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1 Introduction

There are many applications using primal-dual splitting methods in applied mathe-
matics, e.g. evolution inclusions, partial differential equations, mechanics, variational
inequalities, Nash equilibria, and various convex optimization problems such as sup-
port vector machine problems for classification and regression. The corresponding
general problem which has to be solved is the monotone inclusion problem. In this
thesis, we revisit the general primal-dual splitting framework presented in [2] from a
stochastic point of view. We modify the therein provided algorithm by applying a ran-
dom sweeping strategy, which selects the blocks of coordinates that are activated over
the iterations. The sweeping rule allows for an arbitrary sampling of the indices of the
coordinates. The resulting algorithm can be reduced to a stochastic error-tolerant ver-
sion of Tseng’s forward-backward-forward method in a product space. Essential for
proving its almost sure convergence is the concept of quasi-Fejér monotonicity. Im-
portant properties of the stochastic primal-dual forward-backward-forward algorithm
presented in this paper are that it tolerates errors in the implementation of the opera-
tors and that the operators involved are evaluated separately in each iteration, either by
forward steps in the case of the single-valued ones, in particular the linear continuous
operators and their adjoints, or by backward steps for set-valued ones, by using the
corresponding resolvents. Furthermore, the algorithm is expected to converge faster
than its deterministic counterpart, since every iteration computational effort is saved
by using a sweeping strategy.

The problem under investigation is the following, we derive it by setting z = 0 and
ri=0foralli€ {1,...,m} in [2, Problem 1.1]. The parallel sum operator [J is defined
by Eq. 8.



1.1 Monotone Inclusion Problem

Let 3 be a separable real Hilbert space, let m be a strictly positive integer, let A : 7 —
27 be maximally monotone, and let C : 7{ — J be monotone and p-Lipschitzian for
some U € ]0,+oo[. For every i € {1,...,m}, let G; be a real separable Hilbert space, let
Bi: G — 25 be maximally monotone, let D; : §; — 25/ be monotone such that D;l
is v;-Lipschitzian, for some v; € |0, +eo|, and suppose that L; : H — G; is a nonzero
bounded linear operator. The problem is to solve the primal inclusion

m
(1) find x€H suchthat 0€Ax+ Y L;((B; O D;)(LiX))+Cx,
i=1

together with the dual inclusion

-y Livi€e Ax+Cx
(2) find vy € G1,y..., Vi € G such that (Fx e H) < (Vie {1,...,m})
v € (Bl' O D,-)(L,-x).

Problem 1.1 includes and extends diverse existing problem formulations, e.g. the
convex optimization problem presented later on in Section 4.1.

In Section 2, we specify our notation and indicate the underlying stochastic as-
sertion, which provides results about the convergence of quasi-Fejér monotone se-
quences. The main statement of this paper, which encompasses the stochastic primal-
dual forward-backward-forward algorithm is formulated and proven in Section 3. As
an offspring we obtain an algorithm in order to solve convex optimization problems.
The corresponding theorem is presented and proven in Section 4.1. Moreover, in Sec-
tion 4.2 we introduce the kernel based machine learning problem. In particular, we
use a pool of hand-written images showing the numbers four or five in order to train
a Support Vector Machine, which aims to classify the images correctly. This issue is
equivalent to solving a convex minimization problem. By means of this application we
test several types of the stochastic algorithm, assess their performances and compare
them to the performance of its deterministic counterpart. At the end, the according
MATLAB-codes are presented.

2 Background and Notation

We use the standard notation (cf. [1, Notation 2.1., Notation 3.1.], [2, 2 Notation and
Background] and [8, 2 Preliminaries]). J{ is a separable real Hilbert space with scalar
product (-,-), associated norm ||- ||, and Borel c-algebra B. Id denotes the identity
operator on H{ and — and — denote, respectively, weak and strong convergence in
H. The sets of weak and strong sequential cluster points of a sequence are denoted by
W(xp)n>0 and 8(x;,),>0, respectively. The underlying probability space is (Q,F,P). A
J-valued random variable is a measurable map x : (Q,F) — (H,B). The o-algebra
generated by a family @ of random variables is denoted by o (®). Let .# = (F,,),en
be a sequence of sub-sigma algebras of F such that (Vn € N) F, C F,,.;. We denote
by £ (%) the set of sequences of [0, 40| -valued random variables (&,),ecn such that,
for every n € N, &, is F,,-measurable. We set

3 (Vpelo+el) H(F)= {(én)%N €l(Z)| Y &P < +oo P-as. }

neN



Given a sequence (x,),en of H-valued random variables, we define
4) X =(Xp)pey  where (VrneN) X, =0(xo,...,xn).

Equalities and inequalities involving random variables will always be understood to
hold P-almost surely, even if the expression "P-a.s.” is not explicitely written. For
background on probability in Hilbert spaces, see [6] and [7].

For a strictly positive integer m let 3y, ..., H{,, be separable real Hilbert spaces and
let By,...,B,, be their corresponding Borel c-algebras. Let K = H; & --- D H,, be
their direct Hilbert sum with its corresponding Borel c-algebra B, which is equal to
the product o-algebra ®,_; ,,B;, i.e. a function from Q to X is B-measurable if
and only if its i-th compone,nt,is B;-measurable for i = 1,...,m. The scalar products
and associated norms of these spaces are all denoted by (-,-) and || ||, respectively,
and x = (xq,...,x,) denotes a generic vector in in X, which remains a real separa-
ble Hilbert space with respect to the inner product (x,y) = ¥/, (x;,y;) and the norm
||x|| = /X, ||xil|?. Given a sequence (Xn)nen = (X1, -+ sXmpn)nen of K-valued ran-
dom variables, we set (Vn € N) X, = o(Xo,...,Xs).

Let M : H — 27 be a set-valued operator. We denote by ranM = {u € H | (Ix €
H) u € Mx} the range of M, by domM = {x € H | Mx # 0} its domain, by zerM =
{x € H | 0€ Mx} its set of zeros, by graM = {(x,u) € H x H | u € Mx} its graph,
and by M~ its inverse, i.e., the set-valued operator with graph {(u,x) € K xH | uc
Mx}. The resolvent of M is

(5) Iy = (1d+M)~".
Moreover, M is monotone if
(6) (V(x,u) € graM)(¥(y,v) € graM)  (x—y,u—v) >0,

and maximally monotone if there exists no monotone operator M : H — 2% such that
graM C graM. We say that M is uniformly monotone at x € dom M if there exists an
increasing function ¢ : [0, +oo[ — [0, +oo] that vanishes only at O such that

@) (Vu e Mx)(V(y,v) € graM)  (x—y,u—v) = ¢(|[x—yl).
The parallel sum of two set-valued operators M; and M, from JH to 23 s
(8) My O My =M M5 )7

This operation is very important in convex analysis and monotone operator theory, and
its is naturally connected to addition since (M; + M)~ = M. 'O My !, One can find
more information about the parallel sum in [3]. Let be J{; and H, two separable real
Hilbert spaces with corresponding scalar products (-,-); and (-,-), respectively. For
a linear continuous operator L : H| — H,, the operator L* : Hp, — Hy, defined via
(Lx,y)> = {x,L*y); for all x € H; and all y € H,, denotes its adjoint. We denote by
[p(H) the class of lower semicontinuous convex functions ¢ : H — | — e, 40| such
thatdom@ = {x € H | ¢(x) < 4o} # 0. Now let ¢ € I'o(H). The conjugate of ¢ is the
function @* € I'g () defined by @* : u — sup,q4¢((x,u) — ¢ (x)), and the subdifferential
of ¢ is the maximally monotone operator

9 00:H =27 xs{uedH | (vweH) y—xu)+¢x) < o(y)}



with inverse given by
(10) (99) =09,

Moreover, for every x € 3, @ + ||x — -||>/2 possesses a unique minimizer, which is
denoted by prox,, x. We have

(11) prox, = Jgo.

We say that ¢ is v-strongly convex for some v € |0, +oo[ if @ — v||-||?/2 is convex,
and that ¢ is uniformly convex at x € dom ¢ if there exists an increasing function
¢ : [0,+00[ — [0, +oo] that vanishes only at O such that

(vy € dom@) (Ve € 0, 1)) @(ax+ (1 - a)y) + (1 — a)g(|lx—]])
< o@(x)+(1-a)o().
The infimal convolution of two functions ¢; and @, from H to ] — oo, 4] is

(13) @1 O @ H — [—oo, 4o0] 3x’_>yiélgf{(§01()’)+¢2(x_)’))-

12)

Finally, let S be a convex subset of J{. The strong relative interior of S, i.e., the set of
points x in S such that the cone generated by —x+ S is a closed vector subspace of I,
is denoted by sriS, and the relative interior in S, i.e., the set of points x in S such that
the cone generated by —x+ S is a vector subspace of J, is denoted by ri S.

2.1 Stochastic Foundation

The following result is a main ingredient in the prove of the stochastic primal-dual
forward-backward-forward algorithm. A sequence satisfying Eq. 14 P-a.s. is referred
to as quasi-Fejér monotone.

Theorem 1 (see [1, PROPOSITION 2.3.]) Let F be a nonempty closed subset of H,
let ¢ : [0,4oc0[ — [0,+oo[ be a strictly increasing function such that
limy 100 @(2) = Hoo, and let (x,)nen be a sequence of H-valued random variables.
Suppose that, for every z € F, there exist (Xu(2)nen) € €1 (Z), (0u(2)nen) € €4+(Z),
and (M (2)nen) € 4(2°) such that the following is satisfied P-a.s.:

(14)  (Vn € N) E(@(|[xar1 —2l1) | Xn) + Bu(2) < (14 2(2))9 (|l —2l]) +Na(2)
Then the following hold:

(i) (Vz€TF) | LuenOu(z) < oo P-acs.|.

(i) (xp)nen is bounded P-a.s.

(iii) There exists Q € F such that P(Q) = 1 and, for every @ € Q and every
z€F, (||xy(@) — z||)nen converges.

(iv) Suppose that W(xp)neny C F P-a.s. Then (xn)nen converges weakly
P-a.s. to an F-valued random variable.

(V) Suppose that 8(x,)pen NF #£ O P-a.s. Then (x,)nen converges strongly
P-a.s. to an F-valued random variable.

(vi) Suppose that 8(x,)neny 70 P-a.s. and that W(x,)yeny C F P-a.s. Then
(xn)nen converges strongly P-a.s. to an F-valued random variable.



3 Main Result

The following statement is the main result of this thesis, it presents the new stochastic
primal-dual forward-backward-forward algorithm and describes its asymptotic behav-
ior.

Theorem 2 (Main Result) In the Problem given in Subsection 1.1, suppose that
m

(15) 0 € ran (A—s—ZLf((Bi O Di)(Li -))+C>.
i=1

Let (a10)nen, (Pip)nen and (c1,)nen be sequences of H-valued random variables,
and for every i € {1,...;m}, let (a2n)nen, (02in)nen and (¢2in)nen be sequences of
Gi-valued random variables. Furthermore, set

(16) B :max{u,vl,...,vm}ﬂ/Z||L,-\|2,
i=1

let xo be a H-valued random variable, let (vi g, ...,Vm0) be a G1 @ - - - @ Gu-valued vec-
tor of random variables, let p €10,1/(B +1)], let (V,)nen be a sequence in [p, (1 —
p)/B]. Set D = {0,1}"+1\ {0}, and let for all n € N (&) 4, €210, -, E2.mn) be identi-
cally distributed D-valued random variables, and iterate

Algorithm 1:

1 forn=0,1,...do

2 Yin :xn_'}/n(cxn +Z;r'n:1L;‘<Vi,n +al,n)

3| pra=Jdpain) +bia

4 if £ , = 0 then

5 fori=1,....mdo

6 if &;, =1 then

7 Y2,in = Vin+ Ya(Lixy — D; : Vin—a2in)
8 P2in=Jy g1 (v2,in) +b2,in

9 G2,in = P2in+ Ya(LiP1n— Dflpz,i,n —C2in)
10 Vintl = Vin = Y2in+q2,in

1 else

12 L Vin+1 = Vin
13 Xn+1 = Xn
14 | elsefe, =1]
15 fori=1,....mdo

16 Y2,in = Vin + M (Lixn - Dl‘_lvi,n - a2,i,n)

17 D2in = JynB,-’l (y2,in) +b2in
18 Qin="Pin—W(CP1a+ X Lip2in+cin)
19 Xn+1 :xnfyl,n‘i’ql,n
20 fori=1,....mdo
21 if &;, =1 then

22 q2in = P2in + ’}/n(Lipl,n *Dl‘ilpZ.i,n - C2,i,n)
23 Vintl =Vin —Y2int42,in
24 else

25 L Vin+1 = Vin




and for all n € N set &, = 0'((817,1,8271,,,,...,827,,1,,,)), Xin = 0(x0,...,xn) and (Vi €
{1,...;m}) Xpjn = 0(v2,0,..-,V2,in). In addition, assume that the following hold.

