the goal of maintaining nominal frequency levels
despite changes in load and network configuration. The approach in
[141] is based on modeling the dynamic coupling as disturbance. Clearly,
this could lead to conservative control actions. In contrast our method
solves the exact global optimization constrained by the dynamics through
distributed computation and communication with the neighbors.

Each system consists of four states x; = (A6;, Aw;i, APm,;, APy,;) and
one control input u; = APyef,. The continuous-time LTI model of each
system is given by

X = Z Al‘]‘x]' + Bju;.
jENIU{i}

Notice that the inputs are not coupled. The objective for each system is to
track x/ = (0,0, AP, APL,) and u = AP, where AP|; denotes the local
power load. In our simulations we used five systems as described in Figure
5.2. The local constraints for each system are as follows: A9; € [-0.1,0.1]
for all i, and APr,,AP;, € [-0.5,0.5], APr,,AP;, € [-0.65,0.65], and
AP;, € [-0.55,0.55]. Furthermore, the quadratic costs Q; = 4I;, and
R; = I}; are used for all systems along the horizon. We have omitted the
details on the system dynamics here. The reader is referred to [141] and
the references therein for details and parameter values. We used Euler’s
method for discretization of the dynamics with step length of 1 sec. This
discretization has the advantage of maintaining the sparsity patterns of
the transition matrices. In all our simulation we used horizon length
N =20.
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Figure 5.2: Network structure in the DMPC problem for scenario 1: system 5 is
added at t = 20 and system 4 is disconnected at t = 50.

In Algorithm 5.1 the stepsizes for each system must be selected in
accordance to the simple condition of Assumption 5.11(iii). Typically,
in primal-dual proximal algorithms larger stepsizes yield faster conver-
gence. However, there is a trade-off between edge parameters x; ;) and
node parameters, o;, 7;. We selected these values empirically as follows:
i) k¢, = 10 for all (i, j) € &, ii) 0; = 1if dP"* = 1, and 10]d9"* — 1] oth-

099 out . .
max (1047 70,10 where d?"" denotes the cardinality of

NPt Notice that due to this simple local rule, removal or addition of a
node only affects the neighboring nodes through d?*.

Our simulations consist of two scenarios:

Scenario 1: In the first scenario we demonstrate the plug and play ca-
pability of our algorithm, i.e., removal and addition of a new system only
affects the network locally without the need for any global coordination.
We consider systems 1, . . ., 4 with the dynamic coupling depicted in Fig-
ure 5.2. We assume that at time ¢ = 20 system 5 is connected to systems
2 and 4. Furthermore, system 4 is disconnected from the network at time
t = 50. Table 5.1 summarizes the load of power and network modifica-
tion at given time steps. Figure 5.3 highlights the frequency deviation (the
second state variable) for systems one and four. It is observed that the fre-
quency control is achieved despite the load and configuration changes.

erwise, iii) 7; =

Table 5.1: loads of power and network structure for Scenario 1

time 5 5 20 20 35 35 50
system 1 4 2 5 5 3 4
APy, 0.10 -0.12 | 0.08 added | 0.05 -0.10 | removed
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Figure 5.3: Frequency deviation for systems one and four
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Figure 5.4: Total number of local iterations: comparing synchronous PDDMPC,
randomized PDDMPC and DGFG.

Scenario 2: In the second scenario, we considered a static network
structure with 5 systems and load APy, = 0.10 with the same neighbor-
hood structure and constraints as in the previous scenario. We compared
our algorithm (referred here as PDDMPC) to [77, Alg. 3] (DGFG) that
is based on applying the fast gradient method to the dual problem. The
aforementioned paper proposes solving a series of convex semidefinite
program (SDP) locally at the nodes in order to select the parameters of
the algorithm in a distributed fashion. In order to have a fair compari-
son we solved the global optimization problem using MOSEK [5]. Figure
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5.4 demonstrates the superior performance of our scheme. The y-axis is
the error defined as the norm of the difference between current primal
variables and the solution in both algorithms. The x-axis denotes the to-
tal number of local iterations. Notice that DGFG requires two rounds of
communication at every iteration. Furthermore, we used the randomized
version of the algorithm where each system is activated independently
with probability p; = 0.5. It is observed that the random activation of
nodes result in roughly the same number of total local iterations as the
synchronous case.

5.6 Conclusions

This chapter introduced a fully distributed primal-dual proximal algo-
rithm for the DMPC problem that includes both synchronous and ran-
domized versions. In addition to simple local iterations, the stepsizes of
the new algorithm are selected locally without any global coordination.
Therefore, any changes to the network structure only affects the neigh-
boring nodes. In addition, our algorithm enjoys a linear convergence rate
under mild assumptions on the input and state constraints. Future works
include devising efficient strategies for selecting the edge weights, and
extending the algorithm for the case of lossy communications.
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CHAPTER 6

A PRIMAL-DUAL PROXIMAL ALGORITHM FOR
DISTRIBUTED OPTIMIZATION OVER GRAPHS

This chapter is based on:

Latafat, P., Stella, L., and Patrinos, P. New primal-dual proximal algo-
rithm for distributed optimization. In 55th IEEE Conference on Decision and
Control (CDC) (Dec 2016), pp. 1959-1964.

6.1 Introduction

In this chapter we deal with the distributed solution of the following
optimization problem:

N
e ) + hi(C: 6.1
IR 280G ()

where fori =1,...,N, C; is a linear operator, g; and h; are proper closed
convex and possibly nonsmooth functions. We further assume that the
proximal mappings associated with g; and h; are efficiently computable
[49]. In a more general case we can include another continuously differ-
entiable term with Lipschitz continuous gradient in (6.1) as in Chapter 3
but we opted not for clarity of exposition.

In machine learning and statistics the C; are feature matrices and func-
tions h; measures the fitting of a predicted model with the observed data,
while the g; are reqularization terms that enforce some prior knowledge
in the solution (such as sparsity, or belonging to a certain constraint set).
For example if h; is the so-called hinge loss and g; = %H . ||§, for some
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A > 0, then one recovers the standard SVM model. If instead g; = A|| - |l1
then one recovers the £;-norm SVM problem [185].

Problem (6.1) may be solved in a centralized fashion, when all the data
of the problem (functions g;, h; and matrices C;, foralli € {1,...,N})are
available at one computing node. However, such a centralized approach is
not realistic in many scenarios. For example, suppose that /;(C;x) models
least-squares termsand Cy, . .., Cy are very large features matrices. Then,
collecting Cy,...,Cy into a single computer may be infeasible due to
communication costs, or even worse they may not fit into the computer’s
memory. Furthermore, the exchange of such information may not be
possible at all due to privacy issues.

Our goal is therefore to solve problem (6.1) in a distributed fashion.
Specifically, we consider a connected network of N computing agents,
where the i-th agent is able to compute the proximal mappings of g;, h;,
and matrix-vector products with C; (and its adjoint operator). We want
all the agents to iteratively converge to a consensus solution to (6.1), and
to do so by only exchanging variables among neighbouring nodes, i.e,
no centralized computations (i.e., existence of a fusion center) are needed
during the iterations.

To do so, we will propose a solution based on Asymmetric Forward-
Backward-Adjoint (AFBA) splitting method, Algorithm 2.1. This splitting
technique solves monotone inclusion problems involving three operators,
however, in this chapter we will focus on a special case that involves two
terms. Specifically, we develop a distributed algorithm which is based on
a special case of AFBA applied to the monotone inclusion correspond-
ing to the primal-dual optimality conditions of a suitable graph splitting
of (6.1). Our algorithm involves a nonnegative parameter 6 which serves
as a tuning knob that allows to recover different algorithms. In partic-
ular, the algorithm of [38] is recovered in the special case when 0 = 2.
We demonstrate how tuning this parameter affects the stepsizes and ul-
timately the convergence rate of the algorithm.

Other algorithms have been proposed for solving problems similar to
(6.1) in a distributed way. As a reference framework, all algorithms aim
at solving in a distributed way the problem

N
minimize Z Fi(x).
xelR" P

In [122] a distributed subgradient method is proposed, and in [64] this
idea is extended to the projected subgradient method. More recently, sev-
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eral works focused on the use of ADMM for distributed optimization.
In [29] the generic ADMM for consensus-type problems is illustrated. A
drawback of this approach is that at every iteration the agents must solve
a complicated subproblem that might require an inner iterative proce-
dure. In [131] another formulation is given for the case where F; = g; +1;,
and only proximal mappings with respect to g; and h; are separately com-
puted in each node. Still, when either g; or h; is not separable (such as
when they are composed with linear operators) these are not trivial to
compute and may require inner iterative procedures, or factorization of
the data matrices involved. Moreover, in both [29, 131] a central node is
required for accumulating each agents variables at every iteration, there-
fore these formulations lead to parallel algorithms rather than distributed.
In [153] the optimal parameter selection for ADMM is discussed in the
case of distributed quadratic programming problems. In [174, 175, 115],
fully distributed algorithms based on ADMM proposed, assuming that
the proximal mapping of F; is computable, which is impractical in many
cases. In [21] the authors propose a variation of the Vii-Condat algorithm
[53, 170], having ADMM as a special case, and show its application to
distributed optimization where F; = g; + h;, but no composition with a
linear operator is involved. Only proximal operations with respect to g;
and h; and local exchange of variables (i.e., among neighboring nodes) is
required, and the method is analyzed in an asynchronous setting.

In this chapter we deal with the more general problem as in (6.1). The
main features of our approach, that distinguish it from the related works
mentioned above, are:

1) We deal with F; that is the sum of two possibly nonsmooth functions
one of which is composed with a linear operator.

2) Our algorithm only require local exchange of information, i.e., only
neighboring nodes need to exchange local variables for the algo-
rithms to proceed.

3) The iterations involve direct operations on the objective terms. Only
evaluations of ProXg,, Prox;s and matrix-vector products with C;

and C ZT are involved. In particular, no inner subproblem needs to be
solved iteratively by the computing agents, and no matrix inversions
are required.
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6.2 Problem formulation

Consider problem (6.1) under the following assumptions:
Assumption 6.I. Fori=1,...,N:
(i) Ci : IR" — IR are linear operators.
(i) gi :IR" = R, h; : IR" — R are proper closed convex functions.
(iif) The set of minimizers of (6.1), denoted by S*, is nonempty.

We are interested in solving problem (6.1) in a distributed fashion.
Specifically, let G = (V, E) be an undirected graph over the vertex set
V ={1,...,N} with edge set E C V x V. It is assumed that each node
i € V is associated with a separate agent, and each agent maintains its
own cost components g;, /1;, C; which are assumed to be private, and its
own opinion of the solution x; € IR". The graph imposes communication
constraints over agents. In particular, agent i can communicate directly
only with its neighbors j € N; = {j € V | (i,j) € E}. We make the
following assumption.

Assumption 6.II. Graph G is connected.

With this assumption, we reformulate the problem as

N
minimize Z Qi(xi) + hi(Cix;)
i=1

xelRN"

subject to  x; = x; (i,j)eE

where x = (x1, ..., xn). Associate any orientation to the unordered edge
setE.LetM = |E|and B € IRN*M be the oriented node-arc incidence matrix,
where each column is associated with an edge (7, j) € E and has +1 and -1
in the i-th and j-th entry, respectively. Notice that the sum of each column
of B is equal to 0. Let d; denote the degree of a given vertex, that is, the
number of vertices that are adjacent to it. We have BBT = £ € RNV,
where L is the graph Laplacian of G, i.e.,

d; ifi= i
L;j={-1ifi # j and node i is adjacent to node j,
0 otherwise.
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Constraints x; = xj, (i, j) € E canbe written in compact formas Ax = 0,
where A = BT ® I, € RM"”N" Therefore, the problem is expressed as

N
minimize i(xi) + hi(Cixi) + 610y (Ax). (6.2)
xeIRN" ; § or
The dual problem is:
N
minimize Z (A w - Clyi) + (i), (6.3)
vielR Y i=1
welRM"

where A; € RM™" s the i-th (block) column of A. The primal-dual
optimality conditions are

0€dgi(xi))+Clyi+Alw,i=1,...,N
Cix; € oh;(yi) i=1,...,N (6.4)
SN Aixi =0,

where w € RM”, yi € R", fori =1,...,N. The following condition is
assumed to hold throughout this chapter.

Assumption 6.III. There exist x; € ridom g; such that C;x; € ridom h;,
i=1,...,Nand 3N, A;x; = 0.

This assumption implies that the set of solutions to (6.4) is nonempty
(see [50, Prop. 4.3(iii)]). If (x*, y*, w™) is a solution to (6.4), then x* is a
solution to the primal problem (6.2) and (y*, w*) to its dual (6.3).

6.3 Distributed primal-dual algorithms

In this section we provide the main distributed algorithm that is based
on Asymmetric Forward-Backward-Adjoint (AFBA) [96] (see Chapter 2). The
developed algorithm belongs to the class of primal-dual algorithms. The
convergence results include both primal and dual variables. However, the
convergence analysis here focuses on the primal variables for clarity of
exposition, with the understanding that similar claims holds for the dual
variables.

Our distributed algorithm consists of two phases, a local phase and
the phase in which each agent interacts with its neighbors according to the
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constraints imposed by the communication graph. Each iteration has the
advantage of only requiring local matrix-vector products and proximal
updates. Specifically, each agent performs 2 matrix-vector products per
iteration and transmits a vector of dimension 7 to its neighbors.

Let u = (x,v) where v = (y, w) and y = (y1, ..., yn). The optimality
conditions in (6.4), can be written in the form of the following monotone
inclusion:

0€e Du+ Mu (6.5)

with

0 CT AT
M=|-C 0 0| D(x,y w)=(dgx),h(y)0),
5%
where g(x) = 3N, gi(xi), *(y) = TN, hi(yi), € = blkdiag(Cy, ..., Cn).
Notice that Ax = Zf\il Aixj,ATw = (A]w, ..., A{w). The operator D +M
is maximally monotone [13, Prop. 20.23, Cor. 25.5].

Monotone inclusion (6.5) which is a restatement of the primal-dual
optimality conditions (6.4) is solved by applying [96, Alg. 6]. This results
in the following iteration:

K = prox?1 (x* —ZCTy* - ZATw") (6.6a)
ik = proxk. (y* + TC(6x**" + (1 - 0)x")) (6.6b)
@ = w* + TTAOX! + (1 - 0)xF) (6.6¢)

y* = gk + 2 - O)rc(x*! - x) (6.6d)

w = @ + (2 - OITAGRM! — xF) (6.6e)

where matrices X, I, I1 play the rule of stepsizes and are assumed to be
positive definite. The iteration (6.6) can not be implemented in a dis-
tributed fashion because the dual vector w consists of M blocks corre-
sponding to the edges. The key idea that allows distributed computations
is to introduce the sequence

(pDkew = (Al w")ew, for i=1,...,N. (6.7)

This transformation replaces the stacked edge vector w* with correspond-
ing node vectors p;. More compactly, letting p* = (p’l‘, ce p’f\]), it follows
from (6.6¢) and (6.6¢e) that

Pl = pf + ATITA2xF ! — x5), (6.8)
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where ATTIA is the weighted graph Laplacian. Since w* in (6.6a) appear as
ATw* we can rewrite the iteration:

xkHl = prox?1 (xk - ZCTy* — £pk)
gk = proxl,;:](yk +TC(0xF! + (1 - 0)x"))
yk+1 — gk + (2 _ 6)rc(xk+1 _ xk)
pk+1 — pk +AT1—[A(2xk+1 _xk)
Set
XY= blkdlag (Glln, ey GNIn),
I'= blkdlag (T]Irl, ey TNIrN)/
I1= blkdlag (7Z1In, ey T(Mln),
whereo; >0,7; >0fori=1,...,Nandn; >0forl =1,..., M.Consider
a bijective mapping between [ = 1,..., M and unordered pairs (i, j) € E
such that Ki,j = Kj,; = 7. Notice that t; for I = 1,..., M are stepsizes to

be selected by the algorithm and can be viewed as weights for the edges.
Thus, iteration (6.6) gives rise to our distributed algorithm:

Algorithm 6.1
Inputs: 0; > 0,7; > 0,x;; >0forje N;,i=1,...,N, 0 € [0, ), initial
values x? € IR", y? e IR", p? e IR".
fork=0,1,...do
foreachagenti=1,...,N do

Local steps:

k+1 _ k_ ~  k_ ~.0T.k
X; —prox(,l,gi(xi oip; —0iC; yi)

gff = prQXTih;(yff + TiCi(Gxifﬂ +(1- G)xf))
i = 3 T2 - O)C T — )

ul = 2xk+l — ik
Exchange of information with neighbors:

1 k
pi*t = pf+ Bjen, wij(uf — uf)

Notice that each agent i only requires u;f € R" for j € N; during the
communication phase. Before proceeding with convergence results, we
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define the following for simplicity of notation:

¢ =max{o1,...,0N},
T=max{ty,..., TN, T, -, TM},
L=L®I,+C'C, where L is the graph Laplacian.

It must be noted that the results in this section only provide choices of
parameters that are sufficient for convergence. They can be selected much
less conservatively by formulating and solving sufficient conditions that
they must satisfy as linear matrix inequalities (LMIs).

Theorem 6.1. Let Assumptions 6.1 and 6.111 hold true. Consider the sequence
(e = (x’l‘, ety x;‘\,)ke]N generated by Algorithm 6.1. Assume the maximum
stepsizes, i.e., G and T defined above, are positive and satisfy

51 —7(6%* =30 +3)|L|| >0, (6.9)

for a fixed value of O € [0,00). Then, the sequence (x*)icN converges to
(x*,...,x*) for some x* € S*. Furthermore, if 6 = 2 the strict inequality (6.9)
is replaced with 57! — 7||L|| > 0.

