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In this thesis, we develop and investigate numerical methods for solving nonsmooth convex
optimization problems in real Hilbert spaces. We construct algorithms, such that they handle
the terms in the objective function and constraints of the minimization problems separately,
which makes these methods simpler to compute. In the first part of the thesis, we extend the
well known AMA method from Tseng to the Proximal AMA algorithm by introducing variable
metrics in the subproblems of the primal-dual algorithm. For a special choice of metrics, the
subproblems become proximal steps. Thus, for objectives in a lot of important applications,
such as signal and image processing, machine learning or statistics, the iteration process con-
sists of expressions in closed form that are easy to calculate. In the further course of the thesis,
we intensify the investigation on this algorithm by considering and studying a dynamical sys-
tem. Through explicit time discretization of this system, we obtain Proximal AMA. We show
the existence and uniqueness of strong global solutions of the dynamical system and prove
that its trajectories converge to the primal-dual solution of the considered optimization prob-
lem. In the last part of this thesis, we minimize a sum of finitely many nonsmooth convex
functions (each can be composed by a linear operator) over a nonempty, closed and convex set
by smoothing these functions. We consider a stochastic algorithm in which we take gradient
steps of the smoothed functions (which are proximal steps if we smooth by Moreau envelope),
and use a mirror map to “mirror” the iterates onto the feasible set. In applications, we com-
pare them to similar methods and discuss the advantages and practical usability of these new
algorithms.
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Chapter 1

Introduction

Nonsmooth convex optimization problems appear in a variety of different applications, such as
in signal and image processing, machine learning or statistics. A lot of problems are structured
in such a way that they contain smooth and nonsmooth terms, which are possibly composed
by linear and continuous operators. Such problems arise, for example, in the following image
deblurring and denoising problem:

inf {f(Ax) +g(Lx)},

where f : R" — R is defined as f(x) = 3|lx —b||%, g : R* x R" — Ris given by g(y,z) =
All(y, z)||1, with a specific linear operator L, and A > 0 is the regularization parameter. The
function g o L represents the anisotropic total variation functional, where | - |; denotes the ¢!-
norm. Furthermore, A € R"*" is a blur operator and b € R" is the given blurred and noisy
image.

To solve such problems, proximal methods of full splitting type have gained particular im-
portance in the last years, which treat the nonsmooth terms of the objective function via proxi-
mal operators, the smooth terms via gradients and handle the linear and continuous operators
separately. In a lot of applications, proximal operators have a simple and closed form such that
in these cases, these algorithms are easy to implement and show good numerical performance.
For an overview of more recent development of gradient-based optimization methods, proxi-
mal gradient methods and their acceleration, and proximal versions of primal-dual schemes,
see [89], [21] and [60].

In this thesis we develop and extend algorithms that can be formulated as proximal split-
ting methods.

After giving some basic notations, definitions, and results of convex analysis in Chapter 2,
we propose in Chapter 3, which is based on paper [28], a proximal version of the Alternating
Minimization Algorithm of Tseng (see [110]) for solving convex optimization problems with
two-block separable linear constraints and objectives, whereby one of the components of the
latter is assumed to be strongly convex. For example, the Fenchel dual problem of the problem
above can be written as such a structured optimization problem:

pel{",;rel{{nx][{n {f (P) +8 (q)}, st. A"p+L"g=0,

where f* and g* are the convex conjugate of f and g, respectively. Due to the differentiability
of f, we have that f* is strongly convex and since f and g have full domains, strong duality
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holds. In the algorithm of Tseng, which is a primal-dual algorithm, the subproblems to be
solved within an iteration do not usually correspond to the calculation of a proximal operator
through a closed formula. This can make it computationally expensive and hard to implement,
as it would be the case for the optimization problem above. In our algorithm, called Proximal
AMA, we consider the same optimization problem, but we allow in each block of the objective
a further smooth convex function. In the iteration process, we add variable metrics to the sub-
problems, as it was done in [19], where the authors created a proximal version of ADMM. If we
choose these metrics in a suitable way, the iterative scheme can be reduced to the computation
of proximal operators. In many applications (as in the optimization problem above), this means
that each iteration can be carried out without solving an optimization subproblem in each step.
This increases the attractiveness for implementation. We investigate the convergence of this
algorithm in a real Hilbert space setting, and we illustrate its numerical performances on two
applications: the first one in an image deblurring and denoising problem, introduced above,
and the second one in machine learning.

In Chapter 4, based on paper [29], we propose a dynamical system related to the same op-
timization problem mentioned above. By time discretization, its trajectories can be seen as
a continuous version of the Proximal AMA algorithm and the AMA numerical method. We
show the existence and uniqueness of strong global solutions of the dynamical system, and
prove that its trajectories asymptotically converge to a saddle point of the Lagrangian of the
convex optimization problem. Our methods are based on [38], where a dynamical system re-
lated to the Proximal ADMM algorithm was studied.

In Chapter 5, based on paper [30] and the preprint [31], we develop incremental stochastic mir-
ror descent algorithms to minimize a sum of finitely many nonsmooth convex functions over a
nonempty, closed and convex set in the Euclidean space. Thus, we investigate the incremental
mirror descent subgradient algorithm with random sweeping and proximal step, which can
be found in the work of Bot and Bohm in [35] and is based on the mirror descents algorithms
of Beck and Teboulle (see [23]). Instead of evaluating the functions over their subgradients,
which requires Lipschitz continuity of the functions, as in the work of Beck and Teboulle, we
approximate the component functions using Nesterov’s smoothing technique and use the gra-
dients of the smoothed functions. For this, we require the weaker condition of closedness of
the domains of their conjugates. Since the number of summands of the objective function can
be very large, the gradient of a single component smoothed function is evaluated in each it-
eration step and is mirrored back to the feasible domain. This makes the computation of the
iterations very cheap. Bot and Bohm proposed this approach in their algorithms too, but they
used subgradients of the nonsmooth component functions. The Moreau envelope is a special
case of Nesterov’s smoothing technique. As a result, our algorithms can also be formulated
with proximal steps and can be seen as an extension of a proximal algorithm. We prove con-
vergence order of O(1/+/k) in expectation for the kth best objective function value and compare
the numerical performance to the algorithms in [35] in three applications, the first in logistics,
the second in medical imaging and the third in machine learning.



In the final chapter of this thesis, we provide conclusions and discuss potential future re-
search directions. Additionally, we include an appendix that offers a brief overview and expla-
nation of the SVM classification models, which were considered in applications in Chapter 3
and Chapter 5.






Chapter 2

Preliminaries

In this chapter, we give some basic notation and definitions from convex analysis and provide
important results and properties which are used throughout this thesis. Our main source for
these notions is [20], which we refer to for further information.

In the following, let H be a real Hilbert space with the corresponding inner product (-, -) and
the associated norm || - || = /(:, -). The identity operator is defined as Id : H — H, Id(x) = x
for all x € H. Further, we denote R as the set of real numbers and define R := RU {+o} as
the extended real line. We write N := {1,2,... } for the set of natural numbers.

A subset C C H is convex , if forall A € [0,1] and all x,y € Citholds that Ax + (1 —A)y € C.
Let C C H be a convex and closed set. The strong quasi-relative interior of C is given by

sqri(C) = {x € C: |J A(C —x) is a closed linear subspace of?—l} .
A>0

We have the inclusion int(C) C sqri(C), meaning that the interior of a set C is always contained
in its strong quasi-relative interior. If H is finite-dimensional, then sqri(C) = ri(C), where
ri(C) denotes the relative interior of C and represents the interior of C relative to its affine hull.
Furthermore, we denote cl(C) as the closure of the set C.

Let X be a metric space with distance d. The metric topology of X is the topology which
admits the family of all open balls B(x,p) = {y € X : d(x,y) < p} for all p > 0 as a base.
Let d be the canonical metric induced by the inner product of a Hilbert space . We call the
metric topology of (H,d) the strong topology. We say that a sequence (x,)nen in H converges
strongly to x € H if it converges in the strong topology. Thus, a sequence converges strongly to
x € H if and only if it holds that nlir?w |lx, — x|| = 0. Then, we write x, — x. The weak topology

of H is the family of all finite intersections of open half-spaces of H. We say that a sequence
(Xn)neN In H converges weakly to x € H if it converges in the weak topology. Thus, a sequence
converges weakly to x € H if and only if it holds that ngrroo(xn, u) = (x,u) Vu € H. Then, we
write x, — x.

If a sequence (xy)nen in H has a subsequence that converges weakly to a point x € H, then
x is called a weak sequential cluster point of (x,)neN-

In the following, we give two important propositions concerning convergent sequences.

Proposition 2.1. (Banach-Alaoglu-Theorem) Every bounded sequence in a Hilbert space has a weakly
convergent subsequence.

Proof. See [[20], Lemma 2.45]. O
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Proposition 2.2. Let (x,)neN and (1, )nen be sequences in H and let x, u € H. Assume that x,, — x
and u, — u. Then, (x,,u,) — (x,u).

Proof. See [[20], Lemma 2.51 (iii)]. O

2.1 Convex functions

Now we define some essential properties of functions that are required in this thesis, and pro-
vide some important results.

Definition 2.3. We say that the function f : H — R is
e proper,if dom(f) :={x € H: f(x) < 400} # @and f(x) > —coforall x € H,

e convex, if for all x,y € dom(f) and for all A € [0, 1] it follows that
fAx+(1=Ny) <Af(x)+ (1 =A)f(y),

* o-strongly convex fora o > 0,if f — (¢/2)]| - ||? is convex,
e lower semicontinuous, if epi(f) := {(x,§) € H xR : f(x) < ¢} isclosed in H x R.

For a function f : H — R we denote the image of a function as

Im(f) = {f(x) : x € H}

and the graph as
graph(f) = {(x,¢) € H xR : f(x) = ¢}.

Definition 2.4. The (convex) subdifferential of a proper function f : H — R at a point x € H is
defined as

of () ={ueH: fly) = f(x) + (wy—x)Vy € H},
if f(x) € Rand as 9f(x) = @, otherwise.

The global minimizers of a proper function f, which we denote by
argmin f := {x* € H : minyey f(x) = f(x*)}, can be characterized using the subdifferen-
tial by Fermat’s rule:

Theorem 2.5 (Fermat’s rule). Let f : H — R be proper. Then, it holds
argminf = {x e H:0 € df(x)}.

Proof. See [[20], Theorem 16.3]. O
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Proposition 2.6. Let f, g : H — R be proper.
(i) Forall x € dom(f) N dom(g) it holds

df (x) +9g(x) C a(f +8) (%),

(ii) If f, g are convex and lower semicontinuous, and one of the following conditions is fulfilled

(i) 0 € sqri(dom(f) — dom(g)),
(i) dom(f) Nint(dom(g)) # @,
(iii) dom(g) = H,
(iv) M is finite-dimensional and ri(dom(f)) Nri(dom(g)) # @,

then it holds for all x € H that
df (x) +9g(x) = a(f +g)(x).

Proof. For the first part, see [[20] Proposition 16.6] and for the second part, see [[20], Corollary
16.48]. O

Note that the subdifferential of a function f, defined as
of : H — 2%, x—af(x),
is a set-valued operator. For a set-valued operator A : H — 27, we denote the graph as
graph(A) ={(x,u) e H x H :u € Ax}.

The inverse of A is denoted by A~ : # — 2" which is the mapping such that for all x,u € H
it holds that x € A~1u if and only if u € Ax.

Proposition 2.7. Let H""8 be the strong topology of H, H™ ' the weak topology of H,and f : H —
R be proper, convex and lower semicontinuous. Then, the following holds:

(i) graph(df) is sequentially closed in HS""8 x HYk, i.e., for every sequence (X, tn)nen in graph(9f)
and every (x,u) € H X H, if x, — x and u,, — u, then (x,u) € graph(9f).

(ii) graph(df) is sequentially closed in HYe* x H5™" i.e., for every sequence (Xu, Un)neN in graph(9f)
and every (x,u) € H X H, if x, — x and u,, — u, then (x,u) € graph(9f)

Proof. See [[20], Proposition 16.36]. O

Definition 2.8. Let f : % — R be a function. The (Fenchel) conjugate function f*: H — R of f is
defined as

fr(u) = sup ey {{u, x) — f(x)} Vu € H.
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Proposition 2.9. Let f : H — R be a proper function.

(i) (Fenchel-Young inequality) For all x,u € H it holds
fx)+ (1) > (x,u).

Furthermore, this inequality becomes an equality if and only if u € df(x). In this case, it follows
that x € of*(u).

(ii) (Fenchel-Moreau-Theorem) The function f is convex and lower semicontinuous if and only if
f** = f, where f** is the conjugate function of f*. In this case, f* is also a proper function.

Proof. For the first part, see [[20], Proposition 13.15 and Proposition 16.10] and for the second
part, see [[20], Theorem 13.37]. O

Proposition 2.10. Let f be proper, convex and lower semicontinuous.
(i) Letu € H. Then, (x,u) € graph(df) < (u, x) € graph(af*).
(ii) It holds 9f* = (9f)~ ..
Proof. For both parts, see[[20], Theorem 16.29 and Corollary 16.30]. O

Definition 2.11. Let B be a Banach space, let x € H, let C be a open subset of H such that
x € C,andlet T : C — B. Then, T is called Fréchet differentiable at x, if there exists a linear and
continuous operator DT (x) : H — B, called the Fréchet derivative of T at x such that

lim WL +y) = T(x) = DT(x)y|| _
lyll—0 [yl

0.

The Fréchet gradient of a Fréchet differentiable function f : C — R at x is the unique vector
Vf(x) € H such that for all y € H it holds

Df(x)y = (y, Vf(x)).

Note, that it follows from [[20], (iii) and (vi) from Theorem 18.15], that if f : H — R is Fréchet
differentiable, then f is o-strongly convex if and only if for all x, y € H it holds

Sl =yl < F(x) = fy) = (V£ (), x = ). @.1)

Definition 2.12. The infimal convolution of two proper functions f,g : # — R is the function
fOg : H — R, defined by

(f0g)(x) = inf{f(y) +g(x—y)}.
yeH

Proposition 2.13. Let f,g: H — R. Then, it holds

(i) (fOg)* = f*+g*

(ii) If f and g are proper, convex and lower semicontinuous and dom g = H, then

(f+¢)" = fUg"
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Proof. For the first part, see [[20], Proposition 13.24 (i)] and for the second part, see [[20], Propo-
sition 15.2]. O

Definition 2.14. The Moreau envelope of a proper, convex and lower semicontinuous function
f : H — R with coefficient v > 0 is defined as

£ = inf {1+ o ly =22}, Vxe 2.2

and the proximal point of coefficient vy of the function f at the point x € H is the unique optimal
solution of the minimization problem above (the solution is unique, due to the strong convexity
of the problem):

. 1
Prox,(+) = argmin { 1) + 3 Iy =¥/ | .
yeEH

Proposition 2.15. Let f : H — R proper, convex and lower semicontinuous and v > 0.

(i) (Moreau’s decomposition formula). It holds
Prox,f(x) + 'yProx(lm)f*('y*lx) =x, Vx e H. (2. 3)
(ii) Let x,p € H. Then,
p = Prox¢(x) & x — p € If (p).
So Prox; = (Id+9f) .

(iii) The Moreau envelope f7 : H — R is Fréchet differentiable on H. Furthermore, its gradient
1
VT = ;(Id — Prox,f)

is (1/y)-Lipschitz continuous.

Proof. For (i), see [[20], Theorem 14.3 (ii)], for (ii), see [[20], Proposition 16.44] and for (iii), see
[[20], Proposition 12.30]. O

Definition 2.16. The indicator function ic : H — R of a nonempty, closed and convex set C C H
is defined as
0, ifxeC
1e(x) = .
+o00, otherwise

and the projection operator Pc : H — H onto C as

Pc(x) = argmin ||y — x||.
yeC

Note, that the projection operator at the point x is the proximal point of the indicator func-
tion at x.
We set

St (H) = {M:H — H : M is linear, continuous, self-adjoint and positive semidefinite}.

For M € S.(H), we define the seminorm || - [[m : H — [0,+00), [[x|lm = +/(x, Mx). We
consider the Loewner partial ordering on S (H), defined for My, M, € S, (H) by

My = My & ||x]|3, = [|x|l3g, VX € H. (2. 4)
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Definition 2.17. An operator sequence (M )ren € S+ (H) is said to be
» monotonically decreasing, if for all k € IN it holds My = M1 and
» monotonically increasing, if for all k € IN it holds My = M.
Furthermore, we define for « > 0
Pu(H) :={M e Sy (H): M > ald}.

Let G be a Hilbert space and let A : H — G be a linear continuous operator. The operator
A* 1 G — H, fulfilling (A*y,x) = (y, Ax) for all x € H and y € G, denotes the adjoint operator
of A, while ||A|| := sup{||Ax]| : ||x]| < 1} denotes its operator norm .

Proposition 2.18. Let « > 0, let (1 )xen Such that Y 32 i < +oo and let (My)ren be a sequence in
Pu(H) such that sup, o || Mi|| < +o0. Assume, that one of the following holds true:

(i) forall k € IN it holds (1 + ng) My = Myy1,

(ii) for all k € IN it holds (1 + nx) Mgy1 = My,
then there exists M € Py (H) such that My converges pointwise to M.
Proof. See [[51], Lemma 2.3]. O
Definition 2.19. We say, that the mapping A : H — H is

e Lipschitz continuous with Lipschitz constant L > 0 (or L-Lipschitz continuous), if for every
x,ycH
[Ax — Ay[| < Lllx = yl|,

* nonexpansive, if it is Lipschitz continuous with constant 1,
* B-cocoercive for a B > 0, if for every x,y € H

(x —y, Ax — Ay) > B||Ax — Ay|*.

Theorem 2.20. (Baillon-Haddad) Let f : H — R be Fréchet differentiable and convex and let B > 0.
Then, V f is B-Lipschitz continuous if and only if V f is (1/ B)-cocoercive.

Proof. See [[17], Corollaire 10]. O

2.2 Monotone operators

In the following, we will look at some definitions and results concerning set-valued operators.
Definition 2.21. A set-valued operator A : H — 27 is said to be
 monotone , if for all (x,u), (y,v) € graph(A) it holds that

(x —y,u—0v) >0,

e maximally monotone , if A is monotone and there exists no monotone operator B : H — 2%
such that graph(A) C graph(B), i.e. for every (x,u) € H x H it holds that

(x,u) € graph(A) < (x—y,u—ov)>0forall (y,v) € graph(A),
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e w-strongly monotone, if for an « > 0 and all (x, u), (y,v) € graph(A) it holds that

(x—yu—0v) >afx—y|*

Proposition 2.22. Let f : H — R be a proper, convex and lower semicontinuous function.
(i) The subdifferential df is a maximally monotone operator.
(ii) If f is a-strongly convex with & > 0, then df is a-strongly monotone.

Proof. For the first part, see [[84], Proposition 12.b.] and for the second part, see [[84], Example
22.4 (iv)]. O






Chapter 3

The Proximal Alternating Minimization
Algorithm (Proximal AMA)

This chapter is based on the paper [28].

Tseng introduced in [110] the so-called Alternating Minimization Algorithm (AMA) to solve
optimization problems with two-block separable linear constraints and two nonsmooth convex
objective functions, one of them assumed to be strongly convex. The numerical scheme consists
in each iteration of two minimization subproblems, each involving one of the two objective
functions, and of an update of the dual sequence which approaches asymptotically a Lagrange
multiplier of the dual problem.

The strong convexity of one of the objective functions allows to reduce the corresponding
minimization subproblem to the calculation of the proximal operator of a proper, convex and
lower semicontinuous function. This is for the second minimization problem in general not the
case, thus, with the exception of some very particular cases, one has to use a subroutine in order
to compute the corresponding iterate. This may have a negative influence on the convergence
behavior of the algorithm and affects its computational tractability. One possibility to avoid
this is to properly modify this subproblem with the aim of transforming it into a proximal
step, and, of course, without losing the convergence properties of the algorithm. The papers
[24] and [50] provide convincing evidences for the efficiency and versatility of proximal point
algorithms for solving nonsmooth convex optimization problems; we also refer to [49] for a
block coordinate variable metric forward-backward method.

We address in a real Hilbert space setting a more involved two-block separable optimization
problem, which is obtained by adding in each block of the objective a further smooth convex
function. To solve this problem, we propose a so-called Proximal Alternating Minimization
Algorithm (Proximal AMA), which is obtained by inducing in each of the minimization sub-
problems additional proximal terms defined by means of positively semidefinite operators.
The two smooth convex functions in the objective are evaluated via gradient steps. For ap-
propriate choices of these operators, we show that the minimization subproblems turn into
proximal steps and the algorithm becomes an iterative scheme formulated in the spirit of the
full splitting paradigm. We show that the generated sequence converges weakly to a saddle
point of the Lagrangian associated with the optimization problem under investigation. The
numerical performances of Proximal AMA are illustrated in particular in comparison to AMA
for two applications in image processing and machine learning.

A similarity of AMA to the classical Alternating Direction Method of Multipliers (ADMM)
algorithm, introduced by Gabay and Mercier in [63], is obvious. In [14], [61] and [102] (see
also [19] and [39]) proximal versions of the ADMM algorithm have been proposed and proved
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to provide a unifying framework for primal-dual algorithms for convex optimization. Parts
of the convergence analysis for the Proximal AMA are carried out in a similar spirit to the
convergence proofs in these papers.

3.1 The Alternating Minimization Algorithm

The convex optimization problems addressed in [110] is of the form

inf t. Ax+Bz=bD .1
dnf F0)+8() st Av+Bz=b, G.1)
where f : R" — R is a proper, -strongly convex with ¢ > 0 and lower semicontinuous
function, g : R” — R is a proper, convex and lower semicontinuous function, A € R™",B ¢
R™and b € R".
The Lagrangian associated with problem (3. 1) is

L:R"xR"xR" =R, L(x,zy)=f(x)+g(z)+ (y,b— Ax — Bz).
For ¢ > 0, the augmented Lagrangian associated with problem (3. 1), L, : R x R” x R" — R

reads c
L(x,z,y) = f(x)+g(z) + (y,b — Ax — Bz) + EHAx + Bz —b|*.

Tseng proposed in [110] the following so-called Alternating Minimization Algorithm (AMA)
for solving (3. 1):

Algorithm 3.1 Alternating Minimization Algorithm (AMA)
Choose 1’ € R” and a sequence of strictly positive stepsizes (cy)x>o. For all k > 0 set:

xF = argmin {f(x) — Ax)} (3.2)
x€R”
2k € argmin {g(z) — (", Bz) + || Ax* + Bz — b||2} (3.3)
ZGIR”’I 2
Y = yF 4o (b — AxF — BZF). (3. 4)

The main convergence properties of this numerical algorithm are summarized in the theo-
rem below (see [110]).

Theorem 3.2. Let A # 0and (x,z) € ri(dom f) x ri(dom g) be such that the equality Ax + Bz = b
holds. Assume that the sequence of stepsizes (ci)x>o satisfies
2y

GSCkSW—e VkZO,

where 0 < € < W. Let (x¥, 2K, y¥)i>0 be the sequence generated by Algorithm 3.1. Then, there exist
x* € R" and an optimal Lagrange multiplier y* € IR associated with the constraint Ax + Bz = b such
that

XK — x*,Bz" — b — Ax*, " — y*(k — 40).
If the function z — g(z) + || Bz||? has bounded level sets, then (z¥)i> is bounded and any of its cluster
points z* provides with (x*,z*) an optimal solution of (3. 1).

It is the aim of this chapter to propose a proximal variant of this algorithm, called Proximal
AMA, which overcomes its drawbacks, and to investigate its convergence properties.
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3.2 Problem formulation

The two-block separable optimization problem we are going to investigate in this and the next
chapter has the following formulation.

Problem 3.3. Let H, G and K be real Hilbert spaces, f : H — R a proper, lower semicontiuous and «y-
strongly convex function with v > 0, ¢ : G — R a proper, convex and lower semicontinuous function,
hy : H — R a convex and Fréchet differentiable function with Li-Lipschitz continuous gradient with
Ly > 0, hy : G — R a convex and Fréchet differentiable functions with Ly-Lipschitz continuous
gradient with Ly > 0, A : H — K and B : G — K linear continuous operators such that A # 0 and
b € K. Consider the following optimization problem with two-block separable objective function and
linear constraints

min _f(x)+hi(x) +g(z) + ha(z) st Ax+Bz=b. (3.5)

xeH,zeG
We allow the Lipschitz constants of the gradients of the functions /; and h; to be zero. In this
case, the functions are affine.
We can write the optimization problem (3. 5) as

(x’z)néigxg F(x,z) + G(L(x,2)), (3. 6)

where F(x,z) = f(x) +hi(x) +g(z) + ha(z), G : K — R is defined as G(x) = 1g)(x) and
L:H x G — K is a linear continuous operator such that L(x,z) = Ax + Bz.
The Fenchel dual problem of the optimization problem (3. 6) is defined as

sup{—F*(-L"y — G*(y)} (3.7)
yek

(see [[34], chapter 2]), which can be written for the optimization problem (3. 5) as (note Propo-
sition 2.13)

Sullg{—(f*DhT)(—A*y) — (8"0hy)(=By) — (v, b) }. (3. 8)
ye

The Lagrangian associated with the optimization problem (3. 5) is defined by
L:HxGxK—=R,
which can be written as
L(x,2,y) = f(x) +In(x) + g(2) + ha(z) + (y, b — Ax — Bz).
Definition 3.4. We say that (x*,z*,y*) € H x G x K is a saddle point of the Lagrangian L, if
L(x*,z%y) < L(x*,z%y") < L(x,z,y*) V(x,z,y) € HxGxK.

In the following, we assume that a qualification condition, like for instance the Attouch-Brézis-
type condition (other qualification conditions can be found in [40], page 76f.)

b € sqri(A(dom f) + B(dompg)), (3.9)

holds. In the finite-dimensional setting, this asks for the existence of x € ri(dom f) and
z € ri(domg) satisfying Ax + Bz = b and coincides with the assumption used by Tseng in
[110]. It follows that the dual problem (3. 8) has an optimal solution (see [[40], Theorem 3.2.11]).
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Moreover, it holds according to [40] (Theorem 3.3.4. and Remark 3.3.3) that if (3. 9) is fulfilled,
then for any optimal solution (x*,z*) of (3. 5) there exists an optimal solution y* of the dual
problem (3. 8) such that the optimality conditions

A*y* — Vhi(x*) € 0f (x*), B'y* — Vhy(z") € 9¢(z") and Ax* + Bz* =b (3. 10)

are fulfilled. Conversely, if the optimality conditions (3. 10) are fulfilled for (x*,z*,y*), then
(x*,z*) is an optimal solution for the primal problem (3. 5), y* is an optimal solution for the
dual problem (3. 8) and the objective values of (3. 5) and (3. 8) coincide. However, the valid-
ity of (3. 10) doesn’t necessarily imply that (3. 9) holds. Furthermore, we have that the point
(x*,z*,y*) is a saddle point of the Lagrangian L if and only if (x*,z*) is an optimal solution
of (3. 5), ¥* is an optimal solution of its Fenchel dual problem (3. 8) and the optimal objective
values of (3. 5) and (3. 8) coincide (see [[40], Theorem 3.3.5.]).