(A) Foralln €N, let ay ,, by, and ¢, be Xy ,-measurable and (Vi € {1,...,m}) let
ain, bainand cp i, be Xy ; n-measurable.
Further, let ¥ ,cnE(|[ai1,]| |3C1’,,) < o0, Yen E(|[b14]] ‘ Xin) < oo,
SaewB(lernll [ X10) < oo,
and let foralli € {1,....m} ¥, cnE(]|a2,ix]| | X2,in) < oo,
ZnGNE(HbZ-,i-,ﬂH |x2,i,n) < +oo and ZneNE(HCZ,i,nH | xZ,i,n) < oo

(B) Foreveryn e N,leté, and (X1, X2.1 1., X2mn) be independent.
(C) LetPleg=1]>0andforallic {1,...,m} letPley ;o = 1] > 0.
Then the following hold.

() ZnENH-xn _pl,nH2 < +oo P-a.s.and
(Vie{l,...,m}) Lpen ||vi,n _p2,i,n||2 < +oo P-a.s.

(i) There exists a solution X to Eq. 1 and a solution (Vi,...,Vy) to Eq. 2 such that the
following P-a.s. hold.

(@) =Y., L;v; € AX+Cxand (Vi € {1,....,m}) Lix € B, 'v; + D} 'v:.

(b) (Vie{l,..,m})0e—L((A~" O C")(-Y7,Lv))) +B; 'vi+D; v
(€) x, =~Xand p1, =X

(d (Vie{l,...m})vi, —Viand pr;n — Vi

(e) Suppose that A or C is uniformly monotone at x. Then x, — X and p1 , — X.

(f) Suppose that, for some i € {1,...,m}, Bi_1 or Di_1 is uniformly monotone at
v;. Then Vin —> Vi and pai, — V.

In order to prove the above result, we use the following Theorem 3. Therein a
stochastic error-tolerant forward-backward-forward algorithm and its corresponding
convergence behavior is formulated. The concept of the proof of Theorem 2 (Main
Result) is basically to transform Algorithm 1 into the algorithm given in the following
theorem and then apply it.

Theorem 3 (A stochastic error-tolerant forward-backward-forward Alg.) Fora

strictly positive integer m let Hy,...,H,, be separable real Hilbert spaces and K =
Hi®---DH,, be their direct Hilbert sum with corresponding Borel c-algebra B. Let
foralliin {1,...m} M; : K — 2% : x = (x1,...,X) > Mix; and suppose that M : K —
2% x [T Mix; is maximally monotone. Moreover, let for all i in {1,....m} Q; :
X — H; : x+— Oix be single-valued and let Q : X — X : x — [[/L, Qix be a monotone
and B-Lipschitz continuous operator, for some B > 0. Suppose that zer(M + Q) # 0.
Let xo be a K-valued random variable, let (a,)nen, (bp)nen and (¢,)nen be sequences
of K-valued random variables, let p € 10,1/(1 — B)[, and let (V,)nen be a sequence



np,(1—p)/B]. SetD={0,1}"\ {0} and let (€, = (€1 n, ..., Emn))nen be identically
distributed D-valued random variables. Iterate
Algorithm 2:

1 forn=0,1,...do

2 Yo =Xp—Va (an +an)

3 Z, :JYnM(Yn)+bn

4 U =Zn— Y (an + cn)

5 fori=1,....mdo

6 L Xint+1 = Xip+ €in(Gin —Yin)
7 | Xnt+l = (xl,n+17---,xm,n+1)

and for all n € N set &, = o(€,), and X, = 0(x1,...,X,) und set " = (Xp)nen. In
addition, assume that the following hold.

(1) Foreveryn €N, let a,, b, and ¢, be X,,-measurable, and let
Yoen B(l[an[| Xn) < 400, TuenE(|bal[| X,) < 400 and
Yoen E(lleq]| ‘xn) < oo

(ii) Foreveryn € N, let &, and X, be independent.
(i) (Vie{l,...,m}) p;i="Plgo=1]>0.
Then the following hold for some random variable X € zer(M + Q).
@) Enen |[%n — 2] < +eo P-as.
(b) x, =X P-a.s.andz, —~X P-a.s.

(c) Suppose that M or Q is uniformly monotone at X. Then X, — X P-a.s. and z, —
X P-a.s.

Proof to Theorem 3. (The paradigms to this proof are the proofs of [1, THEOREM
3.2], [3, Theorem 25.10-Tsengs algorithm] and [5, Theorem 2.5].) First we notice that
Algorithm 2 is well defined, since for all n € N Jy,u is single-valued [3, Corollary
23.8]. We define the linear operators

17 (VneN) Tg, : K=K : (x1,.00s%m) = (E10X1, s EmnXm)s

and set
Vi = Xn — %Qx, Vu= (yl,na---vf’mm)
z,= JynM(yn) Z, = (Zl,na---yzm,n)

(18) (VHEN) (in:Zn_YnQin Qn: (671,n,~~,67m,n)
€ =Yn—qn—Yntqn en:(el,nw'wem,n)
én = Ts,, (en) én = (517}17 ~-~,e~m,n)~

Thus the lines 5 to 7 in Algorithm 2 read as

(19) Xn+1 = Xn + Te, (qn — ¥n)-
We define a norm ||| - ||| on X by
2 v 1 2
(20) (e X) |[Ixlll ZZ;HX:'H,
i=1Pi



where p; = P[g;o = 1] > 0 as defined in (iii). We are going to apply Theorem 1 in
(%, 111- 1) For z € zer(M +Q), let us set

(VneN)(Vie{l,...m})

@ ili,n :XxD—R: (Xnasn) — ||xi,n+£i,n(@',n _yi,n) _Zi||2 and
hi,n KPxD - R: (Xn73n7bn7cn78n) — Hxi,n+1 _Zi||2

= Hxi,n + Ei.n(qi,n _yi,n) - Zi| ‘2'

Since M is maximally monotone, Jy,m is firmly nonexpansive [3, Corollary 23.8],
hence continuous. Note that, for every n € N and every i € {1,...,m}, since Q and
Jy,m are continuous and hence measurable, so are the functions (iliﬁ(',n))ne]) B-
measurable and (h;,(-,-,,-,1))nep @}, B-measurable. Consequently, since, for ev-
ery n € N, (ii) asserts that the events ([€, = 1])nep form an almost sure partition of
Q and are independent from X,,, and since the random variables (%, (X,,N))1<i<mneD
and

(hin(Xn,2n,bp,€,,M))1<i<mnep are X,-measurable, we obtain [4, Section 28.2]

(22)
(Vn € N)(Vi € {1,...;m}) E(hin(Xn, &) | Xn) = E(hin(%0,€0) ¥ Ligrony | Xn)
neo

= Z E(;liﬁn(xnan)l{en:n} |xn)
neb

= Z E(1{8n=1‘l} ’xn)i?i,n(xmn)
neb

= Z Ple, = Nhin(x,,M) P-as.,
neb

and analogously,

(Vn e N)(Vie {1,...,m}) E(hin(Xn,an,b,,¢,,€5) |fXI,,)

(23) = Z Ple, = Nhi (X4, a,,by,¢,,m) P-as.
nen

Since Q : X — X is monotone and continuous, it is maximally monotone [3, Ex-
ample 20.29]. Furthermore, since domQ = X, we derive from [3, Corollary 24.4(i)]
that

24) M + Q is maximally monotone.

Since, for all n € N, a, is X,,-measurable, we have E(||a,]| }xn) =||a,|| P-a.s., i.e.,
for all n € N exists a Q, with P(Q,) = 1 such that for all ® € Q, E(||a,(0)|||X,) =
||a,(®)]|. Now set Q = ,cn 2y and let Q° be its complement, then P(Q) = 1 —
P(UpenQS) > 1 —Y,enP(QS) = 1, hence P(Q) = 1. We have for all ® € Q and for
all n € N that E(||a,(®)|| ]IXZ,,) = ||a,(®)||. Analogously, we get the same result for by,
and ¢, respectively, instead of a,. Together with (i) we derive

Z l|ay]| < +oo P-a.s., Z [|by|| < 4o P-a.s. and

neN neN

Z llen|] < +oo P-a.s.
neN

(25)



We derive from Algorithm 2 and Eq. 18 the following inequalities. First,

(26) [1¥2 = ¥all = Wllaal] < [|anll/B-

Hence, since Jy,M is nonexpansive,

120 — 2al| = [Ty, M (F2) — Ty (¥n) — ba|
<y (Fn) = Tyma(¥a) [+ [[ba]|
< |§ = Yall + [[ba]
< [[an[|/B +[[bn]]-

27

In turn, we get

1Gn — nl| = [|Z0 — %QZn — 2, + 12 (Qzn + ¢,
< ||Zn = Zal| + 111QZn — Qzy || + Yl el
< (L4 %B)|Zn — 2a| | + allenl|
<2(l|aall/B + |[ball) + el /B

Combining Eqs. 18, 26 and 28 yields [|e,|| < [[3, — ¥al| +[|@n — gnl < 3[[an[|/B +
2||b,|| + ||ca||/B and, in view of Eq. 25 and Eq. 20, it follows that

(28)

1
29) e,ll| <[ max e,|| < 4o P-a.s.
el <1W>ZN|| ol
Let us set
(30) u, = Y{l (Xn - in) +QzZ, — Qx,.

Note that Eq. 18 and [3, Proposition 23.2(ii)] yield

31 Yu—Z, € LMZ, and w, =%, (§u — 2,) + QZy € MZ, + QZ,.
Now let z € zer(M + Q) and let n € N. We first note that

(32) (z,—%,Qz) € gray, M.

On the other hand, by Eq. 31 we have (Z,,¥, —Z,) € gra}, M. Hence, by Eq. 32 and
monotonicity of M, (Z, — z,Z, — ¥, — 1,Qz) < 0. However, by monotonicity of Q,
(Zn — 2,%Qz — 1,QZ,) < 0. Upon adding this two inequalities, we obtain

(33) <in — 2,2, — ¥ — 711Q2n> <0.
In turn, we derive from Eq. 18 that
2% (Zn — 2,Q%x, — QZy) =2(Zy — 2,Zy — §n — 11 QZn)
+ 2<in —Z, ’}/nQXn +yn - in>
(34) <2(Z, — 2,1, QXn + ¥ — Zn)
=2(Zy — 2,Xp — Zp)

:||Xn_z||2_ Hin_z‘|2_||xn_in‘|2~

10



Furthermore, for n = (n1,...,M,) € D and for all i € {1,...,m} we derive from Eq. 18
Hxi,n +Ni(Gin —Yin) — i |2

- - 2
< li=1} (Hxi,n +Gin—Yin—zul|+ Hei,nH) + Lp—oy lxin —z|

= 1{771‘:1} (H(Zi,n _Zi) + }/n(Qixn - Qiin)| |2
+2[[xin + Gin = Fin — zilllleinl + [l€in

(35)

|2) + l{ﬂi=0} | ‘xi,n _Zi‘ |2,

_ lifn, =1 . .
where 111y = { 0 otherwise } denotes the indicator function, and analogously,
(36)
|[Xi0 + i (G — Fin) — il > = Lin=1y|1%in + Gin — Fin — 2l >+ 1in=oy |%in — 2l ?
= l{ni:I}H(Zi,n —Zi) + ')’n(Qan - Qiin)||2 + 1{ni:0}||xi,n - Zi| |2.
(The Eqgs. 30, 31, 33, 34, 35 and 36 hold P-surely, i.e. for all ® € Q.) Thus Egs. 17, 20,

21, 22, 36, (iii), 34, the B-Lipschitz continuity of Q and the fact, that0 < 1 — (1 — p)2 <
1 yield

m
. 1 ..
E([|[xx + Te, (Gn — §1) _Z|||2 ’xn) = Z ;E(thkn +&n(Gin — in) _Zin ‘ Xn)
i=0 1

|
=) . Y. Plen = n]||xin+Mi(Gin — Fin) —zi|?

i=0 Di nen

m 1 y i
=Y (¥ Plen=nlllGi— )+ (0 — 0P

i=0 Pi “neD ni=1
+ ¥ Plen=nlllxia—zl?)

neb,n;=0
(37) mo_
= 1120 = 2) + 1(Qn = Q)|+ Y — b il
i=0 Pi
= ||Zn *Z||2 + 2% (20 — 2,Qx, — Q) + %%”an - Qin”2
— 1% — 2| >+ [[[x2 — 2|
< ||in—z||2+|\xn—z||2— Hin_ZHz_ ||Xn_in||2
+ % 1Qx, — Q| |* — %0 — 2> + || |x0 — ]|
< — (1= (B)*)|[xn — Zul[* + |2 — 2|
< —(1=(1=p)*) %0 =2l > + || %0 — ||| < ||[xs —2[|>  P-as.
Thus it follows from the Eqgs. 18, 19, the Jensen’s inequality, Eq. 37 and the fact, that,

since e, = Y,(a, —¢,) and a, and ¢, are X,-measurable, |||e,||| is a X,-measurable
random variable

E(|[[Xq11 — ||| |xn) < E(|/|xn + Te, (§n — ¥n) —2]|| ’xn)+E(‘|‘én|H |xn)

(38) < B %0 + T (@ — 52) — 2P| X0) + ElJen] 1 0)
<[lu—zl| +lllealll  Peas.

