s Taylor & Francis
LERptetiy Taylor & Francis Group

Optimization Methods and Software

Optimization
Methods & Software

’..,‘} Taykox & Francis

ISSN: 1055-6788 (Print) 1029-4937 (Online) Journal homepage: https:.//www.tandfonline.com/loi/goms20

Inducing strong convergence into the asymptotic
behaviour of proximal splitting algorithms in
Hilbert spaces

Radu loan Bot, Ernd Robert Csetnek & Dennis Meier

To cite this article: Radu loan Bot, Erné Robert Csetnek & Dennis Meier (2019) Inducing strong
convergence into the asymptotic behaviour of proximal splitting algorithms in Hilbert spaces,
Optimization Methods and Software, 34:3, 489-514, DOI: 10.1080/10556788.2018.1457151

To link to this article: https://doi.org/10.1080/10556788.2018.1457151

8 © 2018 The Author(s). Published by Informa ﬁ Published online: 10 Apr 2018.
UK Limited, trading as Taylor & Francis

Group
N
CJ/ Submit your article to this journal & sl Article views: 861
, -
& View related articles (3' (&) View Crossmark data &

CrossMark

@ Citing articles: 7 View citing articles &

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalinformation?journalCode=goms20


https://www.tandfonline.com/action/journalInformation?journalCode=goms20
https://www.tandfonline.com/loi/goms20
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/10556788.2018.1457151
https://doi.org/10.1080/10556788.2018.1457151
https://www.tandfonline.com/action/authorSubmission?journalCode=goms20&show=instructions
https://www.tandfonline.com/action/authorSubmission?journalCode=goms20&show=instructions
https://www.tandfonline.com/doi/mlt/10.1080/10556788.2018.1457151
https://www.tandfonline.com/doi/mlt/10.1080/10556788.2018.1457151
http://crossmark.crossref.org/dialog/?doi=10.1080/10556788.2018.1457151&domain=pdf&date_stamp=2018-04-10
http://crossmark.crossref.org/dialog/?doi=10.1080/10556788.2018.1457151&domain=pdf&date_stamp=2018-04-10
https://www.tandfonline.com/doi/citedby/10.1080/10556788.2018.1457151#tabModule
https://www.tandfonline.com/doi/citedby/10.1080/10556788.2018.1457151#tabModule

Optimization Methods & Software, 2019 Taylor & Francis
Vol. 34, No. 3, 489-514, https://doi.org/10.1080/10556788.2018.1457151

Taylor & Francis Group

'.) Check for updates

Inducing strong convergence into the asymptotic behaviour of
proximal splitting algorithms in Hilbert spaces

Radu Ioan Bot ©2*, Ern6 Robert Csetnek and Dennis Meier

Faculty of Mathematics, University of Vienna, Oskar-Morgenstern-Platz 1, A-1090 Vienna, Austria
(Received 14 June 2017, accepted 9 March 2018)

Proximal splitting algorithms for monotone inclusions (and convex optimization problems) in Hilbert
spaces share the common feature to guarantee for the generated sequences in general weak convergence
to a solution. In order to achieve strong convergence, one usually needs to impose more restrictive prop-
erties for the involved operators, like strong monotonicity (respectively, strong convexity for optimization
problems). In this paper, we propose a modified Krasnosel’skii-Mann algorithm in connection with the
determination of a fixed point of a nonexpansive mapping and show strong convergence of the iteratively
generated sequence to the minimal norm solution of the problem. Relying on this, we derive a forward—
backward and a Douglas—Rachford algorithm, both endowed with Tikhonov regularization terms, which
generate iterates that strongly converge to the minimal norm solution of the set of zeros of the sum of two
maximally monotone operators. Furthermore, we formulate strong convergent primal—dual algorithms
of forward-backward and Douglas—Rachford-type for highly structured monotone inclusion problems
involving parallel-sums and compositions with linear operators. The resulting iterative schemes are par-
ticularized to the solving of convex minimization problems. The theoretical results are illustrated by
numerical experiments on the split feasibility problem in infinite dimensional spaces.

Keywords: fixed points of nonexpansive mappings; Tikhonov regularization; splitting methods;
forward-backward algorithm; Douglas—Rachford algorithm; primal-dual algorithm

AMS Subject Classification: 47J25; 4TH09; 47THO5; 90C25

1. Introduction and preliminaries

Let H be a real Hilbert space endowed with inner product (-,-) and associated norm || - || =
J{-,+).Let T : ' H — H be a nonexpansive mapping, thatis || 7x — Ty|| < |lx — y| forallx,y € H.
One of the most popular iterative methods for finding a fixed point of the operator 7T is the
Krasnosel’skii-Mann algorithm

Xpy1 = Xp + An (Txn - xn) Vn > 0, (l)

where xp € H is arbitrary and (1,),>0 is a sequence of nonnegative real numbers. Provided
FixT = {x e H : Tx = x} # {J, one can show under mild conditions imposed on (A,),>¢, that
the sequence (x,),>0 converges weakly to an element in FixT (see for instance [6]).
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The applications and the impact of this fundamental result go beyond the usual fixed point
theory, representing in fact the starting point for the derivation of algorithms and related con-
vergence statements in connection with the solving of monotone inclusions. In this context,
we mention the classical forward—backward algorithm for determining a zero of the sum of
a set-valued maximally monotone operator and a single-valued and cocoercive one and the
Douglas—Rachford algorithm for determining a zero of the sum of two set-valued maximally
monotone operators. The paradigms behind these classical methods can be transferred to the
solving of convex optimization problems, too (see [6]).

The iterative algorithms mentioned above share the common property that the generated
sequences converge weakly to a solution of the problem under investigation. However, for
applications where infinite dimensional functional spaces are involved, weak convergence is not
satisfactory. In order to achieve strong convergence, one usually needs to impose more restric-
tive properties for the involved operators, like strong monotonicity when considering monotone
inclusions and strong convexity when solving optimization problems. Since there evidently are
applications for which these stronger properties are not fulfilled, the interest of the applied math-
ematics community in developing algorithms which generate iterates that strongly convergence
is justified.

We mention in this sense the Halpern algorithm and its numerous variants designed for find-
ing a fixed point of a nonexpansive mapping (see for instance [13]). In the context of solving
monotone inclusions, we mention the proximal-Tikhonov algorithm

X1 = (Id + 2, (A + w,Id) ™ (x,)  Vn >0,

where A : 'H = 'H is a maximally monotone operator, Id is the identity operator on 7 and (A,),>0
and (u,)n>0 are sequences of nonnegative real numbers. Under mild conditions imposed on
(An)n=0 and (it,)n=0, ONE can prove strong convergence of (x,),>o to the minimal norm solution
of the set of zeros of A (see [19,27]). It is important to emphasize the Tikhonov regularization
terms (it,1d),>o in the above scheme, which actually enforces the strong convergence property.
In the absence of the regularization term, the above numerical scheme becomes the classical
proximal algorithm for determining a zero of the operator A, for which in general only weak
convergence can be proved (see [23]). For more theoretical results concerning Tikhonov regular-
ization and more motivational arguments for using such techniques, especially for optimization
problems, we refer the reader to Attouch’s paper [2]. For other techniques and tools in order to
achieve strong convergence we mention also the works of Haugazeau [18] and [5].

In this article, we will first introduce and investigate a modified Krasnosel’skii-Mann
algorithm with relaxation parameters, having the outstanding property that it generates a
sequence of iterates which converges strongly to the minimal norm solution of the fixed points
set of a nonexpansive mapping. In contrast to [13,20,27] (see also the references therein), where
the techniques and tools used have their roots in fixed point theory results for contractions, our
convergence statements follow more directly. Relying on this, we derive a forward—backward
and a Douglas—Rachford algorithm, both endowed with Tikhonov regularization terms, which
generate iterates that strongly converge to the minimal norm solution of the set of zeros of the
sum of two maximally monotone operators. The resulting iterative schemes are particularized to
the minimization of the sum of two convex functions.