Proof. Algorithm 6.1 is an implementation of [96, Alg. 6]. Thus conver-
gence of (x")en to a solution of (6.2) is implied by [96, Prop. 5.4]. Com-
bining this with Assumption 6.1I yields the result. Notice that in that work
the stepsizes are assumed to be scalars for simplicity. It is straightforward
to adapt the result to the case of diagonal matrices. O

In Algorithm 6.1 when 6 = 2, we recover the algorithm of Chambolle
and Pock [38]. One important observation is that the term 62 — 30 + 3
in (6.9) is always positive and achieves its minimum at 0 = 1.5. This is a
choice of interest for us since it results in larger stepsizes, o;, 7;, x;,;, and
consequently better performance as we observe in numerical simulations.

Theorem 6.2 establishes linear convergence for the algorithm when-
ever g; and h; are piecewise linear-quadratic (PLQ), see Definition 1.4. The
class of PLQ functions has been studied extensively and has many de-
sirable properties (see [144, §10 and §11]). Many practical applications
involve PLQ functions such as quadratic function, || - ||1, indicator of poly-
hedral sets, hinge loss, efc. Thus, the R-linear convergence rate that we
establish in Theorem 6.2 holds for a wide range of problems encountered
in control, machine learning and signal processing.
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Theorem 6.2. Consider Algorithm 6.1 under the assumptions of Theorem 6.1.
Assume g; and h; for i = 1,...,N, are piecewise linear-quadratic functions.
Then the set valued mapping T = D + M is metrically subregular at any
z for any 2z’ provided that (z,z’) € gra T. Furthermore, the sequence (x*)reN
converges R-linearly to (x*, ..., x*) for some x* € S*.

Proof. The proof of the first claim is similar to Lemma 3.11 and is omit-
ted. The second part of the proof follows directly by noting that [96, Alg.
6] used to derive Algorithm 6.1 is a special case of Algorithm 3.1 (with
g = 0and A = 1). Therefore, linear convergence follows from Corol-
lary 3.12(i). The aforementioned theorem guarantees linear convergence
for the stacked vector u in (6.5), however, here we consider the primal
variables only. O

6.3.1 Special case

Consider the following problem
N
minimize i(x), 6.10
nim; Zl] $i(x) (6.:10)

where g; : IR" — Rfori=1,...,N are proper closed convex functions.
This is a special case of (6.1) when h; o C; = 0. Since functions h; are
absent, the dual variables y; in Algorithm 6.1 vanish and for any choice
of 0 the algorithm reduces to:

k+1 _ k_ o ok
X; = Proxg,q (x; — 0ip;)
uf.‘ = fo.‘” - xff
k+1 _ k k k
I Z K, = ).
JEN:

Thus setting 0 = 1.5 in (6.9) to maximize the stepsizes yields 57! —
% IIL]] > 0, where L is the graph Laplacian.
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Figure 6.1: Convergence of the relative error for the algorithms, in one of the
considered instances.

6.4 Numerical simulations

We now illustrate experimental results obtained by applying the pro-
posed algorithm to the following problem:

N
minimize Aflx[h + > 3[IDix - a3 (6.11)
i=1

for a positive parameter A. This is the ¢; regularized least-squares prob-
lem. Problem (6.11) is of the form (6.1) if we setfori =1,...,N

gi(x) = glixlh, hi(z) = 3llz—dill, Ci=Ds, (6.12)

where D; € IR™*" d; e IR™ . For the experiments we used graphs of N =
50 computing agents, generated randomly according to the Erdés-Renyi
model, with parameter p = 0.05. In the experiments we used n = 500 and
generated D; randomly with normally distributed entries, with m; = 50
foralli =1,...,N. Then we generated vector d; starting from a known
solution for the problem and ensuring A < 0.1 Z?] Dl.Tdi [oo-

For the stepsize parameters we set 0; = 6, t; = 7, foralli=1,...,N,
and x;; = «j; = 7 for all edges (i, j) € E, such that (6.9) is satisfied.
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Figure 6.2: Distribution of the number of communication rounds required by the
algorithms to achieve a relative error of 107°, for fixed data and 200 randomly
generated Erdds-Renyi graphs, with parameter p = 0.05.

In order to have a fair comparison we selected ¢ = a/||L|| and T =
0.99/(a(6? — 30 + 3)) with @ = 20 which was set empirically based on
better performance of all the algorithms.

The results are illustrated in Figure 6.2, for several values of 6, where
the distribution of the number of communication rounds required by the
algorithms to reach a relative error of 107 is reported. In Figure 6.1 the
convergence of algorithms is illustrated in one of the instances. It should
be noted that the algorithm of Chambolle and Pock, that corresponds to
0 = 2, is generally slower than the case 6 = 1.5. This is mainly due to the
larger stepsize parameters guaranteed by Theorem 6.1.
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CHAPTER 7

MULTI-AGENT STRUCTURED OPTIMIZATION WITH
BOUNDED COMMUNICATION DELAYS

This chapter is based on:

P. Latafat and P. Patrinos. Primal-dual algorithms for multi-agent struc-
tured optimization over message-passing architectures with bounded communi-
cation delays (submitted 2019).

7.1 Introduction

In this chapter we consider a class of structured optimization problems
that can be represented as follows:

mirxlgl%ize flx)+ ; (gi(xi) + hi(Nix)), (7.1)

where x = (x1,...,x4), N; is a linear mapping, h;, g; are proper closed
convex (possibly) nonsmooth functions, g; are in addition strongly con-
vex, and f is convex, continuously differentiable with Lipschitz continu-
ous gradient. The goal is to solve (7.1) over a network of agents through
local communications. Each agent is assumed to maintain its own pri-
vate cost functions g; and h;, while f and (possibly) the linear mappings
N; represent the coupling between the agents. In practice local commu-
nications between agents are subject to delays and/or dropouts which
constitutes an important challenge addressed here.
Most iterative algorithms for convex optimization can be written as

ZK = gk T2k, (7.2)
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Figure 7.1: The main two memory models; (left) agents cooperating to perform a
task, (right) processors updating a global memory

where the mapping id—T (id is the identity operator) has some contractive
property resulting in the convergence of the sequence to a zero of T. In
distributed optimization the goal is to devise algorithms where a group
of agents/processors distributively update certain coordinates of z while
guaranteeing convergence to a zero of T.

There are two main computational models in distributed optimization
(depicted in Fig. 7.1) with a range of hybrid models in between [20, §1].
These models are conceptually different and require different analysis.
The model considered here is the local/private-memory model. Let us
first describe the two models.

Shared-memory model: This model is characterized by the access of
all agents/processors to a shared memory. A large body of literature exists
for parallel coordinate descent algorithms for this problem. Typically,
coordinate descent algorithms would require a memory lock to ensure
consistent reading. Interesting recent works allow inconsistent reads [109,
133]. In this model, for the fixed point iteration (7.2), each processor
reads the global memory and proceeds to choose a random coordinate
ie{l,...,m}and to perform

zf“l = zf — T3k,
where 2¥ denotes the data loaded from the global memory to the local
storage at the clock tick k, and T; represents the operator that updates
the i-th coordinate. This form of updates are asynchronous in the sense
that the processors update the global memory simultaneously resulting
in possibly inconsistent local copy £* due to other processors modifying
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the global memory during a read. The analysis of such algorithms would
in general rely on either using the properties of the operator that updates
the i-th coordinate when possible (coordinate-wise Lipschitz continuity
in the case of the gradient [109]), or the properties of the global operator
(see [133] for nonexpansive operators). A crucial point in the convergence
analysis of such methods is the fact that for a given processor, the index of
the coordinate to be updated is selected at random, but no matter which
coordinate is selected the same local data ¥ is used for the update. Let
Tiz = 0,...,0,T;z,0...,0). Then, in a randomized scheme T; can be

summed over i:
m
Z T2k = Tk,
i=1

allowing one to use the properties known for the global operator (see the
proof of [133, Lem. 7]). This type of argument is also used in [176] in the
context of decentralized consensus optimization. See [34] for a detailed
discussion on the assumptions that are often imposed in this model. As
we discuss below, the difficulty in the local-memory model is precisely
due to the fact that this summation no longer holds.

Local/private-memory model: In this model each agent/processor
has its own private local memory. The agents can send and receive infor-
mation to other agents as needed, and agent i can only update z;. This
model is also referred to as message-passing model [20].

In the absence of delay between agents, randomized block-coordinate
updates may be used to develop distributed asynchronous algorithms.
Such schemes would typically involve random independent activation of
agents to perform their local updates, and are in this sense also referred
to as asynchronous [88, 22, 95, 134]. Note that in these schemes while
the agents may wake up to perform their updates at different times,
the information used by each agent is assumed to be up to date, i.e.,
synchronization is required.

In accordance with the notation of the seminal work [20, §7] we de-
fine the following local (outdated) version of the generic vector z¥ =
(zf,...,zk) used by agent i:

2[i] = (zﬁ("), o z;j'f(k)), (7.3)

where T;.(k) is the latest time at which the value of z; is transmitted to
agent i by agent j. In our setting the delay is assumed to be bounded:
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Assumption 7.I. There exists an integer B such that for all k > 0 the
following holds

(Vi,j) 0<k- T;i(k) <B, and ti(k)=k.

The fact that each agent knows its own local variable without delay
is projected in the assumption T::(k) = k. This is a natural assumption
and is satisfied in practice. Notice that for ease of notation we defined
the complete outdated vector while in practice each agent would only
keep a local copy of the coordinates that are required for its computation,
see Fig. 7.1. The directions of the arrows in Fig. 7.1 signify the nature
of the coupling between two agents. For example, the arrow from Ay
to A3 indicates that agent Az requires zy4 for its computation. Such a
relation between agents is dependent on the formulation and the nature of
coupling between agents. For instance, in (7.1) the coupling is represented
through f and possibly N;. As we shall see in §7.2 the coupling through f
may be one sided since agent i may require information from agent j for
computing V; f (the partial derivative of f with respect to i-th coordinate)
without the reverse relation being true.

In summary, each agent controls only one block of coordinates and
updates according to

k+1 _ _k ky:
7" =27 = Tiz"[i],

the result of which will be sent (possibly with different delay) to the
agents that require it in their computations. The difficulty in this model
comes from the impossibility of summing T;z¥[i] over all i given that
z¥[i] is different for each i.

In addition to the above described delay, the partially asynchronous
(PA) protocol considered in [20, §7] involves a second assumption: each
agent must perform an update at least once during any time interval of
length B. In [20, §7.5] a PA variant of the gradient method is studied.
This analysis is further extended to the projected-gradient method in
the convex case. In [161] a periodic linear convergence rate is established
for the projected-gradient method. The recent work [184] extends this
analysis to the proximal-gradient method.

The aforementioned primal methods are not well equipped for prob-
lems with more complex structures as in (7.1). An efficient way to tackle
such problems is to employ a class of first-order methods, referred to
as primal-dual algorithms. This approach leads to fully split algorithms
eliminating the need for inverting matrices or solving inner loops. Devel-
oping PA schemes for primal-dual algorithms is not addressed here and
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remains a challenge. It it worth noting that [80] considers a primal-dual
framework under a different asynchronous protocol where the primal
variables follow a totally asynchronous model [20, §6]. However, the dual
variables are required to be synchronized across agents.

It is worth noting that finite sum minimization over graphs is another
popular problem that has been considered by many authors [122, 64,
150, 110, 90, 100]. Several asynchronous algorithms have been studied for
this popular problem over master-worker architectures [1, 12,71, 41, 183].
Moreover, asynchronous subgradient type methods have been studied ex-
tensively for finite sum problems [121, 168, 154, 172, 105]. In contrast, in
this work general optimization problem (7.1) is considered. This frame-
work can be used to develop asynchronous distributed proximal algo-
rithms for general finite sum minimization of the form

mlnlmlze Z Wi(x) + Oi(x) + ©;(Cix),

where @; is smooth, ©; and @; are (possibly) nonsmooth extended-real-
valued and C; is a linear mapping. This problem can be reformulated as
(7.1) using a consensus reformulation according to the communication
graph. However, this is deferred to future work.

7.1.1 Motivating examples

Consider the regularized logistic regression problem

minimize Zml Z log (1 + exp (—y(j)(x(j), w))) + Allwl?, (7.4)

weR" . £
i=1 jel;

where w = (wi,...,wy,) € R" is the regression vector, A is a posi-
tive constant, and the data is distributed between m machines; the pair
(x(j), Y(j))jer; represents the data stored at the i-th machine. The goal is
to solve the global minimization via local communications which may be
subject to communication delays. Clearly (7.4) fits into the form of (7.1): let
g represent the separable regularizer, hi(v) = X ez, 1og((1 + exp(=y(;)v;))
the loss function, f = 0 and the rows of N; consisting of xz) forje ;. In

this formulation the coupling is through the linear terms (cf. §7.5). Dis-
tributed elastic net problem is another such example with /; representing
the squared loss, N; the locally stored data, g the elastic net regularizer
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and f = 0. Note that in both examples g; is strongly convex and /; is con-
tinuously differentiable with Lipschitz continuous gradient, satisfying
the requirements of §7.5 for the cost functions.

Another notable example is the problem of formation control [136],
where each agent (vehicle) has its own private dynamics and cost function
and the goal is to achieve a specific formation while communicating only
with a selected number of agents. Let w; = (&;, v;) where &; and v;
denote the local state and input sequences. The location of agent i is
given by y; = C¢&; and the set of its neighbors is denoted by A;. The
linear dynamics of each agent over a control horizon is represented by
the constraints E;w; = b;. In order to enforce a formation between agents i
and j the quadratic cost function ||C(&; — &) —d; ||? is used where d; j is the
target relative distance between them (refer to [136] for details). Hence,
the formation control problem is formulated as the following constrained
minimization:

m m

minimize Z A Z IC(&i = &) — digll? + %Z w Qw;  (7.5a)
i=1  jeA; i=1

subject to E;w; =b;, w;eW;, i=1,...,m (7.5b)

This problem can be easily cast in the form of (7.1) by setting f equal to
the first term, g; equal to the quadratic local cost, while h; o L; captures
the dynamics and input and state constraints (see Section 7.6 for more
details). Therefore, the objective is to enforce a formation between agents
by solving this optimization problem in presence of communication de-
lays by allowing the agents to use outdated information. Notice that in
this case the coupling between agents is enforced only through f. This
special case of (7.1) is studied in §7.4.

7.1.2 Main contributions

¢ To the best of our knowledge this is the first work that considers the
delay described in (7.3) in a message-passing model for primal-dual al-
gorithms. Unlike primal methods (gradient or proximal-gradient), the
proposed algorithms are applicable to problems with complex structures
as in (7.1) without the need to solve inner loops or to invert matrices.

¢ The analysis of [20, 161, 184] rely on the use of the cost as the Lyapunov
function. In contrast, we show that quasi-Fejér monotonicity is an effective
tool in the analysis of bounded delays in our setting. While this paper fo-
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cuses on two particular primal-dual algorithms, a similar analysis should
be applicable to others such as those proposed in [50, 31, 62, 96, 95, 98].
¢ Two primal-dual algorithms are presented: (i) when the coupling be-
tween agents is enforced only through f, the algorithm of [53, 170] is
considered (cf. §7.4), (ii) when the coupling is through f and the linear
term, a new modified algorithm is developed (cf. §7.5). In addition, linear
convergence rates are established with explicit convergence factors.

e In §7.5.2 an asynchronous protocol is considered; at every iteration
agents are activated at random, and independently from one another,
while performing their updates using outdated information. In practice,
random activation can model the discrepancies in the speed of different
agents.

7.2 Problem setup

Throughout this chapter the primal and dual vectors, denoted x and u,
are assumed to be composed of m blocks as follows

x=(x1,...,xm) €ER", u=(u1,...,uy) R,

where x; € R" and u; € R"". Moreover, we denote the stacked primal and
dual variable as z = (x, u).
Consider a linear mapping L : R" — R" that is partitioned as follows:

L1 -+ Lim
L= - 1] (7.6)
Lml Tt me

where L;; : R" — R"/. Furthermore, the i-th (block) row of L is denoted
by L;. : R" — R’ and the i-th (block) column by L.; : R — R, i,

Ly.
L= = (L.1 L m)
L.
The following holds
m m
(Lx,uy = > (Lix,uiy = ) (xi, LTu). 7.7)
i=1 i=1
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Consider the structured optimization problem (7.1) where the linear
mapping N; has been replaced by L;. defined above in order to clarify the
structure of the mapping:

mir;ie%ize f(x)+ ; (gi(xi) + hi(Li.x)). (7.8)

The cost functions g; and h; o L;. are private functions belonging to agent

i. The coupling between agents is through the smooth term f and the

linear term L;.x. An agent i is assumed to have access to the information

required for its computation, be it outdated, ¢f. Algorithms 7.1 and 7.2.
Let the following assumptions hold

Assumption 7.11.

(i) Fori=1,...,m,h;: R - Ris proper closed convex function, and
L;. : R" — R’ is a linear mapping.

(ii) (strong convexity) Fori =1,...,m, gi : R" — Ris proper closed
pg-strongly convex for some pf > 0.

(iii)) f : R" — R is convex, continuously differentiable, and for some
B € [0, ), Vf is p-Lipschitz continuous:

IVf(x) = VA < Bllx = x'|l,  Vx,x" € R".

(iv) For every i = 1,...,m there exists a nonnegative constant ﬁ_i such
that for all x, x” € R” satisfying x; = x:

Vi f(x) = Vi f (I < Billx = ]l (7.9)

(v) The set of solutions to (7.8) is nonempty. Moreover, there exists
x; € ridomg;, for i = 1,...,m such that L;.x € ridom#h;, for
j=1,...,m.

Assumption 7.II(iv) quantifies the strength of the coupling (through
f) between agents [20, §7.5]. In particular, if f is separable, i.e., f(x) =
Y, fi(xi), then there is no coupling and f; = 0.