Altogether, inequality 14 of Theorem 1 is satisfied with ¥,(z) =0, x,(z) =0, n,(z) =
|/|exl||, where (|||ex||)nen € £1(Z) due to Eq. 29, ¢(x) = x and F = zer(M + Q),
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which is closed by [3, Proposition 20.33 (iii)] since M + Q is maximally monotone
(Eq. 24) we have w € zerM+ Q) < (w,0) € gra(M + Q). We therefore derive
from Theorem 1 (ii), that (x,),cn is bounded P-a.s. with respect to ||| - |||, and we
deduce from Eq. 18 that, since the norms ||| - ||| and || - || are equivalent and since
the operators Q and Jy, v are Lipschitzian, (¥,)xen, (Z:)nen and (§,)nen are bounded
P-a.s. with respect to || - ||, hence for all z € zer(M + Q) exists a u, € R such that for
allie {1,...,m}andalln e N

39 Hxi,n +4in _yi,n - Zi” <u, P-as.

Now we proceed similarly as we did in Eq. 37, thus Egs. 20, 21, 23, 35, (iii), 39, 34,
the B-Lipschitz continuity of Q and the fact, that 0 < 1 — (1 —p)? < 1 yield

m
1
E(/[[xu1 —2/|* %) = ) 5p Elllins — il %)
i=0 Pi
m 1 2
= Z - Z P[en = n]||xi,n+ni(qi,n_yi,n) _Zi||
i=0 Pinep
o1 = 5 \[12
<Y (X Ple=nl(IGn—z)+ m(0mi - 0m)| P+
i=0 Pi “nedni=1

+2|[xin + Gin — Fin —zl| leinl| + |leinl*)
+ ¥ Plen=nlllxia—zl?)
(40) neD,n;=0
:H(in_z)‘f'?’n(an_Qin)”z“‘||en||2

m m 1
+2 Y i+ Gin — Fin — 2l einl |+ ), —
i=0 i=0 !

< 1|20 — 2l + 2% (2 — 2. Qs — Qi) + 72| Qxy — Qi
+ 24t len |+ [l I — || — 2/ + ][ %0 — ][>

< 12— 2l + ||%0 — 21> — (120 — 2l|* — |I%0 — 2> + %11 Q0 — Q|
+ 24tz e+ |leal > — {1, — 2| + ]|, — 2|

< _(1_(1_p)2)||xn_in”2+|||Xn_z|||2+21~"l||en||+Hen||2 P-a.s.

P\l — il P

Altogether, inequality 14 of Theorem 1 is satisfied with 9,(z) = (1—(1—p)?)||x, —
in”z’ where ((1 —(1 _P)z)Hxn —i”||2)neN €l (A7), xu(z) =0, Nu(2) = 21, |en|| +
|len]|?, where (2u,]|€4|| + ||€x]|*)nen € €1.() due to Eq. 29, ¢(x) =% and F =
zer(M+ Q). We therefore derive from Theorem 1 (i) that Vz € zer(M+Q) ¥,y On(z) <
oo P-a.s., this yields

(41) Z ||Xn—in||2<+°° P-a.s.
neN

Hence, since (i) and Eq. 27 imply ¥, cn ||Zn — Zn|| < +o0 P-a.s., we have ¥, cn ||Z, —
7y||> <+ P-a.s. We therefore infer that ¥,,cy ||X, — 24 ||> < +o0 P-a.s., which proves
(a).

(b): It follows from Eq. 41, the Lipschitz continuity of Q and Eq. 30 that

(42) Qx,—Qz, —0 P-a.s. and wuw,—0 P-a.s.

12



Now we show W(x,)neny C zer(M 4 Q) P-a.s. Let x be a weak sequential cluster
point of (X)nen, say X, — X. It remains to show that (x,0) € gra(M+ Q) P-a.s.
It follows from Eq. 41 that Z;, — x P-a.s. and from Eq. 42 that u,, — 0 P-a.s.
Altogether, there exists a Q C Q with P(Q) = 1 such that for all ® € Q we have
(Zk, (0),ug, (@) € gra(M+ Q) by Eq. 31, and it satisfies

(43) Zy, () ~x(w) and  wu, (@) —0.

Since M+ Q is maximally monotone (Eq. 24), it follows from [3, Proposition 20.33(ii)],
that (x(®),0) € gra(M+Q) for all ® € Q. We showed W(x,,) ey C zer(M+Q) P-a.s.,
this together with the passage under Eq. 40 allows us to use Theorem 1 (iv), which im-
plies (x;),en converge weakly P-a.s. to a zer(M + Q)-valued random variable X. This
together with (a) implies (z,),cn converge weakly P-a.s. to X. This proves (b).

(c): The assumptions in (c) imply that M + Q is uniformly monotone at X. Hence,
since X € zer(M+ Q) < (X,0) € gra(M + Q), it follows from Eq. 31 und 7 that
there exists an increasing function ¢ : [0,+oo[ — [0, 4] that vanishes only at O such
that

@4)  (VneN)  (Z—2n,u,) + (2, =X, W) = (2, =X, 1) > 9 (|2, —X][).

We therefore deduce from Eq. 42, 27, (i), (b) and [3, Lemma 2.41(iii)] that ¢ (||Z, —
X||) = 0 P-a.s., which implies Z, — X P-a.s., due to Eq. 27 and (i) we derive z, —
X P-a.s. Inturn, (a) yields x, — X P-a.s.

O

Claim (c) of Theorem 3 is not used anymore in this thesis, however, we proved it
for the sake of completeness. Some remarks about the structure of Algorithm 2 and the
rule of the arising stochastic variables & are given afterwards, first we do the proof of
the main result.

Proof to Theorem 2. (The paradigm to this proof is the proof of [2, Theorem 3.1].)
We are going to transform Algorihm 1 equivalently into Algorithm 2 of Theorem 3,
then we verify its conditions, this allows us to apply it and therefore proves the essential
part of Theorem 2. Let us first rewrite Algorihm 1 in three steps. In the first step we
dissolve the two inner if-loops in line 6 to 12 and in line 21 to 25, respectively, of
Algorithm 1. Moreover, we write the two for-loops in line 15 and 20 of Algorithm 1
as one common for-loop. The result looks as follows.

13



Algorithm 3:
forn=0,1,... do

1

2 Yin :xnf’}/n(cxn‘i’Z?;lL?vi,n +a1,n)

3 Pln :J%lA(yl,n)+b1,n

4 if €1 , = 0 then

5 fori=1,....mdo

6 Y2,in =Vin + M (Lixn - Di_lvi,n - a2,i,n)

7 D2in = J%B’_—l (y2,in) +b2in

8 @in = P2in+ Y (LiP1y— Dy ' Prin—c2in)
9 Vintl =Vin —&.in (y2,i,n + q2,i,n)
10 Xn+1 = Xn
11 else [e] , = 1]
12 fori=1,....mdo

13 Y2.in =Vin+t (Lixn - Di_lvi,n - aZ,i,n)

14 DP2in = J}',ZB,-" (72,in) +b2.in

15 @.in=P2in+Y(Lip1n—D; ' prin—cain)
16 Vintl = Vin —€,in(V2,in+q2,in)
17 qi.n :pl,n_%1(Cp17n+Z,m:1L?I72,i,n+cl,n)
18 7xn+l:xn_y1,n+q1,n

In the second step we dissolve the remaining if-loop and unite the two for-loops of
Algorithm 3, the resulting Algorithm reads as follows.

Algorithm 4:

1 forn=0,1,...do

2 Yin :xn_Yn(an +Z?n=1L7vi,n+al,n)

3 Pin :J]/nA(yl,n)‘i‘blAn

4 fori=1,....mdo

5 Y2,in =Vin+Ya (Lixn - Di_lviﬂ - aZ,i,n)

6 DP2in = JynB,-’l (72,in) +b2.in

7 @2,in = P2in+ Ya(Lip1n— Di_1p2,i,n —C2in)

8 Vin+1 = Vin —&in (yZ,i.n + QZ,i,n)

9 qi.n :Pl,n_’yn(cpl,n‘FZ?l:]L?pZ,i,n"'Cl,n)
10 | Xn+1 :xnfgl,n(yl,n“i’ql,n)

In the last step we just change the structure by putting the equally denoted variables
together, the result looks as follows.
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Algorithm 5:

1 forn=0,1,...do

2 Yin :Xn*}’n(CXnJrZT:lL;‘Vi,n +al,n)

3 fori=1,....mdo

4 L Y2,in = Vin+ Vn(Lixn —Dfl Vin — az,i.n)
5 Pln :J}/,lA(yl,n)+bl,n

6 fori=1,....mdo

7 t P2in = JYnB’fl ()’2,:1,;1) +b2.i¢n

8 LIl,n:Pl,li_’}/n(cpl,n‘FZ?n:]L?pZ,i,n"'Cl,n)
9 fori=1,....mdo

10 L Qin = D2in+ M (Lipl,n - D71p2,i,n - CZA,i,n)
11 Xn+1 :xn_slﬁn(yl,n+q1,n)

12 fori=1,....mdo

13 L Vin+1 =Vin — &in (y2,i,n + q2,i,n)

The Algorithms 3, 4 and 5 are all equivalent to Algorithm 1, but the computational
effort is different (see Remark 4(1)).
Next, we introduce the Hilbert space

(45) K=HDG1®  ®Gn,

and the operators

M: X —2%
(46) | 1
(X, V1,5 Vi) = AX X By v X -+ X B, vy
and
Q:X—-XK
47)

(%, V1, eesvim) = (Cx+Livy +--~+Lf;,vm,—L1x+Df1v17...,—me—i—Dr;lvm).

Since the operators A and (B;)j<;<m are maximally monotone, so is M maximally
monotone by [3, Propositions 20.22 and 20.23]. Additionally, we derive from [3,
Propositions 23.16]

(Vy € 10,400 )(V(x,v1,...,vm) € K)

48
(48) JYM(XaV|a~--7Vm): (JYA(X)7JYBI*1(Vl)a'"v']yg;l](vm))'

Now we examine the properties of Q. Therefore, let (x,vy,...,vy) and (y,wq,...,wp)
be two points in K. The monotonicity of the operators C and (D; !)j<i<,, and Eq. 47

1
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yield
<()C,V1,...,Vm) - ()%Wla---7Wm)7Q(x7V17-~7Vm) _Q(y7wlu°"7wm)>
= <(x—y,v1 — W1y e Vi — Win), (Cx—Cy—i—LT(vl —wi)
+- Ly (vip—wm),—Li(x—y) +D1_1v1 —Dl_lwl,...7
—Ln(x—=y)+ Dy v = Dy ' win))

m
= (x—y,Cx—Cy) —&—Z(vi—wi,Dflvi—DjIWO

(49) =

=

Il
_

+ Y ((x=y.Li (vi—wi)) — (vi—wi, Li(x—y)))

1

<V,’ — W,’,Di_lvi —Di_IW,’>

(ngE

={(x—y,Cx—Cy)+

1

Il
=

>0.

Hence, Q is monotone. The triangle inequality, the Lipschitzianity assumptions, the
Cauchy-Schwarz inequality, and Eq. 16 yield

QM v,y Vi) — QY Wiy ooy Wi ||
= ’ (Cx—Cy,Dflvl —Dflw],...,D;llvm—D;llwm)

+ (ZL;‘(VZ-—wi),—Ll(x—y),...,—Lm(x—y)) H
i=1
< H (Cx—Cy,Dflw —Dflw],...,D;llvm—D;llwm) H

Bttt )|

- WCJ‘—@MZ ||D; i~ D; twi |
i=1

M

(50) - ¢ % 2wy
i=1

m
< ¢u2|xy||2+zv3||wwl-|2

i=1

m 2 m
+\/(Z|Li||||w—w,»||) + Y LRl =1P
i=1 i=1

m
< max{u,vl,...,vm}\/||x—y|2+Z||v,~—w,-||2
i=1

W(gufiv) (gnw—winz) + (;’"1||Li||2)|x—y||2

=B, V15 ey Vi) — W1 e, W) || -
After all, we have shown that

SD M is maximally monotone and Q is monotone and f3-Lipschitzian.
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Now, we observe that
(52)
m

Eq. 15 <= (IxeH) 0€Ax+ ) L{((B; O D;)(Lix)) +Cx
i=1

0cAx+Y", Livi+Cx

V] € (31 O Dl)(le)

= (3(x,viyeer,vm) €X)

Vi € (B O Dyy)(Lix)
0cAx+ Y, Livi+Cx
0e Bl_l\q +D1_1V1 —Lix

= (3(x, vy, vm) €X)

0€B,'vu+D,, vy —Lyx
= (3,1, vm) €X) (0,...,0) €Ax x By vy x -+ x By lv,
+ (Livi+-- -+ Lvm +Cx,
Dy = Lix, ..., Dy vy — L)
<= (J(x,vi,.vm) €X) (0,...,0) € M+ Q) (x,v1,.ee, V).
Equivalently,
(53) zer(M+ Q) # 0.