Furthermore, we deal with complexly structured monotone inclusions where parallel-sums
and compositions with linear operators are involved. By making use of modern primal-dual tech-
niques (see [10,12,15,17,28] and also [8,9]), we derive strongly convergent numerical schemes of
forward-backward and Douglas—Rachford-type, both involving Tikhonov regularization terms
and having the remarkable property that all the operators are evaluated separately. Moreover, the
designed algorithms solve both the structured monotone inclusion problem and its dual mono-
tone inclusion problem in the sense of Attouch-Théra (see [3]). When particularized to convex
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optimization problems, this means the concomitantly solving of a primal problem and its Fenchel
dual one. For other types of primal—dual algorithms with strong convergence properties and their
applications we refer the reader to [1,4]. Finally, in the last section we carry out numerical exper-
iments on the split feasibility problem in infinite dimensional Hilbert spaces which illustrate the
potential of the algorithm endowed with Tikhonov regularization terms.

In the remaining of this section, we recall some results which will play a decisive role in the
convergence analysis of the proposed algorithms. The following result is related to the conver-
gence of a sequence satisfying a sharp quasi-Fejér monotonicity property and follows as a direct
consequence of [27, Lemma 2.5].

LEMMA 1 Let (ay),=0 be a sequence of nonnegative real numbers satisfying the inequality
Ap+1 =< (1 - elz)an + ann + En vn = 0,

where

(i) 0<6,<1foralln>0and )
(i1) limsup,_, b, <0;
(iii) &, > Oforalln > Oand ), &, < +o00.

6, = +00;

n>0

Then the sequence (ay,),>o converges to 0.

We close this section with a result that is a consequence of the demiclosedness principle (see
[6, Corollary 4.18]) and it will be used in the proof of Theorem 3, which is the main result of this

paper.

LEMMA 2 Let T : 'H — 'H be a nonexpansive operator and let (x,),>0 be a sequence in H and
x € 'H be such that w — lim,_, 4« X, = x and (Tx, — x,),>0 converges strongly to 0 as n — +00.
Then x € FixT.

2. A strongly convergent Krasnosel’skii-Mann algorithm

In order to induce strong convergence into the asymptotic behaviour of the Krasnosel’skii-Mann
algorithm for determining a fixed point of a nonexpansive mapping 7 : H — H, we propose the
following modified version of it:

Xnt+1 = ﬂn-xn + An (T(ﬂn-xn) - Iann) Vn >0, ()

where xo € ‘H is the starting point and (X,),>0 and (B,).>0 suitably chosen sequences of pos-
itive numbers. In the proof of the theorem below, we denote by proj- : H — C,proj-(x) =
argmin,.c|lx — c||, the projection operator onto the nonempty closed convex set C C 'H. We
notice that for a nonexpansive mapping 7 : H — H, its set of fixed points Fix7 is closed and
convex (see [6, Corollary 4.15]).

THEOREM 3 Let (A,)n>0 and (B,)n=0 be real sequences satisfying the conditions:

(1) 0< ﬂn =< 1 for any n > 0, hmn—>+oo IBn = l’ an()(l - ﬁn) = +00 and an] |18n - ﬂn—ll <
+00;
(i) 0 <A, < Iforany n > 0,liminf, 1o, > 0and }_ _; [A, — A,1| < +o00.

Consider the iterative scheme (2) with and arbitrary starting point xy € 'H and a nonexpansive
mapping T : H — H fulfilling FixT # (. Then (x,,),>0 converges strongly to projg,(0).
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Proof For the beginning, we prove that (x,),>o is bounded. Let x € FixT. Due to the
nonexpansiveness of 7, we have for any n > 0:
X1 — Xl = 11 = 2) (Bpxn — %) + An (T (Bpxn) — T0) ||
= (L= A lBnxn — x|l + AnlIT (Buxn) — Tx|l
< [1Buxn — x|
= [IBn(xn —x) + (B — Dx|
< Bullxn — xll + (1 = B lIx]l.

A simple induction leads to the inequality
llxn — x|l < max{llxo — x|, [lx|I} Vn =0,

hence (x,),>0 is bounded.
We claim that

[Xpe1 — X4l = 0 as n— +oo. 3)
Indeed, by taking into account that 7" is nonexpansive and that (x,),>o is bounded, we obtain for
any n > 1 the following estimates:
”xn-H - xn” = ”(1 - )‘n),Bn-xn - (1 - )\n—l)ﬂn—lxn—l + )‘nT(ﬂn-xn) - )‘n—lT(IBn—l-xn—l)”
< ”(1 - }"n)(ﬂnxn - ,Bn—lxn—l) + ()\n—l - )\n),Bn—lxn—l ”
F A (T(Buxn) — T(Bu—1Xn-1)) + Ay — 2u )T (Bp—1Xn-1) |

< 1Bnxn — Bu—1Xn—1ll + [An — Au—1|Cy,

where C| > 0.
Further, we derive for any n > 1:
||xn+1 =Xl < N Bu(xn — Xp—1) + (Bu — Bu—1)Xn—1ll + [Ap — X111 Ci
=< ﬁn”xn —Xn71|| + |.Bn - ,31171|C2 + |)\n - )\'n71|C1’

where C, > 0. Statement (3) is a consequence of Lemma 1, for a,, := ||x, — x,—1|l,b,, :== 0, ¢, :=

1B — Bu-11Ca + [Ay — Ap1|Crand 6, :=1— B,,n > 1.
In the following we prove that

lx, — Tx,|| = 0 as n — 4o0. 4)
For any n > 0 we have the following inequalities:

%0 — Txpll < 1Xp1 = Xnll 4 X1 — T ]|
= g1 = Xl + 1L = 20) (Buxn — Txn) 4 An (T (Bpxn) — Txn) ||
= g1 = Xall + (1 = A) 1 BnXn — Toxull 4 Anll Bpn — Xal
< gt = Xull + (1 = )1 Buxn — BuTxull
+ (L= A)1BuTxtn — Txnll + An(1 = B |12l
< g1 = Xall + (1 = A 1% = Tl
+ (= A = B Txnll + 2n (1 = B) [
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From here we deduce that for any n > 0:
Anllxn = Toxull < NIXng1 — Xl + (L = A) (L = B) I Txull + 2n(1 — Bu) [IXal-

Taking into account that (x,),>¢ is bounded, (3) and the properties of the sequences involved, we
derive from the last inequality that (4) holds.

In what follows we show that (x,),>¢ actually converges strongly to projg;,(0) := x. Since T
is nonexpansive, we have for any n > 0:

”xn-H - )_C” = ”(1 - )Ln)(ﬁn-xn - )_C) + )Ln (T(:ann) - T)_C) ”
< (I = 2 Buxn — Il + AnIT (Buxn) — TX||

< [|Buxn — |-
Hence,
X1 — %1% < 1l Buxa — X1
= |BaCen — %) + (Bx — DX
= By lon — XII* +2B,(1 — B) (=% %, — %) + (1 — B)*[X])?
< Bullxa = XIP + (1= B) (2Bu{—%x, —X) + (1 = B)IXIP) Vn=0. (5)

Next we show that

lim sup(—x,x, —x) <0. (6)
n—+00
Assuming the contrary, there would exist a positive real number / and a subsequence (x,);>0
such that

(—%x, —x)>1>0 Vj>=0.
Due to the boundedness of the sequence (x,),>0, we can assume without losing the general-
ity that (x,);>0 weakly converges to an element y € H. According to Lemma 2, by taking into
consideration (4), it follows that y € FixT. From this and the variational characterization of the
projection we easily derive

dim (=X, x;, —Xx) = (=x,y —x) <0,
J—>+0o0

which leads to a contradiction. This shows that (6) holds. Thus

lim sup (28, (=%, x, — %) + (1 — BIIFI) < 0.

n—-+00

A direct application of Lemma 1 to (5), for a, := ||x, — X||%, by, := 2B, (=X, x, — %) + (1 —
BoIIXI% &, :=0and 6, := 1 — B,, n > 0, delivers the desired conclusion. [ |

Remark 4 Condition (ii) in the previous theorem is satisfied by every monotonically increasing
(and, in consequence, convergent) sequence (A,),>0 € (0,1] and also by every monotoni-
cally decreasing (and, in consequence, convergent) sequence (X,),>0 € (0, 1] having as limit
a positive number.