As a consequence, it follows that (x*,z*,y*) € H x G x K is a saddle point of the Lagrangian
L if and only if (3. 10) holds.

Remark 3.5. If (x7,z7,y;) and (x3,z3,y;) are two saddle points of the Lagrangian L, then
X7 = x3.

This follows from (3. 10) and the strong convexity of f with v > 0. So we have for two
saddle points (x7,z},y;) and (x3,25,y5), that (x5, A*y}), (x5, A*y5) € graph(d(f + 1)) and
(23, B*y1), (23, B*y3) € graph(d(g + h2)) and by using the y-strong monotonicity of df and the
monotonicity of g from Proposition 2.22 we have

(df —x3, Ay — A'3) > 9llx] —x3[* and (2] — 23, B'y] — B'y;) >0,
which is equivalent to
(Ax] — Ax3,yi —y3) 2 7llxi —x3|> and  (Bz - Bz3,yi —y3) > 0.
Adding this two inequalities and using Ax] + Bz] = Ax; + Bz; from (3. 10), we obtain
0> 7flxf —x3]|?,

which implies that x] = x3.

For more on the AMA algorithm introduced by Tseng and motivation for considering this
setting, we refer the reader to [110, 65].

3.3 The Proximal Alternating Minimization Algorithm

In the following, we formulate the Proximal Alternating Minimization Algorithm to solve the
optimization problem (3. 5). To this end, we modify Tseng’s AMA by evaluating in each of the
two subproblems the functions /1 and h, via gradient steps, respectively, and by introducing
proximal terms defined through two sequences of positively semidefinite operators (M)=0
and (M3)y>o-
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Algorithm 3.6 Proximal Alternating Minimization Algorithm (Proximal AMA)

Let (M5)i>0 C S4(H) and (M5§)r>0 € S4(G). Choose (x°,2°,4°)e H x G x K and a sequence
of stepsizes (cx)x>0 C (0, +00). For all k > 0 set:

1

xtl = argmin {f(x) — <yk, Ax) + (x — x5, Vhy (%)) + EHX — xk||§/l,{} (3. 11)

xeH
21 € argmin { 9(z) — (v, Bz) + L) Ax**1 4 Bz — b2

ze§G 2

1
k k k|2
+(z — 2", Vhy(z )>—|—§Hz—z HMS} (3. 12)

Y = yF 4 o (b — AxFT — BZMHT), (3.13)

Remark 3.7. The sequence (z¥);>¢ is uniquely determined if there exists ¢y > 0 such that
ckB*B + Mk € Py, (G) for all k > 0. This actually ensures that the objective function in the
subproblem (3. 12) is strongly convex.

Remark 3.8. Let k > 0 be fixed and M} := Uik Id —c;B*B, where ¢} > 0 and oi.ci||B||> < 1. Then,

M is positive semidefinite and the update of z*! in the Proximal AMA method becomes a

proximal step. Indeed, (3. 12) holds according to Fermat’s rule 2.5 and Proposition 2.6 (ii) if
and only if

0 € 9g(z"™) + (cxB*B + M5)Z"1 4 ¢, B* (AxK! — b) — MAZF + Vi, (2F) — B**

or, equivalently,

0 € ag(zF 1) + (lekﬂ — <; Id —ckB*B> 25+ Vhy(25) 4 ¢ B* (Ax*T1 — b) — B*yk.
k k

But this is nothing else than

: 2
Z" = argmin {g(z) +5- Hz - <zk — 0k Vhy(2") + operB* (b — Ax**! — BZF) + UkB*yk> H }
zeG k

= Proxg,q (zk — 0xVha(2¥) + oycxB* (b — AxF1 — BZF) + UkB*yk) .

The convergence of the Proximal AMA method is addressed in the next theorem.

Theorem 3.9. In the setting of Problem 3.3, let the set of the saddle points of the Lagrangian L be
nonempty. We assume that MK — L 1d € S (H), Mk = METT, ME — L21d € S,.(G), M5 = MEH!
forall k > 0 and that (cx )k is a monotonically decreasing sequence satisfying

2
egqgwﬁff Yk >0, (3. 14)

where 0 < € < W. If one of the following assumptions:

(i) there exists « > 0 such that M’g — % Id € Py(G) forall k > 0;

(ii) there exists B > 0 such that B*B € Pg(G);
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holds true, then the sequence (xk,

point of the Lagrangian L.

ZF, Y k>0 generated by Algorithm 3.1 converges weakly to a saddle

Proof. Let (x*,z*,y*) be a fixed saddle point of the Lagrangian L. This means that it fulfills the
system of optimality conditions

A*y* — Vhy(x*) € 9f (x¥) (3. 15)
B*y* — Vhy(z") € 9g(z") (3. 16)
Ax* + Bz" =b. (3.17)
We start by proving that
k;) ||xk+l _ x*HZ < _1_00’](;0 HBZkJrl _ BZ*HZ < _|_oo’k§0 sz+1 kHMk Lz y < 400

and that the sequences (z¥);> and (y*)s>¢ are bounded.
Assume that Ly > 0and L, > 0. Let k > 0 be fixed. Writing the optimality conditions for
the subproblems (3. 11) and (3. 12), we obtain

A*YF — Vhy (28 + ME(xF — XK1 € 9f (4 (3. 18)
and
B Yk — Vhy(2F) + i B* (— AxMt! — BZM 4 b) + ME(ZF — 21 € ag(2FHD), (3. 19)

respectively. Combining (3. 15) - (3. 19) with the strong monotonicity of df and the monotonic-
ity of dg (see Proposition 2.22), it yields

<A*(yk _y*) o Vh](xk) + Vh](x*) +M11((xk . xk+1),xk+1 o x*> > ,Yka—o—l o X*HZ
and

(B*(y* — y*) — Vhy(2") + Vha(z*) + o, B* (— Ax* ! — BZF1 + )
M (e — ), ) > 0,

which after summation leads to

<]/k o y*,Axk+1 _ Ax*> <]/k . ]/* sz+1
+(cp(—AxFT — B 4 p), sz+1 Bz*
—(Vhy(x*) = Vhy(x), ¥ — x*) — (Vhy(2F) — Vhy(2*),2F T — 2*
+<M11c(xk _ xk+1),xk+1 _ x*> + <M§(Zk _ Zk—i—l) k+1 _ ¥

Bz")
)
)
) > X =22 (3. 20)

According to the Baillon-Haddad-Theorem 2.20, the gradients of h; and h; are —1 and 1--
cocoercive, respectively, thus

(Vhy(x*) = Vhy (&5, x* — xF) > %HVhl(x*) — Vhi(x)|?
1

(Vhy(z*) — Vhy(25), 2" — 2F) > LiHVflz(Z*) — Vhy (2%
2



3.3. The Proximal Alternating Minimization Algorithm

On the other hand, by taking into account (3. 13) and (3. 17), it holds

<yk _ y*,Aka _ AX*> + <yk _ y*’ sz+1 _ BZ*> _ <yk _ ]/*/ Axk—H + sz—H _ b>

1 .
= -y -y,
k

By employing the last three relations in (3. 20), it yields

1
— (= =) e AT B b, BT

Bz")
- (ME (k= 2, ) (M (2F — 2R, 2 — )
+(Vhy (x*) — Vhy (xF), x4 — x*) + (Vhy (x*) — Vg (xF ),x — x5

)

—;le(x*) — Ul () |2 + (Vha(2) — Vha(2), 21 — 27

* * 1 * *
+(Vha(2") = Vha(25), 2" — 2F) — L, V(=) = Viy (2| 2 [ = 2|2,

which, after expressing the inner products by means of norms, becomes

1
5 (I =y P+l =12 = Iy =y
k
+% (HAx* . Axk+1H2 — b - Axktl sz+1H2 — || Ax* 4+ Bzl b”2>
Lk k
5 (I = By — Il = 42— [ — |2, )
Lk Kk ok k
5 (124 =23 = 2 = 242 — 125 = 213,

1
H(Vhy(x*) = Vi (xF), 241 — o) — L IV ) = Vi (x)||?

1
+(Vhy(z*) — Vhy(2F), 21 — 2F) — L—2||Vh2(z*) — Vhy(Z2N)]]? > o||xF! — x

25

Using again (3. 13), the inequality ||Ax* — Ax**1||2 < || A|?||x* — x¥1||? and the following

expressions

* 1 *
(Vhy(x*)=Vhy(xF), £+ — ¥k — L—l\]Vhl(x ) — Vhy (5)||?

2
L
= I 1

L (Thi(x) = Vi () + 5 (2 = 24

4

and

1
(Vha(x")=Vhp(2), 21 — 2F) — L, V() - Vi (2|

2
L
+ 22 ||zk —Zk b,

_—
2 4

LlZ(th(z*) V() + %(zk _ ki)

+ fok _ xk+1||2,
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it yields
1 k+1 * |2 1 k+1 * (|12 1 k+1 *1(2
S = By + 55 =y P G2 -2
< I = B s I = P S 2 - 27l — EAx 4 B2 2
-2 M{  2c 2 My 2

Lok k12 Chy a2 1okt o2 L
— Sl =2 — (v = SNAIR) I =P - 5

k k412
et =R,
2
_ i *) _ k lk_ k+1 ﬂ kL k+12
Ly (Vhy(x*) = Vhy(x%)) + (2" = x| + =—|[x* — 2]
L1 2 4
1 1 2 L
— L, f(Vh2(2*> — V(")) + E(zk — 2+ ZZHZk — K2,
2

Finally, by using the monotonicity of (MF)>o, (M5)>0 and of (ck)x>0, we obtain

ck+1||xk+1—x*\|i4,1c“ + Y =y 1P+ o 2 - Z*H?\/ﬂ;rl
<ol xRy I -y P el - 2R - Ry 3.2

where

R := ¢ (27 — el AIP) [|X1! = 2|12 + ;|| B2+ — Bz*|]?

+ CkHZk _ Zk+1||§/112<,%21d +ck||xk _ xk-&-lH?M’l{_%Id

1 . k [N b
+ 20k Ly L—(Vh1(x ) — Vhi(x ))+§(x —x )

1

1 * k 1 k k+1 2
+ 20el2 || 7 (Ve (27) = Vha(25)) + 5 (25 =277

2

If L; = 0 (and, consequently, Vh; is constant) and L, > 0, then, by using the same arguments,
we obtain again (3. 21), but with

Ri:= i (27 — el AJP) [IX*FF — x| + e[| B2 — Bz"|?

ool =R el -

Mk—"21d
1 1 2
+ 20cLa || - (Vha(27) — Vha(25)) + E(Zk —2)
2
and analogously, if L, = 0and L; > 0
Ry := o (27 = el AI?) [|£F1 = x*||2 + | B2+ — Bz
k_ k+1)2 kL k+1)2
ol = 2Ryt - R,
2

+ 2¢; Ly 5

(V%) = Vi) + 5 (0 = 547)

Relation (3. 21) follows even if L1 = Ly = 0, but with

Ry := ci (27 — el AII?) 7! — x*[* + || B2 — Bz"|1* + eyl — 2 + il — 2R
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Notice that, due to M — % Id € S;(H) and M§ — % Id € S.:(G), all summands in Ry are
nonnegative.

Let N > 0 be fixed. By summing the inequality in (3. 21) for k = 0, ..., N and using telescop-
ing arguments, we obtain

N+1 _ _*|2

Nt =2 B + N =P el - 2 R
e R R e kioRk-
On the other hand, from (3. 21), we derive
3 lim (ellx = "3+ Iy =y 2+ el = =" 13) (3.22)

Thus, (y¥)i>o is bounded and Y0 R < +00.
Taking (3. 14) into account, we have c(2y — || A]|?) > €2||A||? for all k > 0. It follows that

Yo [ =22 < 400, Y | BZFT — Bz¥|)? < 400 (3. 23)
k>0 k>0
and
k;() I =2y 1y < oo (3. 24)
From here we obtain
x* — x*, BzZF — Bz* (k = 400), (3. 25)

which, by using (3. 13) and (3. 17), leads to
yF— T 50 (k= +o0). (3. 26)

Taking into account the monotonicity properties of (ck)x>0 and (MF)=0, a direct implication of
(3.22) and (3. 25) is

. k%2 k%2
3 lim ([l =y P + el =2 )2) (3.27)
Suppose that assumption (i) holds true, namely, that there exists « > 0 such that M5 —
% Id € P,(G) for all k > 0. From (3. 27), we can conclude that (z¥);= is bounded, while (3. 24)
ensures that

21— 2F 50 (k= 400). (3. 28)
In the following, let us prove that each weak sequential cluster point of (x¥, z¥, y¥);~ (notice
that the sequence is bounded) is a saddle point of L. Let be (Z,7) € G x K such that the
subsequence (x"7, 2%, 1) > converges weakly to (x*,z, ) as j — +oo, according to Proposition

2.1 (Notice that x* converges strongly to x*). From (3. 18), we have

AT — Ty () + MY (x5 — 2571) € af (xN1) vj > 1.

Due to the fact that " converges strongly to x* and 1" converges weakly to a § as j — oo,
using the continuity of Vi and the fact that the graph of the convex subdifferential of f is
sequentially closed in the strong-weak topology according to Proposition 2.7, it follows

A% — Vhy(x*) € of (x7).
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From (3. 19), we have for all j > 0
B*yN — Vhy(2N) + ck],B*(—Axkf'Jrl — Bzl 4 b) + M? (2N — 2Ny € ag(Zh ),
which is equivalent to
B*yki 4+ Vhy (2571 — Vhy (25) + ck].B*(—Axkarl — BNt 4 b) + M;{j (2N — Z5H1) € 9(g + hp) (2T
and further, due to Proposition (2.10), to
2Nt € a(g + hy)* (B*yk/ + Vhy (2571 — Vhy (25) + cij*(—Axkf+1 — BzNt! 4 b)
+ MY (2h — ). (3. 29)

By denoting for all j > 0

ol = 2N =,

w = Vhy(2N11) — Vhy(29) + ck].B*(—Axkarl — BN b)) + Mlz(j (zF — Zkit),

(3. 29) reads ‘ . '
v €0(g+h)"(B'W +w)Vj>0.

According to (3. 28), we have v/ — z,u/ — jasj — +oo thus, by taking into account (3. 25),
Bu/ — Bz = Bz* as j — +oo. Considering the Lipschitz continuity of Vi, (3. 26), (3. 28) and
(3. 13), one can easily see that w/ — 0 as j — +o00. Due to the monotonicity of the subdifferen-
tial, we have that for all (1, v) in the graph of 0(¢ + hy)* and forall j > 0

<vf — o, B +w — uy >0,

which is equivalent to ' , , ,
(Bv/ — Bo,u!) + (v/ — v, w/ —u) > 0.

For j — +o0 we obtain according to Proposition 2.2
(Bz — Bu,i) + (z—v,—u) > 0 V(u,v) in the graph of 9(g + )",
which is the same as
(z—v,B*j—u) >0 V(u,v) in the graph of 9(g + hy)".

The maximal monotonicity of the convex subdifferential of (g + h2)* ensures that Z € 9(g +
hy)*(B*), which is the same as B*j € d(g + h2)(2). In other words, B*j — Vhy(2) € 9g(z).
Finally, by combining (3. 13) and (3. 26), the equality Ax* + Bz = b follows. In conclusion,
(x*,z,7) is a saddle point of the Lagrangian L.

In the following, we show that sequence (x ,zk,yk)kzo converges weakly. To this end,
we consider two sequential cluster points (x*,z1,y1) and (x*,zp,12). Consequently, accord-
ing to Proposition 2.1, there exists (ks)s>0, ks — 400 as s — o0 such that the subsequence
(2%, 2%, k)¢50 converges weakly to (x*,z1,y;) as s — +oco. Furthermore, there exists (k;)i>o,
ki — 400 ast — +oo such that a subsequence (xkf,zk’,ykf)tzo converges weakly to (x*,z2,12)
as t — +oo. As seen before, (x*,z1,1) and (x*,z2,2) are both saddle points of the Lagrangian
L.

k
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From (3. 27), which is fulfilled for every saddle point of the Lagrangian L, we obtain

k

. k 2 2 k 2 k 2y _.
3 (" = yll” = Iy = 2ll” + ellz” = zllyy — exllz" = zallfy) = T (3. 30)

For all k > 0 we have

Iy =y 1= [ly* — 212

= lly2 =1 l> + 2(vk — v2, v2 — v1) + cxllz2 — lel?w; + 202k — 22,22 — 21) gt

+ 2 =z Hf\/;g — ol - ZZH?\AIE

Since Mlﬁ > <IX + %) Id, for all k > 0, and (MS) k>0 is a nonincreasing sequence of symmetric
operators in the sense of the Loewner partial ordering, there exists a symmetric operator M >
(w + %) Id such that (M5);> converges pointwise to M with respect to the strong topology of

G as k — +oo (see Proposition 2.18). Furthermore, let ¢ := limy_, ; ¢y > 0. Taking the limits in
(3. 30) along the subsequences (ks)s>0 and (k;)¢>o, it yields

T =—|ly2 =l —cllzza — 21l = lly2 — > + cllz2 — 1[5,

thus

ly2 — y1ll* + cllz2 — z1[| 3 = 0.
k ok Lk

It follows that i1 = y, and z; = 2, thus (x*, 2%, y*),>o converges weakly to a saddle point of
the Lagrangian L.

Assume now that condition (ii) holds, namely, that there exists > 0 such that B*B &
Pg(H). Then, it holds that f||z; — z*||* < ||Bzx — Bz*||? for k > 0 and it follows from (3. 25) and
(3. 26) that

s xt, Kz, yk — yk“ — 0 (k = 400). (3. 31)

The remainder of the proof follows in analogy to the one given under assumption (i). The only

difference is when we show that the sequence (x,z¥, y¥);~o converges weakly. For this, we

have the two sequential cluster point (x*,z*,y1) and (x*,z*,12), so that (3. 30) reduces to

3 1im (ly* —y1|® = y* = val?) = T. (3.32)
k—+o00
Then, we can use the same argumentation as above, concerning y; and y». O

Remark 3.10. If hy = 0 and h, = 0, and M’f = 0and M'2c = 0 for all k > 0, then the Proximal
AMA method becomes the AMA method, as it has been proposed by Tseng in [110]. According
to Theorem 3.9 (for Ly = L, = 0), the generated sequence converges weakly to a saddle point
of the Lagrangian, if there exists § > 0 such that B*B € Pg(G). In finite-dimensional spaces,
this condition reduces to the assumption that B is injective.

3.4 Numerical experiments

In this section, we compare the numerical performances of AMA and Proximal AMA on two
applications in image processing and machine learning. The numerical experiments were per-
formed on a computer with an Intel Core i5-3470 CPU and 8 GB DDR3 RAM. The first appli-
cation is an extension of the approach considered in [[69], section 4.1.1] but without the blur
operator A, the application to machine learning was also observed in [[69], section 4.4]. We
used the source codes as a basis for our own programs to compare the performance of Proxi-
mal AMA with that of AMA.
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3.4.1 Image denoising and deblurring

We addressed an image denoising and deblurring problem formulated as a nonsmooth convex
optimization problem (see [41], [69] and [100]).

inf {1||Ax—b||2+ATV(x)}, (3. 33)
xeR" | 2
where A € R"*" represents a blur operator, b € IR" is a given blurred and noisy image, A > 0
is a regularization parameter and TV : R” — R is a discrete total variation functional. The
vector x € R" is the vectorized image X € RM*N where n = MN and x;j := X;; stands for the
normalized value of the pixel in the i-th row and the j-th column, for1 <i < M,1 <j < N.
Two choices have been considered for the discrete total variation, namely, the isotropic total
variation TV, : R" — R,

M-1N-1 M-1 N-1
TViso(x) = Z Z \/(xi+1,j —xi;)% + (xjjp1 — xi;)% + Z |xiv1,n — x| + Z X1 — Xl
i=1 j=1 i=1 j=1

and the anisotropic total variation TVapiso : R" — R,

M-1N-1 M-1 N-1

TVaniso (%) = Y Y [Xiw1,j — x| + %100 — x|+ Y xican — xijl + ) e — xmjl-
i=1 j=1 i=1 i=1

Consider the linear operator L : R" — R" x R", x;; — (L1x;;, L>x; ), where

y 1r:? = p ifj =

One can easily see that ||L||> < 8. The optimization problem (3. 33) can be written as

inf {f(Ax) +g(L0)}, (3.34)

where f : R" = R, f(x) = 3]lx — b||?, and g : R" x R" — R is defined by g(v,z) = A||(v,2)|x
for the anisotropic total variation, and by
sy, 2) = A (y, 2)||x == A LM, Zjlil \ /yl.zl]. + ZIZJ for the isotropic total variation.

We solved the Fenchel dual problem of (3. 34) by AMA and Proximal AMA and determined
in this way an optimal solution of the primal problem, too. The reason for this strategy was that
the Fenchel dual problem of (3. 34) is a convex optimization problem with two-block separable

linear constraints and objective function.
Indeed, the Fenchel dual problem of (3. 34) reads (see [20] and [34])

e Mg U (P) +87(@)}, st ATp 4 L7g = 0. (3.35)

Since f and g have full domains, strong duality for (3. 34)-(3. 35) holds.

As f*(p) = 3llpl*> + (p,b) for all p € R", f* is 1-strongly convex. We chose Mf = 0 and
M’Z‘ = UlkI — ¢ L*L (see Remark 3.8) and obtained for Proximal AMA the iterative scheme which
reads for every k > 0:

P = Ak _p
7= Proxg, ¢ (qk + opex L(—A*pF — Lg% + (TkL(xk))

xk+1 — xk + Ck(_A*pk+l o L*qk+l).
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In the case of the anisotropic total variation, the conjugate of g is the indicator function of
the set [—A, A]" x [—A, A]", thus Proxg,e+ is the projection operator P|_, yjux[-a» On the set
[—A, A" x [=A, A]™. The iterative scheme reads for all k > 0:

Pl = Axk —p
(@5, 451 = Py s oanp ((L]]fr q5) + cxo(—LA* P — LL* (4, 45)) + Ukak)
# =g (A - L@ 5.
In the case of the isotropic total variation, the conjugate of g is the indicator function of the

setS = {(v, w) € R" x R" : maxq<j<y 1/ v? + w? < )L}, thus Proxg, ¢+ is the projection operator
Ps : R" x R" — Son S, defined as

(Uilwi)
max {)\, \/ 07 +w12}’

The iterative scheme reads for all k > 0:

(v, w;) — A i=1,..n.

pk+1 —Ax b
(a5, 051 = Ps ((ah,05) + cuon(~LA™p! — LL* (g}, 65)) + oxLx¥)
PSS o (_A*pk+1 o L*(quulqgﬂ)) '

(a) Original image "office_4" (b) Blurred and noisy image (c) Reconstructed image
- L, | A H 5

] TR
y mmm:

Figure 3.1: The original image, the blurred and noisy image and the reconstructed image after
50 seconds cpu time.

We compared the Proximal AMA method with Tseng’s AMA method. While in Proximal
AMA a closed formula is available for the computation of (q]f“l, q’;rl) k>0, in AMA we solved
the resulting optimization subproblem

(571,05 = argnin { 5" (q1,2) — (41, g, 2)) + 3e6lA°PH 1+ L )
q1.92

in every iteration k > 0 by making some steps of the FISTA method [24].

We used in our experiments a Gaussian blur of size 9 x 9 and standard deviation 4, which
led to an operator A with ||A]|> = 1and A* = A. Furthermore, we added Gaussian white noise
with standard deviation 1073. We used for both algorithms a constant sequence of stepsizes
cx = 2—1077 for all k > 0. One can notice that (cg)> fulfills (3. 14). For Proximal AMA we
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Figure 3.2: The objective function values and the ISNR values for the anisotropic TV and
A=5-10"°.
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Figure 3.3: The objective function values and the ISNR values for the anisotropic TV and

A=10""°.

considered o, = Em()()lw for all k > 0, which ensured that every matrix M’g = Uikl —cL*L is

positively definite for all k > 0. This is actually the case, if oicx||L||* < 1 for all k > 0. In other
words, assumption (i) in Theorem 3.9 was verified.

In the Figures 3.2 - 3.5, we show how Proximal AMA and AMA perform when reconstruct-
ing the blurred and noisy colored MATLAB test image "office_ 4" of 600 x 903 pixels for dif-
ferent choices for the regularization parameter A and by considering both the anisotropic and
isotropic total variation as regularization functionals. In all considered instances that Proximal
AMA outperformed AMA from the point of view of both the convergence behavior of the se-
quence of the function values and of the sequence of ISNR (Improvement in Signal-to-Noise
Ratio) values, which is defined at the iteration k € IN as

|l — b]]?
ISNRk =10 loglo m

where x is the original, b the observed blurred and noisy image, and x; is reconstructed image
(see [47]).

An explanation could be that the number of iterations Proximal AMA makes in a certain
amount of time is more than double the number of outer iterations performed by AMA.
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Figure 3.4: The objective function values and the ISNR values for the isotropic TV and
A=5-10"°.
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Figure 3.5: The objective function values and the ISNR values for the isotropic TV and

A=10"%

3.4.2 Kernel based machine learning

In this subsection we will describe the numerical experiments we carried out in the context of
classifying images via support vector machines. For more information regarding this nonlinear
SVM model we refer the reader to Appendix A.2.

The given data set consisting of 5570 training images and 1850 test images of size 28 x 28
was taken from http://www.cs.nyu.edu/~roweis/data.html. The problem we con-
sidered was to determine a decision function based on a pool of handwritten digits showing
either the number five or the number six, labeled by 41 and —1, respectively (see Figure 3.6).
To evaluate the quality of the decision function we computed the percentage of misclassified
images of the test data set.

In order to describe the approach we used, we denote by

Z={(X;,Y1),...,(Xn, Yu)} CRY x {+1,-1},

the given training data set. The decision functional £ was assumed to be an element of the
Reproducing Kernel Hilbert Space (RHKS) Hy, induced by the symmetric and finitely positive
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Figure 3.6: A sample of images belonging to the classes +1 and —1, respectively.

definite Gaussian kernel function

R d _ Ix — y[I?
k:R*xR* - R, x(x,y) = exp <_M> .