Next, we define the random variables

(54)
Xy = (xn>V1.n7-~-7Vm,n> a; = (al,n732,1,n>-~-aa2,m,n)
VneN Y. = (yl,nayZ,l,n7 ---7y2,m,n) and bn = (b17n7b2,17na ~-~,b2,m,n)
z, = (pl,mpZ,l,m---aPZ,m,n) ¢y = (Cl,nacZ,l,m---aCZ,m,n)
qn = (ql,naq2,l,na---7q2,m,n) & = (81,n782,l,n7~~-a82,m,n>

Let us define the o-algebra X, = 6(X1 4, X2.1 4, ..., X2,mn), Which is equal to 6 (Xo, ..., Xy).
Thus and due to the assumptions in (A), we obtain that the random variables

(55)
a,,b, and ¢, are X,-measurable and

ZE(\|an||ffXIn)<+oo, ZE(\|bn|Hx,,)<+oo and ZE(\|C,,\||X,,)<+°°.

neN neN neN

Furthermore, it follows from the Eqs. 47, 48 and 54, that Algorithm 5 assumes in X
the form of Algorithm 2 in Theorem 3, the m in Algorithm 2 corresponds to m+ 1 here.
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1 forn=0,1,...do

2 Yn :Xn*’}/n(QXn“i’an)

3 zy :JynM(y;'L)'i‘bn

4 qn:Zn_}/n(an'f'cn)

5 fori=1,...,(m+1)do

6 L (Xn—H)i = (Xn)i (811)1' [(qn)i - (Yn)i]

7| Xnt1 = ((Xn+l)17~~~a(xn+1)m+1)~

Now we apply Theorem 3, the Eqs. 51, 53, 55, (B), (C) and the above algorithm
ensure that all of its conditions are satisfied. Moreover, its statement (a) implies that
Yoen X — 24||? < +oo P-a.s., that proves (i).

Next we prove (ii). It follows from Theorem 3 (b) that there exists aX € zer(M + Q)
such that

(56) X, =X P-a.s. and z, —~X P-a.s.
We set
(57) X=(X,V1,.., V).

In view of Eqs. 46 and 47,

0€AX+ YL, Livi+Cx

1= —1= 7 =
XczerM+Q) < 9631 ViD= L
0€B,'v,+D;,,'v, —L,%

— Y LV € AX+Cx

58) . ) Lxe B +Dm
Lyx € (B,' + D, Yo,
— Y™ LV, € Ax+CxX
(59) e ] M€ (By O Dy)(L1%)
Vm € (B O Dy) (LX)
—Y" LV, € AX+Cx
N LTV[ ELT(B] Il D])(Ll/Y)

L2 € L, (By O Do) (L)

= 0 € AX+ iLf ((B; O D;)(Lix)) +Cx
i=1

(60) <= X solves Eq. 1.

Additionally, Eq. 59 means that

(61) (V1,...,Vm) solves Eq. 2.

Further, Eq. 58 implies (ii)(a).
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Next we deduce from Eq. 58 that

m
e A+ =Y Lv;) and
(62) ( L )
(Vie{l,..,m}) Lxe€ (B;'+D; ).
Hence,

—Lxe-L((A™' O C (=X, Liv))

(63) (ViE{l,...,m}) { L,')?E(B-ﬁl—l—D-il)V,‘.

Thus,
m

64) (vie {lom)) 0c-Li((a O (=Y L)) +B w40
j=1

which proves (ii)(b). Furthermore, (ii)(c) follows from Egs. 56, 57 and 60 and (ii)(d)
follows from Eqgs. 56, 57 and 61.
It remains to prove strong convergence, i.e. (ii)(e) and (ii)(f). Now we define

(65) (Vn € N){ Fin=Xn— lfl(Cx,, +):T:1 L}fvj’n)
Pin= ‘]YnA(y],n)

and

)72,i,n =Vin+ 'Yn(Lixn - Di_lvi,n)

(66) (Vie{l,...m})(Vn e N){ Bran =51 (F2.m)-

Then, due to the nonexpansiveness of the resolvents [3, Proposition 23.7] and Algo-

rithm 5 (which is equivalent to Alg. 1, but Alg. 5 is better readable) we obtain

(Vn € N) |lp1a—=Prall < [Fpa(in) +b10 = Tya(Fra)l|
(67) Sy =Irall+1161all < tllarall +[brall
< B laval [+ llorall

The condition (A) implies that the sequences (a1 ,)nen and (b1 ,)nen are P-a.s. abso-
lutely summable, thus, it follows

(68) Yin—Yin — 0 P-a.s. and Pln—Pip— 0 P-a.s.
Analogously, we derive from Eq. 66 and Algorithm 5 that
(69) (VZ S {1, ,m}) Y2.in —)727”1 — 0 P-a.s. and P2.in —[32’1",1 — 0 P-a.s.

Moreover, we deduce from (ii)(a) that there exists a u € H such that

m

(70) ucAx P-a.s. and O=u-+ ZL}‘-W+CX P-a.s.
j=1

and that

(1) (Vi€ {l,..,m}) Lx—D;'v; € Bj'%; P-as.
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Additionally, in view of Eq. 65 and [3, Proposition 23.2(ii)] we derive
m

(72) (VneN) ygl(x,,—ﬁL,,)—an—ZL;vj’neAﬁljn

j=1
while in view of Eq. 66 and [3, Proposition 23.2(ii)] we derive
(73) (Vi€ {l,..,m})(Vn€N) ¥ (vin— prin) +Lixy —D; 'vin € By pain.
Now we set
(714

(VnEN){ al’”:H)f,Z'_ﬁi’l”H( 1||p1n—XI|+uHxn—XII+Z L vin =7ill)
=Y (P~ +Vi)l[vin— —vil.

Then we derive from (i), (ii)(c), (ii)(d), Egs. 68, and 69 that

(75) o, —+0 P-as. and o, —0 P-as.
Using the Cauchy-Schwarz inequality, the Lipschitzianity and Monotonicity of C, the
fact, that p~! > 7! and Eq. 70, we get

m
(Vn S N) (059 + <xn —X, ZLt*(Vl _vi7”)>

i=1
> |ln = Brall (P~ 51.0 =X +[|Coxn — €3

m
+ <ﬁ1,n — Xn, ZL;F (Vi - viv")>

i=1

{nBteun)

= |l = Brall (01| P1n — X +||Cxn — Cx]|)

<pln_x ZL —Vin >
> <p x y;1<xnﬁ1,n>+2L;‘<ww,n>>

i=1

(76)

+ <ﬁ1,n —Xn7C)?—an>
' m m
= <ﬁ],n —%,% (A —ﬁ],n) — ZL?V,'J, —Cxp,+ ZL?VI' +C)?>
i=1

i=1
+ (X — x,,Cx — Cxp)

<pln_x Y. ZL Vin — —u>

+ (X — x,4,Cx — Cxy,)

> <ﬁ1,n—x, (Yn —Pin) ZL Vip — n) —u> P-a.s.

Now let A be uniformly monotone at X. Then, due to Egs. 70, 72, and 76, there exists
an increasing function @4 : [0, +eo[ — [0, 4] that vanishes only at 0 such that

77 (Vn eN) al,,,+<x,,—x,ZL§(v,~—vi,n)>2¢A(||ﬁ1,,,—x||) P-a.s.

i=1
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On the other hand, Eq. 74, the Lipschitzianity of the operators (Di_l)lgigm, the fact,
that p~! > 7,1, the Cauchy-Schwarz inequality, Egs. 71, 73, and the monotonicity of
the operators (B; )i <i<, and (D; )1 <<y yield

(Vl’l S N) oy, + <xn —X, ZLI* (ﬁz,i,n _Vi)>
Fny

! (Vin — P2,in) — Dfl Vin+ Dflﬁz,i,n +Li(xy —X), P2,in — Vi)

Y
™=

Il
-

(78)

3

((Yn (Vin — Pain) + Lixy — D; iy — (L% — D7 '90), pain — Vi)

+ I

<Df1ﬁ2,i,n —D; %1, prin — 1))
>0 P-a.s.

Adding Eqgs. 77 and 78, it follows

m
(79) (VneN) a1+, + <xn —% Y L (Prin— Vi.n)> = @a([|P1n —X]) P-as.
Then Eq. 75, (ii)(c), (i), Eq. 69 and [3, Lemma 2.41(iii)] imply that ¢4 (||p1,, —%||) =
0 P-a.s. and, in turn, that p; , — X P-a.s. Thus, due to (i) and Eq. 68, we get x, —
X P-a.s. and p1, — X P-a.s. Likewise, if C is uniformly monotone at X, there exists an
increasing function ¢¢ : [0, +oo[ — [0, +oo] that vanishes only at O such that

80) (VneN) aj,+o,+ <x,, —7X, ZL?(];QJ"” —v,'1n)> > oc(||%, —%||) P-a.s.
i=1
and we get the same conclusion. That finishes the proof of (ii)(e).

Finally, we prove (ii)(f). Let now Bi_1 uniformly monotone at v; for some i €
{1,...,m}. Then, proceeding as in Eq. 78 , there exists an increasing function ¢, :
[0,+oo[ — [0, +o0] that vanishes only at O such that

(VneN) a,+ <xn —%, Y Li(P2jn— Vj)>

=1
m
Z "(Vjn = Prjn) +Ljxn =D 'vju— (LX—D7';), p.jn — ;)
81) +<D,~ P2.jn—D7 '), Prjn—Vj))

m
> Y (% i = Prjn) T Lixa =D} 'V — (LE =D} '), P2 jn —V))
=1

> (Y ' (Vim = Prin) + Lixn — D; 'vin — (LiX = D'%)), pojn — ;)
> 0g,(|[P2in —Vil|) P-as.

Moreover, according to Eqs. 70, 72, 76, and the monotonicity of A

(82) (Vn eN) Ocln—i— —X, ZL vj,, >O P-a.s.
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Thus,

(83)

(VneN) o, + 0+ (X, — X,

Li(p2jn—vjn)) = 88,(||prin —¥ill) P-as.

s

1

J

By proceeding as previously, we deduce that p,;, — V; P-a.s. and thus, via Eq. 69
and (i), that p> ; , — v; P-a.s. and v; , — v; P-a.s. If we suppose that lel is uniformly
monotone at v;, by the same arguments we get these conclusions.

O

In the following remark, we comment on the structure of Algorithm 1 and 2.

Remark 4 (i) If in Algorithm 2 a stochastic variable € , € {0,1} is not activated,

(ii)

(iii)

ie. &, =20, gin—Yin need not be computed. But (yi,...,Ymn) is needed to
compute z,, thus €, only effects the sequence q,. So computational effort per
iteration is only saved in the computation of the sequence qy, the sequences y,
and 7, have to be computed conventionally. In the proof above, the operators M
and Q, defined by Eqs. 46 and 47, respectively, have a convenient block struc-
ture, the diagonal structure of M is preserved in Jym, i.e. Jym(x1,....%n) =
[T% (Jy,m)i(xi). Therefore, some of the &€; , can already operate on the sequence
Y (instead of q,) yielding the same numerical result. In turn, instead of comput-
ing all components of y,, and hence z,,, just a few of its components, depending
on the probability distribution on the stochastic variables, have to be computed.
Thus, the computational effort per iteration decreases further. In Algorithm 1,
for all i € {1,...,m} the stochastic variables & ;, operate on y, ;,, only for one
stochastic variable, namely € ,, this is not possible. The reason is that p1 ,, and
hence y1 , are always required to compute q1, and qz;, for all i € {1,...,m},
independent of a concrete realization of the stochastic variables. Moreover, the
computation of qi , in the case of €1, = 1 requires p ; ,, and hence y, ; , for all
ie{l,..,m}.

The error-sequences (. ,)nenN, (D.n)nen, and (c. n)nen relax the requirement for
exact computation of the operators and their reslovents, respectively, over the
course of the iterations. Are the algorithms used in an application, then usually
the stochastic variables are all set constantly to zero.