Condition (i) in the previous theorem is satisfied by every monotonically increasing sequence
(Bu)n=0 < (0, 1] which fulfils lim,—, 4o B, =1 and ), _ (1 — B,) = 400, as it is for instance
the sequence with By € (0,3) and B, =1 —1/(n+ 1) forany n > 1.
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An immediate consequence of Theorem 3 is the following corollary, which proposes an itera-
tive scheme that finds a minimal norm solution of the set of fixed points of an averaged operator.
Let o € (0,1) be fixed. We say that R : H — 'H is an «-averaged operator if there exists a non-
expansive operator 7 : H — ‘H such that R = (1 — «)Id 4+ «T. It is obvious that «-averaged
operators are also nonexpansive. The %—averaged operators are nothing else than the firmly non-
expansive ones and form the most important representatives of this class. For properties and
insights into these families of operators we refer the reader to [6]. The following result will play
in the next section a determinant role in the converge analysis of the forward—backward method
endowed with Tikhonov regularization term.

COROLLARY 5 Consider the iterative scheme

Xnyl = ,ann + )Vn (R(/gnxn) - Iann) Vn = 0’ (7)

with xo € 'H as starting point, R : H — H an «a-averaged operator, for o € (0, 1), such that
FixR # ¥ and (Ap)n=0 and (B,)n=0 real sequences satisfying the conditions:

(1) 0< /3n =< 1f076myn >0, limn%Jroo ,Bn =1, ano(l - ﬂn) = +00 andznzl |,8n - .Bn71| <
+00;

) 0 < X, <1/a for any n >0, liminf,_ X, > 0 and anl Ay — Au_1| < +00. Then
(xn)n=0 converges strongly to projg;,z(0).

Proof Since R is «-averaged, there exists a nonexpansive operator 7 : H — H such that R =
(1 — a)ld + aT. The conclusion follows from Theorem 3, by taking into account that (7) is
equivalent to

Xnl = ,ann + aky (T(/Sn-xn) - ﬂn-xn) Vn > 0
and that FixR = FixT. |

3. A forward-backward algorithm with Tikhonov regularization term

This section is dedicated to the formulation and convergence analysis of a forward—backward
algorithm with Tikhonov regularization terms, which generates a sequence of iterates that con-
verges strongly to the minimal norm solution of the set of zeros of the sum of two maximally
monotone operators, one of them being single-valued.

For readers’ convenience, we recall some standard notions and results in monotone operator
theory which will be used in the following (see also [6,7,26]). For an arbitrary set-valued oper-
ator A : H = H we denote by GrA = {(x,u) € H x H : u € Ax} its graph. Then A~ : H = H,
which is the operator with GrA™!' = {(x,u) € H x H : x € Au}, denotes the inverse operator of
A. We use also the notation zerA = {x € 'H : 0 € Ax} for the set of zeros of A. We say that A is
monotone, if (x —y,u — v) > 0 for all (x,u), (y,v) € GrA. A monotone operator A is said to be
maximally monotone, if there exists no proper monotone extension of the graph of A on H x H.
The resolvent of A, J4 : H = H, is defined by

Jy=(1d+A)",
where Id : H — H,Id(x) = x for all x € H, is the identity operator on . Moreover, if A is

maximally monotone, then J4 : H — H 1is single-valued and maximally monotone (see [6,
Proposition 23.7 and Corollary 23.10]).
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Let y > 0. We say that B : H — 'H is y-cocoercive, if (x — y, Bx — By) > y||Bx — By||* for
all x,y € 'H.

The following technical result (see [21, Theorem 3(b)] and [16, Proposition 2.4]) gives an
expression for the averaged parameter of the composition of two averaged operators. We refer
also to [6, Proposition 4.32] for other results of this type.

PROPOSITION 6  Let T; : H — H be a;-averaged, where o; € (0, 1), i=1,2. Then the composi-
tion Ty o T is a-averaged, where

2
e e L R
1 — 010

THEOREM 7 Let A:H = 'H be a maximally monotone operator and B:H — H a -
cocoercive operator, for B > 0, such that zer(A + B) # (. Let y € (0,28]. Consider the iterative
scheme

Xpp1 = (1 — X)) Buxy, + )\nJyA (Buxn — yB(Bux,)) VYn >0, (8)
with xo € 'H as starting point and (Ay)n>0 and (B,)n>0 real sequences satisfying the conditions:
(1) 0< IBn = 1foranyn = 0, limﬂﬁJrOO .Bn = la ano(l - ,Bn) = 100 and anl |/3n - ﬂnfll <

~+00;
1) 0 < X, <@B —vy)/2B forany n > 0, liminf,_, A, > 0 and anl Ay — Api| < +o00.

Then (xp)nz0 converges strongly 10 proj,e. a4 p)(0).

Proof 1Itis immediate that the iterative scheme (8) can be written in the form
Xpn+1 = ﬂnxn + An (T(ﬂnxn) - ,ann) Vn >0,

where T'=J,4 o (Id — ¥ B).

We consider two cases. The first one is when y € (0,28).

According to [6, Corollary 23.8 and Remark 4.24(iii)], J,4 is %—cocoeroive. Moreover, by
[6, Proposition 4.33], Id — y B is y /28-averaged. Combining this with Proposition 6, we derive
that T is 28/(4B — y)-averaged. The statement follows now from Corollary 5, by noticing that
FixT = zer(A + B) (see [6, Proposition 25.1(iv)]).

The second case is when y = 2. The cocoercivity of B implies that Id — y B is nonexpansive,
hence the operator 7' = J, 4 o (Id — yB) is nonexpansive, too, the conclusion follows in this
situation from Theorem 3. |

Remark 8 The choice A, = 1 forany n > 0 in the previous theorem leads to the iterative scheme
X1 = Jya (Buxn — yB(Bpxn))  Yn =0,
which further becomes in case B=0
X1 = Jya (Bpxn)  Vn = 0.
This last relation can be equivalently written as
X0 € 3tst + LAty = (Id + el + lA) G,
Bn Bn Bn

where ¢,1d (with ¢, := 1/8, — 1 > 0 and lim,_, ;- &, = 0) represents the Tikhonov regulariza-
tion term, which enforces the strong convergence of the sequence (x,),>¢ to the minimal norm
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solution. For other types of Tikhonov-like methods for monotone inclusion problems we refer
the reader to [19,25,27] and the references therein.

In the remaining of this section we turn our attention to the solving of optimization problems
of the form

min(f () + g0}, ©)

where f : H — R U {+o00} is a proper, convex and lower semicontinuous function and g : H —
R is a convex and Fréchet differentiable function with 1/p-Lipschitz continuous gradient, for
B> 0.

For a proper, convex and lower semicontinuous function f : H — R U {400}, its (convex)
subdifferential at x € H is defined as

f) ={ueH: fO)=fx) + (u,y —x) Vy € H},

for x € H with f(x) = 400 and as df (x) = ¢J, otherwise. When seen as a set-valued mapping,
the convex subdifferential is a maximally monotone operator (see [22]) and its resolvent is given
by Jyr = prox; (see [6]), where prox; : H— H,

1
prox; (x) = argmin {f(y) + Elly — x||2} , (10)
yeH

denotes the proximal operator of f.

COROLLARY 9 Letf : H — R U {400} be a proper, convex and lower semicontinuous function
and g : H — R a convex and Fréchet differentiable function with 1/ B-Lipschitz continuous gra-
dient, for B > 0, such that argmin, ., {f (x) + g(x)} # @. Let y € (0,2B]. Consider the iterative
scheme

Xntl = 1 - )\n)ﬂn-xn + )\nproxyf (ﬁnxn - yvg(ﬁnxn)) Vn >0, (11)

with xy € 'H as starting point and (A,),>0 and (B,),>0 real sequences satisfying the conditions:

(1) 0< IBn =< lforanyn >0, 1imn~>+oo ,Bn =1, ano(l - /3”) = +00 andznzl |,Bn - ,8n71| <
~+00;
) 0 <X, < @B —vy)/2B forany n > 0, liminf,_, ;o A, > 0 and anl [Ap — Ap—t| < 400.