Problem (7.8) can be compactly represented as

minimize f(x)+ g(x)+ h(Lx),
xeR”
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where g(x) = X, gi(xi), h(u) = X72; hi(u;), and L is as in (7.6). The dual
problem is given by

mini%lize (g+ f)'(=LTu) + h*(u).
ueR’

By Assumption 7.11(7i) the set of solutions to (7.8) is nonempty and unique.
Under the constraint qualification of Assumption 7.1I(v), the set of solu-
tions to the dual problem is nonempty (not necessarily a singleton) and
the duality gap is zero [143, Cor. 31.2.1]. Furthermore, x* is a primal
solution and u* is a dual solution if and only if the pair (x*, u*) satisfies

0 € Ih*(u*) — Lx*. (7.10)

{O € dg(x*)+ VF(x*)+ L u*,

Such a point is called a primal-dual solution and the set of all primal-dual
solutions is denoted by S.

Foreachagenti € {1,...,m} define positive stepsizes y;, 0; associated

with the primal and the dual variables, respectively. Let us also define
the following parameters

B=(B1,-- Bm)
I := blkdiag (y1la,, ..., Ymln,),
Y := blkdiag (o1l,,, ..., oml;,),

D = blkdiag(I' !, =71). (7.11)

The algorithm of Vii and Condat [170, 53] for solving (7.8) is given by
the following updates for agent i at iteration k:

x;‘” = Prox,, . (xf‘ - yiLTiuk - yiVif(xk)) (7.12a)

uf.‘“ = ProX,: (uf +o;L;.(2xF1 - xk)). (7.12b)
In a synchronous implementation of the algorithm, each agent requires
the latest variables x*, x**1 and u¥ in the above updates, which may
not be available due to communication delays. In the case when L is
block-diagonal the coupling between agents is enforced only through the
smooth function f (in (7.12) agent i requires the primal variables that are
required for computing V; f). We refer to this type of coupling as partial
coupling. In Section 7.4 the updates in (7.12) are considered for the case of
partial coupling (cf. Alg. 7.2).
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More generally when L is not block-diagonal, the coupling between
agents is enacted through the linear mapping L (the linear operations L[,
and L;. in (7.12b) require additional communication between agents) and
possibly the smooth function f. We refer to this type of coupling as total
coupling. This case is considered in Section 7.5 where an Arrow-Hurwicz-
Uzawa type [8] (referred hereafter as AHU-type) primal-dual algorithm is
proposed in place of (7.12). The synchronous iterations of the AHU-type
algorithm for agent i at iteration k is given by:

xf.‘“ = Prox,,, (xf - yiLTiuk — y,-Vif(xk)) (7.13a)
uﬁ‘“ = ProX,,: (uf + al-Li.xk). (7.13b)

Differently from (7.12), in the dual update linear operator is applied to
x* in place of 2x**! — x*. When operating under the bounded delay as-
sumption, the AHU-type primal-dual algorithm, (7.13), allows for larger
stepsizes compared to (7.12).

It is worth noting that (7.13) can be seen as a forward-backward iter-
ation:

1 = (D + To) (D - Th)2F,

where T, = (dg,dh*), T1 : (x,u) — (Vf(x) + LTu,—Lx), and D as defined
in (7.11). Even in the synchronous case this algorithm is not in gen-
eral convergent. The convergence may be established when ¢ and " are
strongly convex [43, Assumption A]. Moreover, when g is the indicator
of a set and & is the support of a set, the AHU-type algorithm resem-
bles another primal-dual AHU-type algorithm considered in [123, 80] for
solving saddle-point problems.

7.3 Notation and preliminary results

This section is devoted to establishing some preliminary results and no-
tation.

Lemma 7.1. Let g : R" — R be a proper closed u-convex function for some
u =0 Forallr € R", w € R" and w, := prox,,,(w) the following holds

4(r) = 4(wp) 2 2w = wp, 7 = wp) + §lIr = wpl. (7.14)

Proof. The inequality follows immediately from the definition of strong
convexity and the characterization of proximal mapping [13, Prop. 16.44].
O
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For all a,b,c € R" and all positive definite matrices V € R™" the
following elementary equality holds.

2(a—b,c—Dbyy = |la=Dbly +llc=bl - lla—clly. (7.15)
We also make use (1.8) with V = €l,;:
(x,y) < $lxIP+ Zlyll>, Vx,y € R, e>0. (7.16)

Lemma 7.2 provides a basic inequality which is crucial in our analysis.
Refer to [20, §7.5] and [184, Lem. 4] for the proof.

Lemma 7.2. Let Assumption 7.1 hold. Consider a vector wk = (w’l‘, o, wk)
and its outdated version w* (i), cf. (7.3). Then, the following inequality holds

k-1
o -kl < " o™t - (7.17)
7=[k-B],+

Let | and d be two nonnegative scalars. For a given sequence (w')
we define the following for simplicity of notation:

k—d
. 1 2
Slwhg= o™ -wTP.
t=[k-B+1-1]+

telN

Summing Sf(wt) 1< over k from 0 to p > 0 and noting that each term is
repeated at most B + | — d times we obtain:

4 p—d
Z Sd(wh),, < (B+1- d)Z w1 — k]2
k=0 k=[1-B-I]+

< (B+l—d)i |+t — wk||%. (7.18)
k=0

This inequality will be used in the convergence analysis.

Lemma 7.3. Suppose that [uz, yfg >0,i=1,...,m,and in the case of Lem.
7.3(i) let Assumption 7.11(iv) hold. Then, the following hold for any positive
constants €1, €3, €3, nonnegative integer q and generic vectors v = (v1,...,0m),
y=Wn,...,ym) withv; € R% and y; € R":

(1) L Vi f D=V f(5), 2 —00) < Fllo=x* |}, + 3¢ 1B gls%(xt)tsk
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.. . Cs(B 1-
(i) B (LT (k] = wh49), x7 = o) < $llo - x*I3, + e O

. Rs(B 1-
(iii) X (Lo (5[] = 2549), s — ) < Slly = u* (3, + S5 (),
where Rs, Cs are defined in (7.30), Mg, My, in (7.20) and (7.31a).

Proof. We provide the proof for the first inequality and omit the rest
noting that they are derived following a similar argument. Using the
Cauchy-Schwarz inequality we have

Dt =0, Vi f R = Vi f () < ) Mo = xF IV F(F) = Vi LD
i=1

i=1

(79) < _ ]
< > Billor = xF 11k — <[]
i=1
71 S, * S T+1 T
< Y Billos w0 Y et - xT))
i=1 T=[k-B]+
m k-1
=3 3T Billos - <l - )
i=1 t=[k-B]+
i m k-1 lie 52
1 2 i 1_
((7.16) with € = %Z Z % o xI*” " ’ul_zq [T+ r”)
i=1 1=[k-B]+ 8

k-1
€ 2 2112 1 2
< Fllo = x* Iy, + B2 D Ix™ =<2,

#=[k-B].
proving the claim. O

7.4 The case of partial coupling

Throughout this section we consider the optimization problem (7.8) with
partial coupling (when L has a block-diagonal structure). In this case, the
coupling between agents is enacted only through the smooth function f
(and not through L). The example of formation control in Section 7.1.1
can be cast in this form.

Under this setting problem (7.8) becomes

minimize fx)+ ; (gi(xi) + hi(Liixi)),

where L;; is the i-th diagonal block of L, see (7.6). In order to solve this
problem with the iterates in (7.12), agent i must receive those x;’s that
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are required for the computation of V; f and all other operations are local.
Let us define two sets of indices: those that are required to send their
variables to i:

Niin = {j | Vif depends on x;},

and those that i must send x; to as NP := {j | i € N iy

Algorithm 7.1 summarizes the proposed scheme. At every iteration
each agent i performs the updates described in (7.12) using the last infor-
mation it has received from agents j € Nl.in. It then transmits the updated
xf.‘” to the agents that require it (possibly with different delay). Note that
x*[i] was defined as the outdated version of the full vector x* for simplic-
ity of notation, and in practical implementation it would only involve the
coordinates that are required for the computation of V; f.

Algorithm 7.1 Vii-Condat algorithm with bounded delays

Initialize: x? e R", u? eR'iforie{l,..., m}.
For k=0,1,...do
For eachagenti=1,...,mdo
% Local updates
perform the local updates using the last received information, i.e., the locally
stored vector x*[i] as defined in (7.3):
k+1 _ k k kr;
L: x,'+ = ProXy,e, (xi - )/iL;E i Vivif(x [l]))
2: ui.‘” = ProX,: (uiC + oiLii(2xf+1 - xf))
% Broadcasting to neighbors

3: send x ;H'l toall j € /Viout (possibly with different delays)

As shown in Theorem 7.4, for small enough stepsizes the generated
sequence converges to a primal-dual solution under the bounded delay
assumption, and provided that functions g; are strongly convex. Such
needed requirements are summarized below:

Assumption 7.III. (stepsize condition) For i = 1,...,m, the stepsizes
oi, vi > 0 satisty the following assumption:

1

2 - 7
aillLiill® + B + E-1IBIZ
8

Vi < (7.19)

145



where
M, = blkdiag (yi,lm, ., yglnm). (7.20)

_ According to Assumption 7.III a one time global communication of
181l My and f is required when initiating the algorithm.

According to (7.19) as the upper bound on delay, B, and coupling
constants f3; (as defined in (7.9)) increase, smaller stepsizes should be
used. This is intuitive given that in either case the agents have a lower
confidence in the currently stored vectors and thus should take smaller
steps. Moreover, the higher the modulus of strong convexity, the larger
steps agents are allowed to take, countering the effect of the delay.

In the case when the smooth term is separable, the problem is decou-
pled (B; = O for all i) and the stepsize condition for each agent does not
depend on the delay. The same stepsize condition would be required in
the case of synchronous updates (B = 0). Note that, in this case (7.19)
is still more conservative than the classical results which would require
yi < 1/(0i||Lii||> + B/2) (the difference being a § appearing in place of
B/2).

Before proceeding with the convergence results, let us define the fol-

lowing
r-t -7
P = (—L Z_l)' (7.21)

Noting that X, I' are positive definite, and using Schur complement we
have that P is positive definite if and only if "' — LT XL is positive definite,
a condition that holds if (7.19) is satisfied (since L has a block-diagonal
structure).

Our analysis in Theorem 7.4 relies on showing that the generated
sequence is quasi-Fejér monotone with respect to the set of primal-dual
solutions in the space equipped with the inner product (-, -)p. Notice that
without communication delays (B = 0), this analysis leads to the usual
Fejér monotonicity of the sequence. The use of outdated information
introduces additional error terms that are shown to be tolerated by the
algorithm if the stepsizes are small enough and the functions g; are
strongly convex.

Theorem 7.4. Suppose that Assumptions 7.1-7.111 are satisfied. Then, the se-

quence (zk)kE]N = (xk,uk)ke]N generated by Algorithm 7.1 is P-quasi-Fejér

monotone with respect to S. Furthermore, (z converges to some z* e S.

k
)ke]N
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Proof. In order to establish convergence we first derive the following in-
termediate result.

Lemma 7.5. Suppose that Assumption 7.1, 7.11 and 7.11(ii) are satisfied. Con-

sider the sequence generated by Algorithm 7.1. Then, for any (x*,u*) € S the
following hold:

||Xk+1 _ x*”2

k+1)12
2Mg+T-1 S|

k
gt ”x - r—l_ﬁ[

k * 112
= [lx® = x™ |

<2 Z(Vif(xk[i]) — Vi f(xF), 1 = xFTy LTk — %), 2 — xR,
- (7.22)
and

|2 = [k =2 =) 2 < 2(L@ab —xf—x%), uf ).
(7.23)

Proof. To derive the first inequality use (7.14) with g = g;, r = x;‘, wp =
xf.‘”
primal variable xf” in the algorithm):

and w = xﬁ‘ - )/iLZuk[i] - iVif(x*[i]) (using the update for the

gi(x7) = g = (Vi FOHL) + L uk, 1 —x)

il
+ %(xf — x4 %fqnx;‘ — a2, (7.24)
Let f* := f(x*),and f* := f(x*). By convexity of f:
FE— < (V) of = 2%,
and by Lipschitz continuity of Vf we have
fk+1 < fk i (Vf(xk), KR+ _ xk> n §|lxk+1 _ xk||2-
Summing the two yields

FE X <(VF(k), 2541 = ) + Bkt - k|12, (7.25)

For notational convenience we use F := f+gand F* := F(x*), F¥ := F(x%).
Noting that g is separable, sum (7.24) over i, add (7.25) and use (7.15) (with
V =T71,a=xkb=x"! ¢ =x*) to obtain

k+1 k k+12 k+1 2
F*_F * 2 %”'x - X * ”r—l_‘gl-"-%”x * _x*||r—1+Mg
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m

k 2 k k+1

= 3k = 2+ ) (Lfuk, - k)
i=1

+ i(vif(xk) = Vi f (2 [i), xF = %),
i=1

On the other hand by convexity of f, strong convexity of g; and (7.10) we
have
Pk+1 —F* > (—LTLI*, xk+1 _ x*) + %“xk+1 _ 'X*”12\/[ )
8

Summing the last two inequalities, multiplying by 2 and a simple rear-
rangement yields (7.22).
For the second inequality, consider the update for uf.‘” and use (7.14):

Wi (ul) = hi(ufth) > (Lii(fo“ - xf), ul —uk+ty

k+1
i

1 k k+1
+ oy - uy —u). (7.26)

Furthermore, by convexity of /; and using (7.10):
h*(uk+1) _ h*(u*) > <LX*, uk+1 _ u*>'

Sum (7.26) over all 7, add the last inequality, and use (7.15) to derive the
inequality. O
Adding (7.22) and (7.23) we obtain

k+1 2 k 2 k k+1)12
”x * _x*||2Mg+l"’1 - ||X _X*”r—l + “x - X * ”r—l

k+1 _

2 k 2 k_ o k+1)2
+ [|u [ (7 e S (A

< ZZ@C? — XLV F (M) = Vif(xF)) + Bliak — K12
i=1

+ 2(LQ2x T — XK — %), uF T — Yy + 2(LT (1 — w*), x* — 2K,
(7.27)
The last two inner products can be rearranged as
2<L(xk+1 —xk),uk+1 —Mk> —Z(L(xk _x*),uk _u*> +2<L(xk+1 _x*),uk+1 _u*>_

Replacing this term and using Lemma 7.3(i) (with €; = 2 and v = x¥*1)

in (7.27) yields (with P defined in (7.21)):

k+1 2 k 2 k+1 _ k)2
1250 = 2% llp = Ml = 2*1lp + 112" = 271l
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< Bl =X+ SHBIR L S i (7.28)

Sum inequality (7.28) over k from 0 to p > 0 to obtain:

4
1 2 0 2 k+1 _ k)2
2 =2 llp = llz" = z*|Ip + § 127 = 2"l
k=0

4 4
< B =P+ BIBIRL Y ST (7.29)
k=0 k=0

Let us define

- 25
5 [T EIREL B LT)
-L r1
Since ¥ is positive definite (5; > 0), by Schur complement P is positive
definite provided that (7.19) holds (recall that L has a block-diagonal

structure).
Use (7.18) (with [ = d = 1) in (7.29) to derive

P
1 2 k+1 k2 0 2
12741 =22+ ) 125 - 2|2 < 120 - 2 2.
k=0

Therefore, by letting p to infinity we obtain 37, ||z < o0. Hence,

usin . or the right-hand side in (7. we have
g(718)f h ghh d sid (7.28) h

k+1 _ k|2
|2

[ee]

2112 1 k k+1(12
D (BUBIR, 51+ il = 64412 < o

k=0

Therefore, in view of (7.28) we conclude that (z
monotone with respect to S.
Consequently, the sequence (x*, u

k) yen 18 P-quasi-Fejér

k)k N is bounded [46, Lem. 3.1]. Let
(x¢,u°) be a cluster point of (x¥, uk)kE]N, ie., (xf, uk) — (x¢,uc). Using
Lemma 7.2 also x*[i] — x°. Noting that the proximal and linear maps
as well as Vf are continuous, foralli =1, ..., m we have

Tuc

x§ =prox,, .. (xf = yiVif(x) = yiLjuf)
c

_ ¢ 4 oiLixC
u§ =prox, s (uf + oiLiix;),

which implies (x¢, u¢) € S. The convergence of the sequence follows [46,
Thm. 3.8]. U

149



In the case of total coupling (when L is not block-diagonal), it is no
longer possible to establish quasi-Fejér monotonicity of the Vii-Condat
generated sequence in the space equipped with (-, -)p. This is because the
coupling linear mapping L, is operating on outdated vectors. In the next
section we propose an AHU-type primal-dual algorithm that is better
suited for problems with total coupling.

7.5 The case of total coupling

In this section we consider problem (7.8) with fotal coupling. That is, we
assume that the coupling between agents is enforced through the linear
maps (L is not block-diagonal), and possibly through the smooth term f.

7.5.1 An AHU-type primal-dual algorithm

We consider the primal-dual algorithm (7.13). Compared to (7.12), in the
dual update the linear map L;. operates on xk[i]in place of 2x K] = xk[4].
This modification results in the possibility of using larger stepsizes since
the terms 2x**1[i] — x*[i] would introduce additional sources of error.

Let us define the following two sets of indices:
MP = {j|Lji#0}, Md:={j|Lij=#0},

where 0 denotes a zero matrix of appropriate dimensions. In Algorithm
7.2, due to the additional coupling through the linear maps, the primal
vector of agent i must be transmitted to all j € sz U NP while the dual

vector is to be transmitted to all j € M;i. Notice that the outdated primal

and dual vectors x¥[i] and u*[i], need not have the same delay pattern
and are arbitrary as long as Assumption 7.1 is satisfied, i.e., agent i may

use the primal vector ¥t and the dual vector u?z that were the variables
of agent j at times k; and k.
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Algorithm 7.2 An AHU-type primal-dual algorithm with bounded delays

Initialize: x? e R", u? eR’forie{l,...,m}.
For k=0,1,...do
For eachagenti=1,...,mdo
% Local updates
perform the local updates using the last received information, i.e., the locally
stored vectors x*[i] and u*[i] as defined in (7.3):
1 x = prox,, (xf? — YL TuMi] - iV, f(xk[i]))
2 ubtl= PIOX s (uf + oiLi.xk[i])
% Broadcasting to neighbors
3 send xf*1 to all j € NP U MP, and uf*! to all j € M

(possibly with different delays)

In Theorem 7.6 convergence is established for Algorithm 7.2 when the
stepsizes are small enough, under the assumption that the functions g;
are strongly convex and /; are continuously differentiable with Lipschitz
continuous gradient. Note that under this extra assumption the set of
primal-dual solutions is a singleton, S = {z*}. We summarize these
requirements below:

Assumption 7.IV. Foralli=1,...,m:

(i) (Lipschitz continuity) /; is continuously differentiable, and Vh; is

ﬁ-Lipschitz continuous for some P‘;, > 0. Equivalently, 1} is yz-
h
strongly convex.