Extra computational effort can be saved in Algorithm I at the expense of memory
requirement. If €1 ,_1 = 0 for an > 1 and hence x, = x,_1, some intermediate
results from the (n— 1)-th iteration step computed with x,_ can be stored and
again used in the n-th iteration. Analogously, we store and reuse results com-
puted with v;,_1 if €& ; n—1 = 0. In this sense, Algorithm I reads as follows.
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Algorithm 6:

1 storec, = Cxg
2 fori=1,...,mdo

3
4

5
6
7
8
9

10
11
12

13

14
15
16

17

18
19

20
21
22
23

24

25
26
27
28
29
30
31
32
33

34

35
36

[J

SlOI"eD[—l

forn=0,1,... do
Vi = Xn — Yu(storecy + X1, storer:y, + ain)

Pin=Jpa(Vin) +biy
if £ , = 0 then
fori=1,....mdo

storer,x = Lixg
_ *
storepr,, = Livip

—_ -1,
v,_Di Vio

if &in= 1 then
Y2,in = Vin + Ya(stor €L;x — Storep- v az,i,n)
1

P2in=Jy g1 (v2,in) +b2,in

92,in = P2in+ Ya(Lip1,n —D; : D2in—C2in)
Vintl =Vin —Y2,int92in

storeps,, = Livint1

storep-1, = D;lvmﬂ

i

else

L Vin+1 = Vin

Xn+l1 = Xn
Ise [g) , = 1]
fori=1,....mdo

Y2,in = Vin+ Yu(storer, — storep,-1, — azin)
1

P2in=Jy, g1 (r2,in) +b2.in

d1n = Pln — %(Cpl,n +Z:n=1 L;kpZ,i,n +C1,n)
Xn+1 =Xn —Y1in+q1n

storecy = Cxyy1

fori=1,....mdo

storep,y = Lixy11

if &, =1 then
@in = P2in+ Y (LiP1n— D' prin—c2in)
Vin+l = Vin —Y2,int92,in
stores,, = LVint1
Sto"eD;‘vi = Di_lvi,n+1

else

L Vint+1 = Vin

Depending on the distribution of the stochastic variables and on the size of m,
the following algorithm may provide further benefits with respect to the compu-
tational effort. In difference to Algorithm 6, here the sum in line 8 is stored as
storeym px, instead of the single summands storersy,. Of course the algorithm is

equivalent to Algorithm 1 and Algorithm 6.
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Algorithm 7:

1 storec, = Cxg
2 fori=1,...,mdo

3

14

15
16
17
18
19
20

21
22

23
24
25
26

27

28
29
30
31
32
33
34
35
36

37
38
39

40
41

S
S

S

torer,. = Lixg
torerx,, = Livip
! ;
tore = Dflv,- 0
Vi 1 )

-1
D;

_ m
storeym px, = Yl storesy,
forn=0,1,... do

[J

Yin = Xn — Yu(storecy +storeyn  px, +ain)

Pin=Jpa(Vin) +bin
if €1, = 0 then

fori=1,....mdo
if &in= 1 then
Y2,in = Vin+ Yu(storer,x — storep,-1, — azin)
P2in= Jyanl (yZ,i,n) + bZ,i,n
-1
G2,in = P2in+ Ya(Lip1y—D;  prin—C2in)

Vin+1 = Vin —Y2in + q2in
storeym [+, = storeym [x, —storer:,

_ *
storers,, = Living1
storeZ;n: v = storeﬂ,n: L + storeL?vi

Swrele‘v,- = Di_IV[.n+1
else
L Vin+1 = Vin

Xn41 = Xn
Ise [¢1, = 1]
fori=1,....mdo
Y2.in = Vin+ Ya(storer,x — storep,1, — azin)

prin=J, B! (v2,in) +b2.in

qin = Pin— Yn(cpl,n +Z;n:1 L;‘kp2,i,n +Cl,n)
Xnt1l =Xn —Yin+qin
storecy = Cxp41
fori=1,....mdo
storey,x = Lixp 1
if&;, =1 then
—1
92,in = P2in+ Ya(Lip1n—D; prin—C2in)
Vintl =Vin —Y2,int92in
storeym  pr,, = storeym |, —storepx,
storeps,, = Lviyt1
store):lm: v = storez;n: Lvi + storeL:fvl.

—1
= Di Vin+1

S[OVeDi—lv’

else
L Vin+l = Vin
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A connection to existing work is shown next.

Remark 5 If we set the stochastic variables (€1,,& 1 n;s...;€2.mn) = (1,...,1) for all
n € N and consider xo,v;o as well as a1 »,b1,4,C1,0,02,i 0,020 and ¢, for all n € N
and for alli € {1,...,m} as constant random variables in Theorem 2, then we obtain the
statement given in [2, Theorem 3.1] withz=0and r; =0 for alli € {1, ...,m}. Because
in this case, condition (C) in Theorem 2 is given by Pl o =1] =1 and P[e; ;o =1] =1
Soralli€ {1,...,m} and therefore satisfied, (B) is trivially satisfied and (A) transforms
into absolute summability of the error sequences as required in [2, Theorem 3.1].

4 Applications to Convex Optimization

As mentioned above, the computational effort per iteration in Algorithm 1 varies de-
pending on the probability distribution on the stochastic variables. Setting stochastic
variables equal to zero reduces the computational effort per iteration, however, as com-
pensation the number of iterations possibly has to be increased. Now we are interested
in whether this reduction translates into faster convergence of the sequences generated
by the algorithm when it is applied on real world problems. Since the convex subdiffer-
ential of a proper, convex and lower semicontinuous function is a maximally monotone
operator, Algorithm 1 can be used to solve convex optimization problems. We use the
algorithm given in the following theorem to solve a real world problem in order to as-
sess its performance, and to find ”good choices” for the probability distribution on the
stochastic variables.

We derive the following convex minimization problem by setting z=0 and r; =0
forallie {1,...,m} in [2, Problem 4.1].

4.1 Convex Optimization Problem

Let JH be a separable real Hilbert space, let m be a strictly positive integer, let f €
I'o(H), and let i : H — R be convex and differentiable with a p-Lipschitzian gradient
for some i € |0, +oo[. For every i € {1,...,m}, let §; be a separable real Hilbert space,
let g; € Tv(G:), let [; € To(G;) be 1/v;-strongly convex, for some v; € |0, +oo[, and
suppose that L; : H{ — G; is a nonzero bounded linear operator. Consider the problem

(84) min f(x)+

xeXH 2 (8i O L) (Lix) +h(x),

[l ygb

and the dual problem
m m

(85) min - (f O (=Y Livi)+ Y (8500 + 5 ().
i=1 i=1

The following result is an offspring of Theorem 2.

Theorem 6 In the Problem given in section 4.1, suppose that

(86) 0 € ran (8f+ iL:f((agi 0 a1 (L, -))+Vh).
=1

i=
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Let (a1,0)nen, (Pip)nen and (c1,)nen be sequences of H-valued random variables,
and for every i € {1,...;m}, let (a2n)nen, (02,in)nen and (¢2in)nen be sequences of
Gi-valued random variables. Futhermore, set

(87) B =max{p, Vi, ...V} + [ Y [ILi|[%
V=

let xo be a I-valued random variable, let (vi,...,vmo) be a 1 @ - - - & Gy-valued
vector of random variables, let p € 10,1/(B +1)[, let (Yu)nen be in [p,(1—p)/B].
Set D = {0,1}"+1\ {0}, and let for alln € N (€1 4,821 1y, €2.mn) be identically dis-
tributed D-valued random variables, and iterate

Algorithm 8:

1 forn=0,1,...do

2 Yin = Xn _Yn(vh(xn> +ZT=1L:‘FV[,n+al,n)
3 P1n = PproXy, (Yi4) +b1a
4 if €1 , = 0 then
5 fori=1,....mdo
6 if 827,'7” =1 then
7 Y2,in = Vin+ Ya(Lixy — VI (vip) —a2in)
8 D2,in = ProXy, .« (72,in) +b2.in
9 92,in = P2in+ Ya(LiP10 — VI (P2in) —C2in)
10 Vintl =Vin —Y2,in+q2in
1 else
12 L Vin+1 = Vin
13 Xn+1 = Xn
14 else [¢] , = 1]
15 fori=1,....mdo
16 Y2.in=Vin+th (Lixn - Vl;k(vi,n) - aZ,i,n)
17 P2in= proxyng;‘ (y2,i,n) + b2,i,n
18 qQ1,n = Pln — '}/n(Vh(pl,n) +Zin:1 L?pZ,i,n +C1,n)
19 Xn+1 :xnfyl,n‘i’ql,n
20 fori=1,....mdo
21 if &;, =1 then
22 92in = P2int Yn(LiPL,n - Vlz* (pZ,i.,n) - CZ,i,n)
23 Vin+tl =Vin —Y2.in+Tq2in
24 else
25 L Vint+1 =Vin

and for all n € N set &, = 6((817,1,82,17,,,...,82),,17,,)), X1, = 6(x0,...,xn) and (Vi €
{1,....m}) Xpin=06(v2,0,...,V2,in). In addition, assume that the following hold.

(A) Foralln €N, let ay ,, by, and ¢y, be Xy ,-measurable and (Vi € {1,...,m}) let
ain brin and cp;, be Xy ;,-measurable. Further, let ZneNE(Hal»ﬂH ’xl,n) <
+o0, Luen E(|[b1al [ X1,0) < oo, EpewB(|lc1all | Xin) < +oo,
and let for alli € {1,...,m} ¥, cnE(||a2,ix]| |3C2,n) < oo,

ZnENE(HbZJJlH ’xli,n) < +ooand ZneNE(HC2,i,n|| | x2,i,n) < oo,
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(B) Foreveryn e N,leté, and (X1, X2.1n;..., X2mn) be independent.
(C) LetPleg=1]>O0andforallic {1,....m} let Pl&y ;0 = 1] > 0.
Then the following hold.

1) Yoen |lxn —p1’n||2 < 400 P-a.s.and
(Vie{1,...m}) Luen|Vin — prinl* < 4oo P-as.

(ii) There exists a solution X to Eq. 84 and a solution (vy,...,Vy) to Eq. 85 such that
the following P-a.s. hold.

(@) =Y L € df(X) + Vh(X) and (Vi € {1,...,m}) Lix € dgiv;+ VI (V).
(b) x, =~ Xxand p1, —X.

(c) (Vie{l,...m}) vi, —Viand prj, — V.

(d) Suppose that f or h is uniformly convex at x. Then x, — X and p1, — X.

(e) Suppose that, for some i € {1,...,m}, g or I} is uniformly convex at v;. Then
Vin — Vi and P2in — Vi

Proof. (The paradigm to this proof is the proof of [2, Theorem 4.2].) First we define
the operators

838) A=9df, C=Vh, and (Vie{l,..,m}) B;=dg; and D; =29l

in order to associate Problem 1.1 with Problem 4.1. It is obviously that Eq. 86 re-
sults in Eq. 15 and, using Eqgs. 10 and 11, that Algorithm 1 is equal to Algorithm 8.
Furthermore, the operators A and (B;)|<;<n are maximally monotone by [3, Theorem
20.40], and C is monotone by [3, Theorem 17.10]. In turn, the 1/v;-strongly convexity
of I; for all i € {1,...,m} and [3, Corollary 13.33 and Theorem 18.15] imply that [} is
Fréchet differentiable on G; with a v;-Lipschitzian gradient, together with Eq. 10 we
get Dl-_1 = VL}. Moreover, we notice that the stochastic requirements (A), (B) and (C)
of Theorem 2 are equal to those of Theorem 6. Altogether, Theorem 2 guarantees the
existence of a point X € J{ such that

(89) 0€df(x) + iL;‘((agi O 91;)(Lix)) + Vh(%),
i=1

and of a vector (vy,...,V) € §1® -+ - D G, such that

=YY" L'v; € df(x)+ Vh(x)
©0 (xe 9{){ (Vie {1 m) 7 e (Dg O ) (Lix),

that satisfy (i) and (ii) of Theorem 6. Now it remains to show that X solves Eq. 84 and
(¥1,...,Vm) solves Eq. 85. Since, forevery i € {1,...,m}, dom!; = G;, by [3, Proposition
24.27] we have

©1) (Vie{l,..m}) dg O ali=a(g O L)
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In turn, we derive from [3, Corollary 16.38(iii) and Proposition 17.26(i)] that
(92) A(f+h)=09f+Vh.

As a result, from Eq. 89 follows that
(93) 0€d(f+h)(x +ZL (g O 1)) (L)
Moreover, because if follows from Eq. 86 and [3, Proposition 16.5(ii)] that
m m
O4) O+ + YL (@ O W) L) Co(f+h+ V(e O )o (L)),
i=1 i=1
Eq. 93 implies that
m
(95) Oea(f+h+2(g,~ O 4o (L .))(x).
i=1
Hence, Fermat’s rule [3, Theorem 16.2] claims that X solves Eq. 84. Finally, we prove

that (vy,...,V,y) solves Eq. 85, therefore we notice that the Eqs. 92 and 10 and [3,
Proposition 15.2] imply that

(96) (QF+Vh) ™ = (9(f+h) " =a(f+h) =a(f O h").
Similarly, Eq. 91 and [3, Proposition 13.21(i)] yield
(97) (Vie{l,...m}) (9g O L)™' =d(gi O L) =d(gf +1}).