Then (x,),>0 converges strongly to the minimal norm solution of (9).

Proof The statement is a direct consequence of Theorem 7, by choosing A := df and B := Vg
and by taking into account that

zer(df + Vg) = argmin{f (x) + g(x)}
xeH
and the fact that Vg is B-cocoercive due to the Baillon-Haddad Theorem (see [6,
Corollary 18.16]). |
4. A Douglas—Rachford algorithm with Tikhonov regularization term
In this section we derive from the Krasnosel’skii-Mann algorithm formulated in Section 2 an

iterative scheme of Douglas—Rachford-type, which generates sequences that strongly converge
to a zero of of the sum of two set-valued maximally monotone operators.
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In what follows, we denote by R4 = 2J4 — Id the reflected resolvent of a maximally monotone
operator A : H = H.

THEOREM 10 Let A, B : ' H = 'H be two maximally monotone operators such that zer(A + B) #
W and y > 0. Consider the following iterative scheme:

Yn = JyB(BnXn)
(Vn > 0) in = JyA (2Yn - ﬂn-xn)
Xnyl = ﬁnxn + An(2n — yn)

with xo € 'H as starting point and (A,),>0 and (By) >0 real sequences satisfying the conditions:

(1) 0< :311 =< 1f0r6myn = 0’ limn—>+00 :3n = 1, ano(l - ,311) = +o0 and anl |:3n - ﬂn—ll <
+00;
(i) 0 < A, <2foranyn > 0, liminf,_, ;o A, > 0 and anl [An — Ap_1]| < +o00.

Then the following statements are true:

(@) (xp)n>0 converges strongly to x 1= projFixRM Ry ) asn — +o0;
(b) (Yn)n=0 and (z,)n=0 converge strongly to J,p(x) € zer(A + B) as n — +o0.

Proof Taking into account the iteration rules and the definition of the reflected resolvent, the
iterative scheme in the enunciation of the theorem can be equivalently written as

Xng1 = BuXu + Ay [JyA o (2JyB —1d)(Buxa) — JyB (,ann)]

Id+R Id+R
= BuXn + A [(% o RyB) (Bnxn) — %(ﬁnxn)}

= ,ann + % (T(,ann) - ,ann) Vn = 0’ (12)

where T :=R,4o0R,p:H — H is a nonexpansive operator (see [6, Corollary 23.10(ii)]).
From [6, Proposition 25.1(ii)] we have zer(A + B) = J, p(FixT), hence FixT # (. By applying
Theorem 3, we obtain that (x,),>0 converges strongly to X := projg,y(0) as n — 400, hence (a)
holds.

Further, by taking into account the definition of the sequence (y,),>0 and the continuity of the
resolvent operator, we obtain that (y,),=o converges strongly to J, gx € zer(A + B) as n — ~+o00.
Finally, by taking the limit in the recursive formula of the sequence (x,),>0, we obtain that z, — y,
converges strongly to 0 as n — +00, thus (b) holds, too. |

Remark 11 The classical Douglas—Rachford method, which reads

Yn = JyB(xn)
(Vk > 0) in = JyA(zyn — Xp)
Xn+1l = Xp + )\n(zn - yn)9

produces sequences for which in general only weak convergence to a zero of the A 4 B can be
proved (see e.g. [6, Theorem 25.6]). In order to ensure strong convergence, one usually needs
to impose restrictive conditions on the monotone operators involved, like uniform monotonicity
(which is a generalization of strong monotonicity). This is not the case for the iterative scheme
stated in Theorem 10, where we are able to guarantee strong convergence in the very general
situation of maximally monotone operators.
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Further, we look at optimization problems of the form
min{f (x) + g(x)}, (13)
xeH

where f, g : H — R U {400} are proper, convex and lower semicontinuous functions. We denote
by
domf ={xeH:f(x) < +oo}

the effective domain of the function f.
In order to proceed, we need the following notion. For § € H a convex set, we denote by

sqri S := {x € §: U;-0A(S — x) is a closed linear subspace of H}

its strong quasi-relative interior. Notice that we always have intS C sqriS (in general this inclu-
sion may be strict). If H is finite-dimensional, then sqriS coincides with riS, the relative interior
of S, which is the interior of S with respect to its affine hull. The notion of strong quasi-relative
interior belongs to the class of generalized interiority notions and plays an important role in the
formulation of regularity conditions, which are needed in convex optimization in order to guar-
antee duality results and also subdifferential sum formulas. The one considered in the next result
is the so-called Attouch-Brézis regularity condition. We refer to [6,7,26,29] for more interiority
notions and their impact on the duality theory.

COROLLARY 12 Letf,g : H — R U {400} be proper, convex and lower semicontinuous func-
tions such that argmin ., {f (x) + g(x)} # ¥ and 0 € sqri(domf — domg) and y > 0. Consider
the following iterative scheme:

yn = proxyg(ﬂnxn)
(Vl’l = 0) in = proxyf (2yn - ﬁnxn)

Xng1 = BuXn + An(Zn — Yu)
with xy € 'H as starting point and (A,),>0 and (B,) >0 real sequences satisfying the conditions:
(1) 0< IB}‘I < lforanyn >0, 1imn—>+oo ,Bn =1, an()(l - lgn) = 400 andznzl |ﬂn - .Bn—1| <

+00;5
(i) 0 <A, <2foranyn > 0,liminf, oo, > 0and ), [ky — Ap_i| < +o00.
Then the following statements are true:

(@) (Xn)nz0 converges strongly to X := projgir(0) as n — 400, where T = (2prox,, —Id) o

(2pr0xyg —1d);
(®) On)n=0 and (zn)n=0 converge strongly to prox,,,(X) € argmin,c4{f (x) + g(x)} as n — +o0.

Proof The result is a direct consequence of Theorem 10 for A = df and B = dg and by
noticing that the regularity condition O € sqri(dom f — dom g) ensures the relation (see [6,
Proposition 7.2])

zer(df + dg) = argmin{f (x) + g(x)}. |
xeH

5. Strongly convergent primal-dual algorithms

The aim of this section is to induce strong convergence in the nowadays so popular primal-dual
algorithms designed for solving highly structured monotone inclusions involving parallel-sums
and compositions with linear operators.
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5.1 A primal-dual algorithm of forward-backward-type with Tikhonov regularization terms

In this subsection, the following monotone inclusion problem will be in the focus of our
investigations.

PROBLEM 13 Let A:'H = 'H be a maximally monotone operator and C:H — H a u-
cocoercive operator, for some p > 0. Let m be a strictly positive integer and foranyi =1, ...,m,
let G; be a real Hilbert space, B;, D; : G; = G; be maximally monotone operators such that D;
are v;-strongly monotone, for some v; > 0, and L; : H — G; be a nonzero linear continuous
operator. The problem is to solve the primal inclusion

findx € H such that 0 € Ax + ZL;‘ (B;,0D;)(Lix) + Cx, (14)
i=1
together with the dual inclusion of Attouch-Théra type (see [3,15,28])
— > Ly € Ax+ Cx

i=1

V; € (B[DD,‘)(L,‘)C), i=1,...,m.

findv, € Gy,...,v €G,, suchthat3x € H : (15)

Some of the notations used above are to be specified. The operator L} : G; — H, defined
via (Lix,y) = (x,L}y) for all x € H and all y € ;, denotes the adjoint of the linear continuous
operator L; : H — G;, for i = 1,...,m. We say that D, : G; = G; is v;-strongly monotone, for
some v; > 0,if (x — y,u — v) > v;||x — y||* forall (x, ), (v,v) € GtD;, i = 1, ..., m. The parallel
sum of the set-valued operators B;, D; : G; = G; is defined as B;,L1D; : G; = G;, B,L1D; = (Bl._l +
DY fori=1,...,m.

