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Abstract

This paper revisits the generic structured primal-dual problem involving the infimal convo-
lution in real Hilbert spaces. For this purpose, we develop a stochastic primal-dual splitting
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iterates is proved. The linear convergence rate of the primal-dual gap is obtained under an
additional condition like the strong convexity.
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1 Introduction

In this paper, we revisit the following saddle point problem in real Hilbert spaces.

Problem 1.1 Let (H,{(-|-)), (G,(-|-)) be separable real Hilbert spaces. Let f: H — ]—o0,+00]
and g: G — |—00,400]| be proper lower semicontinuous convex functions. Let h: H — R and
£: G — R be convex differentiable functions. Let K : H — G be a non zero bounded linear operator.
The problem is to

min max G(x,v),
ze€H veg

where the Lagrangian function G is defined by
G:HxG—RU{—00,+00}
(z,v) = h(z) + f(z) + (Kz | v) = g"(v) = £(v), (1.1)



where g* denotes the Fenchel conjugate of the function g, see Section 2 for further details.

Various special cases of this problem with ¢ = 0 can be found in [6, 8, 9, 11, 12, 15, 17, 19, 21]. These
special cases often arise in machine learning, image processing, statistics, game theory, portfolio
optimization [1, 12, 14, 16, 18, 19, 20, 27, 28, 33, 35, 36]. We first state additional assumptions
related to Problem 1.1 which will be used throughout this paper before motivating its investigation
by a couple of examples.

Assumption 1.2 The following assumptions will be used in this paper.

(i) There exists a point (z*,v*) € H x G that verifies the following saddle point conditions for
the Lagrangian function G defined by (1.1):

(Vz € H) (Vv € G) G(a*,v) < G(z*,v") < G(z,v"), (1.2)
Further, we denote by S the set of all points (z*,v*) such that conditions (1.2) are fully
satisfied.
(ii) The functions h and ¢ are defined by finite sums, i.e., h = — Z h; and ¢ = — Z l;, where n
ni=1 TL ]_1

and n’ are positive integers and h;: H — R and ¢ i+ G — R are differentiable convex functions
with p; and vj-Lipschitz gradient, respectively, Vi € {1,...,n} and Vj € {1,...,n'}.

When n = n/ = 1, as mentioned above, various examples can be found in the literature. Below, we
present an example for the case when n’ > 1 and n > 1.

Example 1.3 [Regularized Wasserstein barycenter problem [32, Remark 5.8]] Let m,p,p’ and
(nk)1<k<p be strictly positive integer. Let A™ be the standard simplex in H = R™, A™ =
{reR™ | >0, 2, =1}. For every k € {1,...,p}, let FF: R™ — R™ be a lin-
ear mapping. Let (0%)1<k<, be the observation of an unknown vector z € A™ through F*,
08 ~ FFz. Let a = (ak)i<k<p € AP. The regularized Wasserstein barycenter problem can
be formulated as the following saddle point problem in the real Hilbert spaces H = R™ and
G=R" x...xR™ x R™ x...x R"™:
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where (V)1<k<p are strictly positive parameters, Cck = (Cz‘k,j)léi,jgnk is a given matrix, B": R™ —

R™r is a linear mapping, and J": R™ — ]—o00,+0o0] is a proper lower semicontinous convex



function. This problem formulation is an instance of Problem 1.1 with

n' =p,
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Indeed, it is proved in [32] that ¢ is a differentiable function with Lipschitz continuous gradient.

Example 1.4 [Entropy regularized LPBoost [33]] Let U = (u;j)i<i<m,i<j<p be a given matrix;
«, B, are positive parameters. The problem is to find

Tu Val|? Wyl?
e fin - max et Uy + BIVal” -~ Wyl
where V and W are linear mappings on R™ and RP, respectively. This problem can be formulated
as an instance of Problem 1.1 together with

H=R" G=RP
h=BIVz|?, f=tecamp<a
(K-|2): (z,9) = 2" Uy

gt =0, L:y—y|Wy|*.

Example 1.5 Example for non-trivial, non-smooth ¢g* was given in [2, Section 5].

The saddle point problem has been investigated using Primal-dual Splitting (PDS) algorithms
in [3, 4, 5, 7, 11, 14, 34] and recently in [25, 26, 32]. PDS methods for solving monotone inclusion
problems are motivated by the fact that i) a wide variety of convex optimization problems such
as location problems, support vector machine problems for classication and regression, problems
in clustering and portfolio optimization as well as signal and image processing problems, all of
them potentially possessing nonsmooth terms in their objectives, can be reduced to the solving of
monotone inclusion problems blending linearly composed maximally monotone operators, parallel
sums of maximally monotone operators and/or single-valued Lipschitzian or cocoercive monotone
operators, and ii) classical splitting algorithms such as forward-backward algorithm [Bauschke,
H.H., Combettes, P.L], Tseng’s forward-backward-forward algorithm and Douglas-Rachford algo-
rithm and variants yield considerable limitations when employed on monotone inclusion problems
as they require computation of the resolvent(s) of linearly composed maximally monotone operators
or of parallel sums of maximally monotone operators, for which exact formulae are available only
in very exceptional situations; thus, simply inapplicable in practice. PDS methods overcome this



shortcoming by solving the primal-dual pair formed by the monotone inclusion and its dual (in
the sense of Attouch-Thera or the classical Fenchel-Rockafellar duality framework) reformulated
as a monotone inclusion problem in a corresponding product space. The PDS algorithmic scheme
follows by applying standard splitting algorithms in an appropriate way. Subsequently, primal-dual
splitting methods have been extensively investigated and have found many applications in applied
mathematics; see [3, 6, 7, 8, 11, 12, 15, 17, 34] for instances. The first PDS algorithmic framework
for solving structured composite problems involving infimal convolutions was proposed in [14]. This
prototypical problem was then further investigated in [11]. Further developments and convergence
analysis of the algorithmic framework developed in [14] can be found in [4].