(ii) (stepsize condition) The stepsizes o;, y; > 0 satisfy the following
inequalities

1 1
< —_—, P < —

CB+17 VS prIR(B 12+ B(IBI2,

8

0

7

where
m m

Roi= ) wrllLil?, Co= ), ral (7.30)

i=1 i=1
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Throughout this section we make use of the following positive definite
matrices.

My, =blkdiag(u;Ir,, ..., u'l,), (7.31a)
M := blkdiag(M,, Mp). (7.31b)

Note that according to Assumption 7.IV(ii) a one time global communi-
cation of R, Cs, 8 and ||| M is required.

The stepsize condition in Assumption 7.IV(ii) is more stringent than
the condition derived in Section 7.4 for the case of partial coupling. This
is due to the fact that L;. and L.; are operating on delayed vectors. It is
shown in Theorem 7.6 that for the case of total coupling with AHU-type
algorithm quasi-Fejér monotonicity holds in the space equipped with
(-, )p (with D defined as in (7.11)).

We proceed with the convergence results for Algorithm 7.2.

Theorem 7.6. Suppose that Assumptions 7.1, 7.11 and 7.1V are satisfied. Then,
the sequence (zk)ke]N = (xk, uk)ke]N generated by Algorithm 7.2 is D-quasi-Fejér
monotone with respect to S = {z*}, and converges to z*.

Proof. The proof is similar to that of Theorem 7 4. In this case, the presence
of coupling through the linear maps results in additional error terms. First
we establish a key result for Algorithm 7.2.

Lemma 7.7. Suppose that Assumption 7.1, 7.11 and 7.1V (i) are satisfied. Con-
sider the sequence generated by Algorithm 7.2. Then, for any (x*,u*) € S the
following hold:
[ o VI e o S A i - i
m
<23 (Vif (HiD) = Vif (5) + LT @[] - u*), xf - x1), (7.32)
i=1

k+1 2 k 2 ko k+ly2
[E Tl VR LT = (A =
m
< 22(Li.xk[i], uf.‘“ —ul) +2(Lx*, u* - uk*y. (7.33)
i1

Proof. The proof of the lemma is similar to that of Lemma 7.5 and is
therefore omitted. O
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Add (7.32) and (7.33), and rearrange the inner products using (7.7) to
derive (with D defined in (7.11))

k+1 2 k 2 k_ k)2
1257 = 2lp = llz" = 2*lp + 12" = 2"l
k _ k12 k+1 2 k+1 2
= Bl = R [l 2l T = ¥y,

< 2 ) UViF(LD) = Vi (F) + LT [] = b4, xf = x4
i=1

m
+2 3 (Lin (¥ [i] = ), kT — k) (7.34)
i=1
Using the inequalities in Lemma 7.3 with g = 1, €1 = e2 =1, €3 = 2,
v = x**1and y = uf*! yields:

k+1 2 k 2 k _ k412
125 = z*1lp = NIz = z*Il5 + 12" = 2" I

< BIBIR 1D + 3R(B+ DS,
+ Co(B+1)SV(u'), , + Bllx* = xFH112. (7.35)

Sum over k from 0 to p > 0, to derive

p
1 2 0 2 k k+112
12770 = 2X I = 1120 = 2*I + ) N2k = 2
k=0
2 & Rs(B+1 :
< BIBIZ D SHa ek + S5 SY!
= k=0

p P
B Ik =P+ C(B+1) Y SYu )ik (7.36)
k=0 k=0

By repeated use of (7.18) in (7.36) we obtain

4
[ [ A PR R A
k=0
P
< (Bzuﬁ‘n;dl +1R(B+ 1)+ ﬁ) Dl - 2
¢ k=0
P
+ Co(B+12 ) fluk = w2,
k=0
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If the stepsizes are small enough to satisfy Assumption 7.1V (ii), letting p
to infinity yields Yo [|1z*! — z¥||? < co. Therefore, it follows from (7.35)
(using (7.18)) that (zk)k <N 18 D-quasi-Fejér monotone with respect to S.
Arguing as in Theorem 7.4 completes the proof. O

The next theorem provides a sufficient condition for the stepsizes
under which linear convergence is attained.

Theorem 7.8 (linear convergence). Suppose that Assumption 7.1, 7.1 and

7.1V(i) are satisfied. Consider the sequence (zk)k N Senerated by Algorithm 7.2.

Let ¢ be a positive scalar and set y; = :—i,ai = p% fori =1,...,m. Let
. ) 8 h

pgt = min{ug, ..., up}, ™ = min{u), ...y} Then, the following

linear convergence rate holds

125 — 213 < () 1120 - 2*13,
provided that ¢ < (1 + c2)ﬁ — 1 where
urgnin Hhmin
2BIBIE, . +Ro(B+1)+ " 2C(B +1) [

Cy) =

Proof. In Theorem 7.6 the strong convexity assumption was leveraged to
counteract the error terms. In order to prove linear convergence we retain
some of the strong convexity terms. Using the inequalities of Lemma 7.3
withg=1,€1 =€, =05,e3=1,0v = x!and y = u**! in (7.34) yields

12540 = 24113, = 125 = 2* 11, + 1% = 251G

k+1 _ k+1 _

2 2
T [ ATl

< 2B|I5||,2\4§1 +Ro(B +1) | S(x" )<k

+2Cs(B + 1)S(u' )i <k + Bl — x*1|12. (7.37)

Note that one may set these constants differently and obtain a different
valid bound on the stepsizes.

Since we set y; = lf—i, o; = HL,., we have D = blkdiag(l'!, 1) =
h

g
% blkdiag(Mg, M},), which together with (7.37) yields

A+l =245 — llzF — 213 < ZBIIﬁ_IIngl +Ry(B+1) +B|S](x"),
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+2Cs(B+1)SY(u"),, — 125 = 28|13,
(7.38)

where we used the conservative bound Bl|lx**1 — x¥||2 < BS)(x!),_, in
order to avoid algebraic difficulties. The result follows by multiplying
(7.38) by (1 + c)f and summing over k from 0 to p, see [12, Lem. 1]. O

7.5.2 Randomized variant

In this subsection we propose a randomized variant of Algorithm 7.2
where agents are activated randomly according to independent proba-
bilities, i.e., at every iteration several agents may be active. Unlike the
partially asynchronous protocol [20], in this scheme the agents are not re-
quired to perform at least one update in any interval of length B. In the

Algorithm 7.3 A randomized variant of Algorithm 7.2

Initialize: x? e R", u? eRiforie{l,...,m}.
For k=0,1,...do
each agent i = 1,...,m is activated independantly with probability
pi > 0.
For active agents do
% Local updates
perform the local updates using the last received information, i.e., the locally
stored vectors x*[i] and u*[i] as defined in (7.3):
1 it =prox,,. (xf‘ — yiLTuk[i] - y,-Vif(xk[i]))
2 uftl= PTOX s (uf‘ + o,-Li.xk[i])
% Broadcasting to neighbors
3 send xf*1 to all j € NP U MP, and uf*! to all j € M

(possibly with different delays)

randomized setting of Algorithm 7.3, the stepsize condition in Assump-
tion 7.1V (ii) is replaced by the following stepsize condition.

Assumption 7.V. (stepsize condition) For alli =1, ..., m, independent
probabilities p; > 0 and stepsizes o;, y; > 0 satisfy the following inequal-
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ities
L < 1
2C,(B2pi+1)" " T p+R.(B2p; +1) +[IBI2,_ B2pi’
&

Notice that compared to the non-randomized version, according to
Assumption 7.V, an agent is allowed to take larger steps if its probability
of activation is smaller.

Theorem 7.9. Suppose that Assumption 7.1, 7.11, 7.1V(i) and 7.V are satisfied.
Then the sequence (z* = (xF, uk)k N Senerated by Algorithm 7.3 converges
almost surely to z*.

)keIN

Proof. Let K1 = (x**1,i15*1) denote the updated vector belonging to
agent i if that agent was to perform an update at iteration k. That is,
in Algorithm 7.3, z8*1 = zK*1 if agent i is activated and z/*! = zF if it
remains idle. Let us defme the global vector 25+ = (z’l‘”, ..., Zk Wthh
corresponds to a deterministic update of all agents at iteration k. Using
Lemma 7.7 as in (7.34) we have

_k+1 k12
12 - 7!

2 k 2 k
z¥p = Iz =21l + Iz =

k _ zk+1(2 ck+1 _ k+1
= Bllx = R I - x X5+ NE =y,

< 2 (Vif (M) = Vif (¢F) + LTk [i] - ), xf - 561)
i=1
+2 ) (L (M i] = #4), @ - ) (7.39)
i=1

Using Lemma 7.3(ii) with ¢ = 0, v = ¥*1, and (7.16) (with € = 62;12, for
each term in the summation) we have

m
Z(Lt(uk[z] _ uk + Mk _ ﬁk+l)/ X;( _ JE;H—l)
i=1

< €_2||x* k+1”M + 2C<S (ut)tgk

m

2 K okel2 , €2l k412
30 (TR et = R - S — 244

i=1

Fk+ k1 _ k)2 4 BCigl
= eoflx* — X7 ||M + 2€2||M " 12+ 2251 ("), - (7.40)
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S1m11arly, using Lemma 7.3(iii)) with g = 0, y = i1 and (7.16) (with
€ = ez’ for each term in the summation) we obtain:
H

m

krs sk+1y =k+1 =k+1 _ —k12
DL (i) = 250, @ —u) < ealatt - w5 llxt - 25
i=1

+ 581 (x!), o (7.41)
Using (7.40), (7.41) with e, = 0.5 and €3 = 1 together with Lemma 7.3(i)
with €1 = 1, v = ¥**1 in (7.39) yields

k+1 _ =
HZ + k _ _ Zk+1||[2)

2
2B - 125 = ¥ + 11z*
<aSi(x'), o +bSi(u'),, + (B + Re)llx* = #5412 + 2C k! - u¥1?,

(7.42)

where a := | BR; + B||B||§A_1) and b := 2BC;.
8

Let Ex[-] denote the expectation conditioned on the knowledge until
time k. Moreover, for notational convenience let us define the diagonal
probability matrix

IT =blkdiag(pila,, ..., pmln,, p1ls, - o Pmls,),
D; = blkdiag(yl'_llniai_llri)/

zF = (x¥,uf) and z¥ = (x7, u}). Consequently, using the fact that D is
diagonal we have

Ec{llz5 - 2120, ) = B

m

—1), k+1 2
ZPi 1z =27 lIp,
i=1

pi (pillZt = 221, + (= pllzt - 271 )

M= EMs

k+1 _ 2 (1-
(A e
i=1

k+1

—lIZF =23,
(7.43)

5 2 k
1257 = 2% + Il -z

o

Therefore, using (7.42) we obtain

Ee{llz! = 2*IFap ) < ll2f —2 = |I2* = 2 + 2G| - w2

I p
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+aSi(x"),  + bS{(u'), . + (B +Rs) [k — 2512
(7.44)

Let us define X := ZT (k-p], (T~ (k—B) +1)||x™! — x7||> and U* =
Zi;%k—BL (t-(k-B)+ 1)||uT+1 u®||%. It is easy to see that

k-1
Xk+1 — Xk _ Z ”x7+1 _ xTHZ + B”Xk _ Xk+1||2.
t=[k—B]+

Arguing as in (7.43) we have

m
k+1 k2 —k+1 k2
Bi{llxk*t - |2} = pallelt - xF)2,
i=1

Therefore
k-1
Ek{Xk+1} < Xk _ Z ” T+1 _ 1”2 +B sznkarl i'cHZ, (745)
t=[k-B]+ i=1

Similarly for the dual variables we have

k-1
Ek{uk+l} < uk _ Z “ T+1 _ 1”2 +B Z p1||1/£k+1 5<||2 (746)
t=[k-B]+ i=1

Consider the following Lyapunov function:

+aXk + puk.

"
o =12 - 2R

Then using (7.44), (7.45) and (7.46) we obtain

k+1 k k _ sk+1)2
Be{o**} < of — |28 = 213

m m
+aB ) pill#H = xHP+ 0B Y pillaltt - uf|?

i=1 i=1
+ (B + Rs)[|x* = #F12 + 2C || a* ! — uk 2.

Therefore, if Assumption 7.V holds then there exists ¢ > 0 such that

Ek{vk+1} < ZJk _ C_”Zk _ Zk+1||2.
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Since ||z* — zZF1|| < ||zF — 2¥+1||, we conclude by the Robbins-Siegmund
lemma [142] that almost surely llzk — zK+1] converges to zero, and con-
sequently by Lemma 7.2 so does Iz = z*[i]||. Moreover, as a second
consequence of the Robbins-Siegmund lemma we have that (v )ien @and
in particular ||z* — z*||;;-1p converges to some [0, o0)-valued variable. The
convergence result follows by standard arguments as in [22, Thm. 3] and

[51, Prop. 2.3] and using continuity of the proximal operator. O

In the next theorem we establish linear convergence for Algorithm 7.3
and provide an explicit convergence rate.

Theorem 7.10. Suppose that Assumption 7.1, 7.11 and 7.1V(i) are satisfied.

Let ¢ < min{ps,...,pm} be a positive scalar and set y; = —1__ and
(Pi/C—l)Hg

1
o; = = fori=1,...,m. Moreover, let

1 .
01= 3 min{(p; — c)u},
" T2B|IBIP, , +2BRs + 2R, + in{(pi - c)ug)
8
_ 1 ) Ny
02 =3, + 5y inllpi =)

Suppose that c is such that the following inequality is satisfied (such c always
exist close enough to zero)

1
m +c <1+ min{61,62}.

Then, the following holds for the sequence (z¥ )y Senerated by Algorithm 7.3:
B{ll2* = 213} < (1= )12~ 211

Proof. As in the deterministic case in Theorem 7.8, in order to show linear
convergence we retain some of the strong convexity terms. Consider (7.39)
and use Lemma 7.3(i) with €; = 0.5, v = ¥**1, (7.40) and (7.41) with
€2 = 0.25, €3 = 0.5 to derive:

k+1 _ k+1 _ Zk”]zD

Iz 2B — 1125 =213 + 112
< 2B(||ﬁ_||12\/1§1 + RS)S%(xt)Kk + 4BCSS%(ut)tSk

+ (2R + B)|FFH — xF||2 + 4C| 5t - uk)|?, (7.47)
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where M := blkdiag(Mg, M},). Given the choice of stepsizes we have
D = blkdiag(l',x71) = (%H — I)M. Using this and arguing as in (7.43)
we have:

Ee{llz"*" = 2*II3, }

sk+1 2 k 2 k 2
= ”Z * _Z*”HM + ”Z _Z*”M - ”Z _Z*”HM

- C||Zk+1 _

2N + 1125 = 213 = cllz® = 2130
Combining this with (7.47) yields
Bi {112 = 2*113,}
< (1= o)llz" = 2*Iy = ellZ = 213,
+ 2cB(||ﬁ'||12wg1 + RS)S%(xt)tgk +4cBCsSi(u'),
+ c(2R; + B)|EFHY — 2K + 4eCy || a*H — uk 2. (7.48)

Next, note that by definition of zk = (¥, it*) we have

k-1 k
S%(xt)zgk < Z ||X’[+1 _ xTHZ < Z ||_‘)ET+1 _ XT”Z/
7=[k-B]+ 1=[k-B]+

and similarly for the dual vector. Using this in (7.48) yields:

Ee{llz*! =213}

k 2 sk+1 2
< (1=o)llz" = 2*I; — ez = 2"|I3

k
+ c(213||ﬁ‘||§4l +2BRs + 2R, + ﬁ) Z #7+ — x7|12
8 t=[k=B].
k
+4cCy(1 + B) Z ™" = |2
7=[k-B]+

The result follows by taking total expectation from both sides, dividing
by (1 - o)1 and summing over k from 0 to p, see [12, Lem. 1]. O

Note that owing to the diagonal metric used in the proofs of Theorems
7.9 and 7.10, the independent activation pattern in Algorithm 7.3 can be
replaced with the more general random sweeping strategy as in [22, 95].
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7.6 Numerical simulations

In this section we revisit the formation control example defined in (7.5).
For the dynamics of each agent/robot we used the model of [148] with ex-
act discretization of steplength AT = 1. The state and input cost matrices
and the constraints sets W are as in Section 4.6.

Let C be a linear mapping such that Cw; = C&; and L;. be such that
Li.w = (Ejw;, w;). Minimization (7.5) can be formulated as an instance
of (7.8) by setting f(w) = I, 5 Vjen, IC(wi = w)) = dijl%, giwi) =
%wiTin,', hi(yi, vi) = 0p,(yi) + 0w, (v;). Therefore, implementation of the
algorithms presented in this paper would only require simple operations
such as matrix-vector products, projections onto points and projections
onto sets ‘W; (which are simple boxes).