We say that (x, vy, ...,Vy,) € HX G; X --+ X G, is a primal—dual solution to Problem 13, if

—ZLZ‘\'zieA5c+C5c and v € (BOD)(LX), i=1,...,m. (16)

i=1

It is easy to see that, if (x,vy,...,V,) € HX G| X -+ X G, is a primal—-dual solution to Prob-
lem 13, then X is a solution to (14) and (v{,...,V,) € G; X -+ x G,, is a solution to (15).
Moreover, if x € H is a solution to (14), then there exists (vy,...,V,) € G X --- X G,, such
that (X, vy, ...,V,) is a primal-dual solution to Problem 13 and, if (v{,...,V,) € Gy X -+ X G,
is a solution to (15), then there exists x € H such that (x, vy, ..., V,,) is a primal-dual solution to
Problem 13.

THEOREM 14 In Problem 13, suppose that

0 € ran <A + Y Lfo(BOD) oL+ c) . (17)

i=1

Lett and o;,i = 1,...,m, be strictly positive numbers such that

s -1 _—1 —1 .
2-min{t”,0, ,...,0, } -min{u,vi,...,v,} | 1 —

m
T aillLil? | = 1.
i=1
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Let be the starting point (xo, V10, --.,Vmo) € H X G X «-+ x G, and set:
Pn = J‘L’A |::3nxn -7 (ﬁn ZL:'kvi,n + C(ﬂnxn)>]
i=1
(Vn > 0) Xn+1 = ﬂnxn + )\n(pn - ﬁnxn) (18)
Fori=1,....m
L qin = JGIB,.*‘ [,ani,n + o; (Li(217n — Buxn) — Di_l (,ani,n))]
Vintl = ,ani,n + )Ln(qtn - ;ani,n)

where (Ay)u=0 and (Bn)n=0 are real sequences satisfying the conditions:

(1) 0< IBn =< 1f076myn >0, limnﬁJroo lsn =1, ano(l - lgn) = +00 andZnZ] |,8n - ﬂn71| <
+00;
(i) 0 < X, < @Bp — 1)/2Bp foranyn > 0, liminf,_, . A, > 0 and anl Ay — Apu1| < 00,

for

B = min{w, vy, ..., vy}
and
m
PR R | —1
p=minfr "o\ 0, ") ) oilLil?
i=1
Then there exists a primal-dual solution (x, Vv, ..., V,) to Problem 13 such that the sequence of
primal—dual iterates (X, Vi, . .., V) converges strongly to (x,Vvy,...,Vy) as n — +00.

Remark 15 (i) Since D; : G; == G; is v;-strongly monotone, we have that Di_l 1 G — Giis ;-
cocoercive, fori =1,...,m.

(i1) The resolvent of the inverse operator of a maximally monotone operator M : H = H can be
computed as follows (see [6]):

Id=Jyy + yJy-y-1 0y~ '1d. (19)

Proof The idea is to apply Theorem 7 in an appropriate product space under the use of appro-
priate renorming techniques (see [28]). We consider the Hilbert space K = H x G| X - -+ X G,
endowed with inner product and associated norm defined, for (x, vi,...,v,), O, g1, .., qm) € K,
via
(V15 V) 05 1 @)k = (5 )+ (Vi Gi)g,
i=1

(20)
m
and (|G vis vk = |3+ D Ivillg,
i=1
respectively. Furthermore, we consider the set-valued operator
M: K=K, (x,vi,....vn) > (A, B 'vi,..., B, vy,
which is maximally monotone, since A and B;, i = 1, ...,m, are maximally monotone (see [6,

Propositions 20.22 and 20.23]), and the linear continuous operator

m
S:K— K, (vi,...,vn) (ZL;kvi,—le,...,—me> ,

i=1
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which is skew-symmetric (i.e. $* = —S) and hence maximally monotone (see [6, Exam-
ple 20.30]). We also consider the single-valued operator

Q:K—K, xvi,...,vw) > (Cx,Dy'vi,....D,'vy),

which is once again maximally monotone, since C and D; are maximally monotone
for i=1,...,m. Therefore, since domS =K, M + S is maximally monotone (see [6,
Corollary 24.4(i1)]). According to [28, page 672]

0 is B — cocoercive.

Further, one can easily verify that (17) is equivalent to zer(M + S + Q) # & and (see also [15,
page 317])

X Vi, v €ezer M+ S+ Q)

(21
< (x,V1,...,Vy) is a primal—dual solution to Problem 13.

We also introduce the linear continuous operator

m
X . Vi Vin
V:K—>K, &xvi,...,vH— ;—E Lviy,——Lx,...,— —Lyx|,
i=1

(o] Om
which is self-adjoint and p-strongly positive (see [28]), namely, the following inequality holds
(x,Vx)k = plxlg VxeK.

Therefore, its inverse operator V ! exists and it fulfils ||V} < 1/p.
The algorithmic scheme (18) in the statement of the theorem can be written by using this
notations as

By (r—'xn - ZL;f‘vi,n> — T ' put+ Y LiGin — C(Buxn) € Apu+ Y Lidin

i=1 i=1 i=1

(Yn > 0) X1 = BuXn + An(Pn — BuXn)

Fori=1,...,m

L Bu(07 iy = Lixa) = 07 ' Gin + Lipw — D7 (Bavin) € B ' (qin) — Lipn
Vintl = IBnVi,n + An (qi,n - ﬂnvi,n)’

(22)
By introducing the sequences
Xy, = (xn’ Vl,lla“’»vm,n)7 and yn = (pnaql,mn-an,n) vn = 0,
the scheme (22) can equivalently be written in the form
ﬂnv(xn) - V(Y ) - Q(/gnxn) € (M + S) 0’ )
Vn >0 " " 23
( - ) \‘ Xn+1 =/3nxn+)"n (yn_ﬂnxn)- ( )

Furthermore, we have for any n > 0
BV (xn) = V(¥,) — Q(Buxn) € M +S)(y,)
< BV —Qo(Bld) x) e M +S+V)(,)
&y, =M+S+V) BV - Qo (B1d) (x,)
&y, =1d+V'M+9)" (BId— V"0 Qo (B1d) (x,)
< ¥y = Ja (Buxn — B(Buxs))
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where
A:=V'!'M+S) and B:=V~!Q. (24)

Let Ky be the Hilbert space with inner product and norm defined, for x,y € K, by

(.y)ky, = (x, Vy)k and x|k, =/ (x,VX)x, (25)

respectively. As the set-valued operators M + S and Q are maximally monotone on K, the oper-
ators A and B are maximally monotone on Ky (see also [28]). Furthermore, B is Sp-cocoercive
on Ky . Moreover, since V is self-adjoint and p-strongly positive, weak and strong convergence
in Ky are equivalent with weak and strong convergence in K, respectively.

Taking this into account, it follows that (23) becomes

(Vn > 0) x,11 = Buxy + Ay (Ja (BuXn — B(BuXn)) — BuXn)

which is the algorithm presented in Theorem 7 for determining the zeros of A + Bincase y = 1.
However, we have

zer(A +B) = zer(V' M + S + Q)) = zer(M + S + Q).

According to Theorem 7, x, converges strongly to proj,e.4+5) (0,0, ...,0) in the space Ky as
n — 400 and the conclusion follows from (21). |

In the remaining of this subsection we investigate the convergence property of the
algorithm (18) in the context of simultaneously solving complexly structured convex opti-
mization problems and their Fenchel duals. The problem under investigation is the following
one.