Now we combine the Eqs. 90, 96 and 97 in order to derive

x€d(f O h)(—Li, Liv))

(98) (Fr €3 { (Vie{l,...,m}) Lxead(gi+1)(7),

and hence

99) (IxeX) { —(Lix)1<i<m € ;(Xﬁ-’ilh) (9(f* O n)(— T?ZIL}‘-V.I'))
(Lixisism € X2, 9(gf +1) (7).

Let us now introduce the following notation, let 7; be a mapping from G; to some set R
fori e {l,...,m}, then we define

m m m

(100) DT :[]%— R: Gi)icicm = Y T
— i=1 i=1

By this notation and [3, Proposition 16.5(ii) and 16.8] we obtain

(O,...70)6—<;(Li>< (f* Dh*( ZL*VJ)>+>m<a(g;‘+I;*)(v,»)

i=1

= (@) (oo (- (s )om))

+a<@ g+l > (V1yeres V)
Ca((f ( <EBL*> ) ég, +1f ))(vl,...,vm).
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In other words, by Fermat’s rule, (vy,...,V,) solves Eq. 85. Finally, the strong conver-
gence assertions in (ii)(d) and (ii)(e) follow from Theorem 2(ii)(e) and (ii)(f) because
the uniform convexity of a function ¢ € I'y()) at a point of the domain of d¢ implies
the uniform monotonicity of d¢ at that point [11, Section 3.4].

]

In the context of convex optimization, the Remarks 4 and 5 read as follows. The
first item allows us to compare Algorithm 8 to its deterministic version, wherein ran-
dom variables are substituted by elements of the Hilbert spaces. The second one shows
how to save extra computational effort.

Remark 7 (i) If we set the stochastic variables (€1 1, €10, -, €.mn) = (1,...,1) for
all n € N and consider xo,v;o as well as a1 p,b1,,,C1 4,020,020 and c3;, for
all n € N and for all i € {1,...,m} as constant random variables in Theorem 6,
then we obtain the statement given in [2, Theorem 4.2] with 7 =0 and r; = 0 for
i € {1,...,m}. This holds due to the same reasons given in Remark 5.

(i1) According to Remark 4 (iii), extra computational effort can be saved in Algo-
rithm 8 at the expense of memory requirement. Depending on the distribution of
the stochastic variables and on the size of m, one of the two following algorithms
provide more benefits.
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Algorithm 9:

1 storeyy, = Vh(xg)
2 fori=1,...,mdo

20
21
22
23

24

25
26
27
28
29
30
31
32
33
34

35
36

[J

storer,x = Lixg
storeps,, = L{vig
| storeypry, = VI (vip)
forn=0,1,...do
Vi = Xn — Ya(storeyp, + L%, storersy, +ain)
P1n = Proxy ¢(yin) +bin
if £ , = 0 then

fori=1,....mdo

if &in= 1 then

Y2,in = Vi + Yu(storep,c — stor eviry; — azin)
P2,in = PrOXy, o« (2,in) + b2,in

G2.in = P2in+ Ya(LiP1n — VI (P2in) — C2in)
Vin+l =Vin —Y2.in 1 42,in

storeps,, = Lviyt1

storeyjsy, = VI (Vipt1)
else
L Vin+1 = Vin

Xn4+1 = Xn

Ise [g), = 1]

fori=1,....mdo
Y2,in = Vi + Yu(storep,c — stor eviry; — azin)
P2,in = ProXy, : (72,in) +b2.im

qin = Pln— '}/n(Vh(pl,n) +Z;n:1 L;‘kpZ,i,n +Cl,n)
Xntl =Xn —YVint4qin
storeyp, = Vh(Xpy1)
fori=1,....mdo
storey,x = Lixp 1
if &;, =1 then
G2,in = DP2in+ W(LiP1n— VI (P2in) —C2in)
Vintl =Vin —Y2,int92,in
storeps,, = LVint1
storeyyry, = VI (Vipt1)
else
L Vin+1 = Vin

30



Algorithm 10:

1 storeyy, = Vh(xg)
2 fori=1,...,mdo

3 storer,x = Lixg
_ *
4 storepr,, = Livip
— *
5 storeyyzy, = VI; (vio)

— m
6 storeym px, = Y storesy,
7 forn=0,1,...do
8 | Yin=Xn— Ya(storey,+storeym re, +ain)
9

Pin= proxy,,f(yl,n) +bl,n
10 if €1, = 0 then
1 fori=1,....mdo
12 if & ;, =1 then
13 Y2,in = Vin+ Yu(storer, — storeyy:, — azin)
14 P2,in = ProXy, o« (y2,in) + b2,in
15 92,in = P2in+ Ya(Lip1,n — VI (P2,in) — €2in)
16 Vintl =Vin —Y2.in+q2.in
17 store):;n:l Liv = Storez;n:l Liv; — StOVeL’fvl.
18 storex,, = LVint1
19 storeZ;n: v = store):;n: (L + storepx,
20 storeyyr, = VIi (Ving1)
21 else
22 L Vint+1 = Vin
23 Xn4+1 = Xn
2 else [/, = 1]
25 fori=1,....mdo
26 Y2,in = Vin+ Yu(storep,c — storeyjsy, — azin)
27 P2,in = ProXy, o« (y2,in) + b2,in
28 qi,n :pl,n_'J/n(Vh(pl,n)+Z;n:1L;Fp2,i,n+cl,n)
29 xn+1:xn_yl,n+ql,n
30 storeyp, = Vh(Xpy1)
31 fori=1,....mdo
32 storep;y = Lixy 11
33 if &, =1 then
34 92,in = P2in+ Ya(Lip1n — VI (P2in) — €2in)
35 Vin+l = Vin —Y2in + q2in
36 S[OVEZTZI Liv = SIOVEZ?V;I Liv; — S[OVEL?V[.
37 storeps,; = Lvint1
38 storez?z: L = storez;n: (L + storeL?Vl.
39 storeyyry, = VI (Vipt1)
40 else
41 L Vin+l = Vin

Of course, Algorithm 8, Algorithm 9 and Algorithm 10 are equivalent. Later on,
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in Section 4.2.6 we present applications where Algorithm 9 outperforms Algo-
rithm 10, and vice versa.

4.2 Kernel based Machine Learning

The application which we present regards predicting the correct class of images. The
approach we use here is referred to as Support Vector Machines classification and be-
longs to the class of kernel based learning methods.

We use samples of handwritten gray-style digits of the numbers four and five, taken
from a pool consisting of 11339 images provided by the website http://www.cs.
nyu.edu/roweis/data.html. Each picture has pixel size 28 x 28, and each pixel
takes values between O (black) and 255 (white), see Figure 1. We label the pictures
showing a four by —1 and the pictures which indicate a five by +1, in this case we
talk of supervised learning, because every sample is labeled. Now we aim to “’learn”
the classifier functional f from the samples, i.e. we want to find a function f, which
evaluated at an image showing a four is close to —1, while f evaluated at a picture of
five is close to +1. Then we use the decision function sign f to classify digits, where

. —1 if f(x) <0
(sign f)(x) = { +1 otherwise
e.g. adigit labeled by —1 which nobody would identify as a four. Such an outlier is
allowed to be misclassified, to force the decision function to assign outliers to their
labeled class would possibly deform it, this effect is called oversampling. In order to
asses the quality of the decision function, one splits the sample set in a training data
set and a test data set. The former one is used to determine the classifier functional
and hence the decision function, which in turn is used to classify the digits of the test
data set, the percentage of the misclassified ones is called misclassification rate, which
rates the quality of the decision function. A similar experimental setup is given in [8,
Section 4.3].

All numerical experiments are performed on a 2.3GHz Intel Core i3-2350 machine
with 4GB memory. The programs are implemented in MATLAB 7.12.0.

. Usually the sample set contains a few outliers,
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Figure 1 shows a sample of images belonging to the classes —1 (four) and +1 (five),
respectively.

We choose the classifier functional f to be an element of the Reproducing Kernel
Hilbert Space (RKHS) J(,, which is in our case defined by the symmetric, finitely
positive definite and continuous Gaussian kernel function

(102) ©RIXR SR, x(ny) = exp [ — B2
) ) 26%
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Let (-, -}« denote the inner product on H . We define the Gram matrix K € R™*" with
respect to the training data set

(103) Z ={(X1,31)s e, X, ym)} C [0,255]734=28x28) o £ 1 41},

namely the symmetric and positive definite matrix with entries K;; = k(X;,X;) € (0,1]
fori,j=1,...,m. The sample images X; for j = 1,...,m are in column vector-shape

and due to numerical reasons normalized, i.e. divided by 4/ % Y7 11XG|[2. Without the
normalization of the samples, the Gram matrix would be too close to the identity matrix
in order to obtain reliable results. To penalize the deviation between the predicted value
f(X) and the true value y € {—1,+1}, we use the hinge loss

(104) v :RxR —R: (x,y) — max{l —xy,0}.

To avoid overfitting, we use the smoothness functional Q : 3, — R to keep the decision
function f smooth. Altogether, we get the decision functional as an optimal solution
of the Tikhonov regularization problem

. i 1
(105) Jmin Ci:1vH(f(Xi),yi)+ F Q)

where C > 0 is referred to as regularization parameter. It regulates the tradeoff between
the sum over the loss functions and the smoothness functional, i.e. the greater C is
chosen, the more the decision functional f is forced to classify the training samples

correctly.
By the representer theorem (cf.[9]), for every f € Hy exists a column vector ¢ =
(c1y-.,cm)T € R™ such that f can be written as f(-) = Y™, ¢;k(-,X;), and vice versa

every such representation for any vector ¢ € R™ is a function in the RKHS H. In this
context we define the smoothness functional Q(f) = ||c||1, where c is the vector in the
representation of f. We have f(X;) =Y, cik(X;,X;) = (Kc), hence the minimization
problem 105 is equivalent to the problem

ceR™

(106) min  CY vy ((Kc)i,yi)+ |l
i=1

Let be ¢ a solution to this problem, then the decision function is given by (sign f)(X) =
sign (X7, &k (X,X))).

In order to solve this problem, we use 2000 samples showing the number four and
2000 samples of fives, thus m = 4000. Furthermore, the minimization problem can be
represented in context of problem 4.1, i.e. Eq. 106 is equivalent to Eq. 84, if we set

H=R", §i=R,
h:R" sR:x—0,

m
FiR" 5 Rixe |lx]li =Y Ixl,
(107) i=1

(Vie{l,..,m}) l;:R—>R:x»—>{ 0 ifx=0

400 otherwise
gi:R—R:x— Cvy(x,y;), and
Li:R" - R:x— (Kx); =K .x,

33



where K; . denotes the i-th row of K. Therefore, we may use one of the Algorithms 9
and 10 to solve problem 106. All these functions in Eq. 107 satisfy the requirements
of Theorem 6 for weak convergence, however not for strong one. Together with Eq.
13 we get g; O [;(x) = gi(x). Inserting in the definition of the conjugate function yield
I} =0, thus VI¥ = 0. We also have Vi = 0. Note that f and g; are not differentiable,
thus it is not possible to process them via their gradients. For all n > 0 we set the
eITor sequences di ,,b1,,C1 0 and azjpn,b2in,c2,in for i € {1,...m,} equal to 0, hence
condition (A) of Theorem 6 is satisfied (cf. Remark 4 (ii)). Since g; is real-valued for
all i, [2, Proposition 4.3, (ii)] applies, thus condition 86 is satisfied.

Usually the optimization problem 106 is solved using several values for the regu-
larization parameter C and the Gaussian kernel parameter oy to find good choices for
them, here good means for example minimizing the misclassification rate. Although,
we are more concerned about the convergence behavior of the algorithm when solving
the optimization problem, i.e. finding good choices for 7, and the stochastic variables
€., that is why we fix C = 1 and oy = 1 for all numerical experiments in this section.

4.2.1 Computation of the Operators needed in the Algorithms

In order to make the algorithm run, we have to calculate the proximal points for ¥, f
and 1,g; and the operator L}, we start with the computation of prox,, .. We know from
the extended Moreau decomposition formula [10, Theorem 6.45] that

1
—X .
w8\ Y

(108) Proxy, o« (x) = x— Y, prox 4

Therefore, we compute

(109)

T 2

gi(u) ||x_”||2} = argmuin{Cmax{1 —0) L) }

prox 1, (x) = argran{ - ” 7

Yn St

In order to solve this strongly convex minimization problem, we make a case distinction

_ Cmax{l-uy; 0}  (x—u)

and set the derivative of G(u) m 5 ’ equal to 0.