In our simulations, horizon length 3 was used. The delays between
agents are randomly generated integers in the interval [0, B]. We consider
two numerical simulations. In the first one we set m = 5, B = 1 with initial
polygon configuration and enforce an arrow formation by appropriate se-
lection of d;;. The interested reader may refer to Section 4.6 for additional
details of the formation setup. As discussed in the introduction, mini-
mization (7.5) is an example of partial coupling and Algorithm 7.1 is the
suitable choice. In the first numerical experiment, depicted in Figure 7.2
(left), we use the theoretical stepsize bound in (7.19). For comparison, we
also considered the dual decomposition approach of [136] that is based
on the subgradient method (although this algorithm is not studied with
communication delays). For comparison, Algorithms 7.2 and 7.3 are also
plotted even though they are not designed for this type of problem. Al-
gorithm 7.3 is used with probabilities of activation p; set to 0.2 and 0.8.
It is observed that the convergence rate of the proposed algorithms are
linear.

In the second numerical experiment, depicted in Figure 7.2 (right), we
considered a larger problem with m = 50 and the maximum delay B = 10.
We simulated the algorithms with nominal stepsizes. It is observed that
Algorithm 7.2 and the dual decomposition approach struggle to reach a
high precision. Interestingly, the randomized algorithm Algorithm 7.3 is
able to overcome this. Moreover, even with larger delays the algorithms
are convergent with nominal stepsizes while the theoretical stepsize may
become too small resulting in slow convergence in practice. Therefore, it
would be interesting to study if the stepsize conditions presented in this
paper can be relaxed for the special case when h; are indicator functions
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Figure 7.2: Comparison for the convergence of the algorithms for m = 5, B = 1
(left) and m = 50, B = 10 (right).

and g; are quadratic.

7.7 Conclusions

In this chapter we considered the application of primal-dual algorithms
for solving structured optimization problems over message-passing ar-
chitectures. The coupling between agents was classified as total and par-
tial coupling. For each case a separate algorithm was studied and it was
shown that the communication delay is tolerated provided that the step-
sizes are small enough, and that some strong convexity assumption holds.
In addition, in the case of total coupling a variant of the proposed algo-
rithm was studied that allows random and independent activation of the
agents. Future work consists of extending the convergence analysis to
the partially asynchronous framework and exploring different Lyapunov
functions that allow for nonconvex cost functions.

162



CHAPTER 8

BLOCK-COORDINATE AND INCREMENTAL
AGGREGATED PROXIMAL GRADIENT METHODS

This chapter is based on:

P. Latafat, A. Themelis and P. Patrinos. Block-coordinate and incremen-
tal aggregated proximal gradient methods for nonsmooth nonconvex problems.
arXiv:1906.10053 (submitted 2019).

8.1 Introduction

This chapter addresses block-coordinate (BC) proximal gradient methods
for problems of the form

minimize ®(x) := F(x) + G(x), where F(x):= % Zﬁil fi(xi),
x=(x1,,..,xN)e]RZi”i
(8.1)

in the following setting.
Assumption 8.I (problem setting). In problem (8.1) the following hold:

a1 function f; is L ;-smooth (Lipschitz differentiable with modulus Ly,),
i €[N];

A2 function G is proper and lower semicontinuous (Isc);
A3 a solution exists: argmin @ # 0.

Unlike typical cases analyzed in the literature where G is separable
[163, 166, 125, 15, 25, 139, 106, 44, 85, 179], we here consider the comple-
mentary case where it is only the smooth term F that is assumed to be
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separable. The main challenge in analyzing convergence of BC schemes
for (8.1) especially in the nonconvex setting is the fact that even in expecta-
tion the cost does not necessarily decrease along the trajectories. Instead,
we demonstrate that the forward-backward envelope (FBE) [132, 158] is
a suitable Lyapunov function for such problems.

Several BC-type algorithms that allow for a nonseparable nonsmooth
term have been considered in the literature, however, all in convex set-
tings. In [165, 167] a class of convex composite problems is studied that
involves a linear constraint as the nonsmooth nonseparable term. A BC
algorithm with a Gauss-Southwell-type rule is proposed and the con-
vergence is established using the cost as Lyapunov function by exploit-
ing linearity of the constraint to ensure feasibility. A refined analysis in
[119, 120] extends this to a random coordinate selection strategy. Another
approach in the convex case is to consider randomized BC updates ap-
plied to general averaged operators. Although this approach can allow for
fully nonseparable problems, usually separable nonsmooth functions are
considered in the literature. The convergence analysis of such methods
relies on establishing quasi-Fejér monotonicity [88, 51, 134, 22, 133, 95].
In a primal-dual setting in [70] a combination of Bregman and Euclidean
distance is employed as Lyapunov function. In [82] a BC algorithm is pro-
posed for strongly convex algorithms that involves coordinate updates
for the gradient followed by a full proximal step, and the distance from
the (unique) solution is used as Lyapunov function. The analysis and the
Lyapunov functions in all of the above mentioned works rely heavily on
convexity and are not suitable for nonconvex settings.

Thanks to the nonconvexity and nonseparability of G, many machine
learning problems can be formulated as in (8.1), a primary example being
constrained and/or regularized finite sum problems [17, 149, 60, 59, 114,
138, 137, 147]

minimize yerr @(x) = % Zfil fi(x) + g(x), (8.2)
where f; : R" — R are smooth functions and g : R" — R is possibly

nonsmooth, and everything here can be nonconvex. In fact, one way to
cast (8.2) into the form of problem (8.1) is by setting

G(x) = § 2Ly 8(xi) + dc(x), (8.3)

where C = {x eRN |xj=x=---= xN} is the consensus set, and 6¢
is the indicator function of set C. Since the nonsmooth term g is allowed
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to be nonconvex, formulation (8.2) can account for nonconvex constraints
such as rank constraints or zero norm balls, and nonconvex regularizers
such as ¢F with p € [0, 1), [87].

Another prominent example in distributed applications is the “shar-
ing” problem [29]:

minimize ®(x) = £ SN, filx;) + g(zﬁil xi). (8.4)

xeR"N

where f; : R" — R are smooth functions and g : R” — R is nonsmooth,
and all are possibly nonconvex. The sharing problem is cast as in (8.1) by
setting G := g 0o A, where A = [I,, ... I,] € RN,

8.1.1 The main block-coordinate algorithm

While gradient evaluations are the building blocks of smooth minimiza-

tion, a fundamental tool to deal with a nonsmooth Isc term i : R” — R
is its V-proximal mapping

Vi) - : 1 2
rox’ (x) = argmin w)+ s||lw—x , 8.5
prox} (x) = argmin {(w) + il - xI13} (85)
where V is a symmetric and positive definite matrix and || - ||y indicates

the norm induced by the scalar product (x, y) — (x, Vy). It is common
to take V = t711, as a multiple of the r X r identity matrix I,, in which
case the notation prox,,, is typically used and ¢ is referred to as a stepsize.
While this operator enjoys nice regularity properties when g is convex,
such as (single valuedness and) Lipschitz continuity, for nonconvex g it
may fail to be a well-defined function and rather has to be intended as a

point-to-set mapping proxg :R” =3 R". Nevertheless, the value function

associated to the minimization problem in the definition (8.5), namely the
Moreau envelope

¢V (x) = min {¢(w) + 3w - x|} }, (8.6)

is a well-defined real-valued function, in fact locally Lipschitz continuous,
that lower bounds i and shares with i infima and minimizers. The
proximal mapping is available in closed form for many useful functions,
many of which are widely used regularizers in machine learning; for
instance, the proximal mapping of the ¢° and ¢! regularizers amount to
hard and soft thresholding operators.
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In many applications the cost to be minimized is structured as the
sum of a smooth term / and a proximable (i.e., with easily computable
proximal mapping) term 1. In these cases, the proximal gradient method [75,
11] constitutes a cornerstone iterative method that interleaves gradient
descent steps on the smooth function and proximal operations on the
nonsmooth function, resulting in iterations of the form x* proxw(x -
yVh(x)) for some suitable stepsize y.

Our proposed scheme to address problem (8.1) is a BC variant of
the proximal gradient method, in the sense that only some coordinates
are updated according to the proximal gradient rule, while the others
are left unchanged. This concept is synopsized in Algorithm 8.1, which
constitutes the general algorithm addressed in this chapter.

Algorithm 8.1 General forward-backward block-coordinate scheme

Require 0 € RZi", y; € (0,N/L;),i € [N]
I = blkdiag(yiLu,, - - ., ynly), k=0
REePEAT until convergence
1: zk e proxg1 (xk = TVF(x"))
2: select a set of indices I¥*1 C [N]
3: update x*!=zF fori e I and xM*' =xF fori ¢ M, k —k+1

i i
ReTURN zF

Although seemingly wasteful, in many cases one can efficiently com-
pute individual blocks without the need of full operations. In fact BC
Algorithm 8.1 bridges the gap between a BC framework and a class of in-
cremental methods where a global computation typically involving the
full gradient is carried out incrementally via performing computations
only for a subset of coordinates. Two such broad applications, problems
(8.2) and (8.4), are discussed in the dedicated Sections 8.3 and 8.4, where
among other things we will show that Algorithm 8.1 leads to the well
known Finito/MISO algorithm [60, 114].

8.1.2 Contributions

1) To the best of our knowledge this is the first analysis of BC schemes
with a nonseparable nonsmooth term and in the fully nonconvex setting.
While the original cost @ cannot serve as a Lyapunov function, we show
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that the forward-backward envelope (FBE) [132, 158] decreases surely,
not only in expectation (Lemma 8.5).

2) This allows for a quite general convergence analysis for different sam-
pling criteria. This chapter in particular covers randomized strategies
(Section 8.2.3) where at each iteration one or more coordinates are sam-
pled with possibly time-varying probabilities, as well as essentially cyclic
(and in particular cyclic and shuffled) strategies in case the nonsmooth
term is convex (Section 8.2.4).

3) We exploit the Kurdyka-Lojasiewicz (KL) property to show global (as
opposed to subsequential) and linear convergence when the sampling is
essentially cyclic and the nonsmooth function is convex, without impos-
ing convexity requirements on the smooth functions (Theorem 8.11).

4) Asimmediate byproducts of our analysis we obtain (a) an incremental
algorithm for the sharing problem [29] that to the best of our knowledge is
novel (Section 8.4), and (b) the Finito/MISO algorithm [60, 114] leading to
a much simpler and more general analysis than available in the literature
with new convergence results both for randomized sampling strategies
in the fully nonconvex setting and for essentially cyclic samplings when
the nonsmooth term is convex (Section 8.3).

8.1.3 Organization

This chapter is organized as follows. The core of the chapter lies in the
convergence analysis of Algorithm 8.1 detailed in Section 8.2: Section
8.2.1 introduces the FBE, fundamental tool of our methodology and lists
some of its properties followed by other ancillary results documented in
Section 8.7.1. The algorithmic analysis begins in Section 8.2.2 with a col-
lection of facts that hold independently of the chosen sampling strategy,
and later specializes to randomized and essentially cyclic samplings in
the dedicated Sections 8.2.3 and 8.2.4. Sections 8.3 and 8.4 discuss two
particular instances of the investigated algorithmic framework, namely
(a generalization of) the Finito/MISO algorithm for finite sum minimiza-
tion and an incremental scheme for the sharing problem, both for fully
nonconvex and nonsmooth formulations. Convergence results are imme-
diately inferred from those of the more general BC Algorithm 8.1. Section
8.6 concludes this chapter.
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8.2 Convergence analysis

We begin by observing that Assumption 8.1 is enough to guarantee the
well definedness of the forward-backward operator in Algorithm 8.1,
which for notational convenience will be henceforth denoted as T (x).
Namely, T : RZi" =3 RZi " is the point-to-set mapping

T (x) = proxL (x - TVF(x))

argmin {F(x) + (VF(x), w — x) + G(w) + |lw — x|2, }. (8.7)

weRZiMi

Lemma 8.1. Suppose that Assumption 8.1 holds, and for y; € (0,N/Ly), i €

[N] let T := blkdiag(y11,,, ..., ynIuy)- Then, proxgl and T} are locally
bounded, outer semicontinuous (osc), nonempty- and compact-valued mappings.

Proof. For x* € argmin @ it follows from (8.41) that
min ® < F(x) + G(x) < G(x) + F(x*) + (VF(x*), x — x*) + 3[lx* = x|13 -

Therefore, G is lower bounded by a quadratic function with quadratic
term —% [l - “/Z\F’ and thus is prox-bounded in the sense of [144, Def. 1.23].
The claim then follows from [144, Thm. 1.25 and Ex. 5.23(b)] and the
continuity of the forward mapping id — I'VF. O

8.2.1 The forward-backward envelope

The fundamental challenge in the analysis of (8.1) is the fact that, without
separability of G, descent on the cost function cannot be established even
in expectation. Instead, we show that the forward-backward envelope (FBE)
[132, 158] can be used as Lyapunov function. This subsection formally in-
troduces the FBE, here generalized to account for a matrix-valued stepsize
parameter I', and lists some of its basic properties needed for the conver-
gence analysis of Algorithm 8.1. Although easy adaptations of the similar
results in [132, 158, 156], for the sake of self-inclusiveness the proofs are
included here.

Definition 8.2 (forward-backward envelope). In problem (8.1), let f; be
differentiable functions, i € [N], and let T = blkdiag(y1L,,, ..., ynIny) for
V1, ..., YN > 0. The forward-backward envelope (FBE) associated to (8.1) with
stepsize I is the function O : RZi " — [0, 00) defined as

P (x) = inzf {F(x) + (VF(x), w — x) + G(w) + %Hw - x||%_1}. (8.8a)
weRi i
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Definition 8.2 highlights an important symmetry between the Moreau
envelope and the FBE: similarly to the relation between the Moreau en-
velope (8.6) and the proximal mapping (8.5), the FBE (8.8a) is the value
function associated with the proximal gradient mapping (8.7). By re-
placing any minimizer z € T’ (x) in the right-hand side of (8.8a) one
obtains yet another interesting interpretation of the FBE in terms of the
I'l-augmented Lagrangian associated to (8.1)

Lra(x,z,y) =F(x)+G(z) +{y,x —z) + %le - z||?

r-1
namely,
D*(x) = F(x) + (VF(x), z —x) + G(z) + 3]z —x[]Z,  (8.8b)
= H-1(x, z, —-VF(x)). (8.8¢)
Lastly, by rearranging the terms it can easily be seen that
P (x) = F(x) — 3|IVF(x)|I? + G (x — TVE(x)), (8.8d)

hence in particular that the FBE inherits regularity properties of G and
VF, some of which are summarized in the next result.

Lemma 8.3 (FBE: fundamental inequalities). Suppose that Assumption 8.1
is satisfied and let y; € (0,N/Ly,), i € [N]. Then, the FBE @ is a (real-valued
and) locally Lipschitz continuous function. Moreovet, the following hold for any
x € R¥i":

(i) PP(x) < D(x).

(iD) 3llz=xlF,_ < OP(x) = D(2) < Fllz = xl7,,, forany z € TY(x),

where Ar = % blkdiag(LfLn,, ..., LfTny).

(iii) If in addition each f; is yi r,-strongly convex and G is convex, then for every
x e RZii
iz - x*IIﬁF < OP(x) — min ®

where x* = argmin®, ur = I%]blkdiag(yﬁlnl,...,nyInN), and
z = TP(x).

Proof. Local Lipschitz continuity of the FBE follows from (8.8d) in light
of Lemma 8.1 and [144, Ex. 10.32].

& 8.3(i) Follows by replacing w = x in (8.8a).
& 8.3(ii) Directly follows from (8.42) and the identity ®*(x) = Mr(z, x)
for z € TP (x).
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& 8.3(iii) By strong convexity, denoting @, := min ®, we have
®, < B(z) - Lz - x*|2, < O (x) - L1z - x|,
where the second inequality follows from Lemma 8.3(ii). O

Another key property that the FBE shares with the Moreau envelope
is that minimizing the extended-real-valued function @ is equivalent to
minimizing the continuous function ®’. Moreover, the former is level
bounded iff so is the latter. This fact will be particularly useful for the
analysis of Algorithm 8.1, as it will be shown in Lemma 8.5 that the
FBE (surely) decreases along its iterates. As a consequence, despite the
fact that the same does not hold for @ (in fact, iterates may even be
infeasible), coercivity of @ is enough to guarantee boundedness of (x¥) teN

and (zk)keN.

Lemma 8.4 (FBE: minimization equivalence). Suppose that Assumption 8.1
is satisfied and that y; € (0,N/L;), i € [N]. Then, the following hold:

(i) min O = min ®;
(ii) argmin @® = argmin ®;
(iii) D is level bounded iff so is @.
Proof.

& 8.4(i) and 8.4(ii) Tt follows from Lemma 8.3(i) that inf ®* < min ®.
Conversely, let (xk)k o Pe such that CD;‘*(xk) — inf @ as k — oo, and for
each k let zF € TP (x*). It then follows from Lemmas 8.3(i) and 8.3(ii) that

inf @ < min® < hiriio?f D(zF) < lilI(IliO{)lf (I)f-B(xk) = inf OF,

hence min ® = inf ®®. Suppose now that x € argmin ® (which exists
by Assumption 8.1); then it follows from Lemma 8.3(ii) that T’(x) = {x}
(for otherwise another element would belong to a lower level set of ®).
Combining with Lemma 8.3(i) with z = x we then have

min® = ®(z) < PP(x) < O(x) = min P.

Since min® = inf @F, we conclude that x € argmin®’, and that in
particular inf @ = min ®*. Conversely, suppose x € argmin ®* and let
z € TP(x). By combining Lemmas 8.3(i) and 8.3(ii) we have that z = x,
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thatis, that T’ (x) = {x}. It then follows from Lemma 8.3(ii) and assertion
8.4(i) that
D(x) = P(z) < PF(x) = min PP’ = min P,

hence x € argmin ©.