PrROBLEM 16 Let f € T'(H) and h: ' H — R be a convex and differentiable function with a
w~'-Lipschitz continuous gradient, for some w > 0. Let m be a strictly positive integer and
fori=1,...,m, let G; be a real Hilbert space, g;,l; € I'(G;) such that I; is v;-strongly convex,
for some v; > 0 and L; : H — G; a nonzero linear continuous operator. Consider the convex
optimization problem

inf {f(x) + ) (@) L) + h(x)} (26)

i=1

and its Fenchel-type dual problem

sup {— (F*0n*) <— LTW) -
vieGi, i=1,...m i=1

(g5 v) + 1 (Vi))} - 27)
i=1
We denote by I'(H) the set of proper, convex and lower semicontinuous functions defined
on H with values in the extended real line R U {+o00}. The conjugate of a function f is
f i H =R, f5(p) =sup {{p,x) —f(x) : x € H} for all p € H. Moreover, if f € I'(H), then
f* € T'(H), as well, and (3f)~" = df*. Finally, having two proper functions f, g : H — R, their
infimal convolution is defined by flg : H — R, (fOg) (x) = infyep {f (y) + g(x — y)} for all
xeH.
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COROLLARY 17 In Problem 16, suppose that

0 € ran <8f + > Lf o (3g00k) o Li + w) . (28)

i=1

Let Tt and 0y, i = 1,...,m, be strictly positive numbers such that

1

. -1 — 1 .
2-min{t”,0, ,...,0, } -min{u,vi,...,v,} | 1 —

Let be the starting point (Xo, V10, - - -,Vmo) € H X G| X -+ X G, and set:
DPn = proxrf |:/3n~xn -7 (ﬂn ZLZK Vin + Vh(ﬂnxn))j|
i=1
Vn>0)| X+l = Bnxn + An(Pn — Bnxn) (29)
Fori=1,...,m
{ Gin = PrOX e [Buvin + 01 (Li2pu — Buxa) — VI (Buvin))]
Vin+1 = ﬂnvi,n + )\n(qtn - ,ani,n)a

where (Ay)n=0 and (Bn)a=0 are real sequences satisfying the conditions:

(1) 0 < By, <1foranyn > 0,lim,, ;o B, =1, ano(l — Bn) = +ooand anl [Br — Bu-1] <
+00;

(i) 0 < X, < (4Bp — 1)/2Bp foranyn > 0,liminf,_, , o A, > 0 and anl (A — Ap_1| < +00,
for
B :=min{u, vy, ..., v}

and

m

pi=minf{t o, Lo} [ 1= | ) aillLi?

i=1
Then there exists (X,V1,...,Vy) € H X G X -+ X G,y such that (X,,Vin,...,Vmn) converges
strongly to (X,V1,...,Vy) as n — +o00 and X is an optimal solution of the problem (26),
V1, - .., V) s an optimal solution of (27) and the optimal objective values of the two optimization

problems coincide.

Remark 18 The proximal-point operator of the conjugate function can be computed via the
Moreau’s decomposition formula

Prox, s + Y ProxXj s, © y 1d =1d, (30)
which is valid for y > 0 and f € I'(H) (see [6]).
Proof Consider the maximal monotone operators
A=9f, C=Vh, B;=0g; and D;=29l, i=1,...,m.

The Baillon-Haddad Theorem (see [6, Corollary 18.16]) ensures that C is p-cocoercive.
Since [; is v;-strongly convex, D; is v;-strongly monotone, for i = 1,...,m. According to [6,
Proposition 17.10, Theorem 18.15], D;' = VI is a monotone and v; '-Lipschitz continuous
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operator for i = 1,...,m. The strong convexity of the functions /; guarantees that g;,[Jl; € T'(G;)
(see [6, Corollary 11.16, Proposition 12.14]) and d(g;,[0;) = dg;[Jdl;, i=1,...,m, (see [6,
Proposition 24.27]).

Hence, the monotone inclusion problem (14) reads

findx € H suchthat 0 € 9f (x) + ZL;“(Bg,-Dali)(Li)_c) + Vh(x), (€2))
i=1
while the dual monotone inclusion problem (15) reads

m

=Y Ly € 9f (x) + Vh(x)
i=1

V; € (ag,Dall)(L,x), i=1,...,m.

findv, €Gy,...,v,, €G, suchthatdx e H : (32)

One can see that if (x,vy,...,v,) € H X G| X --- X G, is a primal—dual solution to (31)-(32),
namely,

- ZL;“\_},- € df(x) + Vha(x) and v; € (0g;000L)(Lix), i=1,...,m, (33)

i=1

then X is an optimal solution of the problem (26), (vi,...,V,) is an optimal solution of (27)
and the optimal objective values of the two problems coincide. Notice that (33) is nothing
else than the system of optimality conditions for the primal—dual pair of convex optimization
problems (26)—(27).

The conclusion follows now from Theorem 14. |

Remark 19 (i) The relation (28) in the above theorem is fulfilled if the primal problem (26) has
an optimal solution X € H and a suitable regularity condition holds. Under these auspices there
exists an optimal solution to (27) (v,...,V,) € G; X - -+ X G, such that (x, vy, ..., V,) satisfies
the optimality conditions (33) and, consequently, (28) holds.

(i1) Further, let us discuss some conditions ensuring the existence of a primal optimal solution.
Suppose that the primal problem (26) is feasible, which means that its optimal objective value
is not identical 4+-oc0. The existence of optimal solutions for (26) is guaranteed if, for instance,
f + his coercive (thatis limy— o0 (f + /) (x) = +00) and foralli = 1, ..., m, g; is bounded from
below. Indeed, under these circumstances, the objective function of (26) is coercive (use also [6,
Corollary 11.16 and Proposition 12.14] to show that for all i = 1, ..., m, g;,l1l; is bounded from
below and g;[J/; € T'(G;)) and the statement follows via [6, Corollary 11.15]. On the other hand,
if f + h is strongly convex, then the objective function of (26) is strongly convex, too, thus (26)
has a unique optimal solution (see [6, Corollary 11.16]).

(iii) We discuss at this point a suitable regularity condition as mentioned at item (i)
above. Since dom(g;[1l;) = domg; + dom/;, i = 1,...,m, one can use to this end the regularity
condition of interiority-type (see also [15])

(0, ...,0) € sqri (H(dom gi+dom ;) — {(Lix, ..., Lyx) : x € dom f}) ) (34)

i=1

This is fulfilled provided that one of the following conditions is verified (see [15, Proposi-
tion 4.3]):

(a) domg; +doml; =G;,i=1,...,m;
(b) H and G; are finite-dimensional and there exists x € ri dom f such that L;x — r; € ridom g; +
ridom/,i=1,...,m.
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5.2 A primal-dual algorithm of Douglas—Rachford-type with Tikhonov regularization terms

The problem that we investigate in this section reads as follows.

PROBLEM 20 Let A : ' H = 'H be a maximally monotone operator. Let m be a strictly positive
integer and for any i = 1,...,m, let G; be a real Hilbert space, B;, D; : G; = G; be maximally
monotone operators and L; : H — G; a nonzero linear continuous operator. The problem is to
solve the primal inclusion

findx € M suchthat0 € Ax+ ) L} (B{OD;)(LiX) (35)

i=1

together with the dual inclusion

) . — > L e Ax
findvy € Gy,...,v € G, suchthat (3x € 'H) p (36)
17,‘ S (B,‘DD,‘)(L,‘X), i= 1, ce.,m.
Different to Problem 13, the operators D;, i = 1,. .., m are general maximally monotone oper-
ators, thus they will have to be addressed through their resolvents. This is why in this context a

primal—dual algorithm relying on the Douglas—Rachford paradigm is more appropriate.

THEOREM 21  In Problem 20, suppose that

m
0 € ran (A + ZLf o (B;,0D;) o L,-) . (37)
i=1
Lett,0; > 0,i=1,...,m, be strictly positive numbers such that
m
T oillLil)* < 4.
i=1
Let be the starting point (xo, V1,0, .- .,Vmo) € H X G -++ X G, and set:

m
T
Pln = JzA (ﬂnxn - E,Bn E - L;kvi,n)
=

Win = 2pl,n - /ann

Fori=1,...,m
o
L P2in = 0B, (,ani,n + ElLiWI,n>
Vn > 0) Win = 2p2,i,nm_ ﬂnvi,n (38)

T § *
An =Win — 5 Li W2in
i=1

Xn+1 = ﬂn-xn + )\n(zl,n _pl,n)
Fori=1,...,m
Oj
D,in = Jg,.le' (W2,i,n + ELi(zzl,n - Wl,n))
Vintl = ﬂnvi,n + )‘-n(ZZ,i,n - p2,i,n)’

where (Ay)n=0 and (Bn)n=0 real sequences satisfying the conditions:
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(i) 0 < B, < lforanyn > 0,1im, 4o By = 1,3, o(1 = Bo) = +ocand ), | — Bu-1l <
+00;
(i) 0 < A, <2 foranyn > 0, liminf,_, o A, > 0 and anl Ay — Apt] < +o00.