Cy; Cy;
Case 1 —uy; >0:G'(u) =0 < — y'—l—u—x:O = uzx-i—l,
Cy; ¢ 2
l—uyi >20=>1—uy;=1—xy;— <= 1—— >xy;, sincey; = 1.
n n
(110) Case 1 —uy; <0:G'(u) =0 < u=x,
I—uy; <0=1<uxy.
C
Case l — — <xy;i<l:u=y;.
Tn
Thus, we obtain
X if xy; > 1
(111) prox  (x) =14 Vi if 1 -5 <ay < 1.
" x+% iflf%ny,'
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Hence, combining Eq. 108 and 111 yield

5 if%>1
. R
Proxy, . (x) =x—p4 vi  ifl—p <5<l
O gpp_ € >
(112) - € >u
0 if%z—xyi<0

= x—hyi HO<Sp—x3<C =Py 00— 1),
—Cy; if C <9, —xy;

where & denotes the projection operator. Implementing a function in a programming
language, we want to avoid case distinctions since they are time consuming and there-
fore slow down the algorithm essentially if the function is called often. In this sense,
we write prox,, g as follows.
Pocxtm) if —yi=1
ProXyg;(x) = { 4 {—c],o] (x—m) if —yi=-1
_ { min (max(x+ 7,,0),C)  ify;=—1
(113) ~ | max (min(x—y,,0),—C) ify; =1
_ { y; max (yl2 min(y;x — %,,0), —C) ify; =—1
~ | yimax (min(yix—%,0),—C) ify;=1

= y;max (min(yix— Y, 0), —C).
We used that C > 0 and in the second to the last transformation step the fact that

min(x,y) = —max(—x, —y) and vise versa.
A similar calculation as above yield the proximal point operator

X1 —%Y ifx; >, Xm— Yo X, >N
(114)  proxy, |, (x) = i+ i <= ey Xttt i <%
0 otherwise 0 otherwise

Next we compute L} : R — R™, inserting in its definition yields

(Vx e R")(Vy e R):

115
) ) = L) = (&) = (Kxdoy =47 (i) ™) = {x, (K3 )T
and since K is symmetric and real, we obtain L} (y) = LTy =K., y.

Finally, we have to choose values for the sequence (})o<n<e C ]0,1/B] and a
probability distribution on the stochastic variables in order to start the numerical exper-
iment. Since Vh is p-Lipschitzian for any y > 0, and since /; is 1/v;-strongly convex
for any v; > 0 for i € {1,...,m}, we set according to Eq. 87, B > /Y7, ||Li||* =

™ (max;|K;;[)2 = /m = v/4000, hence ¥, < (4000)~'/2. The starting points x
and (vy 0, ...,vm,o) are chosen randomly.

4.2.2 Testing several Probability Distributions

Let us now define different probability distributions on the stochastic variables €., €
{0,1}. Therefore we permute the vector (1,2,...,m) — (7, T, ..., ), T € {1,...,m}
for 1 <i<mand m # 7j for 1 <i < j < m, randomly (with uniform distribution),
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Computations | K - randn(m,1) | Kio = K(1:400,:) | Kago-randn(m,1)
Time (seconds) | 0.015 0.011 0.002

Table 1 shows the average times needed for performing the respective computation 10
times in MATLAB, randn(m, 1) is a m-dimensional column vector whose components
are standard normal distributed, K denotes the 10* by 10* Gram matrix and K (1 : 400, :)
is the MATLAB-notation for the sub-matrix consisting of the first 400 rows of K.

m = 4000 in our example, then we divide it by a fixed batch size bs < m into len
batches

MB(0) = {m,..., Ty},
MB(1) = {Tpg i1,y Wops
(116)
MB(len—2) = {T1en—2)bst15 > Tten—1)-bs
MB(len —1) = {T(jen—1).bs+15 > T }»

where len = [m/bs] and [a] rounds to the nearest integer greater than or equal to a € R.
Now we set

17 &in=1if i€ MB((n modlen)) forie {1,...,m}
(7 g n,=11if (n modlen)=len—1,

where (n mod len) denotes the remainder of the integer division ;7-. Each after len
iterations every stochastic variable has been activated, i.e. equal to 1, with equal fre-
quency. Note that condition (C) of Theorem 6 is satisfied, however, condition (B) is
not. The reason why we fix the distribution of the stochastic variables in advance and
thus violate condition (B) lies in the encoding of the algorithm. Every iteration, the pro-
gram has to access to those lines of the Gram matrix K which have activated indices,
i.e. every line i of K with & ; , = 1 for 1 <i <m. Itis coded in the lines 16 and 33 in Al-
gorithm 9 and in the lines 18 and 37 in Algorithm 10, respectively, wherein L} v; ,..1 =
K(i,:)vi n+1 has to be computed for all i with & ; , = 1 (K(:,i) is the MATLAB-notation
for the i-th column of K). This accessing-operation requires proportionally much time
in comparison to a computation (e.g. multiplication) with the remaining part of the
matrix, see Table 1. Using the distribution scheme of the stochastic variables defined
by the Eqs. 116 and 117, it is sufficient to divide the Gram matrix K just once for
all iterations into the blocks K(MB(0),:),...,K(MB(len —1),:) (MATLAB notation),
store them and use the same block every len-th iteration. If another distribution scheme
satisfies condition (B) of Theorem 6, the vector (€2 1 4, ..., € m.] has to be randomly up-
dated every iteration as well as the activated lines K([&2,1 n, ..., E&2.mn) == 1,:) (MAT-
LAB notation) of K have to be accessed every iteration. Therefore such a distribution
scheme slows down the algorithms essentially and could destroy the (possible) benefits
obtained by saving computational effort by using stochastic variables.

We perform the algorithms using the following concrete distributions.

(1) Type Det, (€10:€2.1.05 -3 €2.mn) = (1,...,1) for all required n > 0.
(ii) Type Stoch2, bs=2000 (len=2).
(iii) Type Stoch 10, bs =400 (len = 10).

36



(iv) Type Stoch 50, bs =80 (len =50).

Due to Remark 7 (i), the algorithms performed by using Type Det can be seen as
deterministic. Note that type Stoch 2 saves almost half of the computational effort
per iteration, type Stoch 10 almost 90% and type Stoch 50 almost 98%. To perform
the types Det and Stoch 2 we use Algorithm 9 and for the types Stoch 10 and Stoch 50
Algorithm 10, that are the best choices for each type. We give the explanation therefore
in Section 4.2.6.

4.2.3 Performance of the Algorithms within 5 seconds

For each type we test several choices for 7,, all chosen constant for all required #.
All algorithms are terminated after 5 seconds, the outcome is shown in Figure 2. It
displays the courses of the objective function values of problem 106 along the time in
a separate window for each type, the objective values are computed with ¢ = x,, and
¢ = (Vin,---,Vmn), Dotice that both sequences converge to the minimizer by Theorem
6. The time values shown here and in the following are total computation times for
performing all computations needed for each algorithm. We observe that the objective
function values computed with ¢ = (V| p, ...,V ) are greater by an order of magnitude
than those computed with ¢ = x1 ,, thus we restrict us in the remaining part of this
section to analyze the courses of the objective function values computed with ¢ = x1 ,.
In order to present all figures in this section clearly, not every pair of objective value
and corresponding time taken after each iteration is indicated. The choice %, =4-10~4
proves do be the best one for the type Det, ¥, = 3.2-10~* for type Stoch 2, ¥, =
4.2-107* for type Stoch 10 while the choice }, = 4.4- 10~ is the best one for the type
Stoch 50 within a runtime of 5 seconds.
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— - —: Objective function value computed with ¢ = x; ,
——: Objective function value computed with ¢ = (v{ 4, ..., Vinn)
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Figure 2 shows the courses of the objective function values for different values of 7,
each distribution type is presented in a separate window.

Let us now compare the courses of the objective function values of the four different
types of probability distribution, each performed with its best value for ¥, the result
is shown in Figure 3. The types Stoch 2, Stoch 10 and Stoch 50 have essentially the
same convergence behavior, their objective function values decrease rapidly within the
first second, then raise a bit but decrease slightly again afterwards. In turn, the course
of type Det has a shaky start but then decreases continuously, and after 1.5 seconds it
has the same course as the other types. The lowest objective function value within 5
seconds is attained by type Stoch 10 after 0.4 seconds. The times and numbers of the
iterations after each type reached its best objective value and the objective values itself
are indicated in Table 2. Therein, the lowest objective function value and the lowest
time after a minimum is reached are indicated in bold. The misclassification rate with
respect to the training set and the test set for each type, computed respectively with the
x1,, corresponding to the lowest objective value is also reported in Table 2. We observe
that for three types the misclassification rate with respect to the test set is smaller than
those with respect to the training set, that is unusual. Further, we see that a smaller
objective value need not necessarily lead to a smaller misclassification rate. Figure 3
also shows us that the type Det terminates its first iteration essentially faster than the
stochastic types, this is because the Gram matrix has to be split into blocks just once at
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The smallest objective function value of

each type computed with ¢ = x; , was reached at

Misclassification rate

| with respect to the

Type Y objective Iteration | Time (s) | Training | Test
fct. value samples | samples
Det 4-107% 2956 92 5.01 3.33% 3.08%
Stoch 2 32-107% | 2843 24 0.82 6.47% 5.94%
Stoch 10 42-107% [ 2242 30 04 7.98% 8.18%
Stoch 50 4.4-107% | 2405 250 0.65 6.5% 5.98%

Table 2 shows the statistics to Figure 3, when the smallest objective function value of
each type was reached, and the corresponding misclassification rates.

the beginning of the algorithm as described in Section 4.2.2 and performed by the code
MatrixBlocking presented in Section 4.2.6.

Comparison of the objective values of Type Det / Type Stoch 2, 10, 50 within 5 sec.
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Figure 3 shows the respective course of the objective function values within 5 seconds
of the types Det, Stoch 2, 10 and 50, each performed with its best choice of ;.

4.2.4 Performance of the Algorithms within 60 seconds

At the end let us test the performance of the algorithms using the four different types of
probability distribution within one minute, the result is shown in Figure 4. Numerical
experiments have shown that the choice ¥, = 4.4 - 10~ is the best for all types. We
observe again that the objective function values computed with ¢ = (Vi , ..., Vi) are
not competitive with those computed with ¢ = x; ,. The types Stoch 10 and 50 cannot
keep up with the other two types. After 5 seconds the types Det and Stoch 2 have ba-
sically the same course of the objective function values computed with ¢ = x; ,, which
leads to the lowest objective function value after one minute. Every type attained its
lowest objective value after the last iteration. The statistics to Figure 4 are indicated in
Table 3. Therein, the lowest objective function value is indicated in bold. The misclas-
sification rate with respect to the training set and the test set for each type, computed
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respectively with the x; , corresponding to the lowest objective value is also reported
in Table 3. We observe that the misclassification rates obtained here are much better
than those obtained after a runtime of 5 seconds. For example, the misclassification
rate 1.18% with respect to the test set, which consists of 1784 samples, provided by
type Stoch 10 means that just 21 samples are wrong classified. Furthermore, Figure 5
shows the best and worst classified images showing four and five computed with x1 9870
corresponding to the lowest objective value of type Stoch 10. Here best means that the
value of the classifier functional is closest to —1 and +1, respectively, and worst means
it is most positive and negative, respectively.

The number of iterations each type did after 5 and 60 seconds is written in the Fig-
ures 3 and 4, respectively. Performing the algorithm using type Stoch 2, half of the
stochastic variables are deactivated and thus a bit more than half of the computational
effort per iteration of type Det has to be done. This ”a bit more” comes from the fact,
that in every iteration certain computations (fixed computational work) always have to
be performed, independent from the distribution of the stochastic variables, e.g. line
7 and 8 in Algorithm 9 and line 8 and 9 in Algorithm 10. Hence, we expect a bit less
than two times the number of iteration done by type Det. The numerical experiments
presented in the Figures 3 and 4 show that type Stoch 2 performs circa 1.96 times as
much iterations as the deterministic algorithm. The types Stoch 10 and 50 do in aver-
age 9.02 and 38.08, respectively, times as much iterations as type Det. This numbers
conform that the quotient of reduced computational work to fixed computational work
per iteration decreases by decreasing the amount of activated stochastic variables.

Comparison of the objective values of Type Det / Type Stoch 2, 10, 50 within 1 min.
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Figure 4 shows the respective course of the objective function values within one minute
of the types Det, Stoch 2, 10 and 50, each performed with , = 4.4-107%.
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| Misclassification rate w. r. t. the

Type Y objective fct. value | Training samples | Test samples
Det 44107 | 455 1.15% 1.35%
Stoch 2 44-107% [ 475 1.23% 1.35%
Stoch 10 44-107% [ 538 1.08% 1.18%
Stoch 50 44-107% | 663 1.18% 1.23%

Table 3 shows the statistics to Figure 4, the smallest objective function value of each
type and the corresponding misclassification rates.

Figure 5 shows in the left column two fours and in the right column two fives, those in
the first line are correct classified and those in the second line are wrong classified with
respect to the best value obtained by type Stoch 10.