& 8.4(iii)) Due to Lemma 8.3(i), if @ is level bounded clearly so is ®.
Conversely, suppose that @}’ is not level bounded. Then, there exist « €
C leve, @ such that |[xf|| — o0 as k — oo. Let A =
min; {)/l._l - Lf,.N‘l} > 0, and for each k € N let z¥ € TP (x*). It then
follows from Lemma 8.3(ii) that

min @ < d(zF) < OP(xF) - ||k - 28| < @ - 4[]xF - 2F|1%,

hence (zk)ke]N C leve, ® and |lx* — 2K < %(zx — min ®). Consequently,

also the sequence (z* )ien S l€V<q @ is unbounded, proving that @ is not
level bounded. O

We remark that the kinship of ®” and @ extends also to local mini-
mality; the interested reader is referred to [155, Thm. 3.6] for details.

8.2.2 A sure descent lemma

We now proceed to the theoretical analysis of Algorithm 8.1. Clearly,
some assumptions on the index selection criterion are needed in order to
establish reasonable convergence results, for little can be guaranteed if,
for instance, one of the indices is never selected. Nevertheless, for the sake
of a general analysis it is instrumental to first investigate which properties
hold independently of such criteria. After listing some of these facts in
Lemma 8.5, in Sections 8.2.3 and 8.2.4 we will specialize the results to
randomized and (essentially) cyclic sampling strategies.

Lemma 8.5 (sure descent). Suppose that Assumption 8.1 is satisfied. Then, the
following hold for the iterates generated by Algorithm 8.1:

. . N-yL¢,
(i) CD?(xk”) < GD?(xk) — Yiepn f—y‘illzf - xfllz, where &; = —5—+ i
i € [N], are strictly positive;
(ii) (q)lF_B(xk))kEJN monotonically decreases to a finite value @, > min ®;
(iii) O is constant (and equals @y as above) on the set of accumulation points
ky .
of (%) ens
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k+1_

(iv) the sequence (||x xK|1?) ve 11as finite sum (and in particular vanishes);

(v) if @ is coercive, then (xk)k o nd (z are bounded.

k
)ke]N
Proof.

& 8.5(i) To ease notation, let Ar = % blkdiag(L I, ..., LsIny) and
for w € RZi"™ let w; € R« " denote the slice (w;);cs, and let Af,,T; €
Riet "iXZier i be defined accordingly. Start by observing that, since zF*1 €

k+1

proxg1 (a1 — TVF(x**1)), from the proximal inequality on G it follows

that
G(Zk+1) _ G(Zk) < %”Zk _ xk+1 + FVF(karl)”l%_l _ %”zk+1 _ xk+1 + FVF(xk+1)||l%—l

k k+172 k+1 k4172 k+1 k k+1
= HIF - AR - LT R (VFGR, 2 - ) (89)

We have
®F3(xk+1) _ (D;B(xk) — F(xk+1) + <VF(Xk+1), zk+l _ xk+1> + G(Zk+l)

+ %”ZkJrl _ xk+1”1%—1
= (FGH) + VG, 25 - ) + G + B2 - 242, )

apply the upper bound in (8.41) with w = x**1 and the proximal inequality (8.9)

< (VF(xk), xk+1 _ Zk> + %llxk+1 _ xk”[Z\F + (VF(xk+1), Zk _ xk+1>

k k2 k k+1)2
e EARE LI ] PL S L

To conclude, notice that the ¢-th block of VF(x*)—VF(x**1) is zerofor £ ¢ I,
and that the £-th block of x**1 - z¥ is zero if £ € I. Hence, the scalar product
vanishes. For similar reasons, one has ||zF — x**1 ||1%71 — ||zF — ¥ ||1%71 =

- ||z;‘ - xﬂl?;l and ||x**1 — xklllz\F = ||z;‘ - x;‘||/2\FI, yielding the claimed

expression.
& 8.5(ii) Monotonic decrease of ((D?(xk))k <N is a direct consequence of

assertion 8.5(i). This ensures that the sequence converges to some value
®,, bounded below by min @ in light of Lemma 8.4(i).

& 8.5(iii) Directly follows from assertion 8.5(ii) together with the conti-
nuity of @?, see Lemma 8.3.

& 85(iv) Denoting &min = min;en) {&;} which is a strictly positive
constant, it follows from assertion 8.5(i) that for each k € N it holds that

k+1 k i k k2
DR - ) < - 3 E 2k - o

iEIk+'l
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i -1~k k12
< -5 )yl -l
iEIk”
& i k+1 k12
= — =gl - Xt (8.10)

By summing for k € N and using the positive definiteness of I'"! together
with the fact that min @ = min ® > oo as ensured by Lemma 8.4(i) and

8.1a3, we obtain that Y ;cn ||2F* — xF||2 < 0.

& 8.5(v) It follows from assertion 8.5(ii) that the entire sequence (x¥) eN

is contained in the sublevel set {w | PP (w) < CD?“(xO)}, which is bounded
provided that @ is coercive as shown in Lemma 8.4(iii). In turn, bound-
edness of (z*) ren then follows from local boundedness of T, ¢f. Lemma
8.1. O

8.2.3 Randomized sampling

In this section we provide convergence results for Algorithm 8.1 where
the index selection criterion complies with the following requirement.

Assumption 8.II (randomized sampling requirements). There exist con-
stants p1, ..., pn > 0 such that, at any iteration and independently of the
past, each i € [N] is sampled with probability at least p;.

Our notion of randomization is general enough to allow for time-
varying probabilities and mini-batch selections. The role of parameters p;
in Assumption 8.11 is to prevent that an index is sampled with arbitrarily
small probability. In more rigorous terms, P[i € I k1] > pi shall hold
for all i € [N], where P represents the probability conditional to the
knowledge at iteration k. Notice that we do not require the p;’s to sum up
to one, as multiple index selections are allowed, similar to the setting of
[22, 95] in the convex case.

Due to the possible nonconvexity of problem (8.1), unless additional
assumptions are made not much can be said about convergence of the
iterates to a unique point. Nevertheless, the following result shows that
any accumulation point x* of sequences (xk)k o and (zk)k <N generated
by Algorithm 8.1 is a stationary point, in the sense that it satisfies the
necessary condition for minimality 0 € d®(x*), where 9 denotes the
(regular) nonconvex subdifferential, see [144, Thm. 10.1].

Theorem 8.6 (randomized sampling: subsequential convergence). Sup-
pose that Assumptions 8.1 and 8.11 are satisfied. Then, the following hold almost
surely for the iterates generated by Algorithm 8.1:
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(i) the sequence (||x* — z¥|| has finite sum (and in particular vanishes);

2
)keJN

(ii) the sequence ((I)(zk))kelN converges to Dy as in Lemma 8.5(ii);

(i) (x%), . and (z5),
@ and OF equal Os.

have same cluster points, all stationary and on which

Proof. In what follows, Ex denotes the expectation conditional to the
knowledge at iteration k.

s 8.6(i) Leté&; = % > 0,1 € [N], be as in Lemma 8.5(i). We have

8.5(i) .
B[0P ()] < Be| 0Py - DT £ 2k — a2

2y

iEIk+1
k k+1 Ei 1.k k2
= OP(h) - Y BT = 1] D A2 - 2
IeQ) iel
N
k k+1 ok k2
=0PG - ), )y Bl I =1]55lf - Al
i=1 1eQ,I>i
N
k iCinok k2
<OP() - ) Hrllzf -« (8.11)

i=1

where Q C 2Nl is the sample space (2INT denotes the power set of [N]).
Therefore,

Ex [CD?(xk“)] < (Df?(xk) - %ka - z"ll?_1 where ¢ = niurll\] pi&i > 0.
1=1...

(8.12)
The claim follows from the Robbins-Siegmund supermartingale theorem,
see e.g., [142] or [17, Prop. 2].
# 8.6(ii) Observe that O (x*) || z* - xk||%_1+AF < D(zF) < D (xk) — || 2F -

xk||1%_1_AF holds (surely) for k € N in light of Lemma 8.3(ii). The claim

then follows by invoking Lemma 8.5(ii) and assertion 8.6(i).

& 8.6(iii) In the rest of the proof, for conciseness the “almost sure” nature
of the results will be implied without mention. It follows from assertion

8.6(i) that a subsequence (xk)k x converges to some point x* iff so does

the subsequence (z Since TP (x¥) > zF and both x* and z* converge

“)
kek* X
to x* as K 3 k — oo, the inclusion 0 € d®(x*) follows from Lemma 8.21.
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Since the full sequences (CDfP(xk)) ren and (D(z9)) ren Converge to the same
value @, (cf. Lem. 8.5(ii) and assertion 8.6(ii)), due to continuity of ®°
(Lemma 8.3) it holds that ®[*(x*) = @y, and in turn the bounds in Lemma
8.3(ii) together with assertion 8.6(i) ensure that ®(x*) = @, too. O

When G is convex and F is strongly convex (that is, each of the func-
tions f; is strongly convex), the FBE decreases Q-linearly in expectation
along the iterates generated by the randomized BC-Algorithm 8.1.

Theorem 8.7 (randomized sampling: linear convergence under strong
convexity). Additionally to Assumptions 8.1 and 8.1, suppose that G is convex
and that each f; is (i -strongly convex. Then, for all k the following hold for the
iterates generated by Algorithm 8.1:

B [@F(xF*1) — min @] < (1 - ¢) (PP (x*) — min @) (8.13a)
E[®(zF) - min @] < (D(x°) - min @)(1 - ¢)F (8.13b)
%E[llzk - x*||le] < (©(x%) — min @) (1 - ) (8.13¢)

where x* = argmin®, ur = + blkdiag(usIu,, ...t Liy), and denoting
N—j/iLf[ .

c= min{éi—m}/maX{M}. (8.14)
ie[N] | 7i ie[N] | Vikfi

Moreover, by setting the stepsizes y; and minimum sampling probabilities p; as

2
S Ny BRI L G W
| (v« v =)
- Ly

with x; = e i € [N], then the constant ¢ in (8.13) can be tightened to

i

_ 1
c= (e K,—l)z' (8.16)

Proof. Since z* is a minimizer in (8.8a), the necessary stationarity condi-

tion reads T~!(x* — z¥) — VF(x¥) € 9G(z¥). Convexity of G then implies
G(x*) > G(z") + T 1 (x* - 2F) = VE(xF), x* — 2F),
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whereas from strong convexity of F we have
F(x*) > F(x*) + (VE(xF), x* — x*) + 2||x — x*||HF

By combining these inequalities into (8.8b), and denoting @, := min ® =
min @ (cf. Lem. 8.4(i)), we have

D)~y < 12— 12—l =2, + (T (2 k) 2= 2F)

e R (| S A A e A 1 EREAl

I- 1—[J.p

Next, by using the inequality (a, b) < %llu ||le + %Hb ||iEl to cancel out the

last term, we obtain
PP (k) — Dy < HI2F - ¥ _— + LI = e - Zk)lli?

= $lIzF - 212 (8.17)

2 ’1(1 Tur)’
where the last identity uses the fact that the matrices are diagonal. Com-
bined with (8.11) the claimed Q-linear convergence (8.13a) with factor
¢ as in (8.14) is obtained. The R-linear rates in terms of the cost func-
tion and distance from the solution are obtained by repeated application
of (8.13a) after taking (unconditional) expectation from both sides and
using Lemma 8.3.

To obtain the tighter estimate (8.16), observe that (8.11) with the choice

N-y; -1
pii= N-yibg [ 1 N7V
P vikg Neyikg \ S0 yjug N=yilg |7

which equals the one in (8.15) with y; as prescribed, yields

N—yjui\ 7L N- mill;
By [0 ()04 | <O () -0y - (2N 3 5L R ) 5 e s
257,

N-
_(DFB(xk) Dy — (2NZ])/]#] 7/]!‘]) ”zk_xk”

L Il (Tt -pr)

The result now follows by combining this with (8.17) and replacing the
values of y; as proposed in (8.15). O

Notice that as «;’s approach 1 the linear rate tends to 1 — 1/N.
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8.2.4 Cyclic, shuffled and essentially cyclic samplings

In this section we analyze the convergence of the BC-Algorithm 8.1 when
a cyclic, shuffled cyclic or (more generally) an essentially cyclic sampling
[164, 163, 85, 45, 179] is used. As formalized in the following standing
assumption, an additional convexity requirement for the nonsmooth term
G is needed.

Assumption 8.III (essentially cyclic sampling requirements). In problem
(8.1), function G is convex. Moreover, there exists T > 1 such that in Al-
gorithm 8.1 each index is selected at least once within any interval of T
iterations.

Note that having T < N is possible because of our general sampling
strategy where sets of indices can be sampled within the same iteration.
For instance, T = 1 corresponds to I**! = [N] for all k, in which case
Algorithm 8.1 would reduce to a (full) proximal gradient scheme.

Two notable special cases of single index selection rules are the cyclic
and shuffled cyclic sampling strategies.

SHUFFLED CYCLIC SAMPLING: corresponds to setting

"1 = {m 4y (mod(k,N) + 1)} forall keN, (8.18)

where mg, 711, ... are permutations of the set of indices [N] (chosen ran-
domly or deterministically).

CycLic saMPLING: corresponds to the case (8.18) with 7ty = id, i.e.,

I**! = {mod(k, N) + 1} forall ke N. (8.19)

Consistently with the deterministic nature of the essentially cyclic sam-
pling, all results of the previous section hold surely, as opposed to almost
surely.

Theorem 8.8 (essentially cyclic sampling: subsequential convergence).
Suppose that Assumptions 8.1 and 8.111 are satisfied. Then, all the assertions of
Theorem 8.6 hold surely.

Proof. We first establish an important descent inequality for @ after

every T iterations, cf. (8.26). Convexity of G, entailing proxg1 being Lip-
schitz continuous (cf. Lem. 8.22(i)), allows the employment of techniques
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similar to those in [15, Lem. 3.3]. Since all indices are updated at least
once every T iterations, one has that

ty() := min {t € [T] | i is sampled at iteration Tv + ¢ — 1} (8.20)

is well defined for each index i € [N] and v € N. Since i is sampled at
iteration Tv + £,(i) - land x]" = x/"* = ... = xTrrt(@-1

; by definition of
t,(i), it holds that

xirv+tv(i) _ xl?"v+tv(i)—1 +ur (T;B(xTerty(i)—l) _ xTvHV(iH)

_ xlTv + u;l’(TlliB(xTv-%—tv(i)—l) _ xTv+tV(i)—1)l (8.21)

where U; € RZi "X denotes the i-th block column of the identity matrix
so that for a vector v € R™

Ujo = (0, ... ,o,l'f':o,...,of. (8.22)
For all ¢ € [T] the following holds
T
(I);B(XT(V+1)) _ cDiiB(xTV) — Z (q)?B(xTV+T) _ cDiiB(xTv+I—l))
=1
< CD;B(xTV+i’) _ (-D?B(xTvH—l)
< — Eme”xTVH _ xTv+t71||I%_1/ (823)

where &; = N7vily, as in Lemma 8.5(i), Emin = min;en) {&i}, and the

two inequalities follow from Lemma 8.5(i). Moreover, using triangular
inequality for i € [N] yields

ty(i)-1

Z I|xTv+I _ _,,CTV+T—1||1L1

=1

1/2
< T ( BB TV _ fFB (AT (V+1) ) )
= Vemi2 OP(x"") — PP (x ) (8.24)
where the second inequality follows from (8.23) together with the fact
that t,(i) < T. For all i € [N], from the triangular inequality and the
Ly-Lipschitz continuity of T|” (Lemma 8.22(iv)) we have

||xTv+tV(i)—1 _ xTv“l"*l

IA

v PIUT T = TR < 7 PIUT (8 = TR O))
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7 BT (TR0 - TR )|

=1/2y, _Tv+t,(i)—-1
<yl/|| iV v(i) _

+ | TR 1) — TR ) s
< ||xTv+t,,(i)—1 _ xTV+tv(i)

xl.TV+tV(i) ”

llr-1
+ Lt ”xTV+t\,(i)—1 _ Tv”

(8.23), .28 1) T T(v+1)
< 4Tl LT q)FB( V) q)FB( v )) i (825)
Vémm/z (

By squaring and summing over i € [N], we obtain

(D;B(xT(V+1)) _ CD;B(XTV) < — 2N(fil¥lLT)2 ||ZTV _ xTV”?—l . (826)

By telescoping the inequality and using the fact that min ®> = min ®
shown in Lemma 8.4(i), we obtain that (||zT" —xT" ||1%71 ), N has finite sum,
and in particular vanishes. Clearly, by suitably shifting, for every t € [T]
the same can be said for the sequence ([|z7"*" —x™"*!||2}) _\. The whole

sequence (JI1z* - xkllz)k N is thus summable, and we may now infer the
claim as done in the proof of Theorem 8.6. O

In the next theorem explicit linear convergence rates are derived under
the additional strong convexity assumption for the smooth functions. The
cyclic and shuffled cyclic cases are treated separately, as tighter bounds
can be obtained by leveraging the fact that within cycles of N iterations
every index is updated exactly once.

Theorem 8.9 (essentially cyclic sampling: linear convergence under strong
convexity). Additionally to Assumptions 8.1 and 8.111, suppose that each func-

tion fi is ug-strongly convex. Then, denoting 6 = min;ey {M} and

A = maX;e|n] { } forallv € N the following hold for the iterates generated
by Algorithm 8.1:

PP (x T )Y - min @ < (1 - ¢)(PP(xT") — min @) (8.27a)
O(z™) - min ® < (P(x°) — min @)(1 - ¢)" (8.27b)
Hz" =17, < (@(E°) - min®)(1 - ) (8.27¢)

where x* = argmin @, ur = & blkdiag(upLn,, ... ps,Iny), and
c= 6O_AL . (8.28)
N(1+T(1-6)*1-0)
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In the case of shuffled cyclic (8.18) or cyclic (8.19) sampling, the inequalities can
be tightened by replacing T with N and with

5(1-A)

Proof.

& The general essentially cyclic case. Since T} is Lr-Lipschitz continuous
with Lt = 1 — 0 as shown in Lemma 8.22(iv), inequality (8.26) becomes

q)llis(xT(v+1)) _ @;B(xTV) < — 2N(1_:]_"é_5))2 HZTV _ Tvlllal .