Then there exists an element (X,vi,...,Vvy) € H X Gy-+- X G, such that the following
statements are true:

(a) by setting
Pr=dua [5— Eiy‘v
T 2 — 1V ’

Pri = Jog (Vi JLCP D). i=1....m,

the element (p1,pai,...Pam) € H X Gy X -+ X Gy is a primal-dual solution to
Problem 20;

(b) (XusVigs ..., Vmn) converges strongly to (x,vi,...,Vy) as n — +00;

©) P1usP2105 -+ - P2mn) And (210, 22,105 - - - > 22,mn) COnverge strongly to (p1,pa g, -..,P2m) aS
n — —+o0.

Proof For the proof we use Theorem 10 (see also [8]) in the same setting as in the proof
of Theorem 14, namely, by considering K = H x G X --- X G,, endowed with inner product
and associated norm defined in (20). Furthermore, we consider again the maximally monotone
operator

M:K=K, (xvi,....v0) > (A, B 'vi, ..., B, vy,

m

the linear continuous skew-symmetric operator
m
S:K—K, (x,vi,...,vn) <2Lfvi, —Lix,...,— mx)
i=1
and the (this time not necessarily single-valued) maximally monotone operator
—1 _
Q: K=K, (xvi,....,vs) > (0,D7'vi,....D,'vy) .

Since dom S =K, both %S+Q and %S+M are maximally monotone (see [6,
Corollary 24.4(i)]). Furthermore,

BN zerM+S+0Q)#2

and
X vi,...,vp) Ezer(M + S + Q)

(39
< (x,v1,...,V,) is a primal—dual solution to Problem 20.

We introduce the linear continuous operator

V.K—>K, . le:L* L L)
K-> K, (xv,...,vp))—[—-—= Vv, — — =Lix,...,— — =L,x|,
! T 24 2!

Vi
o1
which is self-adjoint and p-strongly positive (see also [8]), for

" 11 1
T oi||Li || min{—,—,...,—} > 0,
; ! ! T 01 Om
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namely, the following inequality holds
(x,Vx)k = plxlz VxeK.

Therefore, its inverse operator V! exists and it fulfils [|[V~'|| < 1/p.
The algorithmic scheme (38) is equivalent to

m m
M - % ;LT (BaVin — P2in) € % ;L;kpli,n +Apia
Win = 2pl,n - ,an,,

Fori=1,...,m
ﬁnvi,n — P2in

i
Woin = 2p2,i,n - Iani,n

1 1 _
- ELi(ﬁn-xn _pl,n) € _ELipl,n + B,’ 1p2,i,n

(Vn > 0) o (40)
Win — 21,
LEELERE Y7 T
T 24
i=1

Xn+l = ﬂnxn + )"n(zl,n - pl,n)
Fori=1,....m

Woin — 220 1 1 -1

———= — =Li(wi, —210) € —zLiz1, +D; 22

a; 2 2
Vintl = ,ani,n + Ay (ZZ,i,n - p2,i,n)-
By considering for any n > 0 the notations
xn = (-xn’ Vl,n’-u,vm,n)’ yn = (pl,n,PZ,l,nw--,plm,n) and zn = (Zl,mZZ,l,n’-",22,m,n)’

the iterative scheme (40) can be written as

V(Bxn—y,) € (55+M)y,
(Vn=0)| V2, —Buxn —22) € (35 + Q) za (A1)
Xpt1 = ﬁnxn + )‘-n (zn _yn) 5

which is further equivalent to
—1/1 -1
Vo=Id+V'GS+M))  (Buxy)

Vn=0)| z,=(1d+ VLS +0) " (29, — Buxn) (42)
Xpi1 = ,ann + )\'n (zn _yn) .

Let Ky be the Hilbert space with inner product and norm defined, for x,y € K, via

.y, = (X, Vy)k and x|k, =V (x, VX)k, (43)

respectively. As the set-valued operators %S + M and %S + @ are maximally monotone on K,
the operators

B:=V'(i8+M) and A:=V'(i5+0) (44)

are maximally monotone on Ky. Furthermore, since V is self-adjoint and p-strongly positive,
strong convergence in Ky is equivalent with strong convergence in K.
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Taking this into account, (42) becomes

Yo = JIB (Buxn)
(Vn = O) in = JA (2yn - ;ann) (45)
Xpt+1 = ﬂnxn + )\n (Zn _yn) 5

which is the Douglas—Rachford algorithm formulated in Theorem 10 in case y =1 for
determining the zeros of A + B. It is easy to see that

zer(A +B) = zer(V' M + S + Q)) = zerM + S + Q).

By Theorem 10(a), there exists ¥ = (X, vy, ..., V) € Fix(R4Rp), such that Jpx € zer(A + B) =
zer(M + S + Q). The claim follows from Theorem 10, (39) and by writing JpX in terms of the
resolvents of the operators involved in the expression of B. |

We close this section by considering the variational case.

PROBLEM 22 Letf € I'(H), m be a strictly positive integer and fori = 1,...,m, let G; be a real
Hilbert space, g;,1; € T'(G;) and L; : H — G; a nonzero linear continuous operator. Consider the
convex optimization problem

inf {f(x) + Z(g,-Dlo(L,-x)} (46)

i=1

and its conjugate dual problem

sup i—f* (— ZL?vi) DN CAOEIAD)! } (47)
i=1

V15 Vm) €G1 XX Gy i=1

COROLLARY 23  In Problem 22, suppose that

0 € ran (8f + iLf o (0g;001) o L,-) . (48)
i=1
Lett,0; > 0,i=1,...,m, be strictly positive numbers such that
T Xm:o,-HL,»Hz <4.
i=1
Let be the starting point (X0, V10, - . .,Vmo) € H X Gy - -+ X G, and set:

- m
Pin= prOX‘[f (,ann - Eﬂn ZL?(VLH>
i=1

Win = 2p1,n - /gnxn

Fori=1,...,.m
o
L Prin = ProX, (ﬂnvi,n + El Liwl,n)
(Vn > 0) W2in = 2D2in = Buvi o)

T § : *
An =Win — 5 Lj W2in

i=1
Xn+l = ﬂnxn + )\n(zl,n _pl,n)
Fori=1,...,m

Oi
in = proxgi];* (W2,i,n + ELi(ZZI,n - Wl,n))
Vinyl = ﬂnvi,n + )"n(ZZ,i,n - pZ,i,n),
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where (Ap),=0 and (B,) >0 are real sequences satisfying the conditions:
(i) 0 < B, <I1foranyn>0,lim, B, =1, ano(l — By) = +00 andznzl [Br — Bu-1l <
+00;

(i) 0 < X, <2 foranyn > 0, liminf,_, X, > 0 and anl [Ap — Apt| < 400.

Then there exists an element (X,Vi,...,Vy) € H X Gy--+ X G, such that the following
statements are true:

(a) by setting

i} L T,
P1 = proX,, <x 3 ZLI- vi) ,
i=1
_ - (o] - — .
Boi = Prox,,: (v,- + S L —x)) Ci=1.....m

the element (p1,pa1s- .. P2m) € H X Gy X -++ X Gy is a primal-dual solution to Prob-
lem 20, namely,

m

—Y L€ df(®) and V€ 0gALLY), i=1,....m, (50)
i=1
hence p is an optimal solution to (46) and (a1, . . ., P2.m) is an optimal solution to (47);
(b) (e, Vigs---»Vin) converges strongly to (X, vy, ..., Vy) as n — +00;
(C) (pl,mpZ,l,m e ,pZ,m,n) and (Zl,n’ D, lnse-> Z2,m,n) converge strongly to (ﬁl,ﬁZ,ls e ,[_72,m) as

n — +o0.