By K € R"*" we denoted the Gram matrix with respect to the training data set Z, namely,
the symmetric and positive definite matrix with entries Kij = x(X;, X]') fori,j =1,...,n. To
penalize the deviation between the predicted value £(x) and the true value y € {41, —1} we
used the hinge loss functional (x,y) — max{1 — xy,0}. The decision function £, which we
want to obtain, is the optimal solution of

.1 5 !
min —|| £ +C)Y max{l—-Y;£(X;),0}. 3. 36
fe%le\ 1%, 1; {1-Yif(X;),0} (3. 36)

Here, C > 0 denotes the regularization parameter controlling the tradeoff between the loss
function and the regularization term.

According to the Representer Theorem, the decision function £ can be expressed as a ker-
nel expansion in terms of the training data, in other words £(-) = YI'; x;x(-, X;), where
x = (x1,...,%,) € R" is the optimal solution of the optimization problem

.1 <
min {ZxTKx +C ;max{l - (Kx)iYi,O}}. (3.37)

Hence, in order to determine the decision function we solved the convex optimization prob-
lem (3. 37), which can be written as

min {f(x) + g(Kx)}

xeR”

or, equivalently,

min  {f(x)+g(z)}, st. Kx —z=0

x€R" zeR"
where f : R" — R, f(x) = 1xTKx, and ¢ : R” — R is defined by g(z) = CY}; max{1 —
ZiYi , 0}.
Since the Gram matrix K is positively definite, the function f is Amin(K)-strongly convex,

where Amin (K) denotes the minimal eigenvalue of K, and differentiable, and it holds V f(x) =
Kx for all x € R". For an element of the form p = (py, ..., pn) € R", it holds

* Z?:] PzYu 1f PzYz 6 [_C/ 0]11 — 1/ ° s /n/
g (p) = .
~+o0, otherwise.
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Consequently, for every u > 0 and p = (p1, ..., pn) € R", it holds

Proxe- (x) = (Pyl[fc,o](l?l — oY1), Py, —co)(pn — UYn)) ,

where PYi[—C,O] denotes the projection operator on the set Y;[—C,0],i =1, ..., n.
We implemented Proximal AMA for Mk = 0 for all k > 0 and different choices for the
sequence (MX);>o. This resulted in an iterative scheme which reads for all k > 0:

k+1

1
X1 = argmin {f(x) — (pk, Kx) + Sllx= x"llﬁmf} = (K + MY (Kp* + MExK) (3. 38)

xeR”
1 1 1
7K1 = Proxig <ka+1 — d{p") = <ka+1 — d{p") — C—kProxckg* <Ckak+1 — pk) (3. 39)

pk-i-l _ Pk + Ck(_ka-i-l —{—Zk—H).

We would like to emphasize that the AMA method updates the sequence (zF*1);~¢ also via
(3. 39), while the sequence (x¥™1);-9, as MK = 0, is updated via x**1 = pF for all k > 0.
However, it turned out that the Proximal AMA where M’l‘ = 1K, for . > 0Oand all k > 0,
performs better than the version with M’f = 0 for all k > 0, which actually corresponds to the

AMA method. In this case (3. 38) becomes x**1 = 1J}—Tk(pk + 1:x¥) for all k > 0.

We used for both algorithms a constant sequence of stepsizes given by ¢y = 2 - Ar‘“‘%ﬁf) —10-8
for all k > 0. The tables below show for C = 1 and different values of the kernel parameter ¢
that Proximal AMA outperforms AMA in what concerns the time and the number of iterates
needed to achieve a certain value for a given fixed misclassification rate (which proved to be the
best one among several obtained by varying C and ¢) and for the RMSE (Root-Mean-Square-

Error) for the sequence of primal iterates. The RMSE is defined at the iteration k € IN as

where x; € R" is the iterate at iteration k and x* is the unique optimizer.
q P

Table 3.1: Performance evaluation of Proximal AMA (with 7 = 10 for all k > 0) and AMA for
the classification problem with C = 1 and ¢ = 0.2. The entries refer to the CPU times
in seconds and the number of iterations.

Algorithm misclassification rate at 0.7027 % RMSE < 103
Proximal AMA 8.18s (145) 23.44s (416)
AMA 8.65s (153) 26.64s (474)

Table 3.2: Performance evaluation of Proximal AMA (with 7, = 102 for all k > 0) and AMA
for the classification problem with C = 1 and ¢ = 0.25. The entries refer to the CPU
times in seconds and the number of iterations.

Algorithm misclassification rate at 0.7027 % RMSE < 103
Proximal AMA 141.78s (2448) 629.52s (10940)
AMA 147.99s (2574) 652.61s (11368)







Chapter 4

Dynamical system of Proximal AMA

In this chapter, we investigate a dynamical system which concerns the same optimization prob-
lem as in section 3.2 of the previous chapter. This chapter is based on the paper [29]. In addition,
we have included some further exposition on certain concepts employed therein, in particular
some background on Lyapunov analysis.

Since the seventies of the last century, the investigation of dynamical systems approaching
monotone inclusions and optimization problems gained a lot of attention (see Brézis, Baillon
and Bruck, Crandall and Pazy [44, 16, 45, 53]). This is due to their intrinsic importance in areas
like differential equations and applied functional analysis, and also since they have been re-
cognized as a valuable tool for deriving and investigating numerical schemes for optimization
problems obtained by time discretization of the continuous dynamics. The dynamic approach
to iterative methods in optimization can furnish deep insights into the expected behavior of
the method and the techniques used in the continuous case can be adapted to obtain results for
the discrete algorithm. We invite the reader to consult [97] and [54] for more insights into the
relations between the continuous and discrete dynamics.

This research area continuously attracts the attention of the community. There are several
works in the last years concerning dynamical systems, which have a connection to numerical
algorithms. Motivated by the applications in optimization where nonsmooth functions are in-
volved, many authors consider dynamical systems defined via proximal evaluations. Through
explicit time discretization they transform into relaxed versions of proximal point algorithms.
For example, in [1] Abbas and Attouch proposed a dynamical system which is a continuous
version of the forward backward algorithm (we mention here also the works of Bolte [32] and
Antipin [6]), in [18] an implicit forward-backward-forward dynamical system was introduced,
and in [55] a dynamical system of Douglas-Rachford type was proposed. In [42] Tikhonov regu-
larized dynamical systems of Krasnoselskii-Mann type were investigated and even strong con-
vergence of the trajectories towards the minimum norm solution of the underlying monotone
inclusion problem were shown. Acceleration of the dynamics in terms of function values along
the trajectories can be achieved by considering second order differential equations/inclusions
where again resolvents and proximal operators are involved in the description of the systems
(see for example [37] and the works of Attouch and his co-authors [10, 11, 13, 9], see also [12]
for the discrete counterpart of [11]). This is a flourishing area in the continuous setting since
the work of Su-Boyd-Candes [107], where a second-order ordinary differential equation was
proposed as the limit of Nesterov’s accelerated gradient method which involves inertial type
schemes.

Let us underline that approaching optimization problems where compositions with linear
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operators are involved by means of differential equations/inclusions is relatively new in the
literature (and this is the focus also in this chapter). We mention here [38] (which is related
to continuous counterparts of primal-dual algorithms, Proximal ADMM and the linearized
proximal method of multipliers) and also the contribution of Attouch [8] (related to some fast
inertial Proximal ADMM schemes).

4.1 Dynamical system

The dynamical system we propose and investigate in this chapter is:

£(1) + x(1) € (B + Mi(1) ™ My (Dx(t) + A"y (1) — Vi (x(¢)]

Z(t) +z(t) € (0g +c(t)B*B + Mz(t))_1 [Ma(t)z(t) + B*y(t) — c(t)B*A(x(t) + x(t))
+c()B*b — Vi (2(1))]

g(t) = o(t) (b — Alx(t) + (1)) — B(z(t) + 2(1)))

x(0) =x" € H,z(0) =2 € G,y(0) =y’ € K,

4.1)
where ¢ : [0+ 00) = (04 00), My : [0,+00) = Sy (H) and M; : [0, +00) — S (G).

In the next section, we will see that the dynamical system leads through explicit time dis-
cretization to the proximal AMA algorithm 3.6 and the AMA numerical scheme [110]. Further-
more, we underline the role of the operators M; and M, namely for a special choice of the
linear maps M; and M, we obtain a dynamical system of primal-dual type which is a full split-
ting scheme. For this, we consider a numerical example in order to show how the parameters
for these particular linear maps can be chosen and influence the convergence of the trajectories.

We continue with the existence and uniqueness of strong global solutions of the dynamical
system proposed above. The study relies on classical semigroup theory, showing that the sys-
tem corresponds in fact to a Cauchy-Lipschitz system in a product space. This is far from being
trivial and requires several technical prerequisites which are described in detail.

The last section is devoted to the asymptotic analysis of the trajectories and the connection
to the optimization problems (3. 5) and (3. 8). The analysis relies on Lyapunov theory where
the derivation of an appropriate energy functional plays a central role. The way the Lyapunov
functional is obtained is quite involved and technical issues have to be investigated in order
to achieve this goal (see the proof of Theorem 4.22 and (4. 33)). Finally, we prove that the
trajectories converge weakly to a saddle point of the Lagrangian L.

The analysis used in this chapter relies on similar tools considered in [38]. Let us under-
line some differences in comparison to [38]. First of all, our optimization problem (3. 5) has
a different structure, with two linear operators involved in the constrained set. Secondly, our
dynamical system is related to the Proximal AMA algorithm [28], the AMA numerical scheme
[110] and primal dual-type algorithms obtained in [28]. The one in [38] is related to the Proxi-
mal ADMM [19],the classical ADMM and primal-dual type algorithms. Moreover, notice that
in our case f is strongly convex which has an influence in the investigations performed here
(and in particular the inclusion corresponding to f has a more tractable form). Additionally, in
our analysis we have an additional parameter c(t), which is time varying, and this makes the
investigation more involved (taking variable c(t) is motivated by [110], where the numerical
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scheme AMA also involves a variable parameter).

4.2 Solution concept, discretizations

We need the following definition before we specify what we mean by a solution of (4. 1). Let B
be a Banach space. The real vector space

L(H):={A:H — H: Aislinear and continuous}
is endowed with the norm [|A|| = sup <, [|Ax].

Definition 4.1. The map M : [0, +00) — B is said to be differentiable at ¢y € [0, +-o0) if the limit

o MUt + 1) — M(to)

h—0 h ’ (4.2)

taken with respect to the norm topology of B, exists. When this is the case, we denote by
M(tg) € B the value of the limit.

Definition 4.2. A map u : [0,+00) — B is called absolutely continuous on a bounded interval
[0,T], T > 0if for every € > 0 there exists 7 > 0 such that for any N € IN and any finite family
of intervals I = (a, bx)}Y_, such that I; C [0, T| the following property holds:

for any subfamily of disjoint intervals I; with Z |b; — a;| < 7 itholds
j
Z ||u —u a] )| < e

If u is absolutely continuous on every interval [0, T|, then u is called locally absolutely continuous.

Remark 4.3. 1. The integral in the following proposition is the Bochner integral, which is the
vector-valued extension of the Lebesgue integral. For deeper insight in the theory of the
Bochner integral, see [[73], page 13 ff].

2. LetZ C [0, +0c0) be a (bounded or unbounded) interval and let 1 < p < +o0o0. We define
LP(Z, B) as the linear space of all strongly measurable functions u : Z — B such that

/ ul|Pdt < +oo.
A

Furthermore, we define L®(Z, BB) as the linear space of all strongly measurable functions
u : T — B for which there exists a r > 0 such that A({t € Z : f(t) > r}) = 0. Here, A
denotes the Lebesgue measure. Endowed with the norms, for 1 < p < +c0

s = (] HuH”dt>

[l =(z,8) := ess supyg([[ul]) := inf{r > 0: A({t € T: f(t) > r}) = 0}

the spaces LP(Z,B), 1 < p < +oo are Banach spaces. We denote ess sup ||u]| as the
essential supremum of u.

and
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3. In the following, L} ([0, +0), B) denotes the space of f : [0, +c0) — B which are locally
integrable . If B = R we write L} ([0, +0)). A function f is locally integrable on [0, +o0)
if its Bochner integrable on every compact subset of [0, +0).

Proposition 4.4. Let T > 0, H be a Hilbert space and u : [0, T] — H. Then, the following statements
are equivalent:

(i) The function u is absolutely continuous.

(ii) There exists an integrable function v : [0, T] — H such that
t
0) +/ v(r)dr Vte[0,T].
0

Proof. This follows from Propositions 2.5.9 and Theorem 2.5.12 in [73]. O

Any function u : [0,T] — H satisfying the statement (ii) in the preceding Proposition is
differentiable almost everywhere and it holds that 1z = v almost everywhere where v is as in
statement (ii).

Remark 4.5. Let BB be a Banach space and u : [0, T] — B be absolutely continuous. For arbitrary
Banach spaces, this does no longer imply that statement (ii) from Proposition 4.4 holds for u.
In particular, it may no longer be the case that u is differentiable almost everywhere. While it
is true that an analogue of Proposition 4.4 continues to hold if B posesses the Radon-Nikodym
property, this property is not guaranteed to hold for the Banach space £(#) which we shall
consider in this section regarding the operators M; and M,.

We are now ready to consider the following solution concept.

Definition 4.6. Let u® € H and f : [0, +o0) x H — 2%, The function u : [0, +c0) — H is called
a strong global solution of the dynamical system

i(t) € f(tu(t))
u(0) = u®,

if u(t) is locally absolutely continuous and verifies this system for almost every t € [0, +0)

with initial value u°.

Remark 4.7. Let us consider a discretization of the considered dynamical system. The first two
inclusions in (4. 1) can be written in an equivalent way as

0 € af (x(t) + x(t)) + M (£)%(t) — (A*J/(f) — Vhi(x(1))), (4.3)
0 € 9g(2(t) +2(t)) + c(t) B*B(2(t) + z(t)) + Ma(t)z(t)
— (B7y(t) —c(t) B"A(x(t) + (f)) c(t)B*b — Vha(z(t))), (4. 4)

where t € [0,4+00). Through explicit discretization with respect to the time variable ¢ and
constant step size iy = 1 (i.e. x(t) ~ x* and x(t) ~ x**1 — x¥), we obtain for all k > 0 the
inclusions:

0 € df (xF1) + ME(XFHT — xF) — A*yF 4+ Wiy (aF),
0 € 0g(z"1) + cx B*B(zF1) + MA(ZF — 25) — B*yf 4 ¢ B* A(xFY) — ok B*b + Vhy(2).
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Furthermore, using convex subdifferential calculus this can be written equivalently for allk > 0
as

00 (f+ (-~ V() - (4 + 51—y ) ()

c 1
0€d <g + (=25 Vha(2) = (v, B) + S| A + B —b|* + S| —z"l@;) (")

Hence, the dynamical system (4. 1) provides through explicit time discretization the Proximal
AMA algorithm 3.6:

Let MK € S (H) and Mk € S, (G). Choose (x%,2°,4°) € H x G x K and (cx)g=0 > 0. For
all k > 0 generate the sequence (xk, 2K, yk )k>0 as follows:

A+ = argmin__, {f(x) — (¥, Ax) + (x — x5, Vg (x9)) + 3 ||x — ka?\/ﬂf}
Z“t € argmin_ {8(2) — (v¥, Bz) + 3¢ || AxFT + Bz — b||? + (z — 2K, Vip(29)) + 3|z — ZkH%/IE} ’
yk+1 — yk + o (b — Axktl sz+1).

In the particular case M’f = M’g = 0and h; = h, = 0, the numerical scheme is the AMA
algorithm introduced by Tseng in [110].

Remark 4.8. Let us show now that an appropriate choice of M leads (both in continuous and
discrete case) to an implementable proximal step in the second inclusion. This is crucial for
numerical results in applications, see also [19]. For every t € [0, +o0), we define

My (t) = T<1t) 1d —c(t)BB,

where 7(t) > 0and (t)c(t)||B||*> < 1.

Lett € [0, +o0) be fixed. Then, M(t) is positive semidefinite, and the second relation in the
dynamical system (4. 1) becomes a proximal step. Indeed, under the given conditions, one can
see that (4. 4) is equivalent to

(r(lt) Id —C(t)B*B> 2(t) + By(t) — c(t) B A(i(t) + x()) +c(t)B*b — Vha(2(t)) €

(1) —a(1) 4+ 3g(2(1) + 2(0)).
It follows that

2(8) + z(f) = (Id +7(£)dg) "1 ((1d —(£)e(£)B*B)z(t) + T(£)B*y(t) — c(£)T(£)B* A(%(t) + x(t))

which is the same as

2() + 2(t) = Proxg(ng((Id —T()c(t)B*B)z(t) + T(t)B*y(t) — c(t)T()B* A((t) + x(t))
+c(t)T(t)Bb — T(t)Vha(z(2))).
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If we choose furthermore M (t) = 0, our dynamical system (4. 1) can be written in this partic-
ular setting equivalently as

#(t) +x(t) € (9f) " [Ay(t) — Vi (x(t))]

2(t) +z(t) = Prox(e((Id —7(t)c(t)B*B)z(t) + T(t) B*y(t) — c(t)T(t) B*A(%(t) + x(t))
+c(t)T(£)B*b — T(t) Vha(z(t))).

y(t) = c(t) (b — A(x(t) + 2(t)) — B(2(t) +2(1)))

x(0) =x%€ H,z(0) =22 € G,y(0) =y € K,

(4. 5)
where ¢ : [0 4 00) — (0 + o0). This can be seen as the continuous counterpart with proximal
step of the Proximal AMA scheme.

Remark 4.9. In this chapter, we will often use the following equivalent formulation of the dy-
namical system (4. 1). For U(t) = (x(t),z(t),y(t)), (4. 1) can be written as

U(t) =T(t, U(t)),
u() = (x°,2%y%),

where
I:[0,40)xHXxGXK —HXxGxK, T(txzy) = (uow),

is defined as

¢

1
u=u(txzy) :argmin{P(t,p) + EHP — (My(t)x+ A*y — Vhl(x))||2} —x

peEH
1 1
v="u0(t,x,zYy)E arqgerrglin {G(t,q) + C(Zt) Hq — (c(t)Mz(t)Z + C(T)B*y o

—B*A(u+x) +B*b — C(lt)VPlz(Z))>

1.

| w=w(txzy)=c(t)(b—A(x+u)—B(z+0v))

with
_ 1 1
F:04e0) xH =R, Flt,p) = £(p) ~ ool + 51010

and

_ c(t 1
G:[0,4+%) xG =&, Glt,q) = g(g) + "2 (IBgl>~ IgIP) + 2 lall3e,

In the following, we will make the assumption that for every (x,z,y) € H x G x K, the function
I'(-,x,z,y) is strongly measurable. Giving precise conditions on when this occurs is a non-
trivial problem since the component functions u, v are obtained as the solutions of optimization
problems.
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For a fixed t € [0, +00), the functions F(¢,-) and G(t, -) are proper and lower semicontinu-
ous. Since M; (t) € S4(H), f is strongly convex and

1 1 1
F(t,p) + 5 llp = ull? = £(p) + 5 1Py — (o) + 5 el

the function 1
p— F(t,p) +5llp —ul?

is proper, strongly convex, and lower semicontinuous for every u € H. Further, we have

G(t,) + 3 lg = I = $(0) + 3143y — @ 2) + 5ol
so if the assumption
(P) there exists B > 0 such that c(t)B*B + My(t) € Pg(G) Vt € [0,+c0)
holds, then, additionally,
7+ Glt,q) + 5l — ol

is proper, strongly convex and lower semicontinuous for every v € G. Therefore, we have that
in (4. 6) u and v are uniquely defined.

Example 4.10. We consider the following optimization problem
inf ol d|f+ 2] @7
inf —|x— , .
xeR2zeR? 2 !

st. Ax+Bz=0

1 2 1 1/-30 1
) Y ()
which is problem (3. 5) with H = G = R? and

with

f,gh,hy: R? - R,

Fx) = 3l —dJ?,

8(z) = llzlh,
]’ll (x) = hz(Z) = 0,

for every x € R? and z € IR%. One can verify that (4. 7) has a unique optimal solution, which is
x* = (0,0) and z* = (0,0). The Fenchel-Rockafellar dual problem of (4. 7) is

sup{—f"(A"y) —&"(B*y)},

yeR?

which is equivalent to

— inf {f*(A"y) + ¢"(B"y) }.

yER?

and

— inf {1

* (12 *
Byl <1 2HA yH + <A y/d>}/ (4 8)
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where the unique optimal solution is y* = (—0.7071,0.7071).
For

we can write the dynamical system for this problem (4. 1) similarly as in Remark 4.9 (see also

(4.5))
U(t) =T(t,U(t))
{ u©) = (x°,2%y%),
where

I:[0,+00) xHXxGXxK—HXxGxK, T(txzy) = (unovw),

is defined as

, 1 1 .
w=argmin { () = 3 pIP + 3Ip — A"y | - x
peH

=A"y+d—x
0 =Prox; (e ((Id =7 (t)c(t)B*B)z + T(t)B*y — c(t)T(t)B*A(x + u)) — z
w =c(t)(—A(x+u) — B(z+70)).

We solved the dynamical system with the initial values x° = (—8,8),z° = (—8,8) and 1/° =
(—8,8) in the case when c(t) > 0 and 7(t) > 0 and used the Matlab function odel15s. The
source code is based on the code used in [38].

Note, that

1
Proxq(p)4(x) = x — T(£)P_11p <T(t)x> ,

where Pc is the projection operator on a convex and closed set C C H. To assure the conver-
gence of the algorithm, we will prove later in Theorem 4.22 that it has to be fulfilled forane > 0
that

(%
()< -2 e
A2

for all ¢, where ¢ is the strong convexity parameter of f(x) (here o = 1), and that c(t) is mono-
tonically decreasing and Lipschitz continuous. For ¢(f) = ¢ constant, we can choose ¢ such
that

C €.

L 2
1A]>
Besides, it has to be fulfilled that M, (t) is monotonically decreasing, locally absolutely contin-
uous, positive definite, and sup,., || Mz (t)|| < +oo (we are in setting 1. of Theorem 4.22, see

also Corollary 4.24 and Remark 4.25).
To guarantee that M;(t) is positive definite, we have to choose T(t) such that
T(t)c(t)||B||> < 1. Since ||A||?> = 1 and ||B||*> = 1, we can choose c(t) € (¢,1 —€) and for ¢
constant ¢ € (¢,2 —€) and 7(t)c(t) < 1. In Figure 4.1, we chose
1
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and considered for 7(f)c(t) three different choices, namely, 0.25, 0.5 and 0.99. In Figure 4.2 and
4.3, we chose 7(t)c(t) = 0.99 and varied the parameter c(t) with the three constant choices,
namely, ¢(t) = 0.25, ¢(t) = 0.5 and ¢(t) = 1.0 (Figure 4.2) and three variable choices (Figure
4.3)

1

C](t) = m +001,
1

ca(t) = g 001
1

C3( ) = +0.01

These parameters fulfill the conditions above.

For ¢(t) = c3(t), all three trajectories converge faster for a greater value for 7(t)c(t) (see
Figure 4.1). We could observe this fact as well for the other choices of c(t). In Figure 4.2,
we can see for the convergence of the z-trajectory that the convergence against the first co-
ordinate of the optimal solution (blue curve) is faster for greater constant values of c(t) and
the convergence against the second coordinate of the optimal solution (red curve) is faster for
smaller constant values. There are no big differences concerning the convergence of the x- and
y-trajectories, but we can observe that the convergence of the y-trajectory is for both coordi-
nates faster for greater constant values. For the three constant values in Figure 4.2, we have
for c(t) = 0.5 the best convergence result as a compromise of these facts. In Figure 4.3, we can
observe the same facts, but for variable choices for ¢(t). So, the convergence of the z-trajectory
against the first coordinate of the optimal solution (blue curve) is faster for those variable c(t)
that are slower monotonically decreasing and the convergence against the second coordinate
of the optimal solution (red curve) is faster for those variable c(t) that are faster monotonically
decreasing. The convergence of the x- and y-trajectories is for both coordinates faster for those
variable c(t) that are slower monotonically decreasing. For the three variable choices for c(t)
in Figure 4.3, we have for c3(t) the best convergence result as a compromise of these facts.
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Figure 4.1: First and second column: the primal trajectories x(t) and z(t) converge to the primal
optimal solution (0,0) for c3(t) and initial value (—8,8). Third column: the dual
trajectory y(t) converges to the dual optimal solution (—0.7071,0.7071) for c3(t) and
initial value (-8, 8).
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Figure 4.2: First and second column: the primal trajectories x(t) and z(t) converge to the primal
optimal solution (0,0) for constant ¢(t) and initial value (—8,8). Third column:
the dual trajectory y(t) converges to the dual optimal solution (—0.7071,0.7071) for
constant c(t) and initial value (—8,8).
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Figure 4.3: First and second column: the primal trajectories x(t) and z(t) converge to the primal
optimal solution (0,0) for variable ¢(t) and initial value (—8,8). Third column:
the dual trajectory y(t) converges to the dual optimal solution (—0.7071,0.7071) for
variable c(t) and initial value (-8, 8).

4.3 Existence and uniqueness of the trajectories

In this section, we will investigate the existence and uniqueness of the trajectories generated by
the dynamical system (4. 1). For showing this, we will apply the following Theorem:

Theorem 4.11. (Cauchy-Lipschitz-Picard Theorem) Let H be a Hilbert space and let the function
f:]0,400) x H — H fulfill the following properties:
(i) forall x € H it holds f(-,x) € L}, ([0, +00),H),

loc

(ii) for almostall t > 0, f(t,-) : H — H is continuous and there exists a function
L:[0,+0c0) x [0,4+00) — [0, +00) such that it holds for all x,y € H:

1£ (%) = &Il < LE x ] + [y D> =yl



4.3. Existence and uniqueness of the trajectories 49

with L(-,r) € L} ([0, 400)),Vr € [0, +00).

(iii) there existsa P € L} ([0, +00)) such that for almost all t > 0 it holds for all x € H:
£ (8 )] < P(E)(L + [[x]])-

Then for all u® € H, there exists a unique strong global solution u : [0, +00) — H for the following
dynamical system:

i(t) = f(tu(t))
0

Proof. See [68, Proposition 6.2.1]. O

Remark 4.12. 1f in the property (ii) of the Theorem above the constant L depends only on t, then
it follows

£t < f(8x) = FEO) I+ IO < L(E)[x] + [ f(£,0)]]
(L(E) + £ (& 0D Ix]] + L(E) + [ £ (£, 0)]]
= (L

() + 117 (£, 0) [N (1 + [|x[))

and we can define P(t) := (L(t) + || f(¢,0)||) € L}, ([0, +o0)). So, we have that (iii) follows from
(ii).

First, we need several preparatory results in order to show that we are in the setting of the
Cauchy-Lipschitz-Picard Theorem.