Moreover, it follows from (8.17) that
OP(x") - Dy < 6T =Dl - 22 (8.30)

By combining the two inequalities the claimed Q-linear convergence
(8.27a) with factor c as in (8.28) is obtained. In turn, the R-linear rates
(8.27b) and (8.27¢) follow from Lemma 8.3.

& The shuffled cyclic case. Let us now suppose that the sampling strategy
follows a shuffled rule as in (8.18) with permutations 7y, 1, . . . (hence in
the cyclic case 7, = id for all v € N). Let U; be as in (8.22) and &min as
in the proof of Theorem 8.8. Observe that t,(i) = 7;1(i) < N for t,(i) as
defined in (8.20). For all ¢ € [N]

q)?B(xN(V-Fl)) _ q)iis(xNV) < (D;B(xNV+t—1) _ q)?s(xNV)

t—1
< — &Ein Z ||xNV+T _ xvaLT—l”%_1
=1
- _ élg_meNvH—l _ xNV”l%—lr (831)

where the equality follows from the fact that at every iteration a different
coordinate is updated (and that I' is diagonal), and the inequalities from
Lemma 8.5(i). Similarly, (8.23) holds with T replaced by N (despite the
fact that T is not necessarily N, but is rather bounded as T < 2N - 1). By
using (8.31) in place of (8.24), inequality (8.25) is tightened as follows

1/2
)/i_l/ZHUiT(xNV _ TIF_B(xNV))” < 1+Lt (q;iis(xNV) _ (D?B(XN(V+1))) )

V gmin/2
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By squaring and summing for i € [N] we obtain

min __—(-A
OF N -0P) < gl IR = e IR
(8.32)

where Lt = 1 - 0 as discussed above. By combining this and (8.30) (with
T replaced by N) the improved coefficient (8.29) is obtained. O

Note that if one sets y; = aN/Ly, for some a € (0,1), then 6 =

amin;eN {# £/L f,.} and A = «a. With this selection, as the condition num-

ber approaches 1 the rate in (8.29) tends to 1 — 5 (211)2'

8.2.5 Global and linear convergence with KL inequality

The convergence analyses of the randomized and essentially cyclic cases
both rely on a descent property on the FBE that quantifies the progress in
the minization of ®}® in terms of the squared forward-backward residual
||x — z||. A subtle but important difference, however, is that the inequality
(8.12) in the former case involves a conditional expectation, whereas (8.26)
in the latter does not. The sure descent property occurring for essentially
cyclic sampling strategies is the key for establishing global (as opposed
to subsequential) convergence based on the Kurdyka-Lojasiewicz (KL)
property [111, 112, 93]. A similar result is achieved in [179], which how-
ever considers the complementary case to problem (8.1) where the nons-
mooth function G is assumed to be separable, and thus the cost function
itself can serve as Lyapunov function.

Definition 8.10 (KL property with exponent 0). A proper Isc function
h: R" — R is said to have the Kurdyka-Lojasiewicz (KL) property with
exponent 6 € (0,1) at w € dom h if there exist €,1, 0 > 0 such that

V' (h(w) — h(w)) dist(0, dh(w)) > 1

holds for all w such that ||w — @|| < € and h(®) < h(w) < h(®) + 1, where
W(s) = ps'7Y. We say that h satisfies the KL property with exponent 6 (without
mention of W) if it satisfies the KL property with exponent 0 at any @ € dom Jh.

Semialgebraic functions comprise a wide class of functions that enjoy
this property [24, 23], which has been extensively exploited to provide
convergence rates of optimization algorithms [9, 10, 11, 25, 72, 128, 102,
178]. Based on this, in the next result we provide sufficient conditions en-
suring global and R-linear convergence of Algorithm 8.1 with essentially
cyclic sampling.
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Theorem 8.11 (essentially cyclic sampling: global and linear convergence).
Additionally to Assumptions 8.1 and 8.111, suppose that @ has the KL property
with exponent 6 € (0,1) (as is the case when f; and G are semialgebraic),
and is coercive. Then, any sequences (x¥), _ and (zk)ke]N generated by Algo-
rithm 8.1 converge to (the same) stationary point x*. Moreover, if 6 < 1/2 then
(|1z% - xkll)de, (xk)kEJN and (zk)ke]N converge at R-linear rate.

Proof. Let (xk)kelN and (z")ke]N be sequences generated by Algorithm
8.1 with essentially cyclic sampling, and let @, be the limit of the se-
quence ((I)F*(xk))k N as in Lemma 8.5(ii). To avoid trivialities, we may
assume that q)f?(xk) = O, for all k, for otherwise the sequence (xk)ke]N
"),en- Let Q be the set of ac-
cumulation points of (x* );ens Which is compact and such that O” = @,
on (), as ensured by Theorem 8.8. It follows from Lemma 8.23 and [9,
Lem. 1(ii)] that @ enjoys a uniform KL property on (); in particular,
w’(@;"(xk) — @,)dist(0, 8(13?3(3(")) > 1 holds for all k large enough such
that x* is sufficiently close to Q and CD?(xk) is sufficiently close to @y,
where 1(s) = ps'~% for some ¢ > 0 and 6’ = max {0,1/2}. Combined
with Lemma 8.22(iii), for all k large enough we thus have

is asymptotically constant, and thus so is (z

c

’(DF® xk () ) [ —
YRR =) 2

(8.33)

N min; {/yi .
where ¢ = #};ﬂj} > 0. Let Ag = IP(CP?(xk) — @,). By combining

(8.33) and (8.26) we have that there exists a constant ¢’ > 0 such that

Aanr=Aur < ¢/ @PET) =00 (ORI - 0P T)) < = IlxT =2

(8.34)
holds for all v € N large enough (the first inequality uses concavity of ).
By summing over v (sure) summability of the sequence (||x"T —z"T ), is
obtained. By suitably shifting, forevery ¢ € [T] the same canbe said for the
sequence (||zTV+ — xTv+t ), - @nd since T is finite we conclude that the
whole sequence (|| z¥ —x* 1) cn is summable. Since [l — k|| < |1 2F =K

we conclude that (x has finite length and is thus convergent (to a

k
)ke]N
single point), and consequently so is (z k)kew

Suppose now that O < 1/2, so that 1(s) = gv/s. Then,

(8.33)
10T = 2Tl 2 2 JOR(eT) - @y = ZP@P ") - ) = LA,
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Combined with (8.34) it follows that (A,1) 5 conveges Q-linearly. By
rearranging (8.34) as

Nt T = 2T lp < Ayt — At < A,

R-linear convergence of (||x"T —z"T ), follows. By suitably shifting, for

every t € [T] the same can be said for the sequence (||z7V** — xT"+ D, e

and since T is finite we conclude that the whole sequence (||z¥ — x*||) eN

converges R-linearly. On the other hand, since [|x**! — x¥|| < [|zF - x*|],

also (||x*+1 — xk||)k N converges R-linearly, hence so does (xk)k N BY

combining the two, we conclude that also (z converges R-linearly.

O

k
)ke]N

8.3 Nonconvex finite sum problems: the Fini-
to/MISO algorithm

As mentioned in Section 8.1, if G is of the form (8.3) then problem (8.1)
reduces to the finite sum minimization presented in (8.2). Most impor-
tantly, the proximal mapping of the original nonsmooth function G can
be easily expressed in terms of that of the small function g in the reduced
finite sum reformulation, as shown in the next lemma.

Lemma 8.12. Given y; > 0,1 € [N], let T == blkdiag(y1l,, ..., ynI,) and
7= (I, yi‘l)_l. Then, for G as in (8.3) and any u € RN"

proxgl(u) = {(13,...,13) | 9 € proxy»g(ﬁ)} where =P YN Lyt

Proof. Observe first that for every w € R” one has -0

Sy Hw-uil? =2y M —uil+ Ly Hw-al?+2%y; N -u;,w—1)
1 1 1
=Sy Ha—ui P+ w-a|?. (8.35)

Next, observe that since dom G C C (the consensus set),

proxg1 (u) = argmln {G(w) + 3N 2y lw; — uillz}
= argmln {G(w) + Zl 1 2)/ lw; —uil|? | wy == ZUN}
weRN"
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@ %5) .....
= argmln {g(w) + 35 Lijw - ullz} {(U ,0)| 9 e proxyg(ﬁ)}

.....

as claimed. 0

If all stepsizes are set to a same value y, so that I = yIyy,, then the
forward-backward step reduces to

z € proxgl(x -TVE(x)) & z=(z,...,2),

ze proxyg/l\l (l j= 1( Vf](x])))
(8.36)

The argument of prox,, . is the (unweighted) average of the forward op-
erator. By applying Algorithm 8.1 with (8.36), Finito/MISO [60, 114] is
recovered. Differently from the existing convergence analyses, ours cov-
ers fully nonconvex and nonsmooth problems, more general sampling
strategies and the possibility to select different stepsizes y; for each block,
which can have a significant impact on the performance compared to the
case where all stepsizes are equal. Moreover, to the best of our knowl-
edge this is the first work that shows global convergence and linear rates
even when the smooth functions are nonconvex. The resulting scheme is
presented in Algorithm 8.2. We remark that the consensus formulation
to recover Finito/MISO (although from a different umbrella algorithm)
was also observed in [56] in the convex case. Moreover, the Finito/MISO
algorithm with cyclic sampling is also studied in [117] when ¢ = 0 and
fi are strongly convex functions; consistently with Assumption 8.III, our
analysis covers the more general essentially cyclic sampling even in the
presence of a nonsmooth convex term ¢ and allowing the smooth func-
tions f; to be nonconvex. Randomized Finito/MISO with ¢ = 0 is also
studied in the recent work [135]; although their analysis is limited to
a single stepsize, in the convex case it is allowed to be larger than our
worst-case stepsize min; y;.

The convergence results from Section 8.2 are immediately translated to
this setting by noting that the bold variable z¥ corresponds to (z*, . . ., zF).
Therefore, ®(z*) = ¢(z¥) where ¢ is the cost function for the finite sum
problem.

Corollary 8.13 (subsequential convergence of Algorithm 8.2). In the finite
sum problem (8.2) suppose that argmin @ is nonempty, g is proper and Isc, and
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Algorithm 8.2 Nonconvex proximal Finito/MISO for problem (8.2)

Require xMt ¢ R”; yi €(0,N/Ly), i € [N]

InmmiaLize P = ( ﬁl )/l.‘l)_l,' s? = xinit _ %Vf,-(xinit), i e [N]; 89 =
Zf\; %5?

RepeaT FOR k = 0,1, ... UNTIL CONVERGENCE

1: zZF e prox);g(ék)

2: select a set of indices I¥ C [N], set §&*1 = 5% and sf“ = sl.‘,i ¢ Ik

3: for i € I do

4 s 2K - BVfi(2F) > buffer update

5 gl gkl 4 %(sf‘” —s¥) > average update
RETURN Z*

each f; is L s-Lipschitz differentiable, i € [N]. Then, the following hold almost

surely (resp. surely) for the sequence (zk)ke]N generated by Algorithm 8.2 with
randomized sampling strategy as in Assumption 8.11 (resp. with any essentially
cyclic sampling strategy and g convex as required in Assumption 8.111):

(i) the sequence (¢(z")), . converges to a finite value @y < (x™*);

(ii) all cluster points of the sequence (z
equals Q.

k)k N dre stationary and on which ¢

If, additionally, ¢ is coercive, then the following also hold:

(iii) (zk)k o 18 bounded (in fact, this holds surely for arbitrary sampling crite-
ria).

Corollary 8.14 (linear convergence of Algorithm 8.2 under strong con-
vexity). Additionally to the assumptions of Corollary 8.13, suppose that g is
convex and that each f; is u g,-strongly convex. The following hold for the iterates
generated by Algorithm 8.2:

RaNDOMIZED SAMPLING: under Assumption 8.1,

E [(p(zk) — min (p] < ((x™%) — min @)(1 - ¢)F
N(p(x™*) — min @) A - o
i b,

%E[llzk - x*llz] <
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holds for all k € N, where c is as in (8.14) and x* = argmin ¢. If the
stepsizes y; and the sampling probabilities p; are set as in Theorem 8.7, then
the tighter constant ¢ as in (8.16) is obtained.

SHUFELED CYCLIC OR CYCLIC SAMPLING: under either sampling strategy (8.18) or
(8.19),

@(z"N) —min g < (p(x™*) - min p)(1 - c)’

N(p(x™i*) — min @) (- o)

i Hfi

holds surely for all v € IN, where c is as in (8.29).

1B[ 2N - 2] <

The next result follows from Theorem 8.11 once the needed properties
of @ as in the umbrella formulation (8.1) are shown to hold.

Corollary 8.15 (global convergence of Algorithm 8.2). In the finite sum
problem (8.2), suppose that @ has the KL property with exponent 6 € (0, 1) (as
is the case when f; and g are semialgebraic) and coercive, g is proper convex
and Isc, and each f; is L s-Lipschitz differentiable, i € [N]. Then, the sequence
(zF )ien Senerated by Algorithm 8.2 with any essentially cyclic sampling strategy
as in Assumption 8.111 converges surely to a stationary point for ¢. Moreover, if
O < 1/2 then it converges at R-linear rate.

Proof. Function @ = F + G be as in (8.3) clearly is coercive and satisfies
Assumption 8.1. In order to invoke Theorem 8.11 is suffices to show that
there exists a constant ¢ > 0 such that

dist(0, dD(x)) > ¢ dist(0, dp(x)) forallx e R" and x = (x,...,x),

(8.37)
as this will ensure that @ enjoys the KL property at x* = (x*, ..., x*) with
same desingularizing function (up to a positive scaling). Notice that for
x€R"and x = (x,...,x), one has v € dG(x) iff % Zfil v; € dg(x). Since
oD(x) = % xf\il Vfi(xi) + dG(x) and do(x) = % Zfil Vfi(x) + dg(x), see
[144, Ex. 8.8(c) and Prop. 10.5], for x € R" and denoting x = (x, ..., x) we
have

dist(0, dp(x)) < i;lcf( )||% S Vi) + £ 3N o
ve X

<L inf SN IVfi(x)+o]| =< inf ,
NveaG(x)Zl_ln fi(x) + il Nueaq)(x)lllulll
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where ||| - ||| is the norm in RN" given by |||w]|| = ?il |lw;]|. Inequality
(8.37) then follows by observing that inf,cye) [l|#]l is the distance of 0
from d®(x) in the norm ||| - |||, hence that ||| - ||| < ¢’||-|| forsome ¢’ > 0. O

8.3.1 A low memory variant

The main drawback of the Finito/MISO algorithm is the high memory
requirement. Implementing Algorithm 8.2 requires keeping a table of s;’s
in the memory, which can be prohibitively large in some applications. In
this section we present Algorithm 8.3 (L-Finito), a low memory variant
of Algorithm 8.2, that is inspired by stochastic variance reduced gradient
method (SVRG) [91, 177]. SVRG is designed for strongly convex problems.
In [3] a variant of SVRG is studied that allows f; to be nonconvex while
requiring their sum as well as g to be convex. In [137] SVRG is studied
under a different stepsize condition for nonconvex f;, and with g = 0. This
analysis is extended for proxSVRG in [138] with convex g. In contrast,
while Algorithm 8.3 (L-Finito) enjoys the low memory requirements of
SVRG, it covers fully nonconvex regularized finite sum problems with
simple-to-choose constant stepsizes.

The proposed algorithm involves a full proximal gradient update fol-
lowed by a (shuffled) cyclic sweeping of indices. Note that in the inner
loop any sweeping strategy may be used as long as no index is selected
twice. This is unlike SVRG which allows for an index to be selected (at
random) more than once in the inner loop. The idea here is that after
the full update step, the common point z* is used for the update of the
average 3, thus eliminating the need for storing s;’s. The reduction in
memory requirements comes at the cost of repeated gradient evaluations
\Y ﬁ(zk) within the inner loop. Just as is the case for SVRG [91] this can be
avoided by storing a table of gradients which can be maintained cheaply
in applications such as logistic regression and least squares.

The convergence of Alg. 8.3 is a consequence of the sure descent
property and is summarized below. We omit convergence rate results for
the strongly convex case.

Corollary 8.16 (convergence of Algorithm 8.3). In the finite sum problem
(8.2) suppose that argmin ¢ is nonempty, g is proper and Isc, and each f; is
Ly,-Lipschitz differentiable, i € [N]. Then, the assertions in Cor.s 8.13(i) and
8.13(ii) hold surely for the sequence (zk)kE]N generated by Algorithm 8.3. If in
addition ¢ has the KL property with exponent 6 € (0,1) (as is the case when
fi and g are semialgebraic) and is coercive, then (z")ke]N converges surely to a
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Algorithm 8.3 Nonconvex low-memory Finito/MISO (L-Finito) for prob-
lem (8.2)

ReqQuire xMi* € R"; y; € (0,N/L;,), i € [N]
~ _ -1 ~ . ] P
Inmanize = (XN, 71) 7 average 80 = xit — L ¥V v (xinit)

RereaTFOR kK =0,1,... UNTIL CONVERGENCE

1. zF € prox;,(5)

2 k1 = gk - TSN 2k > full update

3: Select £* sets of disjoint indices Ii‘ PR | ’gk C [N]

4 for j=1,...,0F do > inner loop

5 Z'MP € prox;, (51

6 for i€ I;.‘ do

7. §k+1 — §k+1 + %(Ztemp _ Zk) _ %(Vﬁ(ztemp) _ Vfi(zk))
RETURN z¥

stationary point for ¢. Moreover, if © < 1/2 then it converges at R-linear rate.