Remark 24  The hypothesis (48) in Theorem 23 is fulfilled, if the primal problem (46) has an
optimal solution, the regularity condition (34) holds and

0 € sqri(dom g —dom /) fori=1,...,m.

According to [6, Proposition 15.7], the latter also guarantees that g;,[/; € ['(G;),i =1,...,m.

6. Numerical experiments: applications to the split feasibility problem

Let H and G be real Hilbert spaces and L : H — G a bounded linear operator. Let C and Q
be nonempty, closed and convex subsets of H and G, respectively. The split feasibility problem
(SFP) searches a point x € H with the property

xeC and LxeQ. Sh

The (SFP) was originally introduced by Censor and Elfving [11] for solving inverse problems in
the context of phase retrieval, medical image reconstruction and intensity modulated radiation
therapy.

We show that the strongly convergent primal—dual algorithms which we have investigated in
Section 5 are excellently suited to solve the (SFP), especially in the case when infinite dimen-
sional Hilbert spaces are involved. For this purpose, we note that problem (51) can be written
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equivalently in the form

min {6c(0) + o(L0)} (52)

where

0, ifxeS
8s(x) 1=
s®) {—l—oo, else
denotes the indicator function of a subset S of a Hilbert space. Another alternative way to write
problem (51) is as the minimization problem

(1
min {Edé(x) + 5Q(Lx)} , (53)

where d¢(x) = inf,c¢ ||x — u|| denotes the distance of the point x € H to the set C. Both opti-
mization problems are special instances of Problem 16, consequently, we will solve them by
making use of the algorithm stated in Corollary 17.

The optimization problem (52) can be stated in the framework of Problem 16 by taking f = §c,
m=1, g1 =8¢, i = 80), L1 = L and h=0. The iterative scheme stated in Corollary 17 reads:

Pn = Pc(Buxn — TB,L7 V)

Xn+1 = ﬂnxn + )"n (pn - ﬂnxn)

qn = ﬁnvn + UL(an - ﬁnxn) - O’PQ(Gilﬂnvn + L(2pn - ﬁnxn))
Vil = Buvn + An(Gn — Bava)-

(Yn = 0) (54)

The optimization problem (52) can be stated in the framework of Problem 16 by taking f =0,
m=1, g1 =68p, Iy =80, Ly =L and h = %dé Noticing that V(%dé) = Id —Pc, the iterative
scheme stated in Corollary 17 reads:

Pn = ,ann - T(/gnL*Vn + Iann - PC(;ann))

Xn1 = BuXn + Au(Pn — BuXn)

qn = ﬁnvn + UL(ZPn - ﬁnxn) - GPQ(U_]ﬂnvn + L(zpn - ﬁnxn))
Vn+1 = ,BnVn + )‘-n(Qn - lgnvn)'

(Vn = 0) (55)

For the numerical example we consider the following setup: let H = G = L*([0,27]) := {f :
[0,27] > R : fozrr If (©)|> dt < +o0} equipped with the scalar product (f,g) := Oznf(t)g(t) dt
and the associated norm ||f|| := (fozn If (1)|? df)'/? for allf,g € L*([0,27]). The sets

2
C:= {xeLz([O,Zn]) :/ x()dr < 1}
0

and
2
Q= {x e L*([0,27]) :/ |x(t) — sin(r)|* dr < 16}
0

are nonempty, closed and convex subsets of L?([0,27]). Notice that C = {x € L*([0,2r]) :
(x,u) <1} and Q = {x € L>([0,27]) : ||x — f|| <4}, where u:[0,27] — R,u(t) =1 for all
te[0,2x],and f : [0,27] — R, f(¢) = sint for all ¢ € [0, 27 ]. We define the linear continuous
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operator L : L*([0,27]) — L*([0,27]) as

2
(Lx)(¢) := (/ x(s) ds) - 1.
0

Let x,y € L>([0,2m]). Then

2 2 2
ey = [ Lxy di = / ) [ v dids,
0 0 0

and therefore
2
Ly (1) = / sy(s) ds.
0

Furthermore, by using the Cauchy-Schwarz inequality yields

2 2 2
ILI> = sup f Tx(1)*dt = sup / £ dt ( / x(s) ds>
llxlI=1J0 xlI=1J0 0

8 2 16
< sup —71’3/ x(s)2 ds - 27 = —n*.
=1 0 3

2

The projection onto the set C can be computed as (see [6, Example 28.16])

1 — 77 x(r) dt " 2m e |
Pc(x) = 27 e 1/0 o de=

X, else.
On the other hand Py, is given by [6, Example 28.10]

. 4(x — sin)
s +—72 . )
Po(x) = (fy” lx(0) = sin(p)|> dr)!/?
X, else.

2
if / Ix(r) — sin(0)|>dr > 16
0

We implemented the algorithms (54) and (55) in MATLAB used symbolic computation for
generating the sequences of iterates. One can easily notice that, in this particular setting, the split
feasibility problem and, consequently, both addressed optimization problems are solvable. The
numerical experiments confirmed that the primal—dual algorithms involving Tikhonov regular-
ization terms outperform the ones without Tikhonov regularization terms, which correspond to
the case when g, = 1 for every n > 0 and for which is known that they weakly convergence
to a primal—dual solution of the corresponding KKT system of optimality conditions (Tables 1
and 2).

In the two tables above we present the numbers of iterations needed by the two algorithms to
approach a solution of the split feasibility problem (SFP). We consider as stopping criterion

E(x,) = 3 |Pc(x) — 01> 4+ 31Po(Lx,) — L, || < 1077,

while taking as relaxation variables A, = 0.4 for every n > 0 and as Tikhonov regularization
parameters B, := 1 — 1/(n+ 1) for every n > 0, respectively, B, = 1 for every n > 0 for the
variants without Tikhonov regularization terms.
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Table 1. Comparison of the variants without and with Tikhonov regu-
larization terms of the primal-dual algorithm (54), for different starting
values and step sizes 7 = 0.1 and o = 0.01.

Number of iterations

X0 Vo Bn=1 Bo=1- ik
o o 13 1
o Let 20 1
o ¢+ b 21 12
Lot o > 150 1
3¢ ze! 20 12
Lot ¢+ o 21 13
¢+ L o > 150 15
o+ o Lot 20 13
e + % e + %24 21 13

Table 2. Comparison of the variants without and with Tikhonov
regularization terms of the primal-dual algorithm (55), for different
starting values and step sizes T = 0.1 and o = 0.01.

Number of iterations

X0 Vo Bn=1 571:1_#
% o 2% 1
5 ze! 46 10
I o+ I 46 10
let o 30 6
3¢ ie 24 11
fef e+ 35 21
o+ L o 32 6
et L Ler 36 12
¢+ ¢+ h 24 1

7. Further work

We point out some directions of research related to proximal methods with Tikhonov reg-
ularization terms, which merit to be addressed starting from the investigations made in this

paper:

(1) To consider in the numerical algorithms of type forward—backward and Douglas—Rachford
proposed in this paper dynamic step sizes, which are known to increase the flexibility of
the algorithms. This can be for instance done by formulating first a Krasnosel’skii-Mann—
type algorithm for determining an element in the intersection of the sets of fixed points of
a family of nonexpansive operators (T;)x>0. Suitable choices of the operators in this family,
in the spirit of the investigations we made in the Sections 3 and 4, can lead to iterative
algorithms with dynamic step sizes (see [14]).
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(2) To employ in the iterative schemes discussed in this article inertial and memory effects,
which are known to contribute to the acceleration of the convergence behaviour of the
algorithms.

(3) To translate the proposed numerical methods to a framework that goes beyond the Hilbert
space setting considered in this article, in order to allow applications where functional spaces
are involved. We refer the reader to [24,25,27] and the references therein for tools and tech-
niques which allow to prove convergence statements in Banach spaces with some particular
underlying geometric structures.
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