<
<

Lemma 4.13. Let assumption (P) hold true and t € [0, +o0). Then, the operator

Ki:H—H, Ki(u)=argmin (F(t,x) + %Hx - qu)
xeH

is L-Lipschitz continuous and the operator

[0~ 0, (o) = argmin (G(t2)+ = —ol?)
zeG

is (5) -Lipschitz continuous.
Proof. Lett € [0, 4o0) be fixed. Then, we have, due to Fermat’s rule 2.5,

00 (F)+ 01 By~ 1)+ 311 =P ) (Kea),

which is equivalent to
Lo Lo
06 (£ + 5l ae = ¢ o) + 5l ) (Kew).

Using Proposition 2.6 (ii), we obtain for all u,v € H

u € f (Ki(u)) + M (t)(Ki(u))
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and
v € 9f (Ki(v)) + Ma(t)(Ke(0)).

Due to the o-strong convexity of f and M;(t) € S, (H), it follows from Proposition 2.22 (ii)
that 0f + M (t) is o-strongly monotone and we get

o||Keu — I<,fv||2 < (u—0,Ki(u) — Ki(0)).

Using the Cauchy-Schwarz inequality, it follows
1
[Ksu — Kiol| < ~Jju— o],
o

which means that K; is %-Lipschitz continuous.
For t € [0, +o0) fixed, we have, due to Fermat’s rule 2.5,

00 (0)+ B+ 2~ 11 1)+ 31 - By + 1 - =012 ) (i),

which is equivalent to

00 (50)+ B+ I+ 31 - By = )+ 2 1wl ().

Using Proposition 2.6 (ii), we obtain forall u,v € G

c(t)u € 9g(Ji(u)) + (c(t)B*B + Ma(t)) (Ji (1))

and
c(t)o € 9g(Ji(v)) + (c(t)B*B + Ma(t)) (Je(v)).

Because of assumption (P) and from Proposition 2.22 (ii), we have that dg + c(t)B*B + M(t)
is B-strongly monotone and we get

BllJeu = Jiol* < c(t){u =0, Ji(u) = Ji(2)).
Using the Cauchy-Schwarz inequality, it follows

c(t)

[Jeu = Jeol| < == [Ju = o],

p
c(t)

B -Lipschitz continuous. O

which means that J; is

Lemma 4.14. Let assumption (P) hold true, (x,z,y) € H x G x K and consider the maps
R(x,z,y) : [0, —|—OO) — H,

. 1 .
Ry (t) = arf;?{m {F(t,u) + §||u — (Mi(t)x+ A"y — Vhl(x))Hz} —x,

Q(x,z,y) : [0/ +°°) — G,

t 1
Q(x,2y)(t) = argmin {G(t,v) + C<2) v — <M2(t)z + —<B*Y — B*A(R(y 2, (f) + x)

vEG

1
c(t) c(t)

2
z,

L1
+B*b — C(t)wz(z))>
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and P(x,z,y) : [O, +OO) — K,

P(x,z,y)(t) = C(t)(b - A(R(x,z,y)(t) + x) - B(Q(x,z,y)(t) + Z))

Then, the following holds for every t,r € [0, +00) :

. IR (2 ()]
(i) HR(x,z,y)(t) - R(x,z,y)(r)H —THMl - M (T’)H
A|l|BI|[|Rx24 (7
0 1)~ Q] < e O 1) )
1Q 2 (1)l 1P, (7)]] - | B]
+ #yHMz(f) - My(r)| + yﬁc(r) lc(t) —c(r)]-

Proof. Lett,r € [0,400) be fixed.
(i) From the definition of R(x,z,y)' Fermat’s rule 2.5, and Proposition 2.6 (ii), we have

Ml(t)x + A*y - Vhl( ) € af( (x,z,y) ( ) + x) + Ml(t)(R(x,z,y)(t) + x) (4.9)

and
Ml(r)x + A*y - Vhl( ) S af( (x,2,y) ( ) + x) + Ml(r)(R(x,z,y)<r) + x)-

If we add M (#)(R(4,,y)(r) + x) on both sides of the relation above, we obtain
My () (R(xzp) (1) + %) = Mi(7)(R(y2,y)(r)) + A"y — Vi (x) €
af(R(x,z,y) (1’) + x) + Ml(t)(R(x,z,y) (}’) + x)' (4‘ 10)

From (4. 9) and (4. 10), and using that df + M (t) is o-strongly monotone according to Propo-
sition 2.22 (ii), we have

<M1(t)R(x,z,y) (7’) — M, <7)R(x,z,y)<r)/R(x,z,y)(r> - R(x,z,y)(t» 2 U"R (x,z,y) ( ) - R(x,z,y)(t)HZ’

The result follows from the Cauchy-Schwarz inequality.
(ii) Using the definition of Q, . ,), Fermat’s rule 2.5, and Proposition 2.6 (ii) we have

M (t)z + By — c(t) B*A(R 12y (t) + x) +c(t)B*b — Vha(z) €
08(Q(x,zy)(t) +2) + (c(£)B*B + Mo (#))(Q(x,z,) (£) +2) (4. 11)
and
My (r)z + By — c(r) B*A(R 12,y (r) + x) + c(r)B*b — Vha(z) €
ag(Q(x,z,y)(r) + Z) + (C(I’)B*B + Mz(r))(Q(x,z,y)(r) + Z)‘

If we add (c(t) — c(r))B*B(Q(x,zy)(*) +2) + Ma(t)(Q(x,2y) (7) + z) on both sides of the relation
above, we obtain

<C(t) - C(r))B*B(Q(x,z,y)(r) + Z) (1’) xzy ( ) + M2( )(Q(x,z,y)(r) + Z) + B*]/

—¢(r)B*A(R (x,,)(r) + x) +¢(r)B*D — Vha(2) €
98(Qxzy) (1) +2) + (c()B"B + Ma()) (Qszp) (1) +2).  (4.12)
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From (4. 11) and (4. 12), and using that dg + c(t)B*B + M;(t) is B-strongly monotone, we have

{(c(t) = e(r))B"B(Qrz) (1) +2) + (M2(#) = M2(r)) Q2 (r) + () B AR, ()
—C(r)B AR (x,z,) (r) + (c(t) = ¢(r))B" Ax — (c(t) = ¢(r))B"b, Qa2 (1) = Q) (1))
> BllQuxzy) () — Quzay (D11

Using the Cauchy-Schwarz inequality, we have

1Q0un)(r) = Qs (O
< () = €(r))B"B(Qaz (1) + 2) + (Ma(8) ~ Ma(1) Qs 1)
4 (1B AR 1) (1) = €(r)B AR y1)(r) + (e(t) — c(r)) B Ax — (c(t) — (r)) B
= SIE(0) = () B BQa) (1) + DB AR (1) (VB AR (1)
+ (e(t) = (1)) B* (Ax + Bz — b) + (Ma(t) — Ma(r)) Quzg (1)
and because of the definition of P(x,z,y) and (i), it follows from the inequality above
Qe () = Qe (1]
I(elt) = €(r)) B BQusy) (1) + c(H)B" AR ) (1) = c(r)B AR 24 (1
(6(8) = €(1)B* (~BQuzy) (1) — ARy (1) —
+ (Ma(t) — Ma (7)) Q(xz) (1)l
OB AR 6 = 0B AR oy (1) - LD )
+(Ma(t) = Ma (1)) Qr) (1)
< 5 (CONANBNIR o) O = Riaaan 1+ L 12 0
+[Ma(t) = Ma(1) [ Qs (1)) -

Finally, considering (i), we obtain from the inequality above

HQ(x,z,y)(r) xzy ( )H
1 ( c(t)[[A[NNIBIR (xz,y) (7)]]
~ B

g

jp(x,z,y) (1’))

1w 0) = )]+ O g sy )

+[[Ma2(8) = Ma() 1 Qa gy (D) -
O

Having now all these estimations at our disposal, we are now ready to prove the existence
and uniqueness of the trajectories.

Theorem 4.15. Let assumption (P) hold true and let | M||, | Mz € L},.([0,4+00)). Furthermore,
we assume that 0 < inf;>q c(t) < sup,.qc(t) < +oo and that for every (x,z,y) € H x G x K, the
function T (-, x,z,y) is strongly measurable. Then for every initial value (x°,2°,y°) — H x G x K,
the dynamical system (4. 1) has a unique strong global solution (x,z,y) : [0,+00) — H x G x K.
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Proof. In the following, we use the equivalent formulation of the dynamical system described
in Remark 4.9. We show the existence and uniqueness of a strong global solution, using the
Cauchy-Lipschitz-Picard Theorem 4.11 to this end.

In the first part, we have to show that I'(¢, -, -, -) is L(t)-Lipschitz continuous for every
t € [0, +00) and that the Lipschitz constant as a function of time fulfills L(-) € L} ([0, 4+c0)). In
the second part, we will prove that (-, x,z,y) € L}OC([O, +00),H x G x K) for every (x,z,y) €
HxGxK.

(1) For a fixed t € [0, +c0) and for (x,z,v), (X,2,7) € H x G x K, we have

IT(t,x,2,y) = T(t%,2,7)| = \/Ilu—ﬁll2+ [0 =o[|* + [lw —w]]?,

where (taking into account the definition of K; in Lemma 4.13)

_ . 1
u—u:argmm{F(t,p)—i—sz—( 1(H)x+ A"y — Vhy(x )Hz}
peEH

1
—argmin{F(t,P) +5llp = (Mi(B)x+ A - Vhl(x))HZ} FX - x
peEH

= Kt(M1<t)X + A*y — Vhl(X)) — Kt(Ml(t)Y—i— A*y — V]’l] (f)) +x—x.
Therefore,
lu—))* < 2] Ke(Mi (t)x + Ay — Vi (x)) = Ke(Mi ()T + AT — Vi (%)) [|* +2[|% — x|

From Lemma 4.13, we know that K; is %—Lipschitz—continuous. Using this, the fact that
|x +yl|* < 2||x]|? +2||ly||? Vx,y € H and the L, -Lipschitz continuity of h; we have:

lu —]|* < gllMl(t)(x = %) + Ay —7) — (Vi (x) = Vin(3))|1* + 2% — x||?

<

7(2|\M1( )(x = %) + A*(y = 7)1* + 2/ Vi (x) = VI (3)|1?) +2[|% — x|
2 _ _ _ _
< S@EIMOP]lx = %12 + 4] APy = 711 + 21 Vin(x) = Vin (D)%) + 2[[% - x||*

4||M; (8)]]? +2L2 All2
§2< M (1) h1+1> T 8|| ||

0—2

ly = 711>

Furthermore, by taking into account the definition of J; in Lemma 4.13, we have

0—0

B . c(t) 1 1
= arqgengun{G(t,q) + " Hq— (C(t)Mz(t)z—i— H0) B*y — B*A(u+x) + B*b — (t)th( )))

- arqgergin {G(t,q) + C(Zt) Hq - (C(lt)MZ(t)Z+ c(lt)B*y —B*A(u+X) + B*b — C(lt)th(z))>
+z—2z
. <1M2(t)z—|— LBy — B*A(u+x) + Bb — —— Vo )))
c(t) c(t) (l‘)

1 _ 1 . oo « 1 _ _
— T (c(rf)Mz(t)Z+c(1f)B y—B"A(u+Xx)+Bb— C(t)th(z))> +zZ—z.

)

)
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c(t)

8 -Lipschitz-continuous and

According to Lemma 4.13 and assumption (P), we have that J; is
so it follows

lo— 9] <2

1 1, . R 1
h(d”Mxﬂz+d”By—BAOHﬂﬂ+Bb—dQVM@»)_

Ji (C(lt)Mz(t)er C(lﬂB*y ~B*A(i +%) +B'b — C(lt)V’@(Z)))
2¢2(t)

2
+2)z —z|)?

—B*"(y—y) —B*A(u—u+x —X)

‘_

(Vha(z) = Vha(2)) || +2[|z -2

~c(t)
2c2(t) _ 4 7
< 2530 (2 M1z =21 + s 112y~ 912
+4BIPNAIR = 7+ x =51+ | Vha(z) — V(D ) + 2]z - 2P

8 o 16c3(t)
E||Br|2||y—yu + o
16 )2y 421 — %2 + ﬁzuwzm Vha ()P + 21|z — 2]

[ Ma(8)][2]|z — z[|* + IBIZ [ Al — >

_ﬁﬂ
P

Using the Lj,-Lipschitz continuity of />, we derive from the inequality above:

o~ 3l < (8”M2(t)ﬁ”f+% +2> Iz =217 + 1817l — 317 + X 4
1 IaiP A~ 1
< (8”M2(t>ﬁ”f+% +2> =20+ 18Il ~ 317
+ 0312l ((8”’”1“27”;*“‘%1 +3) -l + 8“;”2||y—yuz> |

So, we have

16 8||M; (t)||> + 4L? B
lo ol < 2620 app W( IMVOITH 45 5) e — 52

o2

8 16¢2 B 8| My (t)[|* + 8L3
+ Bl (1+ 2 A Iy - HZ+< o 42 fe -2l
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Finally, using the inequalities from above, we get
o~
= | —ct)(A(u—tu+x—%)+B(v—-0+z—-2))|>?
< 4ct (DA lu =72 + 42 ()| A2 [x — X[ + 4c* (D) [|BIP[lo — 2]1* + 4> (1) | B1*||z — 2|

8|IMq ()] + 4L 16c2 8| M (t)||* + 4L B
<ae@)al [+ by 166 pye by a) ) x—x
o2 o2

B?
8|/ Mx(t)[|* + 8L2 B
+4cz(t)HBH2< 2 243 llz—z?

B||* | 16c*(t 4
IEE 2 iarin + 125 by -

+32¢(t) <

Then, we have

IT(tx,2,y) =T(£%Z,7)] < \/Ll(f)llx —X|]2+ La(8) ||z = 2[|> + Ls(t) [ly — ¥

< /L) + La(t) + La(t)y/llx 7P + 1z — =] + ly — 91
= L(0)(x,2y) - @z,

with
) = \/Li(t) + La(t) + La (1)
and
4| My (t)|* +2L2

L1<t>:(z+ZiuAHZHBHZ+8c2<t>|rAuZ(1+16;‘>HB||4))( O Ml)

2 2 2 2
e RXRUILT (8”M2(t)ﬁ”2 o +3)

2 4 2 4

tate) =255 & Zpie (14 255 ae) 4 aacicy (L 4 2D e+ 21,

So, it follows that I'(t, -, -,-) is L(t)-Lipschitz continuous. Since ||M;]|, |Mz| € L} ([0, +o0))
and c(t) is bounded, it follows that L(-) € L], ([0, +00)).

(2) In this second part, we will prove that I'(-, x,z,y) € Lllo ([0,400),H x G x K) for every
(x,z,y) € Hx G x K. Fora fixed (x,z,y) € H x G x Kand T > 0, we have

T T
|z ylae= [tz i+ otz 2 + 2z, .

From Lemma 4.14 and the fact that o > 0, for all t € [0, +0c0), we have

lut, %,z y) |12 = [lu(t,x,2,y) —u(0,x,2,y) +u(0,x,2,y)|*
< 2||ult,x,z,y) —u(0,%,z,y)|* +2[u(0, x,z,y)|
< 2/u(0,x,z,y)|
o2

1M1 () = M(0) 1 + 2] (0, x, 2, y) ||
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From Lemma 4.14, the facts that ¢ > 0 and g > 0, and (x +y + z)? < 3x% + 3y? + 322
Vx,z,y € R, forall t € [0,400), we have

lo(t, x,z,9) |1 < 2[lo(t, x,2,y) — 0(0,x,2,y)|* + 2[|2(0, x,2,) |I*

SZ(dMMWW@ngJWWHMNO—MKmH

0/ 7%y O/ 74y -1|B 2
SOLE 1) oy IOZE L)
p cop
+2[0(0,x,2,y) >
< 62O AIPIB]? (0, x, 2, y) 1>
[&

1M1 (£) — M (0)

6]lw(0,x,z,y)|1* - ||BI|?

B

6lv(0,x,z,y)
B2
+2[|0(0,x, 2, y)|%,

+ IM2(t) = Ma(0) || + le(t) = cof?

(where ¢y = ¢(0)). Again using Lemma 4.14 and the inequalities above, we obtain
& g q
lew(t,x,z, ) < Ao — Ault,x,z,y) +x) = B(o(t, x,2,y) +2))||?
<42 () (1017 + Al [[ult, %,z )II* + [|BI*lo(t, x, 2, ) > + | Ax — Bz]?).

21 AII2||u(0, x, z, y)||?
gk%waW+ IAI O, 22 I o 1) — o))

6c(t) | AIIPIIBII*||u(0, x, 2, y)|>

e 1M1 (1) — M (0) 2

+2[| A2l (0, x, 2, y) > +

L SlIBIPJo(0,x, 2, ) |
‘32
+2[|B[?[[0(0,x,z,y) |I* + | Ax — Bz|*)

6/ B|[*|w(0, x, z,y)||*

B

[Ma(t) — Ma(0)[|* + lc(t) — col®

Because | M ||, | M2]| € L} ([0, +00)) and c(t) is bounded, the integral

loc

T
JR =ML

exists and it is finite. So, we have, according to Proposition 1.2.2. in [73], that I'(-, x,z,y) €
L} ([0,+00),H x G x K). The conclusion follows. O

loc

4.4 Convergence of the trajectories

In the beginning of this section, we will give some results, which we will use then to prove the
convergence of the trajectories of the dynamical system (4. 1).

Lemma 4.16. Let M : [0,+00) — L(H), t — M(t), be differentiable at ty € [0,4o0) and x,y :
[0, +00) — H be also differentiable at ty. Then, the real function t — (M(t)x(t),y(t)) is differentiable
at to and it yields

i(M(t)x(f),y(t)Ht—to = (M(to)x(to), y(to)) + (M(to)x(to), y(to)) + (M(to)x(to), y(to))-

(4. 13)
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Proof. See [38, Lemma 4]. O

We start with a result where we show that under appropriate conditions the second deriva-
tives of the trajectories exist almost everywhere and give also an upper bound on their norms.
This will be used in the proof of the main result Theorem 4.22. Notice two differences with re-
spect to [38, Lemma 5]: in our case we do not evaluate ||i/|| on the left hand side of the inequality
and secondly, we have to take into account the time varying parameter c.

Lemma 4.17. Let assumption (P) hold true and the maps M; : [0, +00) — L(H) and M, : [0, +00) —
L(G) be locally absolutely continuous and differentiable almost everywhere. Furthermore, we assume
that c is locally absolutely continuous and

0 < infe(t) <supc(t) < +oo.

For a given initial value (x°,2°,y°) € H x G x K, let (x,z,y) : [0, +00) — H X G x K be the unique
strong global solution of the dynamical system (4. 1). Then, (X(t),Z(t),#(t)) exists for almost every
€ [0, +00). If we assume additionally that

sup | M (t)]] < 400 and sup ||[Ma(t)|| < +o0,
t>0 t>0

then there exists L > 0 such that

1EE 1+ 121 < LA+ 12O+ )]+ I M O]+ I M) 2]+ [e) [Ty ()1])
for almost every t € [0, +00).

Proof. In the following, we use the notation (4. 6) again. Let T > 0 and t, r € [0, T| be fixed. So

r,U(r))ll

o(t, x(r), 2(r),y(r))]]
r) —u(r,x(r),z(r),y(r))|l
r)) —w(r, x(r),z(r), y(r)) |-

IT(8, U(8)) = T(r, Ur)) || < [T UE)) = T U@+ [T U
< [Jult, x(8),2(8),y(8)) — u(t, x(r),z(r), y(r)|| + [lo(t x(¢), (¢
+ llw(t, x(8), 2(8),y(8)) = wlt, x(r),2(r), y(r)) | + ||u(t, x(r), z(r),
) x

( ),2(r),y
+l[o(t,x(r), 2(r), y(r)) = o(r,x(r), 2(r), y ()| + [[w(t, x(r), 2(r), y

)+T
y(t) —

)
)
We have

u(t,x(8),z(t), y () — u(t, x(r),z(r), y(r)) =Ke(Ma(£)x(t) + A7y(t) — Vi (x(t)))
— Ke(My(8)x(r) + A"y (r) = Vhi(x(r))) — x(t) + x(r)

and, due to Lemma 4.13 and the L, |-Lipschitz continuity of Vi, we get

[t x (), 2(8), y(£)) — u(t, x(r), z(r), y(r)) |
}T 1(8) (x(8) —x(r)) + A™(y(t) —y(r)) = (Vha(x(t)) = Via (x(r)) || + [Jx(t) = x(r)]]

M (t) Ly, A
RO+ 2 1) peto) = w0+ L2ty - w01
Because t — ||M;(t)|| is bounded on [0, T], there exists L1 := L1(T) > 0 such that

[ty x(8), 2(8), y(8)) —ult, x(r), z(r), y(r)| < La([lx(t) = x() | + lly () —y()[). (4 14)

VAN
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Analogously, we have

o(t,x(t),z(t),y(t)) —o(t, x(r),z(r),y(r))
- <C(lt)M2(t)z(t) + C(lt)B*y(t) _ B A(u(t, x(£), 2(t), y(£)) + x(t)) + B'b C(lt)th(z(t))>

— T <1M2(t)z(r) + C(lt)B*y(r) — B*A(u(t,x(r),z(r),y(r)) + x(r)) + B'b — C(lt)th(z(r))>

(e, x(6) 2(6), y (1)) — (8, x(r), =), y() |
< 9 | i M0 0~ 2(01) + 5B () = (1)) = B AGu(e, 0, 2(0), (1)
(e 3(r) 2(r), (1)) 3(0) = #(0)) = o (Tha(z(6) = Thaz ()| + =) = =001

@ x(t) — x(r 7HM2<t)H Ly, z(t) — z(r
< S 1ANIBI L+ 1)) <>||+( 2 +ﬁ+1)|| (5) — ()|

B el -yl
Because t — ||[M;(t)]| is bounded on [0, T], there exists L, := L(T) > 0 such that

lo(t, x(t),z(t),y(t)) —v(t, x(r), 2z(r), y(r))|| < La(llx(t) = x(r)|[ + [|2(t) —z(r) | + |y (£) —y(é(f)llg)-
Using (4. 14) and (4. 15), we obtain '

lw(t, x(t), z(8),y(t)) — w(t, x(r),z(r), y(r))]]
< ()| AlllJut, x(8),2(8), y(t)) — u(t, x(r),z(r), y(r) + x(t) — x(r)) |
+ () 1Bl llo(t, x(t),z(), y(t)) — o(t, x(r), z(r), y(r)) + z(t) — z(r)||
< c(t)(|AILy + |IBI[La + [[AID[[x(£) — x(r) | + c(E) ([ B| L2 + [|BI[)[|z(£) — z(r)]]
+c(E) ([[AILy + [|BI[ L2) [[y (£) — y(r)]]-
So, there exists L3(T) := L3 := sup,c(o rj ¢(t) (|| Al[L1 + [|B[[L2 + [|A] + [|B]|) > 0 such that

lw(t, x(t), z(8),y(t)) —w(t, x(r), 2(r), y ()| < La(llx(t) = x(r) | + [|2(t) —2(r) ][ + [[y(¢) —(Z(rl)él))
Using Lemma 4.14(i), we obtain '

[ut, x(r),z(r),y(r)) —u(r, x(r),z(r), y( )| = Rix(r) 200,00 () = Rix(r),2(r) ) O

< IR (x(r),2(r)(r)) (D]
o

M1 (t) = My (r)|. (417)

Due to the Lipschitz continuity of K, and V/; (see Lemma 4.13) and the fact that x, z, y and M;
are absolutely continuous on [0, T], the map

1= Rix(r),z(n)y(r) (1) = Ke (M1 (r)x(r) + A"y(r) — Vhi(x(r))) — x(r)
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is bounded in [0, T]. Therefore, there exists Ly := L4(T) > 0 such that
[u(t, x(r),z(r),y(r)) — u(r,x(r),z(r),y(r))|| < La||Mi(t) — Ma(r)]|. (4. 18)

In an analog way, using Lemma 4.14 (ii), we get

lo(t,x(r),2(r), y(r)) = o(r,x(r),2(r), y(O) | = Q) 2(rw(r) () = Qe 2(m,wr)) ()

() NATIBINR (x(r),2(r) ) (7) Qx(r)2(r)y(r) (7)]
< Al H\J(ﬁ()z()y()) HHMl(t)_Ml(T)H‘f’H (()z(‘B)y()) i

Hp(x(r) z(r)y(r)) (7> H ’ ”BH
+ e c(t) —c(r)|. (4. 19)
s e(t) — (1)
Using the same arguments about the Lipschitz continuity of |, and Vh, as above (see again
Lemma 4.13) and the fact that x, z, y and M are absolutely continuous on [0, T] and ¢ is bounded,

the maps

[Ma(#) = Ma(r) |

o5 Qa1 (1) =T (S 2(0) + () = B Al x(0), 200, 9(r) + 3(r)

B~ V(=) ) - 20)
and
1= Pl z(r)(r)) (1) = (1) (b — A(Rx(r) 2(r)y (1) (1) +x(7)) = B(Q(x(r) 2(r)y(r) (T) + ZU))
are bounded in [0, T]. Therefore, there exists Ls := Ls(T) > 0 such that

lo(t,x(r),2(r), y(r)) = v(r,x(r),2(r), ()| < Ls([Ma(t) = Ma(r)[| + [[Ma(t) — Ma(r)]]
+ |e(t) —c(r)]). (4. 20)

Furthermore, we have

[w(t, x(r),z(r),y(r)) — w(r,x(r),z(r),
< I(e(t) =e(r))b — (c(t) —
—c(r)(u(r, x( r),z(r), y(r)
< [1bllfe(t) —c(r)| + HAHHX
+ [[A(c(t)u ( x(r),z(r), y(r) —
+ [B(e(t)v(t, x(r),z(r), y(r) — C(r)v(r X(r) Z(r) y(f Il
and futher
[w(t, x(r),z(r),y(r)) — w(r,x(r),z(r),
< ([ell + [[AH[x () + [1BHz(r)]
+ [ Al[([[e(t)ult, x(r), z(r), y(
+ [[Al[lle(r)ult, x(r), z(r), y(r
+ [IBlll[c(t)o(t, x(r), z(r), y(r) (
+ IB[l[e(r)o(t, x(r), z(r), y(r) — c(r)o(r,
< ([IBl] + A+ 1Bl lz(r)[] + [[Al
+ 1Bl [lo(t, x(r), z(r), y(r))[[)]e(t) — c(r )
+e(r)|Allllult, x(r), z(r), y(r) — ulr, x(r
+c(r)[[Bll[[o(t, x(r), z(r), y(r) = v(r, x(r),z(r), y(r)) .

== '~
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Using (4. 17) and (4. 19), we obtain

[w(t, x(r), z(r), y(r)) = w(r, x(r),2(r), y(r)) |
< (Il + FATx )+ Bz + ATt x(r), 2(r), y ()
+IBllllo(t x(r), z(r), y(r)|| + c(r)[|Bl[Ls) |e(t) — c(r)]
+c(r) (Al Ls + || B||Ls) | M1 (t) — Ma(r)|| + c(r) || B]| Ls || Ma(t) — Ma (7).