4.2.5 Conclusion

Finally, we conclude that performing the stochastic algorithm instead of the determin-
istic one does not improve the results for this application. Within a run-time of one
second the stochastic Algorithm 10 using distribution type Stoch 10 or 50 provides es-
sentially lower objective function values as the deterministic one, but the performance
of the Support Vector Machine corresponding to these objective function values, i.e.
its misclassification rate is bad. After a longer runtime, these types cannot keep up
anymore. However, the stochastic Algorithm 9 in combination with distribution type
Stoch 2 provides after a run-time of 10 seconds the same course of the objective values
as the deterministic algorithm, which lead to a good performance of the Support Vector
Machine. Unfortunately, we could not find a probability distribution to the stochastic
variables, which used in a stochastic algorithm outperforms the deterministic one after
a longer runtime.
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4.2.6 Implementation of the Algorithms in MATLAB

Here we present the MATLAB codes to the main routines and its sub-functions. If a
code line is too long for the width of the page, we make a word wrap and indent the
new line. Some explanations to the code are given in the following as well.

The following code is based on Algorithm 9 and we used it to perform the numerical
experiments for the types Stoch 2 (batchSize = 2000) and Det (batchSize = 4000).

function [ OFV_x, OFV_.v, TimePerIt, Min.x, Min_v ]

INPUT PARAMETERS:

o o o

1

2

3

4 X, V ... starting points.

5 K ... Gram matrix corresponding to the training data set.

6 $Yy ... labels (-1,+1) corresponding to the training data set.
7 % gamma ... step size.

s % maxTime ... time after which the algorithm stops.

9 % C ... regularization parameter.

10 % batchSize ... number of stochastic variables which are

set to 1 per iteration.

OUTPUT PARAMETERS:

o\° o

14 OFV_x ... list of obj. fct. values

5 % computed with x, respecticely taken after a iteration.

16 % OFV_.v ... list of obj. fct. values

17 % computed with v, respecticely taken after a iteration.

18 % TimePerIt ... list of times,

19 % respecticely taken after a iteration.

0 % Minx ... list of x, respecticely taken after a iteration.
21 % Minwv ... list of v, respecticely taken after a iteration.
2 tic

23 m=size(K,1l);

M S Initialisation______________

25 OFV_x=[];

26 OFV_v=[];

27 TimePerIt=[];

28 Min_x=[];

29 Min_v=[];

3 totalTime=0;

31 Kx=Kx*x;

2 [Block, epsilon]=MatrixBlocking( K, batchSize );
33 KvElement=zeros (m, length (Block));

34 for j=l:length(Block)

35 KvElement (:, j)=Block{j}'*v(epsilon{j});

33 while totalTime < MaxTime

39 for j=1:length (Block)

40 Kv=sum (KvElement, 2) ;

41 yl=x-gammax*Kv; % K is symmetric, i.e. K=K'.

42 pl=proxNorml ( yl, gamma );

43 if j ~= length(Block)

m y2=v (epsilon{j}) +gammax* (Kx (epsilon{j}));

45 p2=proxConjugateHingeLoss( y2, y(epsilon{j}), gamma, C );
46 q2=p2+gammax* (Block{j}*pl);

4 v(epsilon{j})=v(epsilon{j})-y2+q2;

48 else

49 y2=v+gammax* (Kx) ;

50 p2=proxConjugateHingeloss( y2, y, gamma, C );

51 gl=pl-gammax (Kxp2); % K is symmetric, i.e. K=K'.
52 x=x-yl+qgl;

42

= StochasticAlgVl( x, v, K, y, gamma, MaxTime, C, batchSize

)




53
54
55
56
57
58
59
60
61
62

64
65
66
67
68
69
70
71
72

Kx=K*x;
q2=p2 (epsilon{3}) +gammax* (Block{j}*pl);
v (epsilon{j})=v(epsilon{j})-y2 (epsilon{3}) +q2;
end
KvElement (:, j)=Block{j}'*v(epsilon{j});
end
timePerIteration=toc;
e Computing the Output_______
Min_x=[Min_x, x];
Min_v=[Min_v,Vv];
valx=Cxsum(max (ones (m, 1) - (K*x) .xy,0)) +tnorm(x, 1) ;
valv=Cxsum (max (ones (m, 1) — (Kxv) .xy, 0)) tnorm(v, 1) ;
OFV_x=[0FV_x,valx];
OFV_v=[0OFV_v,valv];
TimePerIt=[TimePerIt,timePerIteration];

totalTime=totalTime+timePerIteration;
tic

end

end

line 40.

The next code is based on Algorithm 10 and we used it to perform the numerical
experiments for the types Stoch 10 (batchSize = 400) and Stoch 50 (batchSize = 80).
If we perform the above code StochasticAlgV1 for the types Stoch 10 and Stoch 50, in
line 40, 9 and 49, respectively, m-dimensional vector additions have do be done every
iteration. However, in the subsequent code StochasticAlgV2 just one m-dimensional
vector addition and one m-dimensional vector subtraction have to be done in the lines
57 and 59 yielding the same result. Due to the same arguments the program Stochas-
ticAlgV1 is the better choice for type Stoch 2, since just one addition has to be done in

function [ OFV_x, OFV_.v, TimePerIt, Min_x, Min_v ]
= StochasticAlgV2( x, v, K, y, gamma, MaxTime, C, batchSize
INPUT PARAMETERS:

o\ o

X, v ... starting points.
% K ... Gram matrix corresponding to the training data set.
%y ... labels (-1,+1) corresponding to the training data set.
% gamma ... step size.
% maxTime ... time after which the algorithm stops.
% C ... regularization parameter.

batchSize ... number of stochastic variables which are

o\ o

set to 1 per iteration.

OUTPUT PARAMETERS:

% OFVx ... list of obj. fct. values

% computed with x, respecticely taken after a iteration.

% OFV_.v ... list of obj. fct. values

% computed with v, respecticely taken after a iteration.

% TimePerIt ... list of times,

% respecticely taken after a iteration.

% Minx ... list of x, respecticely taken after a iteration.
% Minwv ... list of v, respecticely taken after a iteration.
tic

m=size (K, 1);

L Initialisation______________

OFV_x=[];

OFV_v=[];

TimePerIt=[];

Min_x=[];

43

)




29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58

60
61

63
64
65
66
67
68

70
71
72
73
74

Min_v=[];

totalTime=0;

Kx=K*x;

[Block, epsilon]=MatrixBlocking( K, batchSize );
KvElement=zeros (m, length (Block));

for

end

j=1:length (Block)
KvElement (:, j)=Block{j}'*v(epsilon{j});

Kv=sum (KvElement, 2);

while totalTime < MaxTime

end
end

for j=1:length(Block)

yl=x-gammaxKv; % K is symmetric, i.e. K=K'.

pl=proxNorml ( yl, gamma );

if j ~= length(Block)
y2=v (epsilon{j}) +gammax* (Kx (epsilon{j}));
p2=proxConjugateHingeLoss( y2, y(epsilon{j}), gamma, C );
qg2=p2+gammax* (Block{j}*pl);
v(epsilon{3j})=v(epsilon{j}) -y2+q2;

else
y2=v+gammax (Kx) ;
p2=proxConjugateHingeloss( y2, y, gamma, C );
gl=pl-gammax (Kxp2); % K is symmetric, i.e. K=K'.
x=x-yl+ql;
Kx=Kx*x;
q2=p2 (epsilon{j}) +gammax* (Block{j}*pl);
v (epsilon{3j})=v(epsilon{j})-y2 (epsilon{3}) +a2;
end

Kv=Kv-KvElement (:, J);
KvElement (:, j)=Block{j}'*v(epsilon{j});
Kv=Kv+KvElement (:, J);

end
timePerIteration=toc;
S Computing the Output_______

Min_x=[Min_x, x];

Min_v=[Min_v,Vv];
valx=Cxsum(max (ones (m, 1) - (K*x) .xy, 0)) tnorm(x, 1) ;
valv=Cxsum(max (ones (m, 1) - (Kxv) .xy,0)) +tnorm(v, 1) ;
OFV_x=[0FV_x,valx];

OFV_v=[0OFV_v,valv];
TimePerIt=[TimePerIt,timePerIteration];

totalTime=totalTime+timePerIteration;
tic

In the lines 61-67 of the code StochasticAlgV1 and in the lines 63-69 of the program
StochasticAlgV2 the output arguments are computed each after a certain amount of
iterations and added in a list in order to generate the figures in the preceding section.
The time needed therefore is excluded of the time the programs needed to perform
a iteration in order do avoid falsifying of the measurements. Usually it is enough to
compute the output arguments just once after the last iteration.

The following sub-program basically performs the process described in Section

4.2.2, i.e. splitting the Gram matrix according to the batches defined by Eq. 116.
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1 function [ Block, epsilon ] = MatrixBlocking( M, batchSize )

2 M is a m by m matrix, batchSize a vector with Dimension <= m
3 Block and epsilon are lists of matrices and vectors, resp.

4 m=size (M, 1);

5 Step=ceil (m/batchSize);

6

7

8

o° o

Block=cell (1, Step);
epsilon=cell (1, Step);
range=randperm(m) ;

9 for i=1:Step

10 l=min (batchSizexi,m);

1 epsilon{i}=sort (range (batchSizex (i-1)+1:1))"';
12 Block{i}=M(epsilon{i}, :);

13 end

14 end

The following sub-functions compute the proximal points to the conjugate function

of the hinge loss and to the 1-norm according to the Eqs. 113 and 114, respectively.

function [ z ] = proxConjugateHingeloss( x, y, gamma, C )
Proximal Point Operator of the Conjungate Function
of the Hinge Loss gammaxCxmax (1l-xxy,0) .
Dimension of x = Dim. of y = Dim. of z = a positive integer.
Dimension of gamma = Dimension of C = 1.

z=max (min (x.*y-gamma, 0) ,-C) . xy;

o° o° d° o

T Y N T

end
function [ z ] = proxNorml( x, gamma )
% Proximal Point Operator of gammax||.||-1.

o\°

Dimension of gamma = 1.
Dimension of x = Dimension of z = a positive integer.
z=zeros (size(x,1),1);
greater=x>gamma;
z (greater)=x (greater) —gamma;
lower=x<-gamma;
z (lower)=x (lower) +tgamma;

oe

© % 9 U AW R -

10 end
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5 Abstract / Zusammenfassung
Abstract

We propose a stochastic primal-dual forward-backward-forward algorithm for solving
monotone inclusion problems involving maximally monotone operators, linear com-
positions of parallel sums of maximally monotone operators and single-valued Lips-
chitzian monotone operators. The stochastic algorithm is expected to converge faster
than its deterministic counterpart, since every iteration computational effort is saved by
using a random sweeping strategy. Based on the concept of quasi-Fejér monotonicity,
we prove the almost sure convergence of the algorithm. In the second half of this the-
sis, we discuss the employment of the proposed algorithm in context of solving convex
minimization problems, arising in the field of Kernel based Machine Learning. We
use a pool of hand-written images showing the numbers four or five in order to train
a Support Vector Machine, which aims to classify the images correctly. This issue is
equivalent to solving a convex minimization problem. By means of this application
we test several types of the stochastic algorithm, assess their performances and com-
pare them to the performance of its deterministic counterpart. Finally, we present the
according MATLAB-codes.

Zusammenfassung

Wir prisentieren ein stochastisches Primal-duales Vorwirts-Riickwirts-Vorwirts Ver-
fahren zum Losen des monotonen Inklusions-Problems, welches maximal- monotone
Operatoren, lineare Zusammensetzungen paralleler Summen von maximal- monotonen
Operatoren und einzelwertige Lipschitz-stetige monotone Operatoren umfasst. Wir
erwarten uns ein besseres Konvergenzverhalten vom stochastischen Algorithmus im
Vergleich zu seinem deterministischen Gegeniiber, weil ersterer durch zufilliges Ak-
tivieren der Koordinaten in jeder Iteration Rechenaufwand einspart. Basierend auf dem
Konzept der quasi-Fejér Monotonie beweisen wir die fast-sicher Konvergenz des Algo-
rithmuses. Im zweiten Teil dieser Arbeit zeigen wir, wie man das stochastische Primal-
duale Vorwirts-Riickwirts-Vorwirts Verfahren einerseits zum Losen allgemeiner kon-
vexer Optimierungsaufgaben und darauf basierend andererseits zum Losen speziell
fiir das Kernel-basierte Maschinelle Lernen verwenden kann. Konkret beniitzen wir
eine grofle Auswahl von Bildern, welche die handgeschriebenen Ziffern Vier oder
Fiinf zeigen, um eine Support Vektor Maschine zu trainieren. Diese zielt darauf ab,
die Bilder richtig zu unterscheiden. Abstrakt formuliert gleicht diese Aufgabe einer
konvexen Optimierungsaufgabe. Anhand dieser Anwendung testen wir verschiedene
Typen des stochastischen Algorithmuses, bewerten deren Leistungsfihig- keiten und
vergleichen diese mit der Leistungsfiahigkeit seines deterministischen Gegeniiber. Zum
Schluss prisentieren wir noch die MATLAB-Codes.
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