8.4 Nonconvex sharing problem
In this section we consider the sharing problem (8.4). As discussed in
Section 8.1, (8.4) fits into the problem framework (8.1) by simply letting
G = goA, where A = [I, ... I,] € R*N, By arguing as in [14,
Thm. 6.15] it can be shown that, when A has full row rank, the proximal
mapping of G = g o A is given by

proxgl(u) =u+TATATAT)™! (prox(gArAT)_] (Au) - Au). (8.38)
Since ATAT = Zg\il i for the sharing problem (8.4),
v € proxgl(u) © v=(u+y1w,...,uN +yNwW)

we 77 (proxse(@) — i), 7= Iy yi, = Bl s

Consequently, the general BC Algorithm 8.1 when applied to the sharing
problem (8.4) reduces to Algorithm 8.4.
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Algorithm 8.4 Block-coordinate method for nonconvex sharing problem

REQUIRE x%nit €R", y; €(0,N/Ly), i €[N]

e N 0 _ ,.init Yi inity ; s0 — N .0
Intmiavize § = 3, yi, s; = M = gVfi(x;™) i € [N], 87 = Y.l s;
RepPeaTFOR kK =0,1,... UNTIL CONVERGENCE
k ~—1 ck ck

R (L INCORED
: select a set of indices I¥ C [N], set §**1 = §¥ and s¥*! = sF,i ¢ IF

2
3 for ielIf do
4
5

1. w

k+1

st e s+ yiwk = GVfisf +yiwk) > update buffer

ghHl gkl 4 (S;c+1 _ S:() > update sum

ReTurN zF = (s’l‘ + ylwk, . ,s;‘\] + yka)

Remark 8.17 (generalized sharing constraint). Another notable instance
of G = g o A well suited for the BC framework of Algorithm 8.1 is when
g =0qpyand A = [A; ... AN], A; € R™" such that A is full row rank.
This models the generalized sharing problem

minﬂi{rznli,_ze £ 3N, filx)) subjectto TN, Aix;=0.
xeRi i

In this case (8.38) simplifies to

N
(plroxg1 (u)) ui — yiAJA! Z Aju;j,

! i=1

where A := ATAT can be factored offline and Y., A;x; can be updated
in an incremental fashion in the same spirit of Algorithm 8.4. O

The convergence results for Algorithm 8.4 summarized below fall as
special cases of those in Section 8.2.

Corollary 8.18 (convergence of Algorithm 8.4). In the sharing problem (8.4),

suppose that argmin @ is nonempty, g is proper and lIsc, and each f; is Ly~
Lipschitz differentiable, i € [N]. Consider the sequences (wk)kelN and (s")ke]N
generated by Algorithm 8.4 and let (z")ke]N = (s’lc +ywk, ..., sf\l + yka)keN.
Then, the following hold almost surely (resp. surely) with randomized sampling
strategy as in Assumption 8.11 (resp. with any essentially cyclic sampling strategy

and g convex as required in Assumption 8.111):
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(i) the sequence (D(z¥)), y converges to a finite value @, < O(x™1t);

(ii) all cluster points of the sequence (z
equals @,.

k)k N @re stationary and on which @

If, additionally, ® is coercive, then the following also hold:

(iii) (z* )y is bounded (in fact, this holds surely for arbitrary sampling crite-
ria).

Corollary 8.19 (linear convergence of Algorithm 8.4 under strong con-
vexity). Additionally to the assumptions of Corollary 8.18, suppose that g is
convex and that each f; is u s,-strongly convex. The following hold:
RANDOMIZED saMPLING: under Assumption 8.11,

E[®(z") - min @] < (@(x™") — min @) (1 - c)*
%E[llzk - x*||§F] < (@(xM1t) — min ®)(1 — o)t

holds for all k € N, where x* = argmin®, c is as in (8.14) and ur =
% bikdiag(u fLny, . . . g Iny ). If the stepsizes y; and the sampling proba-
bilities p; are set as in Theorem 8.7, then the tighter constant ¢ as in (8.16) is
obtained.

SHUFFLED CYCLIC OR CYCLIC SAMPLING: under either (8.18) or (8.19),

O(zNY) - min @ < (O(x™*) — min @)(1 - ¢)”

I ERAE x*IIﬁF < (@(xM) — min @)(1 - ¢)”
holds surely for all v € IN, where c is as in (8.29).

We conclude with an immediate consequence of Theorem 8.11 that
shows that (strong) convexity is in fact not necessary for global or linear
convergence to hold.

Corollary 8.20 (global and linear convergence of Algorithm 8.4). In prob-
lem (8.4), suppose that @ has the KL property with exponent 0 € (0, 1) (as is the
case when g and f; are semialgebraic) and is coercive, g is proper convex Isc, and
each f; is Ly-Lipschitz differentiable, i € [N]. Then, the sequence (z")ke]N as
defined in Corollary 8.18 with any essentially cyclic sampling strategy as in As-
sumption 8.11I converges surely to a stationary point for ®. Moreover, if 6 < 1/2
it converges with R-linear rate.
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8.5 Numerical simulations for the regularized
finite sum problem

In this section we evaluate the performance of Algorithms 8.2 and 8.3 with
two sets of experiments on ¢;-regularized and {y-norm ball constrained
least squares problems. The simulations are performed using the open-
source julia package CIAOAIgorithms. In all of our simulations, stepsizes
yi = 099N/, are used (independent of minibatch size). Whenever a single
stepsize is used, i.e., y = min; y;, this is indicated in the legend by adding
-y to the algorithm’s name. For Algorithm 8.3 (L-Finito), we used I Ik = {i}
and ¥ = N, i.e., a cyclical inner loop. In the figures, each iteration of Al-
gorithm 8.3 is counted as 3 passes through the data due to the repeated
Vfi(z*) update in the inner loop.
Lasso: Consider the regularized least squares problem

minimize Z (ai, x) — b)) +||x]h, (8.39)
xe 11%/_/
fi(x)

where the pair (a;, b;) represents the ith data. In our simulations we used
N = 1000, n = 5000 and the sparsity parameter for the solution was
set to p = 0.01. The data for our simulations were randomly generated
according to the procedure described in [126, §6]. In order to evaluate
the performance of the algorithms we generated the matrix B in [126, §6]
with two different condition numbers cond(B) = 20 and cond(B) = 2.5
and normalized its columns. This leads to max; Ly, /min; L7, equal to 144
and 3.3. The simulations are provided in Figure 8.1 with two different
initializations. See our discussion at the end of the section.

Figure 8.2 depicts the behavior of the algorithms for different batch
sizes. We only plot the result for cyclical sampling with different batch
sizes b, since it outperformed randomized and shuffled variants. It is
observed that lower batch sizes result in faster convergence. This effect
was less pronounced in the low memory variant which is due to the
presence of a full proximal gradient update within each iteration.

Sparsity constrained least squares: Consider the {p-norm ball con-
strained least squares problem

m1n1%11ze sz 1 3(ai, x) - b;)?>, subject to ||x|lo < I. (8.40)

thttps:/ /github.com/kul-forbes /CIAOAlgorithms
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Figure 8.1: Performance comparisons for Algorithms 8.2 and 8.3 for problem (8.39)
with different initial points: (left) x™* = 0,,, (right) x™t = 1,,. Algorithm names
ending with -y indicate the use of a single stepsize y = min; y;.
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Figure 8.2: (left) Algorithm 8.2 and (right) Algorithm 8.3 (L-Finito) with cyclical
sampling and different batch sizes for solving problem (8.39).

For this example we used the same data as described in the previous

section. In the simulation / = 50 was used. The results are depicted in

Figure 8.3. Note that all algorithms converged to the same cost ¢*. Hence,

the distance of the cost from ¢* is used to measure their performance.
We make the following observations:

¢ The cyclical variant consistently outperforms the shuffled and ran-
domized variants.

¢ The low memory variant, Algorithm 8.3 (L-Finito), has comparable
performance to randomized variant of Algorithm 8.2.

* When using a single stepsize the speed of the algorithms is dictated
by the largest Ly, and as expected, it can be much slower when the
data is not uniform in the sense that max; L, /min; Ly, is large.

¢ The choice of initial point affects the convergence rate on non-
strongly convex problems.

8.6 Conclusions
We presented a general block-coordinate forward-backward algorithm

for minimizing the sum of a separable smooth and a nonseparable nons-
mooth function, both allowed to be nonconvex. The framework is general
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enough to encompass regularized finite sum minimization and sharing
problems, and leads to (a generalization of) the Finito/MISO algorithm
[60, 114] with new convergence results, and to another novel incremen-
tal algorithm (for the sharing problem). The forward-backward envelope
is shown to be a particularly suitable Lyapunov function for establish-
ing convergence: additionally to enjoying favorable continuity properties,
sure descent (as opposed to in expectation) occurs along the iterates. Pos-
sible future developments include extending the framework to account
for a nonseparable smooth term, for instance by “quantifying the strength
of coupling” between blocks of variables as in [20, §7.5].

8.7 The key tool: the forward-backward enve-
lope

This appendix contains some proofs and auxiliary results omitted in the
main body. We begin by observing that, since F and —F are 1-smooth in
the metric induced by Ar := % blkdiag(L I, ..., LaIauy), one has
F(x)+(VF(x), w—x)— %Hw —x|IiF < F(w) < F(x)+{(VF(x), w —x) + %Hw —x||/2\F

(8.41)
forall x, w € RZi" see [19, Prop. A.24]. Let us denote

Mr(w, x) == F(x) + (VF(x), w — x) + G(w) + %Hw - x||%,1

the quantity being minimized (with respect to w) in the definition (8.8a)
of the FBE. It follows from (8.41) that

D(w) + 3w - x||1%,1_AF < Mr(w, x) < O(w) + lw - x||1%,1+AF (8.42)

holds for all x, w € RZi "™ In particular, Mr is a majorizing model for @, in
the sense that Mr(x, x) = ®(x) and Mr(w, x) > ®(w) forall x, w € RZi ™.
In fact, as explained in Section 8.2.1, while a I'-forward-backward step
z € TP(x) amounts to evaluating a minimizer of Mr( -, x), the FBE is
defined instead as the minimization value, namely ®*(x) = Mr(z, x)
where z is any element of T’ (x).

8.7.1 Further results

This section contains a list of auxiliary results invoked in the main proofs
of Section 8.2.
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Lemma 8.21. Suppose that Assumption 8.1 holds, and let two sequences (u¥) eN
and (vk)kdN satisfy v* € TP (u¥) for all k and be such that both converge to a
point u* as k — co. Then, u* € T (u*), and in particular 0 € dD(u*).

Proof. Since VF is continuous, it holds that uk — FVF (u*) = u* —TVF(u*)

as k — oco. From outer semicontinuity of prox [144 Ex. 5.23(b)] it then
follows that

= lim o* € hmsupproxc (u — IT'VF(u"))

k—o0
C proxg Y(u* —=TVF(u*)) = T (u*),

where the limit superior is meant in the Painlevé-Kuratowski sense, cf.

[144, Def. 4.1]. The optimality conditions defining proxlg1 [144, Thm. 10.1]
then read

0€9(G+3Il- - (" ~TVE@ IR, ) )
= dG(u*) + TV (u* — (u* — TVF(u*)))
= dG(u*) + VE(u*) = oD(u*),
where the first and last equalities follow from [144, Ex. 8.8(c)]. O

Lemma 8.22. Suppose that Assumption 8.1 holds and that function G is convex.
Then, the following hold:

(i) prox s (single-valued and) firmly nonexpansive (FNE) in the metric
| - ll-1; namely, for all u, v
Il proxt, ' (u) - proxk (v)||r L < (proxL (u) - proxL (v), T~} (u - v)

< lu - olf? (8.43)

r-v
(ii) the Moreau envelope G* ' is differentiable: VG' ' = T1(id — proxgl );

(iii) for every x € R¥i" it holds that

. N+max; ViLi
dist(0, 90P(v) < o L - ()
(iv) T} is Lr-Lipschitz continuous in the metric || - |1 for some Lt > 0;

zf in addition f; is yi-strongly convex, i € [N], then Ly < 1 -0 for
6 = miniepy {yips -
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Proof.

& 8.22(i) and 8.22(ii) See [13, Prop.s 12.28 and 12.30].

& 8.22(iii) Let D C RZi" be the set of points at which VF is differentiable.
From the chain rule of differentiation applied to the expression (8.8d)
and using assertion 8.22(ii), we have that @[ is differentiable on D with
gradient

VOP(x) = [I-TV2F(x)|T" [x - TP(x)] VxeD.

Since D is dense in RZi"i owing to Lipschitz continuity of VF, we may
invoke [144, Thm. 9.61] to infer that J®*(x) is nonempty for every x €
RZi" and
IO (x) 2 IpDiP(x) = [ -TIpVF(x) [T [x - TP (x)]
= [ = 9sVF(x)] [x - TP(x)],

where dp denotes the (set-valued) Bouligand differential [68, §7.1]. The
claim now follows by observing that each element of dg Vf;(x;) has norm
bounded by Ly, and dpVF(x) = % blkdiag(dgVfi(x1),...,d8Vin(xN)).

& 8.22(iv) Lipschitz continuity follows from assertion 8.22(i) together
with the fact that Lipschitz continuity is preserved by composition. Sup-
pose now that f; is yi s-strongly convex, i € [N]. By [127, Thm 2.1.12] for
all x;, y; € R"

(Vi) = Vi), i = i) 2 e o = yillP+ 2= IV A - V(o) I
(8.44)
For the forward operator we have

=5 Vo) ei) = (A= K VA )l

=l yilP+ Fa IV k)= VP~ 3 i s Vi) = Vi)
64 VHf fi 2_Y

(1 iyl 3 (2 B L))V i)~V i)
s(l——”i‘vfﬁf)||x,«—yi||2—%(2—%(uﬁ+Lf,))nxi—yiu2

2
)/‘[J .
= (1 2) i -l
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where strong convexity and the fact that y; < N/L;, < 2N/(u;+Ls,) was
used in the second inequality. Multiplying by y;' and summing over i
shows that id — T'VF is (1 — 0)-contractive in the metric || - ||r-1, and so is

r = proxg1 o(id — T'VF) as it follows from assertion 8.22(i). O

The next result recaps an important property that the FBE inherits
from the cost function @ that is instrumental for establishing global con-
vergence and asymptotic linear rates for the BC-Algorithm 8.1. The result
falls as special case of [181, Thm. 5.2] after observing that

O (x) = i?uf {®(w) + Dy(w, x)},

where Dy(w, x) = H(w) — H(x) — (VH(x), w — x) is the Bregman distance
with kernel H = %II . ||1%,1 -

Lemma 8.23 ([181, Thm. 5.2]). Suppose that Assumption 8.1 holds and for y; €
(0,N/Ls),i € [N],letT = blkdiag(y11,,, ..., ynIuy). If @ has the KL property
with exponent 0 € (0, 1) (as is the case when f; and G are semialgebraic), then
so does @ with exponent max {1/2, 6}.
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CONCLUSIONS

In this thesis a new three term splitting was proposed that solves mono-
tone inclusions involving the sum of maximally monotone, cocoercive and
monotone linear operators. Classical methods such as forward-backward
and Douglas-Rachford splittings are special cases of the new splitting.
This new splitting is leveraged for developing a unifying framework for
primal-dual algorithms. It is shown that, by selecting different param-
eters, (extensions to) known algorithms as well as novel primal-dual
methods are obtained. Moreover, owing to this unified analysis linear
convergence is deduced for many primal-dual algorithms based on mild
regularity conditions for the cost functions. Most notably, said algorithms
achieve linear convergence when the cost functions are piecewise linear-
quadratic.

A randomized block-coordinate primal-dual algorithm was devel-
oped that is particularly suitable for distributed applications. It is shown
that it leads to asynchronous (randomized) distributed algorithms where
both the updates and stepsizes only depend on local information. This
is of great practical importance, not only because it allows plug-and-play
implementations but also because it leads to larger stepsizes that depend
on local Lipschitz constants rather than on the global one. Our compu-
tational tests have shown its superior performance in distributed model
predictive control with dynamic coupling.

In the context of structured finite sum minimization over graphs, we
have seen that solving the corresponding monotone inclusion with AFBA
leads to novel distributed algorithms. In the context of general struc-
tured optimization over message-passing architectures, we have seen that
bounded communication delays are tolerated provided that some strong
convexity assumptions hold.

This thesis has also studied a block-coordinate (BC) variant of proxi-
mal gradient method for nonconvex problems. In the nonconvex setting
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neither the distance from the solution nor the cost function are viable
Lyapunov function candidates. We have shown that forward-backward en-
velope is a particularly suitable candidate in this setting. A sure descent is
established for the block-coordinate scheme and convergence is analyzed
under very general sampling strategies. When applied to regularized fi-
nite sum minimization, the proposed BC scheme leads to a generalization
of the Finitio/MISO algorithm. As another prominent example, when ap-
plied to the regularized sharing problem it results in a novel incremental
aggregated method.

Future directions

Several future research directions were discussed in each of the individual
chapters. Here, we outline some other general ideas for future research.

The algorithms considered in this thesis comprise of simple fixed
point iterations, employ constant stepsizes, scale well, and are suitable
for distributed and parallel computations. However, like other first-order
methods they struggle in reaching high precision, and are sensitive to ill
conditioning, which can result in deterioration of performance. Therefore,
an important future research direction is to develop synchronous and
asynchronous distributed Newton-type algorithms.

Another important future research direction relates to incremental ag-
gregated algorithms. While several such algorithms have been proposed
over the years, their convergence analyses are typically rather compli-
cated and/or are limited to the strongly convex case. In Chapter 8 a
connection was established between (a class of) such algorithms and a
block-coordinate proximal gradient method in the fully nonconvex case.
However, there are several other incremental algorithms that are not cov-
ered by this analysis. In addition to this, in Chapter 8 it was shown that
the forward-backward envelope is a particularly suitable Lyapunov func-
tion for the nonconvex BC proximal gradient algorithm. Based on this,
ongoing research is investigating a linesearch strategy that extends that
of [158] to the block-coordinate case. This in turn opens up the possibility
of developing Newton-type incremental aggregated algorithms. Another
important extension is to study the Bregman variants by exploiting Breg-
man forward-backward envelope [2] which would greatly expand the
scope of the algorithms.
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