So, there exists Lg := Le(T) = sup,o 7y (|6l + [ Allllx(r)[| + [IBI[l[z(r) [| + | A[I] (e (£, (), z(r), y (r) | +
IBI[l[v(t, x(r), 2(r), y(r)) | + c(r) | AllLa + c(r) [ B]| Ls) > 0 such that

[wo(t, x(r), z(r), y(r)) = w(r, x(r), 2(r), y(r)) |
< Le([[M1(t) = Ma ()| + [[M2(t) = Ma(r) || +[e(t) = c(r)]). (4.21)

When we sum the relations (4. 14), (4. 15), (4. 16), (4. 18), (4. 20), and (4. 21), we get that
there exists Ly := Ly(T) > 0 such that

IT(t, U(E)) = T(r, Ur) || < Lo(llx(t) — x()] + l[2(8) = 2(r) | + [[y () =y ()]
+ [ My(8) = My (r)]| + [[Ma(t) = Ma(r)[| + |e(t) = c(r)]).

Let € > 0. Due to the absolute continuity of the maps x, z,y, M1, My and ¢ on [0, T|, there exists
1 > 0 such that for any finite family of intervals Iy = (ax, by) C [0, T] and for any subfamily of
disjoint intervals I[; with }_; [b; — a;| < 17 holds

ZHX ) — x(a; ||< ZHZ ) — z(aj H< ZHy y@ap)ll < — L7

€
Y IMa(by) = M (@) < ZHMZ ~ Ma()]| < g and Z|c <&
]

So, we have

31T (b, U(by) = T(ay, U(ay)l| < e,
]

and therefore t — T'(t,U(t)) is absolutely continuous on [0, T]. Since U(t) = T(U(t),t) for
almost every t € [0,+00), we can extend U(t) to a locally absolutely continuous function on
[0, +-00) by setting U (t) = T'(U(t), t) for t € [0, +00). It follows that the second order derivatives
%, %, exist almost everywhere on [0, +00).

To prove the second statement, we assume that

sup [[Mi(t)]] < 40 and sup |[|[Mz(t)| < +oo.

£>0 £>0

Note that ¢(t) is bounded for all t € [0, +o0). Then, Lj, Ly, and L3 can be taken as being global
constants, so that (4. 14), (4. 15) and (4. 16) hold for every t,r € [0, +c0).

Because Ry () 2(r) y(r) () = X(r), Qa(r) 2(r) w(r) () = Z(r), and Pix(y) 2(r) y(r) (1) = 3 (r) for every
r € [0,+00) and taking into account (4. 17) and (4. 19), we get

Ju(t,x(r), 2001, 5(0)) — e (), 20, )| < Py il @ 22)
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and

lo(t, x(r), 2(r), y(r)) = v(r, x(r),2(r), y ()|
< C(t)HAHﬂ?IHx(V)H My (£) — My (7]
HB|||

01— a0
M (1) = M) +

c(t) —c(r)]
(4. 23)

for every t,r € [0, +00). It holds
[2(8) — 2 ()| + [|2(t) = 2(r) |
= [lu(t, x(8),2(t), y(t)) — u(r, x(r), z(r), y ()| + lo(t, x(£), 2(¢), y(£)) — o(r, x(r), 2(r), y(r)) |
< Ju(t, x(t),2(8), y(£)) — ult, x(r), 2(r), y(N) | + llult, x(r), 2(r), y(r)) —u(r,x(r), z(r), y(r))|]
+ llo(t, x(8),2(8), y(£)) — o, x(r), 2(r), y ()| + [0 (£, x(r), 2(r), y(r)) — o(r, x(r), 2(r), y(r)) ||
So, it follows from (4. 14), (4. 15), (4. 22) and (4. 23) that there exists L. > 0 such that
[2(t) = 2(r) [ + [12(t) = 2(r) | <L([|x(t) = x ()| + l|z(t) = z(r)[| + lly(t) =y ()]
+ [ [ M1 () = My (r) || + [[2(r) [[[[ M2(t) — Ma(r)]]
+ [y llle(t) = ()
for every t,r € [0,400). Now, we fix r € [0, +o0) such that ¥(r), 2(r), My (r), Ma(r) exist and
consider the above inequality for t = r + h for some h > 0 and obtain
[2(r +h) = %(r)[| + [|2(r + B) — 2(r) |
< L(llx(r+h) = x(0)[| + [[z(r + 1) = 2(r) [ + ly(r + h) = y(r)]])
+ L({[x(r) [[[[M1(r + 1) = My (r) || + 12(r) [[|M2(r + 7) — Ma(7)]]
+ [y llle(r +h) —c(r)]).
Finally, we divide the inequality above by / and let 1 — 0. We get

1E) I+ N2 < LAEE+I2E+ TG+ 12 TTM 1+ 20 HM ) (1]

and the proof is complete. O

In the following, we recall two results which we need for the asymptotic analysis (see [2,
Lemma 5.1] and [2, Lemma 5.2]).

Lemma 4.18. Assume that u : [0, +00) — R is locally absolutely continuous and bounded from below
and that there exists v € L([0, +00),R) with the property that for almost every t € [0, +00)

Eu(t) < o(t).

Then, there exists tlim u(t) e R

— 00
Lemma 4.19. Assume that 1 < p < o0, 1 < r < 00, u : [0,400) — [0,+00) is locally absolutely
continuous, u € LP([0,+o0),R), v : [0,400) — R, v € L([0,+o0),R) and for almost every
€ [0, +00)
Su(t) < o(t)

Then, lim u(t) = 0.
t—+o0
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Definition 4.20. The map M : [0,4+o) — S, (H) is said to be monotonically decreasing if it
satisfies M(t1) = M(ty) for every t1,t € [0, +o0) with t; < .

Lemma 4.21. Fora o > 0 let the map M : [0, +00) — Py(H) be monotonically decreasing. Then,
there exists M € Py (H) such that for every z € H it holds that
lim M(t)z = Mz.

t—-+oo

Proof. See [[38], proof of Lemma 8]. O

Theorem 4.22. In the context of optimization problem (3. 5), suppose that the set of saddle points of the
Lagrangian L is nonempty. Let the maps maps M : [0,+00) — L(H) and M : [0,4+00) — L(G)
be locally absolutely continuous, differentiable almost everywhere and monotonically decreasing in the
sense of the Loewner partial ordering defined in (2. 4),

Mi(t) - i1 e s, (H),
Mo (t) — %1 €5.(G) Vte[0,+o),

and
ess sup, [|Mi(t)|| < +ooand ess sup,. [|Ma(t)|| < +oo.

Furthermore, we assume that for 0 < € < the function

o
2] AT
o
c:[0,400) — [e, —6}
1A%

is monotonically decreasing and Lipschitz continuous. If c¢(t) is a constant function, namely c(t) = ¢
forall t € [0,400), then it is enough to assume that € < ¢ < ﬁ — €. For an arbitrary initial value
(x9,2%,9°%) € H x G x K, let (x,z,y) : [0,+00) — H x G x K be the unique strong global solution

of the dynamical system (4. 1). If one of the following assumptions is satisfied:
1. there exists « > 0 such that Mp(t) — %I € Pu(G) for every t € [0, 40)

2. there exists B > 0 such that B*B € Pg(G);
then for t — 4o, the trajectory (x(t),z(t),y(t)) converges weakly to a saddle point of L.

In the proof of the theorem, we will construct a Lyapunov function to show the conver-
gence of the trajectories. Lyapunov functions are used to gain knowledge about the stability of
dynamical systems. For deeper insight in the Lyapunov analysis, we refer the reader to [94]. In
the following, we will give the definition of the Lyapunov function. For this, we consider the
dynamical system of the form

u(t) € T'(t,u(t))

u(s) =u* e X
with X = H x G xK,s € [0,+00),u: [s,+00) = X and I defined as in Remark 4.9. Given s, u°
and u(t) such that (4. 24) holds, we write

S(t,s,u’) = u(t).

(4. 24)

It is clear by Theorem 4.15 that S(t, s, u°) is uniquely determined. We call
S:{(t,s) €[0,0)2:t>s} x X = X
the propagator associated to (4. 24).
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Definition 4.23. Let vy : [0, +00) — [0, +o0) and v; : [0, +00) — [0, +o0) be continuous, strictly
increasing functions such that v9(0) = 0 and v;(0) = 0, respectively. Let u* € X'. A strict Lya-
punov function of the dynamical system (4. 24) is a continuous function V : X x R — [0, +0),
which is

e strictly positive definite , i.e. it holds that V(u,t) > vo(||u — u*||) > 0 for all (u,t) €
H xR,

e decrescent, i.e. it holds that V(u,t) < vi(|ju —u*||) forall (u,t) € H X R,
and, furthermore, it holds that

T

V(u,t) := lim sug:)
=0+

is negative definite, i.e.,

= V(u,t) Z o(u—u|)) 2 0, (4.25)
where v : [0, +00) — [0, +0c0) is a continuous and positive definite function, i.e., v(0) = 0, and
v(s) > 0foralls > 0. If v : [0,400) — [0,400) is only continuous and positive semi-definite,
i.e., v(s) > 0forall s > 0 the Lyapunov function V(u, ) is said to be non-strict.

In the theorem above, we have a result which states the asymptotic convergence of the
trajectories generated by the dynamical system (4. 1) to a saddle point of the Lagrangian of the
problem (3. 5). To show this convergence, we will use a Lyapunov function V(x, z,y,t), which
is given by

V(x,z,y,t) =(20c(t) = AOAI?) 12 = 21 + [lx = 212y 0
+llz— Z*H?(t)Mz(t)Hz(t)B*B +ly—y'I%
which fulfills Definition 4.23: If ¢(t) is not constant, we have that
e(o+eAl?) < c(t)(20 —c(H]AIP) < (¢/]|AlI* — €)(20 — e[| A|I*) Yt € [0, +00).
So, we can choose, if ¢(t) is not constant,
vi(r) = ((o/||Al]* — €) (20 — e[| A[|*) + c(0) | M1 (0)[| + c(0) | M2(0)[| +¢*(0)[|B]|* + 1)

and, if ¢(t) is a constant function c(t) = c for all t € [0, +0c0), we choose

v1(r) = (20¢ — | A|* +¢|| M1 (0) | + c[|M2(0) || +c[|B|[* +1)r

Further, if assumption 1 of Theorem 4.22 is not fulfilled, we set & = 0, if assumption 2 is not
fulfilled, we set B = 0. Then, we can choose, if ¢(t) is not constant

oo(r) = (e(o + €| Al") + &+ p+1)r?
and, if c(t) is a constant function ¢(t) = c for all t € [0, +o0), we choose

vo(r) = ((20¢c — || A||*) +a + B+ 1)1



64 Chapter 4. Dynamical system of Proximal AMA

We have from inequality (4. 33), if L;, > 0 and Lj, > 0, from inequality (4. 39), if L;, = 0 and
Ly, > 0, from inequality (4. 40), if L, > 0 and L;, = 0, and from inequality (4. 41), if L, = 0
and L, = 0, that
4 ((200(t) = AONAIP) () = x>+ [|x(8) — x|
dt c(H)Mq (1)
+z(t) = 22y +2ps + Y1) —y*||2) <0,

which means that V (x, t) is negative semi-definite. So, we have that V(x,z,v,t) is a non-strict
Lyapunov function. Now, we proof Theorem 4.22.

Proof of Theorem 4.22. We need an appropriate energy functional in order to conclude. This
will be accomplished in (4. 33) below. Let (x*,z*,y*) € H x G x K be a saddle point of the
Lagrangian L. Then, it fulfills the system of the optimality conditions

A*y* — Vhy(x*) € 9f (x*)
B*y* — Vhy(z*) € 9g(z*)
Ax* + Bz* =b.

From (4. 3), we have for almost every t € [0, +0)
—Mi(H)x(t) + Ay(t) = Vin(x(t)) € 9f (x(t) + x(1)),
and, due to the strong monotonicity of df, which follows from Proposition 2.22 (ii), we have

(=M ()2 () + A" (y(t) —y*) = (VI (x(8)) = VI (x7)), 2(8) +x(8) —x7) = of|2(t) +x(¢) (:szé!;

In an analog way, according to (4. 4), we have for almost every ¢ € [0, +c0) |
—c(t)B*B(z(t) +z(t)) — Ma(t)(2(t)) + B y(t) — c(t)B*A(%(t) + x(t)) + c(t)B*b — Vha(z(t))
€ 9g(z(t) +z(1)),

and, by taking into account the monotonicity of dg, we have

(=e(t)B"B(2(t) +2(t)) — Ma(£) (2(t)) + B*(y(t) —y) — () B"A(E(t) + x(t)) + c(£) B"b
— (Vha(z(t)) — Vha(z%)),2(t) + z(t) — z*) > 0. (4. 27)

We use the optimality condition Ax* 4+ Bz* = b and the last equation of (4. 1) to obtain for
almost every t € [0, 4-o00)

(A% (y(0) = "), 208) + 2(8) = %)+ (B (y(8) — y°), 2(8) +2() — =°)
—(y(t) —y*, —A(x(t) + x(t)) + Ax* — B(2(t) +z(t)) + Bz")
= —{y(t) — ¥, ~AGH(E) + x(6)) ~ B(2(t) +2(1)) + b)
= WO =y 90 = 5 g v I (4. 29

Suppose that L, > 0 and L, > 0. Due to the Baillon-Haddad Theorem 2.20, we know that
the gradients of /1y and h; are L 1 and Ly 1_cocoercive, respectively, we have for almost every
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t €0, +00)

(=(Vh(x(t)) = Vi (x7)), %(8) + x() — x7)
= —(Vhi(x(t)) = Vi (x7), x(t) = x%) = (VI (x(t)) = VI (x7), 2(8))

< —Llhl\vm(xu)) = Vhi (x*)|* = (VR (x(t)) = Vhi(x*), %(t))

2 12
-2 (va(t» ~ Vhn(x) + ()| - nx<t>uz> (4. 29)
and, respectively
(= (Vha(z(t)) — Vha(z*)), 2(t) + z(t) — z*)
1 . Ly, . 2 Liz . 2
— I (' Vhy(z(t)) — Vho(z*) + 72(1‘) - 12| > : (4. 30)

If we sum (4. 26) and (4. 27) and take into account (4. 28), (4. 29), and (4. 30), we get for almost
every t € [0, +o0)

0 <(=My(B)%(E), #(£) + x(£) — x*) + (—c(£)B*B(2(t) + z(t)) — Ma(£) ((t))

= (1B AGHE) + (1)) + (DB, 2(0) +2() = 2") = 5 () — ' P

1 . L - 2 LZ] -
L ([ 9maz0)) = Vha(z) + Hes(e L, (1) |12 ot £t
L, H 2(2(8) = Vha(2") + 22(0) | = = 2017 | —oll<() +x() — 27|

(4. 31)
Furthermore, we have for almost every t € [0, +o0) (use also the last equality for i in (4. 1)):

(—c(t)B*B(2(t

~—

4 2() — c(H)B*A((t) + x(£)) + c(£)B*D, 2() + z(t) — 2*)
= (W(t), —c(t)B(2(t) +z(t) —z7))

|
|
‘ —

a
—~

—
~—

-

I906) 17 + 3B +2() = ") = 3150) + (OB +2() =)

‘ a
_
—
Nl—= N =

ly(B)1I* + %cz(f) [1B(z(t) —2*)|I* + | Bz(t)|1* + 2(2(t), B*B(z(t) — z"))]

—~

N|l— o

Ie(t)(6 — ALx(t) + (1)) ~ B=") P
=~y |30+ 520 [IB=() — B2+ B2+ 5 1B=(0) - B

le(t) (—A(x(t) + £(6)) + Ax*)HZ} ,
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Using the last equation, we obtain for almost every t € [0, +0c0)

(—c(t)B* B(z(t z(t)) — c(t)B* A( (t) + x(t)) +c(t)B*b, 2(t) + z(t) — z*) — o||x(t) + x(t) — x*|)?
[ (1P + 3620) [ IB=(6) = B=" | + B0+ 5 1B=(0) — B 1]

+ (et )HAH2—0> () + x(6) - x°|
1

S_

192 — gz — B2 - Wiy - L L ypar) - 22

c(t) 2 dt

+ { 5e

N
(9

DAL = ) (1) = 2+ IO + G lx(e) = ' ). 4.32)
We use Lemma 4.16 to observe that for almost every t € [0, +00), it holds

(— My (0)(0),5(1) + x(1) — )
= —E () By — (M (B5(8), () — x°)
(M (0(8), x(0) = x*) — 2 (2(8), My () (x(8) — )

(M (1) (1) = ), x(0) = x°) = 2 S e(t) = x* 3y

— ()2 )

= 12134, +

and

By inserting the last two identities and (4. 32) to (4. 31), we get for almost every t € [0, +0)

WO ~ GBI = (= SO1AR) () [+ B0

c(t . 1 d . d .
~ Bz - 5717~ 5 (2 — DA G () = 3" + G 1x(0) — x [y

1

+elt) 18200 = B2 2+ 1) = By + 25 35100 — ¥ 1) = 5O
VB (x(0) ), x(0) = ) ~ 20 By + 5 (Va0 (=(0) — ), 2(0) — =°)
2
- o | T = I + (o] + )P
1 2

Vha(a(t)) ~ Vhn(z") + 222(1) |+ 22 (1)
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Taking into account that

~ 5 (o= cOIAR) G1x(0) ~ I+ Gx(0) =y +<(0) 5 1B2(0) — B

+ g0 =2 By + 7 55100~ v'1P)

—— 5oqp (G (e~ EOIAPR ) = ') - e = 260 A x(D) ~ 7

+ SO0 2 By ) — () — 2By + S ((0)1B2(0) — B |P)

~26(t)e(0)[B2(0) — B+ 5 (=) = ) ~ OIz(0) = = [ + (0~ 1)

1 d

" 2c(b) dt ((206(0 = AOIAIP) () = 21+ 2(8) = 2 [Zeym, 1)

we obtain for almost every t € [0, +-00) that

sy i (2760 = ALY () = I+ () = g

H2t) = 2 Rignin s + 1¥(0) ~y°I1?) + 2((?) (2(c = (B Al |x(t) — x|
() = 2 By, + 268 [B2(t) = B + [2(8) = 2* Ry )

~ 5P = SPNBOI = (o= Je@IAIR) (x(0) — I + (01

— U B(e) — B2~ [1(0) By )+ 5 (M ((E) — x), x(6) — )

Oy + 5 V(D) —2),2(0) ~ %) — -

0< —

2

Vhi(x(t)) — Vhi(x*) + Lzhlx(t)

1
Ly

2
o) - 2 |Vhee) - V) + 2

L
+ @)1

2

Since ¢(t) < 0,0 < ¢(t) < HXH” if c(t) is not constant (if ¢(t) is constant we have ¢(t) = 0) and
(My(t)(x(t) — x*),x(t) — x*) < 0and (Ma(t)(z(t) — z*),z(t) — z*) < 0 (which follows easily
from Definition 4.1 and the decreasing property of M; and M>), we have for almost every
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€ [0,4+)

1d 2 2 * |12 * (12
0> 2 5 ((oe(t) = AOIAIR) () = 2P+ [x(5) = 2 [Zyan

+2() = 2 Iy anyc r2omes + 1w (E) =y I?)
eOIHOIE, |y +0) (0= 3eOAIR) O+ OO,

) pen L
2()+ BB T2

Mi(t)——H1
+ 3O+t (o= 5e1A1 ) 0) = 22+ 52 B2(0) - B
L 2 L 2
+ SO (x1) — Vi) + He() |+ | Thaa(t)) - () + Lz
1, 2 1., 2
Forc:=eandc:= \1247\2 — €, we have
0> 19 ((@oe(t) - AW AP 1x() - x'[F + x(8) - 2
= 2dt c(H)Mq (1)
Hl2(8) = 2 2 oy ez + Iy (H) = ¥ [1?)
NI 1L 2 2 NI 12
et e (o= 5704 ) O+, s+ 5190
1_ * L *
+c(o—— SelAI) () 2+ S 182(0) - 82"
L, 2 L 2
Vi (x(t)) = Vin(x") + SL(t) Vh(2(t)) = Vha(2%) + —224(1)
th 2 Lhz 2
(4. 33)
From Lemma 4.18, we have
5 tim_((20¢(t) — () AIP) [x(t) —x° 2 + () — 2 o
Hlz(t) = 2 R pyrecms + v —y'I1?) € R. (4. 34)

Let T > 0. If we integrate (4. 33) on the interval [0, T], we get

5 (@oe(T) = AT AP Ix(T) = 2|2 4+ 111(T) = gy

+2(T) = 2 2y erymen + 1(T) = v 1)
T
we [V IO, |, dere (o= gelal) [ClroPee [0, L,
1 T
+3 / r|y'<t>r|2dt+c(a—cuA||2) [N —xpar S [ uBz<t>—Bz*r|2dt
2 Jo 2 0 2 Jo
Ly,

N haz) + Vha(z) + 23(t)

2
dt

+ __
th

1 . *
< 5 ((20¢(0) = 2O AIP) Ixo = "2+ llx0 = ¥ 2,0

Vh1<x(t)> — Vhl(x*) + Lzhlx(t)H dt -+ Thz

+l120 = 2* 20y ayc0y 4205 + 10 = ¥°I17) -
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Letting T converge to +oo, we have
||x(.)|yid b e LY([0, +0),R), |l%(-)]|* € L'(]0, +0),R),

1)
-\ ||12

[E )||M2(‘)+#B*B_

y(-) € L*([0, +0), K),

x(-) —x* € L*([0,400),H), Bz(-) —Bz* € L*([0, +0), H).

b, € L([0,+9) R),
4
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(4. 35)
(4. 36)

(4. 37)
(4. 38)

In the case, when L;,, = 0 and L;, > 0, we have that V}; is constant and, instead of (4. 33), we

have for almost every t € [0, +c0)

1d 2 * (|2 * (|12
0> 5= ((oe(t) = AWOIAIP) x(E) = 24 () = x )00,
+||=(t) — Z*HE(t)Mz(t)HZ(t)B*B +[ly(t) - y*HZ)

1

. 5 _ 2 5 2 5 2
+CHX(t)HMl(t)+C<0'_2C||A|| ) [[() ] —}—gHZ(t)H Ma(t)+ <0 g2
e O'—ECHAH [[x(t) — x| +§HBZ(t>—BZ |

2

Vho(a(t)) - Via(z') + 222(1)

Lh

2

Similarly, in the case, when L;, > 0 and L, = 0, we get for almost every t € [0, +o0)

0= ;j ((ZUC( ) = WA (E) = 2|17+ 1 (t) = 210y a1, 1

Hlz(t) = 2 R pasyrecs + 9O = v'11?)

*Ily( )7

(4. 39)

5 2 - 2 . 2 . 2 2
LECOT L,,11+c<0—2cHAH ) £+ €ll2O)1R, ) ey + 5 1501

W=7

17 * gz *
+c<a— SEIAIR) Ix(0) — '[P + 5 Bt — 52" 2
2

Vi (x(1)) ~ Vin(x') + (o)

Lh

1

and in the case, when L;,, = 0 and L, = 0, we obtain for almost every t € [0, +)

1d 2 2 * (12 * (12
0> 5 < ((20e(t) = O AI) x(t) = 2P+ () = x* [ ypa

120 = 2 P aney s cnes + 1 = v IP)

) 1_ ) .
el () By + (a— 2CHA!!2> £+l g5+ 5 O

1_ a2, € .
+c<0— 26||A||2> [x(t) — x ||2+5||BZ(t) — Bz*||%.

(4. 40)

(4. 41)

By arguing as above, we obtain also in these three cases that (4. 34) and (4. 35)-(4. 38) hold.



70 Chapter 4. Dynamical system of Proximal AMA

We can easily see that, if assumptions 1. or 2. from the theorem hold true, then we have
z(-) € L?([0,+0),G). Further, taking into account the hypotheses concerning M;, M, and c,
we can easily derive from Lemma 4.17 that

%(-) € L*(]0,400),H) and 2(-) € L([0, +0),G).
It follows, for almost every ¢ € [0, +c0)

%llﬁ'f(t)ll2 = 2(x(t), 2(1)) < (|2(®)]* + [2(D1)

and the right-hand side is a function in L!(]0, +0),R). By Lemma 4.19, we have

tgrfmx(t) =0. (4. 42)
Analogously, we get that
tETmz(t) =0 tETw(x(t) —x*) =0and tETm(Bz(t) — Bz") =0. (4. 43)

Because of

lim (1t)y(t) — Tim (b— A(x(t) + £(£)) — B(z(t) + 2(£))) = b — Ax* — Bz*

t—-+oo C t——+oco
and the optimality condition Ax* + Bz* = b, we have

lim y(t) = 0. (4. 44)

t—+oo

In the following, let us prove that each weak sequential cluster point of (x(t),z(t),y(t)),
t € [0, +00) is a saddle point of L (notice that the trajectories are bounded according to (4. 34)).
Let (x*,Z,7) be such a weak sequential cluster point. So according to Proposition 2.1 there
exists a sequence (s, )n>0 with s, — +oco such that (x(s,),z(sn),y(sn)) converges to (x*,z,¥) as
n — 400 in the weak topology of H x G x K (notice that the trajectory x(t) converges to x*
strongly).

From (4. 3), we have for all n € [0, +0)

—Mi(sn)x(sn) + A%y(sn) = Vhi(x(su)) € 9f(¥(sn) + x(s0))-

Since (Mi(sn))n>0 is bounded, Vh; is continuous, (y(su))n>0 converges weakly to 7,

lim %(t) =0and lim x(t) = x*, it follows from Proposition 2.7(i)
f—+oo t—+o0

A"y — Vhy(x*) € of (x7).
From (4. 4), we obtain for every n > 0
B*y(sn) — Ma(sn)Z(sn) +B*y(sn) — Vha(z(sn)) + Vha(Z(sn) +2(sn)) € 9(g+h2)(2(sn) +2(5n)),
which is equivalent to

Z(sn) +2(sn) € (g +h2)" (B*(y(sn) +y(sn)) — Ma(sn)2(sn) — Vha(2(sn)) + Vha(2(sn) +2(sn)))-
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By denoting for all n > 0

On = 2(Sn) + 2(Sn), Un 1= Y(su) + y(su)
Wy = —Mo(sy)z(sn) — Vha(z(sy)) + Vho(2(sy) + 2(sy)),
we obtain
vy € (g + ho)*(B*uy + wy).

Since Vhj is Lipschitz continuous, we get
Vhy(2(sn) +2(sn)) — Vha(z(sy)) = 0 (n — +o0).

According to this fact, (4. 42), (4. 43), and (4. 44), we have v, — z, u, — v, Bv, — Bz = Bz*
and w, — 0 as n — +oco. Due to the monotonicity of the subdifferential, we have for all (u,v)
in the graph of 9(¢g + h)* and for alln > 0

(v — v, B uy +w, —u) >0,
which is the same according to Proposition 2.2 as
(Bvy, — Bu,uy) + (vy — v, w, —uy > 0.
We let n — +o0 and obtain
(Bz— Bvu,j) + (z—v,—u) >0,
which is equivalent to
(z—19v,B*y—u) >0 Y(u,v) in the graph of d(g + hy)*.

The maximal monotonicity of the convex subdifferential of d(g + h2)* ensures that
z € 9(g + hy)*(B*Yy), which is equivalent to B*y € 9(g + h2)(z). So we have B*y — Vhy(z) €
0g¢(z). From (4. 1) and (4. 44) we have

b— A(x(sn) +x(sn)) — B(z(sn) + z(sn)) = C(;)y'(sn) —0 (n— o)

and so it follows that AxX + Bz = b. In conclusion, (x*,Z,7) is a saddle point of the Lagrangian
L.

In the following, we show that (x(t),z(t),y(t)), t € [0, +0c0) converges weakly. So, we con-
sider two sequential cluster points (x*,z1,y1) and (x*, z2, y2). Consequently, there exists (k; ) ;>0
and (I,;)u>0 such that the subsequence (x(k,),z(k,),y(k,)) converges weakly to (x*,z1,11) as
n — +ooand (x(1,),z(1y),y(l,)) converges weakly to (x*,z2,2) as n — +oo, respectively. As
seen before, (x*,z1,y1) and (x*, z2,y2) are both saddle points of the Lagrangian L. From (4. 34),
which is fulfilled for every saddle point of the Lagrangian L, we obtain

3 lim <||z(t) - ZlHS(t)Mz(t)Hz(t)B*B — |lz(t) — ZZ||?(t)M2(t)+c2(t)B*B

t—-+oo
+Hy(®) —yl* = lly(t) — v2|*) = T. (4. 45)

For t € [0, +0), we have
1z(¢) — Zl||3(t)M2(t)+CZ(t)B*B — llz(t) — ZZHS(t)MZ(t)-&-cZ(t)B*B +y(#) = yl? = [ly(t) — v ?
= [lz2 - Zl||?(t)M2(t)+c2(t)B*B +2(2(t) — 22,22 — 21) ()42 BeB + ly2 — vl

+(y(t) —y2, 92 — 1)
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Since c(t)Ma(t) + c*(t)B*B is monotonically decreasing and positive definite, there exists, ac-

cording to Lemma 4.21, a positive definite operator M such that c(t) M (t) + c*(t) B* B converges

to M in the strong topology as t — +co. Furthermore, let ¢ := tlirJP c(t) > 0. Taking the limits
— 100

in (4. 45) along the subsequences (ky,),>0 and (I,),>0, it yields

I

T=—|zz—zl}— llv2—wnill> = llzz — z1llis + lv2 — 1 lI%

so that
lz2 = z1 )3 + ly2 — walI* = 0.

It follows that zy = z and y; = y». In consequence, (x(t),z(t),y(t)) converges weakly to a
saddle point of the Lagrangian L.
O

In the following corollary, we set for every ¢ € [0, 4+c0)
1
()

where 7(t) > 0 and 7(t)c(t)||B||* < 1, like in Remark 4.8. Then, we get the following conver-
gence result for the trajectory (x(t),z(t),y(t)) of the dynamical system (4. 5) as a special case of
Theorem 4.22:

Mi(t) =0 and Ma(t) = ——Id —c(t)B*B,

Corollary 4.24. In the context of optimization problem (3. 5), suppose that the set of saddle points
of the Lagrangian L is nonempty, the map T : [0,4+00) — (0, +00) is locally absolutely continuous,

monotonically increasing, and fulfills sup,, % < oco. Furthermore, we assume that for an € > 0 the
map
c:[0,+00) — [e a—e}
o CllAl?
is monotonically decreasing and Lipschitz continuous. If ¢(t) is a constant function, namely c(t) = ¢

forall t € [0,400), then its enough to assume that € < ¢ < Hiﬁ —¢. Let

ctyetB)? < 1- 01, —epp < 2 4. 46

for almost all t € [0,+00). For an arbitrary initial value (xo,zo,yo) € HxGxIK, let
(x,z,y) : [0,400) = H x G x K be the unique strong global solution of the dynamical system (4. 5).
If one of the following assumptions is satisfied:

1. c(t)T(t)||B|? < 1—Z2L,, forall t € [0,+c0)
2. there exists B > 0 such that B*B € Pg(G);
then for t — oo the trajectory (x(t),z(t),y(t)) converges weakly to a saddle point of L.

Remark 4.25. An appropriate choice for 7(t) to fulfill the assumptions (4. 46) is, for example,

T(t) = C(”—t), where 0 < a < W. That’s how we set it in Example 4.10.

If 1 =0and hy = 0, and M; (t) = 0 and M;(t) = 0 for all t > 0, then the dynamical system
(4. 1) becomes a continuous version of the AMA method proposed by Tseng in [110] which can
be written as
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(%(t) + x(t) = argmin, ., {f(x) — (y(t), Ax(£))}
2(t) +2(t) € argmin, {g(z) — (y(t), Bz) + L[ A(x(t) + %(t)) + Bz — b]|?}
y(t) = c(t) (b— A(x(t) + 2(t)) — B(z(t) + (1))

L x(0) =x% € H,z(0) =2 € G,y(0) =y° € K,

where ¢(t) > 0 for all t € [0, +00).

According to Theorem 4.22 (for L, = Lj, = 0), the generated trajectories converge weakly
to a saddle point of the Lagrangian, if we choose the map c(t) as in this theorem and if there
exists B > 0 such that B*B € Pg(G).






Chapter 5

Stochastic incremental mirror descent
algorithms with Nesterov smoothing

This chapter is based on the paper [30] and the preprint [31].

The original mirror descent method was introduced by Nemirovski in [90] (see also [91])
as a non-Euclidean extension of the subgradient method for solving unconstrained convex op-
timization problems. Since then, it has been subject to various developments and employ-
ment in different areas (such as machine learning [80, 78, 101, 71], signal and image processing
[5,72,22,26], location research [104, 108, 105], network optimization [74], system identification
[33, 58], optimal control [85]), enjoying an increasing popularity. Over these four decades, it
was noticed that it is strongly connected to other iterative methods for solving various classes
of optimization problems, such as FTRL (follow the regularized leader) [82], proximal gradient
[118], conditional gradient [15, 96], AdaBoost [62], or dual averaging (also called lazy mirror
descent) [75], being seen as a generalization of the proximal point algorithm with a nonlinear
distance function (that could be a Bregman type one or, for instance, the Fenchel coupling
[116, 117]) and an optimal stepsize (see [79]) and as a dual approach to gradient descent (see
[4]). Due to their convergence properties, mirror descent algorithms proved to be especially
suitable for large-scale optimization problems. In [67], two main streams of current work on
mirror descent methods are identified, namely accelerating deterministic mirror descent (see,
for instance, [104, 70, 4, 72]) and stochastic mirror descent with access to noised gradient oracle
(like in [5, 58, 108, 80, 83, 67, 116, 117, 86, 33]).

Mirror descent type algorithms are usually employed for minimizing a single function.
However, in works such as [35, 15, 96, 72, 78, 59, 58, 57, 108, 67, 70, 81, 114, 26], these methods
were used for minimizing sums of (convex) functions by considering splitting techniques. This
approach is used to solve problems arising in various applications from fields like machine
learning or imaging. A specific feature of mirror descent type algorithms is that the conver-
gence statements are provided in terms of values of objective functions. However, in papers
like [57, 104, 106, 86, 114], the convergence of the generated iterative sequence is also investi-
gated.

In this chapter, we propose a stochastic incremental mirror descent algorithm with Nes-
terov smoothing to minimize a sum of finitely many proper, convex and lower semicontinuous
functions over a given nonempty closed convex set in an Euclidean space. We employ smooth
approximations (via the Nesterov smoothing from [87]) of the involved functions. To the best
of our knowledge, smoothing methods for the involved functions have been considered in
connection to mirror descent algorithms only in [71, 72] (see also [62] for objective functions
somewhat similar to the ones considered in our work), in contexts only vaguely related to
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our study. Then, we show that the algorithm can be modified in order to minimize over a
given nonempty closed convex set in an Euclidean space a sum of finitely many proper, con-
vex and lower semicontinuous functions composed with linear operators mapping between
two Euclidean spaces. Adding to the sum a further proper, convex and lower semicontinu-
ous function that is prox-friendly requires modifications to the previously mentioned method.
The resulting algorithm becomes a stochastic incremental mirror descent Bregman-proximal
scheme with Nesterov smoothing, which is further modified in order to minimize the sum
over a given nonempty closed convex set in an Euclidean space of finitely many proper, con-
vex and lower semicontinuous functions composed with linear operators, and the mentioned
prox-friendly proper, convex and lower semicontinuous function. Different to the previous
contributions from the literature on designing mirror descent methods for minimizing sums of
functions mentioned above (in particular [35, 72, 78, 59, 57, 67, 70]), the functions we consider
need not be (Lipschitz) continuous or differentiable. Moreover, our approach does not require
knowledge of the Lipschitz constants or the subgradients of the involved functions, which can
sometimes be computationally expensive to determine. Additionally, we show that our meth-
ods can be easily combined with the ones proposed in [35], on which we base our study. In
[36], one can find a variable smoothing approach to minimize convex optimization problems
with stochastic gradients, so that large scale problems can be addressed, where, different to our
work, the Moreau-envelope, a special case of Nesterov smoothing, is used. In order to illus-
trate our theoretical achievements, we consider applications in logistics (location optimization),
medical imaging (tomography), and machine learning (Support Vector Machines) modeled as
optimization problems that are iteratively solved via the algorithms we propose in this work.

The mirror descent algorithm , on which we build our study, was considered in [88], called
dual averaging. It addresses the problem of minimizing a proper and convex function f : R" —
R over a nonempty, convex and closed set C C R”, involving a proper, lower semicontinuous
and o-strongly convex function (where ¢ > 0) H : R" — R such that C = cl(dom H) and
Im VH* is a subset of the interior of the domain of f. The iterative scheme is as follows (where
X lies in the interior of the domain of f, yo € R" and t; > 0, k > 0, are positive stepsizes)

/
Vk>0) 4 Vet =Yk~ bf (xx),
(vk20) { Xkp1 = VH* (Yis1),

where f'(x) is a subgradient of f at x;. As noted in [35], this scheme generalizes the classical
subgradient method and is close to the subgradient projection algorithm.

5.1 A stochastic incremental mirror descent algorithm with Nesterov
smoothing

Problem 5.1. We consider the convex optimization problem

min{ 3 f,(x)} , 6.1
i=1

xeC

where C C R" is a nonempty, convex and closed set and foralli = 1,...,m,(m € N) f; : R" - R
fulfills
filx) = maux{<Az-x,u> —¢i(u)}, x € dom f;, (5.2

uel;

where U; C RP is compact and convex, A; : R" — RP is linear and ¢; : RP — R a proper, lower
semicontinuous and convex function. We assume that C N (N}, dom f;) # @.
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Furthermore, let H : R" — R be a proper, lower semicontinuous and o-strongly convex function (for
o > 0) such that C = cl(dom H) and Im VH* C N, dom f;.

Due to the fact that H is a proper, lower semicontinuous and o-strongly convex function,
its conjugate function H* is Fréchet differentiable and its gradient VH* is o-cocoercive and VH*
is (1/0)-Lipschitz continuous. In the algorithms we propose in this chapter, we have the map
V H* as mirror map , which is induced by the function H. This map mirrors each iterate onto
the feasible set C. So we can choose H(x) = 3||x||?, for x € C and H(x) = oo, otherwise, to
obtain for the mirror map VH* the orthogonal projection onto C. When C = IR”, the map VH*
reduces to the identity operator. However, one can choose other mirror maps depending and
taking advantage on the structure of C and the considered optimization problem. For further
examples of mirror maps for corresponding sets C, please refer to the applications presented in

section 5.4.

Remark 5.2. The construction (5. 2) guarantees that the functions f;, i = 1,...,m, are proper,
convex and lower semicontinuous. From the Fenchel-Moreau-Theorem (see Proposition 2.9
(ii)), it follows that for every proper, lower semicontinuous and convex function f : R? — R,
one has
foA() = sup {(A,u)—f*(u)},
ucdom f*

where A : R" — IR” is a linear operator. A maximum, as in (5. 2), can be guaranteed, for in-
stance, when dom f* is bounded. This is fulfilled, for example, when f is Lipschitz continuous,
while the opposite implication is not known to hold. For deeper insights and examples of this
construction, we refer the reader to [87, 89]. Moreover, in works such as [7, 115, 25], this ap-
proach is employed to design algorithms for solving various classes of optimization problems,
some of which stemming from concrete applications.

To minimize the sum of the nonsmooth convex functions f; (i = 1,...,m) in Problem 5.1,
at first we approximate them by smooth functions. For this, we use the Nesterov smoothing
technique (see [87], also employed in works like [109, 7, 99, 115]). We choose to employ a
mirror descent type technique due to the known qualities of these methods, the suitability of
the considered functions to our approach, and the fact that in many applications only certain
convergence properties of the values of the objective function, best obtained via mirror descent,
are relevant.

Definition 5.3. Fori = 1,...,m, a function by, : R? — R is called prox-function of the compact
set U; C R?, if U; C dom(by,) and if by, is continuous and p-strongly convex over the set U;
(B > 0). Its prox-center is denoted by uj = argmin, ., by, (u) and its prox-diameter by

Dy, = sup,eyy, bu; ().

Without loss of generality, we set in the following f = 1 and assume that foralli =1,...,m,

by, (u§) = 0 and therefore by, (1) > 0 for all u € U.
Next, we approximate the functions f; (i = 1,...,m) by the smooth functions f; : R" — R
£ (x) = max{{Aix, u) — ¢i(u) = 7bu ()}, (5.3)

where v > 0 is the smoothing parameter. This procedure originates from [87] (see also [89]) and
is called Nesterov smoothing. We define

u] (x) = argmax{(A;x, u) — ¢;(u) — yby,(u)}.

uel;
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Furthermore, it holds
f1(x) < fi(x) < f(x) + 7Dy, Vx € dom f;. (5.4)

Lemma 5.4. The functions f.',i = 1,...,m, defined as above, are well defined, convex and continuously
differentiable at every x € U;. Furthermore, Vf = Aju] which is || A;||?/~y-Lipschitz continuous,
and it holds

IVA (N7 < 2/l A4i]1*(2Dy, + Ju]|*)  ¥x € R,

Proof. For the first part of the proof see [87, Theorem 1], where the continuity and finiteness of
fi,i=1,...,m, imposed in the hypothesis, were not employed. It remains only the inequality
to be shown.

Fori e {1,...,m},and x € R" it holds

IV < AP Gl < A (2l (x) — w1 +20Juf|1?)
Due to the 1-strong convexity of by, and the inequality (2. 1), we have
] () = uf|[* < 2bu (] (x)) — 2bu, (uf) — 2V by, () (u] (x) — uf)

and, taking into consideration, that by, (1§ ) = 0 and that Vbul.(uf) = 0, it follows from this
inequality that
] (x) = uf||* < 26y, (u] (x)) < 2Dy,

Hence
IV £ ()17 < 2| Ail|*(2Dy, + I|ug|1?).

O]

Remark 5.5. Notice that fori = 1,...,m, g : RP - R, ¢; = ¢},by, = (1/2)] - ||> and U; =
dom g} is compact and convex for a v > 0, the function

£ (x) = (D7) - 1) (Aix)
is the Moreau-envelope of g; o A; and
V£ (x) = (1/7)A7 (Arx — Proxyg, (Aix)),

Vx € R". In this case u; = 0.

Remark 5.6. Other smoothing methods, such as the general one presented in [25], could also
be employed in the framework we consider in this chapter, as long as they guarantee the last
result from Lemma 5.4. This lemma states that the norms of the gradients of the smooth ap-
proximations of the considered functions are bounded.

For the convergence analysis of the following algorithms, we use two measures of distance
in the sense of Bregman.

Definition 5.7. Let H : R” — R be a proper and convex function. The Bregman-distance-like
function of H is denoted as

dy:R"xdomH xR" - R, dy(x,y,z):=H(x)—H(y) — (z,x — y).

Due to the subgradient inequality, it holds that dg(x,y,z) > 0 for every
(x,y) € R" x dom H and all z € 90H(y).
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Definition 5.8. The Bregman distance associated to a proper and convex function H : R” — R
fulfilling dom VH := {x € R" : H is differentiable at x} # @ is defined as

Dy :R"xdomVH — R, Dg(x,y):=H(x)—H(y)— (VH(y),x —y),

which was introduced by Bregman in 1967 (see [43]). The following algorithm relies on
the stochastic incremental mirror descent approach of [35, Algorithm 3.2], but instead of using
subgradients of the functions f;, we smooth them by the Nesterov smoothing approach (5. 3)
and employ the gradients of the smooth functions, provided by Lemma 5.4. We choose the
smoothing parameters 7y = gtk, where t; is the step size, o is the strongly convex parameter of
H,and é > 0is a constant parameter .

Algorithm 5.9

Choose xp € ﬂ dom f; N C, y;,—1 € R", the parameter § > 0 and the stepsizes t, > 0, k > 0:
forallk >0 do

Yo = X

Yok ‘= Ymk—1

foralli:=1,...,m do
Yik :=Yi1k — €zk,, Vftko/a(% 1k)
Yix = VH*(yix)

end for

X1 '= Yk

end for,

where €, € {0,1} is a random variable independent of ; 1y and P(e;x = 1) = p; for all
1<i<mandk>0.

Remark 5.10. The hypothesis Im VH* C N ; dom f; guarantees that the sequence {xy }; gener-
ated by Algorithm 5.9 contains only elements that lie in the intersection of the domains of the
functions f;,i=1,...,m.

Theorem 5.11. For Problem 5.1, let the sequence { xy } generated by Algorithm 5.9. Then for all N > 1
and y € R", it holds

E <0<rkrylrvl 12/‘1 xi) lif(ﬁ)
A1y, Xo,yon) + 1 (5 $° Dy +2 (z | Adll/2Du + ] |2) ((

ka

L) )
=i k
=1 i k=0

<

Proof. Arguing as in in the proof of [35, Theorem 3.3] and replacing the estimates
1 (9012 < L2 with [V £/ 2 < 2| A,|2(2Dy, + [[u]2), we arrive at

i=1

E(du (Y, P Ymr)) < E(dr(y, x6 yox)) + HE (iff"”"(y) ~ iﬁk“%m)
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2 1
1, moq\? m o]
+-— tk ( Yo llA; H\/4Du +2HUCHZ)> (Z 2> —E (Z de(llJi,k,l/Jz'Lk,]/il,k))
i=1 i=1

i=1 Pi

+E (fk i(fitk(s/g(xk) FE1 (i 1k))> (5. 5)
i—1

which is a modification of [(6),[35]].
We have for every k > 0

—_

77 (pimap) — £ (i)

ngE

(ﬁtk(s/v(xk) ftk5/0(¢z 1)) S
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Using Lemma 5.4, we obtain from the inequality above for every k > 0
i—1

Y Aill\/4Du, +2[[us 121916 — Pl

=2 j=1

m
1ALl \/4Du, + 2]l |12 ) i1 — Pil-
i=2

Ms

Y (A () — £ (1) <

i=1

VAN
NgE

N
I
_

Furthermore, using the Lipschitz continuity of VH", it yields for every 2 < i < m and for every
k>0

lic1e — Wikl = IVH* (yi—14) — VH* (yix)[| < (;Hyi—l,k — ikl = - €i,kﬁvﬁtk5/g(¢i—1,k)

Inserting the last inequality in the inequality above, we obtain for every k > 0

m m m
) 5 1
YA () = 7 (im0) < S Y ANl 4Dy, + 20l )
i=1 =1 i=2
1 < cl|2 elk 2
i) 1A/ 4D, +2[1us] 2 /Al /4Dy, + 2] 2
=1 i=1

tr b
€z‘,kfvfitk (i)
l

IN

So, for every k > 0 it holds

3

E (th(ftk"/ 7 (k) — £ (i k)>>

i=1

1 i €ik
1 (Z lAdlly/4Dy, +2Huﬂl2)> E ( Ayl /4Dy, + 21t \2>
I=1
2
1 m
S (ZHAZ'H\/ALDU,-HH%HZ) : (5.6)
i=1

IA

IN
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Inequality (5. 4) yields for every k > 0

tE (iff”s/”(y) - iffké/”(xk)> < K <1E (iﬁ(y) - iﬂ(n)) + % iDul) . (5.7
i=1 i=1 i=1 i

i=1
Combining (5. 5) with (5. 6) and (5. 7) gives for every k > 0

Edu (Y, $mir Ymx))

< E(dy(y, Xt Yox)) +tk< (Zfz Z )>+tk052Dui)
i=1

i=1

o1 iy |
*fk <Z | Aill \/4Du; + 2[ug |2> <Z 2) —E (Z ZdH(l/Ji,k,l/Jil,k,yiLk))
:1 i i=1
1 2 L cl|2
+ 22 (Y14 /2Dy + 21 )
-1

Because Yk = X1, Ymk = Yok+1 and du (i, Yi-16 Yi-1k) = 0as yi—1x € OH(i-1x), it holds
for every k > 0

i=1 i=1

n(ZHA!lJm) (( 2)%+1>. (5.8)

Summing up the inequality from k = 0 to N — 1, where N > 1, we obtain

E(dn (Y, Xkr1,Yok+1)) <E(du(y, xx, yox)) + tE (ifz - fil ) *fk ZDU

Z tIE <Efz Xx) E )) + E(du(y, xn, yon))

5 m N-1
< E(du(y, x0,¥00)) + v Z Dy, Z t

(ZIIA Wm) (( n)é“) I:;:t%.

Since di (v, xn, yo,n) > 0, as yon € 0H(xn), we get
E (0553151 121’1 i) IZIf(y)>
du(y, x0,y00) + (5 Y. Dy, +2 (Z | Aill\/2Du, + ||u] |2> ((

ka

[yl

1 N=t,
i k=0

<
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In the following corollary, we give the optimal stepsize choice for Algorithm 5.9, which
follows from [23, Proposition 4.1].

Corollary 5.12. Let x* € dom H be an optimal solution to (5. 1) and a constant 5 > 0. Then, the
optimal stepsize for the algorithm above is given by

odp(x*, X0, Yo,0) 1
m Vk
5 2 Dy. +2 (2 | Aill\/2Dy; + ||us y2> <<;1plz) +1>

which yields for every N > 1

Vk >0,

t =

SIS IR )
a1 (x", %0, Yo) (52Du+2<ZHAH\/2Du+Hu \2) ((zp) +1)> )

ik

Let us consider now the following optimization problem consisting in minimizing a sum
of functions fulfilling (5. 2) composed with linear operators. Such problems can be seen both
as special cases and generalizations of Problem 5.1, as mentioned in remark 5.2. Taking this
remark into consideration, the maximum in the construction (5. 2) only needs to be attained in
the case of such compositions when the involved functions are proper, convex and semicon-
tinuous, and the operators are linear. In this case, we say that they fulfill the property (5.2').
Unlike the construction proposed in [35], our approach is flexible enough to allow modifying
Algorithm 5.9 in order to solve such problems as well.

<

Problem 5.13. We consider the convex optimization problem

mm{Zszx } (5.9)

xeC

where C C R" is a nonempty, convex and closed set, f; : RP — R,i=1,...,m, are proper, convex
and semicontiuous functions, and A; : R" — R are linear operators such that (5.2') holds for them,
and C N (N, dom(fi 0 A;)) # @.

Fori =1,...,m, we smooth the functions f; o A; via the Moreau envelope, which is a special
case of Nesterov smoothing as mentioned above. This results in

(f" 0 An)(x) = (AOA/27)II - [1*) (Aix)
with the gradients
V(foAi)(x) = (1/7)A; (Aix — Prox, s, (Aix))

for all x € R", where v > 0.
Then, we obtain the following mirror descent proximal point algorithm.
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Algorithm 5.14

Choose xg € ﬂ dom(fio A;) NC, ¥y —1 € R", the parameter § > 0, and the stepsizes t; > 0,

i=1

k>0:
forall k > 0do
Yo = Xk
Yok ‘= Ymk—1
foralli:=1,...,mdo
Yik ' =VYi-1k — €1k5p (A Yio1k — Prox, s ¢ (AilPi—l,k))
Yix = VH*(yix)
end for
X1 = Yk
end for,

where €;; € {0,1} is a random variable independent of ¢;_; ; and P(e;x = 1) = p; for all
1<i<mandk>0.

Because this algorithm is derived from Algorithm 5.9, the convergence result of Theorem
5.11 is also valid, where Dy; = Daomf; = SUpP,cgom - llul/? and [|u|| = 0:

Theorem 5.15. For Problem 5.13, let the sequence {x; }, generated by Algorithm 5.14 and a constant
0 >0,k >0. Then forall N > 1and y € R", it holds

E(mN 1Efz 4w = LS, <y>)

m m m N—-1
di(y, %o, L5 Y Dyom: 4< A Dom*> ( 12> 1 2
(Y, o y0'0)+‘7< El domf; g” H\/Tf ( El P kgo G

N—1
tx
k=0

<

So, the optimal stepsize choice for Algorithm 5.14 is given by the following corollary:

Corollary 5.16. Let x* € dom H be an optimal solution to (5. 9) and a constant 6 > 0, k > 0. Then,
the optimal stepsize for Algorithm 5.14 above is given by

odn (x*, X0, Y0,) 1
moo\z vk
52Ddomf*+4<2 ||A||\/Ddomf*> ((Z’l]ﬂlz> +1>
i=1 i=1 i i

which yields for every N > 1

tk =

o, S - Lsa)

Joe g (o) (82) )
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Remark 5.17. The difference between Algorithm 5.9 and its counterpart in [35, Algorithm 2.2] is
that we do not need to know the Lipschitz constants or the subgradients of the functions f; (i =
1,...,m), which sometimes can be computationally expensive to determine (cf. [3, 46, 64, 95]).
Instead, our approach relies on their proximal point mappings (in particular for its special case
Algorithm 5.14). For many functions, including those commonly encountered in applications
in fields like image deblurring and denoising or machine learning, these mappings are already
known. A further advantage of our method is that we do not need to impose the Lipschitz
continuity of the gradients of the objective functions, as the gradients of their Nesterov smooth
approximations satisfy this hypothesis by construction. Instead, we ask the weaker condition
of closedness of the domains of their conjugates. Note also that, by employing the parameter
0 > 0, k > 0, Algorithm 5.9 presents additional flexibility in comparison to its mentioned
counterpart.

Remark 5.18. Moreover, assuming Lipschitz continuity for the functions f;, i = 1,...,m, does
not make Algorithm 5.9 collapse to [35, Algorithm 3.2]. Similarly, the assertion of Theorem 5.11
does not rediscover its counterpart [35, Theorem 3.3] due to the distinct constructions. This has
motivated us to include in our study the results in Section 5.3, where we present combinations
of these algorithms.

5.2 Incremental mirror descent Bregman-prox-scheme with Nesterov
smoothing

In this section, we consider an extension of the optimization problem (5. 1) by adding another
nonsmooth function to its objective function. The iterative scheme we propose for solving is an
extension of Algorithm 5.9. But instead of smoothing the new function, we evaluate it using
a proximal step of Bregman type. For this, we require additional differentiability assumptions
on the function that induces the mirror map.

Problem 5.19. We consider the convex optimization problem

min {ifi(x) " g(x)} , 5. 10)

where C C R" is a nonempty, convex and closed set. For i = 1,...,m, the functions f; : R" — R are
defined like in Problem 5.1 and ¢ : R" — R is a proper, convex and lower semicontinuous function such
that CN (N, dom f; Ndomg) # @. Furthermore, let H : R" — R be a proper, lower semicontinu-
ous and o-strongly convex function (for o > 0) such that C = cl(dom H), let H be continuously dif-
ferentiable on int(dom H), Im VH* C (N, dom f;) Nint(dom H) and int(dom H) Ndom g # @.

Definition 5.20. Let 1 : R” — R be a proper, convex and lower semicontinuous function. The
Bregman-proximal operator of h with respect to the proper, lower semicontinuous and o-strongly
convex function H is defined as

Prox!’ : dom VH — R”, Prox(x) := argmin{h(u) + Dg(u,x)}.

uelR"

Because H is o-strongly convex, the Bregman-proximal operator is well defined. For
H = (1/2)]| - || the Bregman-proximal operator is the classical proximity operator.
We propose the following algorithm for solving the optimization problem (5. 10).
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Algorithm 5.21
Choose xg € Im VH* N C, the parameter § > 0 and the stepsizes t; > 0, k > 0:
forall k > 0do

Yox = Xk
foralli:=1,...,mdo

g = VH (VH(¢i 14) — €2V (i 14))

end for
Xgr1 = Proxgg(tpm,k)
end for,

where €;; € {0,1} is a random variable independent of ¢;_;; and P(e;x = 1) = p; for all
1<i<mandk>0.

Remark 5.22. Note that when ¢ = 0, Algorithm 5.21 corresponds essentialy to Algorithm 5.9.
But even for this case, the constants obtained in the convergence result given below and in
Theorem 5.11 are not the same, due to the construction of the algorithms (note, for instance,
that Algorithm 5.9 requires an additional starting point) and therefore there are some main
differences in the proofs.

Theorem 5.23. Let the sequence {xy }, generated by Algorithm 5.21 and a constant 6 > 0. Then for all
N > 1andall y € R", one has

]E(OJ{IEIIV\l(EﬂﬂLg) Xki1) <Zfz+g) >
m N—-1
Din(y, %0) + (mw(zrmnm> ((2%) *2 +m>>2

Z tk
k=0

<

Proof. When y ¢ Ni", dom f; Ndomg, the assertion follows automatically, so we will now
consider the case when y € N" ; dom f; N dom g. We start the proof with inequalities (5. 5) and
(5. 6) from Theorem 5.11 and use instead of the Bregman distance like functions the Bregman
distance to obtain

i=1

E(Du(Y, $mxr)) < E(Du(y, xx)) + HE (iff/m"(y) - iff/”"(xk)>

1
2

1, (& 21
-k ;|\AiH\/4Du,-+2H”fH2 Z%?
1= 1= 1

Like in [(12),[35]] we get for every k > 0

+ 1) —E (Z %DH(llJi,kr lPi1,k)> . (5.11)
i-1

HIE((g (k1) = &(Y))) + E(Du(y, Xi11)) < B(Du(Y, ¥mir)) — B(Du (X1, Yumi))-  6.12)
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By combining (5. 11) and (5. 12), we obtain for every k > 0,

HE((g(xkr1) — 8(y))) + (E (iff/‘”k Zf(””k ) E(Dx(y, xi:1))

E(Dn(y, %) + 8 (irmWW) ((Z;) +1>

— IE(DH<X]<+1/ lpm,k)) -

NI —

Il
—_

E(Dy ($ix Yi—1))-

We add and subtract fE(Y1" ff/m" (xk41)) to get

tyIE ((iff/m +8> Xkt1) (Zfa/atk +8> (y))
i=1

+HE (iff/‘”k Zf 7 (x ) +E(Du(y, xk41))

E(D(y, xt)) *tk (ZHA [11/4Duy; + 2|[uf !2> (( 7 >2+1)
i=1ri

m

— E(DH (Xk41, Ymp)) — Y

—

E(Du (i Pi—1k))-

N —

~

Due to the differentiability and convexity of ff/ " fori=1,...,mand forall k > 0, along with
Lemma 5.4, it follows that
|2k — xk+1”>

—hE <ifi5/mk(xk+1) - ifi(s/atk(xk)> > —HE (
i=1 i=1

m
Z K (Z 1 Aill /4D, + 2| ||| 0 — xk+1||>
i=1
m
> —ti y || Aill /4Dy, + 2/[uf[I2E (Jlxe — 1))
i=1

(5. 13)

U
Z Vfi (%k11)

i=1

and from (5. 4), we have that

e{(gros (Eoo) 0]

m
— ti ) 1 Aill\/4Du, +2[|[uf|2E (|| — i1 [l) +E(Da(y, xe41))
i=1
2
E(Du(y, xx)) *fk (ZHA [1/4Duy; + 2||ug !2> (( p) +1)
i=1Fi

— E(DH (X1, Ymp)) — Y %]E(DH(wi,k/ Wic1k))- (5. 14)
=1
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By the triangle inequality, we get for every k > 0

m
te Y | Aill\/4Du; + 2|[u¢ 2B ([|xx — x4 )
i=1
m m
< ti ) [ Aill\/4Du; + 2/u$ [ 2E (llxk = ugll) + t Y 1Al \/4Du, + 2|6 ]12E (|| x — xiiall) -
i=1 i=1

(5. 15)

Using Young's inequality and the strong convexity of H, we have

tkif||Ai||\/4Dui+z|ruf||2uz<||¢m,k—xk+1u>
tk< 51141\ /4Dy, + 2]1u¢] |2> + ZE (9~ xesa )
< off ( Al /4Dy, + 2] |2> FE(H (1) — H(wg) — (VH (Y1), 1 — i)
< Al /4Dy, + 2]1u¢] |2) L E(Du (31, Ymg)),

™M= I

I
—_

and since

1k = Yl =

;upﬂ,k — )| < ; i1k — Wikl

the inequality (5. 15) becomes

fk HA [11/4Du; + 2|[uf[|%E (|| — xx11]) < (ZHA [1/4Dy; + 2||ug |2>
m m

+B(Du (X1, Pmk))  +te ) | Aill\/4Du; + 2[u|2E | Y i1k — il ] -
- i=1

Using again Young’s inequality and the strong convexity of H, we get for every
i=1,...,m and every k > 0

2
m 1 m
te Y I Aill\/4Du, + 2112 [[pi1x — ikl < Eti <Z 14l /4Dy, +2H“]C-H2>
i=1 j=1
o 1 = ’ 1
oy li-ne = il = Efi <Z 14jl[1/4Du; +2H”§||2> + 5 Du Wik Yi-1)-
=1

So, we have

2
m 1 m
te ) | Ailly/4Du; + 21[u|IPE (i = xea|]) < 5t (Z [Aill\/4Dy, +2HM?II2>
i-1 i=1
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2
1 i 21
E(Dh (X1, Pmi)) + (;mti <Z 1Ajll\/4Du; + 2H“§H2> +) > Dr ik $ioag). (5. 16)
j=1 i=1

Combining (5. 16) and (5. 14), we obtain

tk]E((f:fi+g> Xj+1) <Zfz +8> )+]E(DH(}//xk+1))SIE(DH(%xk))
i=1
tk(zwm) (( ) L2 +m)+tk 500,

Summing up this inequality fromk = 0to N — 1, for N > 1, we get

I;) tE ((iﬁ +g> Xkt1) (Zfz ) > +E(Dnu(y, xn)) < E(Dnu(y, x0))

moq 3 N—-1 ) m N—-1 25
EHAH\/ZLDU +2||MC |2 272 +§+m Etk+2Duz Ztkg
i-1P k=0 i=1 k=0

i

Since E(Dgy(y, xN)) > 0, we obtain

E<o<%‘1<2ﬂ+g> (E“) )
. " m N-1
oo sy (o T (£2) +100)

N-1
Yt
k=0

<

O]

In the following corollary, we give the optimal stepsize choice for Algorithm 5.21, which
follows from [23, Proposition 4.1].

Corollary 5.24. Let x* € dom H be an optimal solution to (5. 10) and a constant § > 0. Then, the
optimal stepsize for Algorithm 5.21 is given by

O'DH(X* X()) 1

" Vk
52Du+2<zuAH¢ﬂm4ﬁmyﬂ <<§%) +3 +m>

which yields for every N > 1

EQ$$E<Zﬁ+Q (Zﬁ+a ))

o (o) () 1) |
<2

~ . \/N

Vk >0,

tk =

Lz

1
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Similar to the previous section, we modify the considered problem by composing the smoothed
functions with the linear operators used in their construction.

Problem 5.25. We consider the convex optimization problem

mm{Z:fZ (Aix) + g(x )}

xeC

where C C R" is a nonempty, convex and closed set, f; : RV — R, fori=1,...,m,are proper, convex
and lower semicontinuous functions, A; : R" — RP linear operators such that (5.2") holds for them
and

¢ : R" — R is a proper, convex and lower semicontinuous function such that

CN (N, dom(f;o A;)) Ndomg # @. Furthermore, let the function H defined as in Problem 5.19.

By smoothing the functions f; (i =1,...,m) via the Moreau envelope, we obtain
(f 0 A (x) = (fO(1/27)]| - ) (Ax)  Vx € R"
with the gradients
V(f o Ai)(x) = (1/7)A; (Aix — Prox,s(Ajx)) Vx e R,

as in the previous section. Then, we obtain from Algorithm 5.21 the following mirror descent
proximal point algorithm for solving Problem 5.25.

Algorithm 5.26
Choose xg € Im VH* N C, the parameter § > 0 and the stepsizes t; > 0, k > 0:
forall k > 0do

Yox = Xk
foralli:=1,...,mdo

Yij = VH (VH(§i14) — €ikgy; A (A Yiork — Prox, s o (AillJz'—Lk))

end for
Xpi1 = Proxgg(lpm,k),
end for

where €;; € {0,1} is a random variable independent of ¢;_1; and P(¢;x = 1) = p; for all
1<i<mandk > 0.

Because this algorithm is derived from Algorithm 5.21, the convergence result follows di-
rectly from Theorem 5.23, where Dy; = Ddomfr = SUP,cdom 3llu|? and |[us|| = 0

Theorem 5.27. Let the sequence {x; } generated by Algorithm 5.26 and a constant 6 > 0. Then for all
N > landall y € R", one has

E <0<1]’<11111\‘]1 ) <ZszA +g> Xkt1) (EszA +g> (3/))

m m N-1
Dyu(y,xo) +1 (0 Dom_*—l—4( A; 1/Dom»«> ( 1) +24+m 2
H (Y, xo0) a( El domf, E | Aill |/ Do Elplz 5 IEO p

ka

<
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So, the optimal stepsize choice for Algorithm 5.26 is given by the following corollary:

Corollary 5.28. Let x* € dom H be an optimal solution to Problem 5.25 and a constant 6 > 0. Then,
the optimal stepsize for Algorithm 5.26 is given by

oDy (y, x0) 1
m 1 Vk
(5ing0mﬁ+4<Z§ ||A ||W> <(z p%) +2 +m>

which yields for every N > 1

E (05{31]51 1<EﬂoA +g> (EfzoA +g> (x ))

;3> 13y m)) 1
VN
Remark 5.29. Analogous to [35, Remark 3.7 and Remark 4.7], one can establish correspond-

ing statements within the framework presented in this work. We leave them to the interested
reader.

vk >0,

tk =

[P

[

Di(y, x 5mD0W+4< A /Dom*) (
., H(Yy 0)( El domf; EH I\ / Daoms <l

5.3 Stochastic incremental mirror descent algorithms with subgradi-
ent and Nesterov smoothing

In the following, we combine the mirror descent algorithms proposed above, which use the
Nesterov smoothing approach, and the mirror descent algorithms proposed in [35], which rely
on the subgradients of the objective functions for minimization.

Problem 5.30. We consider the convex optimization problem

L)
min {Zfl + 2 fl(x)} , (5.17)
xeC i=my+1

where C C R" is a nonempty, convex and closed set such that C N (N2, dom f;) # @, for all i =
1,...,my (my € IN), the functions f; : R" — R are proper, convex and L -Lipschitz continuous on
Im VH*, where H is defined as in Problem 5.19, and for all i = my +1,...,mp (my < my € IN), the
functions f; : R" — R fulfill fi(x) = maxyey,{(Aix, u) — ¢:i(u)} for x € dom f;, where U; C RP
is a compact and convex set, A; : R" — RP are linear operators and ¢; : RP — R are proper, lower
semicontinuous and convex functions.

For the following algorithm, we use the subgradients of the first m; functions f; and the

tké/U'

gradients of the smooth functions f; fori=my+1,...,ms.
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Algorithm 5.31

iy
Choose xg € () dom f; N C, Y, —1 € R", the parameter 6 > 0 and the stepsizes t;, > 0, k > 0:
i=1

forall k > 0do

Yok = Xk

Yok ‘= Ymy k-1

foralli:=1,...,m; do
Yik = Yi-1k — €i,k%f{(¢z‘—1,k)
Yix:= VH* (i)

end for

foralli:=m;+1,...,mdo
Yik = Yi-1k — €i,k%Vﬁtk5/U(lPi—1,k)

ik = VH*(yix)
end for
Xkt 1 = Py i
end for,

where €;; € {0,1} is a random variable independent of ¢;_; and P(e;x = 1) = p; for all
1<i<mpand k > 0.

In the following statement, we give the convergence result for this algorithm. The proof is
basically a combination of the ones of Theorem 5.11 and [35, Theorem 3.3].

Theorem 5.32. For Problem 5.30, let the sequence {xy }x generated by the algorithm above and 6 > 0.
Then for all N > 1 and y € R", it holds

N-1
du(y, x0,y00) + 2C kZO t

4
OSkSN—ll-:1 i

IE( min 3 fi(x) - %}ﬁ@)é

N—1

Yt
k=0
where

1

nip mq 2 mq 1 2
C =26 ) Dui+<ELﬁ.> <22> +1
i=my+1 i=1 i=1 Pi

(1 AWM( 3 1>%+1).

v
FE— i=m+1 Pi
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Proof. For the functions f; for i = 1,...m;, we have from the proof of [[35], Theorem 3.3] the
inequality (8)

1E(dH (y/ lpml,k/ yml,k))

mq mq mq 2 mq %
E(du(y, X, Yox)) + KE <Zfi(y) - Z;,fi(xk)> + }Tti <;Lﬁ> <Z 12)

i=1 Pi

2
"o 1 my

—E (Z EdH<l/Ji,k/ lIJi—1,k,yi—1,k)> + Eti (le Lﬁ) ,
i=

i=1

and obtain

IE (dH (y/ lpml,k/ yml,k))

m nm My 2 mq %
E(dn(y, Xk, Yok)) + HlE (;fi(y) - ;fi(xk)> + %_t% (; Lﬂ-) ((Z; ;2> + 1) .

(5. 18)

Furthermore, we have from equation (5. 8) in the proof of Theorem 5.11 for the functions f; for
i =my+1,...my (note that that ¢, k = Xk+1, Yk = Yo k+1)

E(du (Y, k41, Yok+1))
my 5
E(de (Y, Py ko Y ) +fk]E< Z fiy) = ) fi(xk)>+t,< Z Dy
i=m1+1 i=mi+1 i=my+1
1
1 2 my 2 7112 1 2
+=2( Y |Aill\/4Dy, +2[|ut]| = +1]. (5. 19)
o i= m1+1 i= m1+1 pi

Inserting (5. 18) in (5. 19), we obtain
E(dn (Y, Xk+1,Yox+1))

E(du(y, % yog)) + HE (fﬂ(y)—iﬁm))w Y Dy

i=1 i=my+1

() () )

%
+< | Ail| /4Dy, +2Huc\2> ( > +1] .
i=my+1 i=mp+1 pz
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Summing up this inequality from k = 0 to N — 1, where N > 1, we obtain

1y

Z tIE <Zfz k) Z fily )) +E(du(y, xn,YoN))
mq 2 m %
E(du(y, x0,400)) + }: gDu 2 e+ }: 2 (():Lf> (():g) +1)
i=1

i=mp+1 i—1 Pi
1
I’l’lz 1 2
+2< | Aill\/2Dy, + ||u$ |2> ( 2) +1] .
i=my+1 i=myp+1 p

Since dp (v, xn, Yo,n) > 0, as yo,n € 0H(xy), we obtain

& N— 1 2
]E( min Zﬂ Xk Zﬂ(y)) < (]/,xo,yoo)+ CZ te ,
i=1

N—-1
0<k<N-1; Zk:o tr

c o B o (Bu) ((E2) )
i=my+1 i=1 i=1 Pi

+z( 3 ||AWW> (( 1>%+1).

i=my+1 i=mp+1 pl

where

The optimal stepsize choice for Algorithm 5.31 can be deduced from [23, Proposition 4.1].

Corollary 5.33. Let x* € dom H be an optimal solution to (5. 20), 6 > 0, k > 0, and

myp mq 2 mq 1 %
P =6 ) Du,.+<ZLﬂ) (22> +1
i=my+1 i=1 i=1 Pi

o B e ((£.3) )

i=mi+1 P i
Then, the optimal stepsize for the algorithm above is given by

o \/‘TdH(X*/xO/]/O,O) 1
ki=\

p N
for all k > 0, which yields for every N > 1
12 d (X* X0 yoo)P 1
E () | < 2\/H R
<0<£211{} 1Zfl ) i:Zlf’(x )> - o VN

Adding another nonsmooth function to the objective function of Problem 5.30 brings into
attention the following problem, which can be solved by the algorithm below it.
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Problem 5.34. We consider the convex optimization problem

ggg{fﬁx) by ) +g<x>}, 6.20)
i=1 i=mi+1

where (my +1 < my € IN), C C R" is a nonempty, convex and closed set, the functions f; : R" — R
(fori =1,...mp)and f; : R" — R (for i = my +1,...my) are defined like in Problem 5.30 and
¢ : R" — R is a proper, convex and lower semicontinuous function such that

CN (N2 dom f;Ndomg) # @. Let H : R" — R be defined like in Problem 5.19.

Algorithm 5.35

Choose xo € InVH* N C, Y, —1 € R", the parameter § > 0, the stepsizes t; > 0, k > 0:
forall k > 0do

Yok = Xk

Yok = Ymy k-1

foralli:=1,...,m do

Pig = VH" (VH(IIJi—l,k) - ei,k%f;‘/(lpi—l,k))
end for
foralli:=my+1,...,my do

ik == VH" <VH(¢i—1,k) - €i,k%vfitk(5/0(¢’i—l,k))

end for
o H
Xyl i= Proxtkg(gbmzlk).
end for,

where €;; € {0,1} is random variable independent of 1;_1 x and let P(e;, = 1) = p; for all
1<i<mpandk > 0.

The convergence result and the optimal stepsize t;, k > 0, for this algorithm are derivable
via Theorem 5.23 and [35, Theorem 4.5], and [23, Proposition 4.1], respectively.

Theorem 5.36. Let the sequence {xy }y generated by Algorithm 5.35 and § > 0. Then for all N > 1,

1y 1y DH(y, x0) + %CNZ_:1 ti
1E< min ( 1fi+g> (Xkg1) — <2ﬂ+g> (y)> < =

0<k<N-1 \ N-1
= = Yt
k=0
where

2 1
ny my my 1 2

P=5 Z Dui+ < Z HAIH \/4DU1+2Huz€H2> ( Z 2) +1

i=my+1 i=my+1 i=m +1 Pi

) (E9) )28 E ).

i=1Fi i=mj+1
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Proof. Combining (5. 18), (5. 5), (5. 6) and (5. 12) (for ¢, x instead of ¢,, x), we get

HE((g(xi1) — g(1)) + HE (ifi(xk)—ifi(y)+ Yy Y f:k“%y))

i=m+1 i=mi+1
+E(Du(y, Xk+1))

my

1
2
| Aill\/4Dy, + 2[uc| 12> ( ) +1).
i=my+1 = ]-‘r]p

mq 2 my % 1y
+ (Z Lﬁ) ((Z 12) + 1) ) — E(Du(Xk11, Pmyx)) — E ( ) %DH(lPi,kr ll’i—l,k)) :
i=1 i—1 Pi i=my 41

By adding and subtracting HE (Y2 fi(xk11)) and HE(YX2,, 1 f; /7 (x41)), and considering
(5. 13), the Lipschitz continuity of Zl 1 fi,and (5. 4), we get

(B (E)o) 2 £

E(Du(y, xx)) + %fi <

mz
— Ik | Aill\/4Du; + 2[[u [|7E (|| — xg41l) thLﬁ (ke = xx41])
= m1+1
+E(Dy(y, xk+1))
1 Tl’lz %
E(Dn(y, xx)) + ~t; | Aill\/4Du, + 2||ug ’2 +1].
v i= m1+1 i= 1+1p

1

my 2 my 2 1My
+ (21 Lﬂ) ((Z 12> +1)) — E(Du(Xk41, Py k)) — ) %IE(DH(tpi,k,lpi_Lk)).

i=1Pi i=m 11
(5. 21)
Due to the triangle inequality, we get for every k > 0
(Dﬁ Y, llAdly/4Du + 2] !2> (Il = xisa )
i=mp+1
<k <2Lf+ Z 1 Ail[y/4Du; + 2[[u; |2> (ke = Yo kll) +E ([ = x1111)) -
i=my+1

(5. 22)

Because of the Young’s inequality and the strong convexity of H, we have

(Zw » HAuW) ()

i=my+1

<Z Lf/ + Z ||A || 4DU ‘|‘2H1/l |2> +IE DH xk+1/lpm2k))

i=my+1
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and similarly, using the same arguments as above and additionally (5.2), we have

((Z%)Jr Z [Aill /4Dy +2||uC!2> (% = Pyl

i=my+1
my
tk((ZLf>+ Z |A||\/m> + E( Y. DH(¢i,k,1Pi—1,k)>~
i=mp+1 i=mp+1

So we get for (5. 22)

<<2Lﬁ>+ . ||A||¢m) (2 — )

i=my+1
((ZLﬁ) + Z HA H 4Du —|—2Hu ’2> +1E DH xk+1,1/1m2k))
i=mp+1
1 my
+ZE| Y. Du(iri—1x) |-
2 i=mi+1

Inserting this inequality to (5. 21), we obtain
i
tE ((Zfﬁ-g) Xje+1) (Zfz +g> ) +E(Du(Y, Xk+1))
i=1
1, m2 e 1
< E(Dn(y, x)) + _ti [ Ail[\/4Du;, + 2{[uf|

NI—

= m1+1 i= m1+1 pl

+<Zl:Lﬁ> ((2112) +1)>+tk 2 Dy,
i=1 i=1 Pi i=my+1

tk<(ZLﬂ)+ . |\A\M4Dw—zr|»ts|\2)2-

i=my+1

]

Summing up this inequality fromk = 0to N — 1, for N > 1, we get
N-1 nip
Y HE <<Zfi+g> Xii1) <Zfz +8> ) +E(Du(y, xn))
k=0 i=1
1
1 mz 1)\°
E(Dn(y, %)) + | Aill /4Dy, + 2||u$ 12 +1

i= mﬁ-l i= m1 1p1

+(§Lﬁ)2((fg;§)il)@((;ﬁl%)

+ Z | A][ /4Dy, +2Hu"|2> ) Ztk+— Z Dy, Ztk.

i=mp+1 i=my+1
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Since E(Dy(y, xn)) > 0, we obtain
Dyi(y, xo) + CEN '

1my
; <
(o (B (Bros) ) < ot

where

1
my 1 2
= ¢ Z DU,+< ’A H\/4Du —|—2Hu ’2> ( 2) +1
i=mp+1 Pi

i=mi+1 i=mi+1
1y 2 My 1 %

B (E3) ) 2(Ee)- £ pmngimesmo)
i=1 i=1Fi i=my+1

Corollary 5.37. Let x* € dom H be an optimal solution to (5. 20), § > 0 and

my mZ M 1 %
P=¢5Y, Dui—*—( 14ill/4Du; +2]|u |2> <‘Z pg> +1
1

i=mp+1 i=mp+1 i=mq+1
mq 2 my 1 % 2
+<2Lﬁ.> <22> ((ZLﬁ>+ Z ||A||,/4Dui+2||u§||2> .
i=1 i=1 Pi i=my+1

Then, the optimal stepsize for Algorithm 5.35 is given by

O’DH(X* x9) 1
b= — 20—
k
forall k > 0, which yields for every N > 1

E( min (Zﬁ+g> <Zfl+g> )) 2/ Pl )P

0<k<N-1

2l

5.4 Applications

We consider three applications that can be modeled as optimization problems of the format
considered in this work. The first of them stems from logistics and was modeled in [87] as
a continuous location optimization problem. We compare the performance of our algorithm
with those of three versions of the method proposed in [35]. The other two applications, one in
medical imaging (more precisely in tomography) and one in machine learning (Support Vector
Machines), were discussed in [35], too. We compare the performance of our algorithm to the
stochastic version of the method introduced there. We use the proximal points of the smoothed
objective functions instead of their subgradients, motivated also by the fact (noted, for instance,
in [66]) that proximal point algorithms tend to solve certain optimization problems faster and
cheaper than subgradient methods. To this end, we smooth the involved functions in the sec-
ond and third application with the Moreau envelope, in the first application with Nesterov’s
smoothing approach. The experiments were carried out for one run of the algorithms and then
averaged over 10 runs (and 100 runs for the first application) of the algorithms, as the stochas-
tic methods perform slightly differently on each run due to the stochastic component. For the
applications in tomography and SVM, our source code is built upon the code utilized in [38].
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5.4.1 Continuous location problem

We consider the following location problem: given m locations placed at points ¢; € R?, each of
them weighted with a parameter w; > 0, i =1, ..., m, find a position x € R for a service center
so that the sum of the distances from it to the m locations is minimized under the restriction
that the distance from the service center to the origin is less than or equal to a given radius
r > 0. We can formulate this problem as

m
I){ggi;wi!!x —cil|,

where S = {x € R?: ||x|| < r}.
We can write [92, Example 2.22]

fi(x) = willx — ¢il| = sup{(wix,y) — (wici, y) }
yeB

and according to [92, Corollary 2.20] (note, that for our setting, we have A = w;, b = wc;,
yo = 0, 4 = 1 and Q = B) with bg(y) = 3||y||%, using Nesterov’s smoothing approach, we

obtain the smooth approximations

2
Vi _ 2”X—CiH2 Yk wi(x —¢i)

where B is the closed unit ball of R and d(x,B) is the Euclidean distance from x to B. Then,
the gradients V f;'* can be written in terms of the projection operator Pp on B as

V¥ = wPp (’Yk_lwi(x - Ci)) :

We choose H(x) = 3||x||> for x € S and H(x) = 4oo otherwise, so that we obtain for the
mirror map the orthogonal projection onto the set S. We have for our smoothing parameters
Vi = 2rét, fora é > 0.

In our numerical experiments, we chose m = 1000000, r = 0.3 and the m locations such
that ¢; € [—1,1] x [-1,1]. The weights w; € (0,1) are beta randomly distributed. A his-
togram for the the number of locations for the different weights is presented in the left picture
of Figure 5.1. The positions of the m locations are indicated by blue dots in the right image
of Figure 5.1. The greater the weight of the respective location, the greater the point. The red
circle with radius r represents the permissible set for the position of the service center. The
calculated position of the service center is shown as the red dot.
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Figure 5.1: The left picture shows the histogram for the number of locations (y-axis) for the
different weights (x-axis). The right image displays the positions of 1000 locations
randomly selected from the set of the m locations as blue dots, along with the ser-
vice center calculated using Algorithm 5.14 represented as a red dot. The red circle
denotes the restricted set.
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Figure 5.2: The plots show (fx — f(Xpest)/ (f(%0) — f(Xpest), Where fn := ming<<n f(x), as
a function of time, so xy is the last iterate before a given point in time. In the first
row, we see the results after 17.5s for a single run left and for 100 runs right. In the
second row, the left image displays the results after 1 second for a single run, while
the right image shows the results after 100 runs.
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We compared our algorithm 5.9 (stochastic incremental smooth) to three versions of the al-
gorithms described in [35]. The stochastic incremental version is the algorithm, which is exactly
given in [35]. The non-incremental version takes a full subgradient step of the objective func-
tion f(x) in each iteration instead of the single components f;(x), so basically its the stochastic
incremental version with m = 1 and €, = 1 for every k > 0. The incremental version is the
same as stochastic incremental version, if we choose €;, = 1 for everyi = 1,...,m and every
k > 0, so that we use the subgradient of all single components instead of a random choice. We
chose p; = 0.000001 for every i = 1,...,m for the stochastic algorithms. In Figure 5.2 in the
first row we can see the comparison of all four algorithms after one run in the left and 100 runs
in the right respectively and see that the stochastic algorithms outperform the non-stochastic
versions clearly. In the second row we compared only the stochastic algorithms to have a better
look after 1s CPU time for one run and 100 runs. Here we can see that our algorithm is slightly
better than the stochastic incremental.

5.4.2 Tomography

We consider the following optimization problem, which was proposed in [26]

min {— Y _yilog <Z rijxj> } ,
x€A i=1 i=1

where A := {x € R" : 2}1:1 xj=1,x>0}andr; > Oisfori=1,...,m,and j = 1,...,n, the
entry of the i-th row and the j-th column of the matrix R € R"™*". Furthermore, y; represents
the positive number of photons measured in the i-th bin, where i = 1,...,m. As mirror map
we choose

H(x) _ 2?:1 Xi log(xi), forx € A
| 4o otherwise.

The function

fi(x) := —y;log ( Vz‘jx])
j=1

is Lipschitz continuous for all i = 1,...,m, and so it follows that dom f;" is bounded. So, we
can apply Algorithm 5.14. The proximal point mapping of the function f; can be deduced from
Lemma 6.5 and Theorem 6.15 in [21] and is given by

1 (Riv)? + 4yray; — Rjv
Prox,,r(v) = v+ ERz’T VIR; 5 L,

where

n
Ri = (1’[1 Yip ... rin)/ o = Zriij
=1

R/ is the transposed vector of R; and the smoothing parameters 7, = t; fora § > 0.
We can see in Figure 5.3, that both algorithms have similar numerical performances, with
the one proposed in this work reaching slightly lower objective function values.
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Figure 5.3: The plots show (fn — f(Xpest)/ (f(X0) — f(Xpest), where fy := ming<;<n f(xx), as a
function of time, so xj is the last iterate before a given point in time. In the first row,
we see the results for n = 1000 and m = 6000 for a single run in the left plot and
the average values of 10 runs in the right plot (with p; = 0.01667 Vi). In the second
row, we see the results for n = 5000 and m = 15000 for a single run and the average
values of 10 runs , respectively (with p; = 0,0066 Vi).

5.4.3 Linear SVM

In this subsection, we consider an optimization problem of classifying images via binary lin-
ear support vector machines with 1-norm. For an introduction to the linear SVM model, see
Appendix A.1.

The given data set for classification consists of 11339 training images and 1850 test images
of size 28 x 28 of handwritten digits on a gray-scale pixel map. The data set was taken from
[93]. In the following optimization problem, we search a weight w for a decision function
f(-) = (w, -) to classify the numbers 5 and 6 to the class with label 4+1 and —1, respectively

min {imax{l—yi<w,xi>,0}+)t||w]|1}, (5. 23)

d :
welR i=1

{(x1,v1),- -, (X, ym)} € RY x {+1,—1} is the given training data set with the training images
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x; and the labels y; (here d = 28 - 28 = 784 and m = 11339). The 1-norm is a regularization term
with the regularization parameter A > 0.

We set H = || - ||, as done in [35], to obtain the identity as mirror map, considering that
this problem is unconstrained. We can write the optimization problem above as

min {mlﬂ<w) +g<w>},

weRY

where

fi(w) = max{1 — Yi(w,x;),0} and g(w) = A|wl.

The function f; is Lipschitz continuous for all i = 1,...,m, and so it follows that dom f; is
bounded. It follows that we can apply our algorithm. The proximal point mapping of the
function f; can be found in [56, Appendix A] and is given by

Tyixi,  si € [vellxil]?, +o0)
Prox,,f(v) = v+ %Xﬁ si € (0, 7xl[xil1%)

0 otherwise,

where
si=1—vy;i(v,x;)

and 7y, = 20t fora é > 0.

The algorithms show also for this application similar numerical performance, with a slightly
improved classification by the method proposed in this work, see Figure 5.4 for the correspond-
ing plots.
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Figure 5.4: The plots show f := miny<,<n f(wy) as a function of time, so wy is the last iterate
before a given point in time. We see the results for A = 0.001 and p; = 0,0082 Vi
for a single run in the left plot and the average values of 10 experiments in the right
plot.
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Table 5.1: Numerical results for the SVM problem for stochastic incremental algorithm (Algo-
rithm 4.2 [35]) (SI) and stochastic incremental smoothing algorithm (Algorithm 5.26)
(SIS). The results are shown for a single run, with the values in brackets representing
the results over 10 runs for p; = 0,0082 for all i.

regularization parameter algorithm decrease obj.function value misclassified in %

A = 0.01 SI 99.928 (99.923) 2.595 (2.595)
SIS 99.929 (99.924) 2.324 (2.654)
A = 0.001 SI 99.923 (99.927) 3.027 (2.605)

SIS 99.922 (99.923) 2.432 (2.568)







Chapter 6

Conclusion and perspective

In this thesis, we used proximal splitting and smoothing techniques to solve nonsmooth, con-
vex optimization problems. We showed the convergence of these schemes to an optimal so-
lution of the respective minimization problem being considered . Furthermore, we discussed
the importance of these methods and compared them to other numerical schemes in various
applications.

In Chapter 3, we solved structured convex optimization problems with linear constraints
by developing the Proximal AMA method as an extension of the AMA algorithm. We added
variable metrics to the subproblems in the iteration process. As a result, the advantage over
the classical AMA method is that, as long as the sequence of variable metrics is chosen appro-
priately, we can perform proximal steps to calculate new iterates. In this way, Proximal AMA
avoids the need to use minimization subroutines in every iteration. In addition, it handles
properly smooth and convex functions which might appear in the objective. The sequences of
generated iterates converge to a primal-dual solution in the same setting as for the classical
AMA method. The fact that instead of solving of minimization subproblems one has only to
make proximal steps may lead to better numerical performances, as we showed in the experi-
ments on image processing and support vector machines classification.

In Chapter 4, we introduced and investigated a dynamical system which generates three
trajectories in order to approach the set of saddle points of the Lagrangian associated with the
same structured convex optimization problem discussed in the previous chapter. After proving
the existence and uniqueness of a solution of this system, we showed in the framework of Lya-
punov analysis the convergence of the trajectories to the optimal solution of the optimization
problem. In a numerical example, we demonstrated the impact of various parameter choices
on the convergence behavior of the trajectories. The discretization of the considered dynamical
system is related to the Proximal AMA method, introduced in the previous chapter, and the
AMA scheme [110].

For Chapter 3 and Chapter 4, we would like to present some open questions regarding
further research. It might be interesting to investigate convergence rates for the iterates and
objective function values of Proximal AMA as well as for the trajectories and for the function
values along the orbits regarding the dynamical system. For the AMA algorithm in [110], there
are some results related to rates. Another suggestion is to consider second order dynamical
systems in order to accelerate the convergence of the trajectories. This would induce inertial
terms in the discretized counterparts of the dynamics. For an accelerated AMA numerical
scheme, we refer to [65]. Further research could also involve embedding the investigations
regarding Proximal AMA in the more general framework of monotone inclusion problems,
similar to the approach taken in [39] starting from the Proximal ADMM algorithm.
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In Chapter 5, we presented incremental stochastic mirror descent algorithms with Nesterov
smoothing meant to minimize a sum of finitely many nonsmooth convex functions over a con-
vex set. In contrast to the related algorithm from [35], we use the gradients of the smoothed
summands of the objective function of the problem instead of their subgradients. To achieve
this, we used the Nesterov smoothing technique, but since the Moreau envelope is a special
case of this smoothing technique, these algorithms can also be formulated with proximal steps,
too. We managed to obtain the same convergence order O(1/+v/k) in expectation for the kth
best objective function value and could show in three applications similar numerical perfor-
mance as in [35], with slight improvements. Due to the fact that we do not need to calculate
subgradients, we have more variations of the proposed algorithms. This allows us to choose
the most suitable smoothing method depending on the structure of the considered optimiza-
tion problem. If we use the Moreau envelope, we have uniquely defined proximal points,
which have closed formulae for a variety of commonly used functions, instead of subgradients
which one would have to pick from the subdifferentials of the involved functions at the given
points. Moreover, the involved functions are not required to be (Lipschitz) continuous or dif-
ferentiable, as they are usually taken in the literature on mirror descent methods. To improve
convergence order, we are interested in accelerating the proposed algorithms as in [77], where
the authors combined Nesterov’s accelerated method and Nemirivski’s mirror descent method
both in continuous and discrete time.



Appendix A

Support Vector Machines

In this appendix, we give a brief overview on SVM, mainly to understand the SVM models
considered in applications in section 5.4.3 and section 3.4.2. Support Vector Machine (SVM) for
binary classification problems is a machine learning model that separates two given classified
data sets through a decision boundary. The decision boundary in the linear model (linear SVM)
is a hyperplane, chosen in such a way that the margin, defined as the distance between the
decision boundary and the closest of the data points, is maximized. Data, for which the class
is still unknown, is now classified by the decision boundary, depending on whether they are
in the positive or negative half space of the hyperplane. Because the decision boundary is
uniquely determined by only a few vectors closest to it (support vectors), this model is called
Support Vector Machine.

Data sets cannot always be separated by a hyperplane. In this case, one can consider SVM
with soft margin, which softens a hard separation through slack variables and thus allows
outliers.

For some data sets, a separation by a hypersurface may be more suitable than by a hyper-
plane. In this case, the vectors are mapped into another (often higher dimensional) space, in
which they can be separated by a hyperplane. Through a so-called kernel trick, the vectors
of the other space only appear in a inner product of a chosen kernel function, which means
that the optimization problem itself remains in the original dimension. This method is called
nonlinear Support Vector Machine.

For further information on linear SVM, we refer the reader to [27], which is the basis for
section A.1. The section on nonlinear SVM is based on [48, Section 2.3] and [103, Chapter 4].

A.1 Linear SVM

Fix an input set X C R", which includes data points, and an output set Y = {—1,1}, which
contains class labels. For N > 1, we denote by

Z ={(xu,y1), -, (n,yn)} (X x V)V

the given training data set, where xy is called a training vector and vy is called the corresponding
class(k=1,...,N).

Our objective is to find a hyperplane in R", which separates the training data such that
the data points with label —1 lie in the negative half space and those with label +1 lie in the
positive half space. At first, we present the method for separating training data without errors
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maximized margin

Figure A.1: In the figure, one can see a hyperplane, which is chosen such that the margin, de-
fined as the orthogonal distance between the hyperplane and the closest of the
data points, is maximized. The hyperplane is determined solely by a subset of data
points, referred to as support vectors, which are circled in this illustration.

proposed by Vapnik in 1982 [111]. Therefore, we assume that our data set is linearly separable,
which means that there exists such a separating hyperplane.

We search w € R"\{0}, a so called weight vector, and b € R, denoted as bias, for an affine
function

f:X—=R,
x— (w,x)+b,

such that yxf(xx) > 0 forall 1 < k < N. In this section, (:,-) denotes the Euclidean inner
product on R” and || - || the associated norm.

In the context of linear SVM, the aim is to choose w and b associated to the hyperplane
Hyp = {x € R" : (w,x) + b = 0} in such a way that the smallest distance between the training
vectors from the training data set to the hyperplane is as large as possible. This means that we
have to maximize the so called margin

Myp = min{||xy —x||: k=1,...,N, x € Hy;}

with respect to w and b. Due to the fact that y,f(xx) > 0 forall1 < k < N, the orthogonal
distance of xy to the hyperplane H,, is given by ‘fH(xk)‘ = o) th) where w € R™\{0} and

w| ]
b € R. To maximize the margin M, ,, we can write

1
max My, , = max { — miny({(w, x¢) +b) ¢ . (A.1)
7w Uwl
Let us assume that this optimization problem has a solution. If w and b is such a solution,
then hw and hb for h > 0 solves this problem as well. Thus, w.l.o.g, we set
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Figure A.2: Illustration of slack variables { > 0 corresponding to several data points. Data
points with circles around them represent support vectors.

ming yx((w, x¢) + b) = 1. Then, it follows forall 1 < k < N
ye((w, x¢) +b) > 1.

Since minimizing |w|? is equivalent to maximizing |w| !, we are led to consider the problem

.1 2
min= || wl|
) (A.2)
st.yk({(w, x¢) +0) >1 k=1,...,N.

It is clear that this optimization problem has a unique solution. With the above normalization,
it is also a solution of (A. 1).

Often, the data sets are distributed in such a way that no linear separation is possible and
the optimization problem above has no solution. This can be the case if some training vectors
contain measurement errors or "outliers” are present in the data. Even in the case, where a hard
linear separation is possible, it may sometimes be more suitable to have a decision function
that misclassifies some training data points in order to achieve a larger margin. Therefore, we
use slack variables ¢, > 0 that describe the violation of the constraints of (A. 2). More precisely,
we define

gk = max{l — ykf(xk),O}.

Thus, ¢, > 0is fulfilled if and only if the constraints of (A. 2) are not fulfilled for x;. If 0 < ¢ <
1, then the corresponding data point is correctly classified but lies within the margin. If ; > 1,
then the data point x; is on the wrong side of the hyperplane and is misclassified. For correctly
classified data that are located outside or on the margin, we have ¢, = 0 (see Figure A.2). This
violation of the constraints is penalized by augmenting the objective function with the sum of
the ¢ multiplied by a constant C > 0, which allows us to control the level of penalization.
Thus, for C > 0, we achieve a "softer" separation compared to the previous model described.
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This approach, known as soft margin SVM, was introduced by Cortes and Vapnik in 1995 (see
[52]).
We obtain the new unconstrained optimization problem

1 N
mil?EHsz—kCZmax{l—yk(<w,xk>+b),0}, (A. 3)
w k=1

N
where the function C Y max{1 — y,(w, xx) + b, 0} is called loss function . We can also choose the
k=1

1-norm of w instead o; |- |2

to the previous one:

, resulting in the following optimization problem as an alternative

1 N
min = ||w|; +C ) max{1—yx ((w,xx) +b),0}, (A.4)
w,b 2 =1

where ||w||1 := |wi| + - - - + |wy].
Depending on the input data and our chosen algorithm to solve the problem, we can select
either the 2-norm SVM (A. 3) or the 1-norm SVM (A. 4) as the appropriate model.

Remark A.1. In section 5.4.3, we considered the 1-norm SVM (A. 4) for the given application. In
this context, we introduce a regularization parameter A = % for this particular problem. Note
that in this model, the bias term b has been chosen to be 0 for the sake of simplicity. As a result,
the model slightly differs from the SVM model original introduced by Cortes and Vapnik in
this appendix. For more information and a detailed comparison between these two models,
please refer to [98].

One can show that the vector w can be expressed as a linear combination of the training
vectors {x1,...,xx} as follows

N
w= Z ag Xk, (A.D)
k=1

where a; € R (see [52] appendix A.2.). We call x; support vector, if the corresponding a; # 0.
Thus, the optimal hyperplane is determined by only a few data points.

An affine function f(x) = (i, x) + b, where (@, b) is an optimal solution of SVM, is called
decision function. We can classify data points with unknown labels using the function

g: X=Y,
L L i) 20,
-1, if f(x) <O.

In order to evaluate the quality of our optimal hyperplane H ;, resulting from the opti-
mization problem of SVM, we classify data from a test dataset using the function g. Since the
correct classification for the test data is already known, we can determine the misclassification
rate, which serves as a quality measure for our hyperplane and model.

A.2 Nonlinear SVM

Not all data sets can be linearly separated, and a linear separation using soft margin is not
always suitable. In this case, we map the data points into another space (in general into a
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higher dimensional space) by a non-linear feature function ¢ : X — H, where X C R" is the
original space of our data points, referred to as the input space, and ‘H denotes a Hilbert space
and is known as the feature space. In this Hilbert space, we search for a separating hyperplane as
the decision boundary according to the principles of linear SVM. Due to the non-linearity of the
feature function, this model is referred to as a non-linear SVM. In the following, for the sake of
simplicity, we assume that the bias b is set to 0. However, it is worth noting that the following
calculations can also be applied for b # 0 (see [48], Appendix 2.B). The decision function is
then given by

f:X—=R,
x = (u,¢(x)).
The corresponding hypersurface is defined as
H,={xeX:0=(u,¢(x))},

where u € H is determined by solving the optimization problem

1 N
min = [|ul|* + C Y max{1 — y;(u, ¢(x;)),0} (A.6)
ueH 2 =
with C > 0. In this section, (-,-) denotes the inner product on H, while || - || represents the

norm associated with this inner product. Mapping the problem into the feature space using
the feature function ¢ can make the problem challenging to solve. Additionally, in certain
cases, it may even be impossible due to the possibility of mapping into an infinite dimensional
space. Therefore, we have to avoid the direct computation of ¢(x). This can be done using
the technique known as the “kernel trick”. For this we need some definitions and properties,
which can be found in chapter 4 in [103]:

In the following, let X C R".

Definition A.2. Let X # @. Then, the function ¥ : X x X — R is called kernel function (or
kernel) if and only if there exists a Hilbert space # and a map ¢ : X — H such that for all
x,y € X, it holds that

K(x,y) = (@(x), ¢(y))-

The Hilbert space H is called feature space of the feature function ¢.

Kernels can be constructed by utilizing a feature function ¢ : X — H and applying the
definition mentioned above. It is also possible to determine whether a function « is a kernel
function without knowing the corresponding feature function ¢ by employing the following
definition and theorem:

Definition A.3. The function x : X x X — R is called positive definite, if for all N > 1, for all
(a1,...,ay) € RN, and for all (x1,...,xy) € X", it holds

»

Mz

ajajx(x;, x;) > 0. (A.7)

Il
—_

Furthermore, « is said to be symmetric, if k(x,y) = x(y, x) Vx,y € X.

Definition A.4. For fixed x1,...,x, € X and a function ¥ : X x X — R, we define the Gram
matrix (also called kernel matrix) as K = (x(x;, x]’))fj-:l.
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Note that the Gram matrix is for all (xi,...,xy) € X" positive semi-definite if and only if
its underlying kernel is positive definite.

Theorem A.5. A function x : X x X — R is a kernel if and only if the function « is symmetric and
positive definite.

Proof. See [103, Theorem 4.16]. O

Note that for a given kernel, neither the feature function ¢ nor the feature space H are
uniquely determined. The following definition is about a canonical feature space consisting
of functions, referred to as the reproducing kernel Hilbert space, which is uniquely associated
with a kernel, and vice versa:

Definition A.6. Let X # @ and H be a Hilbert function space over X, i.e., a Hilbert space that
consists of functions mapping from X to R.

e Afunctionx : X X X — Ris said to be a reproducing kernel of H, if it satisfies the following
properties: «(-,x) € H for all x € X, and for all f € H and x € X, the reproducing

property
flx) = (f,x(,x))
holds.

* The space H is called a reproducing kernel Hilbert space (RKHS) over X, if for all x € X, the
Dirac functional J, : H — R defined by

5(f):=f(x), feH,
is continuous.
According to the following lemma, reproducing kernels are indeed kernels:

Lemma A.7. Let H be a Hilbert function space over X which has a reproducing kernel k. Then, H is
an RKHS and *H is also a feature space of ¢, where the feature map ¢ : X — H is given by

p(x) =x(-,x), xeX.
We call ¢ the canonical feature map.
Proof. See [103, Lemma 4.19]. O
Theorem A.8. Every RKHS has a unique reproducing kernel and every kernel has a unique RKHS.
Proof. See [103, Theorem 4.20 and Theorem 4.21]. d

The RKHS H is often denoted as H,, where k represents the associated reproducing kernel.
Then, the inner product on H, is written as (-,-)%, and the associated norm is denoted as
I 12t

Having these definitions and properties at our disposal, we consider in the following a
kernel function x : X x X — R and its associated RKHS H,. For f € H,, according to to
Lemma A.7 and the reproducing property, we have (f, ¢(x;)) = (f,x(-,x;)) = f(x;). Then, we
can write the optimization problem (A. 6) as:

1 N
min EHfH%lK +C;max{1 —yif (xi),0}. (A.8)
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Kernels, their RKHS, and the reproducing property play a crucial role in proving the fol-
lowing important theorem, originally introduced by Kimeldorf and Wahba in 1970 (see [76])
in the setting of Chebyshev splines and generalized to RKHS by Wahba in 1990 (see [112] and
also [113]). We require this theorem for the "kernel trick" and the derivation of our nonlinear
SVM model:

Theorem A.9 (Representer Theorem). The solution of the optimization problem (A.8), f, can be
expressed as a linear combination of kernel functions evaluated at the training data {x1,...,xn} in the
following form:

N
f(x) =) Bir(xi,x),
i=1
where B; € R forall1 <i < N.
Proof. See [48, section 2.3]. O

Now, we can apply the “kernel trick” and express the optimization problem (A. 8) in terms
of B; using the Representer Theorem:

Zﬁﬁ] Xi, X +CZmax{1—yzZﬁ] xi, x;),0}, (A.9)

‘B ,BNE]Rzl] 1

where we utilized the kernel reproducing property for

N
I£115, = Z BiBj(x(xi,-), k(- x;)) = Y BiBjx(xi, x;).

i,j=1 i,j=1

Using the kernel matrix K with K;; = e (x;, xj) and K; as the i-th column of K, we can write
this problem as follows:

. 1 - N
min =B KB+ C) maxql—y;K;B,0}. A 10
e 2P KB+ C Y max{l = yiKif, 0} (A.10)

Remark A.10. The simplest example of a kernel function is the linear kernel, where ¢(x) = x and
k(x,y) = (x,y). In section 3.4.2, we considered the nonlinear SVM (A. 10) with the symmetric
and finitely positive definite Gaussian kernel (for o > 0)

2
k:R"xR" = R, «(x,y) = exp (—HXZU;/H> ,

where ||-|| is the Euclidean norm on R".






Index of notation

H
HxG
sttrong
Hweak
()
-

-1l
R

—+o00

R

IN

Id
cCCcD

C+D
aC
x+C
int(C)
ri(C)
sqri(C)
cl(C)
@
(xn)nelN

_>
dom(f)
Imf
epi(f)
graph(f)
af
Vf
f/
argmin f
f
f*
f**
inf, min
sup, max
ess sup

a real Hilbert space H

the Cartesian product of two Hilbert spaces ‘H and G
the strong topology of the Hilbert space H
the weak topology of the Hilbert space H
a inner product

anorm

the 1-norm

the set of real numbers

plus infinity

the extended set of real numbers, R := RU {#4oc0}
the set of natural numbers, N := {1,2,... }
the identity operator

C is a subset of D

the Minkowski sum of two sets C and D
the scaled set C by a constant «

the translation of a set C by a vector x

the interior of a set C

the relative interior of a set C

the strong quasi-relative interior of a set C
the closure of the set C

the empty set

a sequence of vectors starting with x;
weak convergence

strong convergence

the domain of a function f

the image of a function f

the epigraph of a function f

the graph of a function f

the subdifferential of a function f

the gradient of a function f

a subgradient of a function f

the set of minimizers of a function f

the derivative of a function f

conjugate of a function f

biconjugate of a function f

the infimum and minimum, respectively
the supremum and maximum, respectively
the essential supremum
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ISNR
RMSE

LP(]0,+o0), B)

Ll

loc

L(H)
Hw,b

SVM
RKHS

Index of notation

the infimal convolution of two functions f and g

the proximal point of a coefficient <y of a function f

the indicator function of a set C

the Dirac functional for a point x

the projection onto a nonempty closed convex set C

the closed unit ball of R

the Euclidean distance from a point x to a closed and con-
vex set C

the set of linear, continuous, self-adjoint and positive
semidefinite operators M : H — H

the seminorm induced by an operator M

the Loewner partial ordering

a sequence of operators starting with M;

the set of linear, continuous, self-adjoint and a-positive
definite operators M : H — H

the inverse of a operator A

the adjoint of a linear operator A

the norm of a linear operator A

the power set of H

the graph of an operator A

the topological dual space of the topological

vector space X

improvement in signal-to-noise ratio

root-mean-square error

the space of p-integrable functions f : [0,00) — BB where
B is a Banach space

the space of functions which are locally integrable

the set containing all linear and continuous operators
A:H—H

hyperplane or hypersurface respectively for a weight
vector w and a bias b

support vector machine

reproducing kernel Hilbert space
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