Deterministic primal-dual splitting methods often evaluate the full gradient of h and /. When n
and n' remain relative small, Problem 1.1 can be solved efficiently by various deterministic primal-
dual algorithms; see [7, 14, 15, 34] for examples. However, when n and n’ are (very) large, the
evaluation of the full gradient of h and £ becomes prohibitive since the computational cost increases
with n and n/.

In turn, stochastic primal-dual splitting methods are often used alternatively. Recently, stochas-
tic methods have found large interest in solving various problems see [1, 20, 21, 26, 30, 31, 33] for
instances. Stochastic primal-dual splitting methods with variance reduction have been served as
a standard approach to improve their convergence profiles. The reason being that computing the
iterates of stochastic gradient does not ensure convergence to the solution without either ensuring
the sequence of stepsizes is decreasing or involving variance reduction techniques. Variance reduc-
tion methods use Vh;(xy) to update an estimate ¢; of the gradient so that ¢, ~ Vh(xy) as opposed
to classical methods which use one or more Vh;(xy) directly as an approximation of Vh(zy). With
this gradient estimate, one then takes approximate gradient steps of the form xy 1 = zp — vyitx,

where v > 0 is the stepsize. To ensure its convergence with a constant stepsize, one verifies that

the variance of the gradient estimate t;, converges to zero, that is E[||t;, — Vh(zx)|?] £2200 0, where

the expectation is taken with respect to all the random variables in the algorithm up to iteration
k. This property is responsible for the faster convergence of VR methods and ensures that the VR
method will stop when reaching the optimal point.

Challenges: As mentioned there are several primal-dual splitting (PDS) methods that can be used
for solving Problem 1.1 in both deterministic and stochastic setting. The main challenge addressed
in this paper resides in the use of variance reduction with both primal function h and dual function
¢ to improve the convergence profile. This issue was partly addressed in [25] albeit without strong
guarantees for the convergence of the iteration sequence. We highlight below the existing framework
proposed to solve the saddle-point Problem 1.1 in the stochastic setting for nontrivial functions £.

(i) The work in [25] structured a stochastic Bregman PDS method for solving Problem 1.1. This
work exploited the variance reduction technique and obtain the convergence of the primal-dual
function only.

(ii) The work in [32] developed a stochastic Bregman PDS method for solving Problem 1.1. This
work can be viewed as a stochastic extension of the work in [15, 34] with Bregman distance.
However, this work does not exploit the variance reduction technique; hence, it imposes a
quite strong condition on the variance.

(iii) The work in [26, Section 4] is an alternative method for solving Problem 1.1. However, here
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too, this work does not exploit the variance reduction technique and imposes consequently a
quite strong condition on the variance.

Main objective Recently, several stochastic variance reduction algorithms [1, 10, 24, 25, 33] have
appeared that can be used to solve Problem 1.1. The objective of this paper is to develop a novel
stochastic primal-dual splitting method with variance reduction for solving Problem 1.1 when n
and n’ are very large and investigate its convergence properties.

Contribution In this paper, we develop new stochastic primal-dual splitting methods for solving
Problem 1.1, which incorporate the following features: (i) Using the acceleration technique in
terms of variance reduction to obtain a faster convergence rate; (ii) The proposed algorithm is full
splitting. Further, we prove the almost sure convergence of the iteration sequence for the general
case. In the strongly convex case, we obtain the linear convergence in expectation of the primal-dual
sequences.

Structure The remainder of this paper is organized as follows. In Section 2, we recall the base
notions in convex analysis that will be used in the proof of the convergence of the proposed stochastic
primal-dual splitting algorithm with variance reduction. Subsequently, in Section 3, we detail the
proposed algorithm and the obtained convergence results.

2 Preliminaries

In this paper, we use the notations (. | .) and |.|| for inner product and norm in the spaces #,G.
The conjugate of the operator K is denoted by K*. The domain of a function f: H — ]—o0, +o0]
is dom(f) = {z € H | f(x) < +o0}. This function is proper if dom(f) # @. We denote I'o(H) the
class of all proper lower semicontinuous convex functions f from #H to |—oo, +00]. We define by
H x G the standard product space equipped with the norm (z,v) — /||z||? + ||v]?.

Let A be a set-valued operator on H, i.e. A: H — 2™, the inverse of the operator A is defined
as A7l i u s {z € H | u € Az}. Denote T,n = {1,2,3,...,n}.

Definition 2.1 A mapping T : H — H is a— cocoercive (v €]0, +00]) if
Ve e H)(Vy eH) (Tax—Ty |z —y) > a||Tz— Tyl
If a =1, T is firmly nonexpansive or equivalently
(Vo € H)(Vy € H) | Tz — Ty|* < llo = y|* — (Id ~T)z — (1d =T)y]*.

Definition 2.2 For f € To(H):

(i) The conjugate (or Fenchel conjugate) of the function f is

[raw sup({a]z) — f(z)).

TEH



(ii) The subdifferential of f is
of i H—2" o {ueH|(VyeH) (y—x|u+ flz) < fly)}
with inverse given by (Of)~1 = Of*

(iii) The prozimity operator of f is

1
prozg : H — H:x— argmin(f(y) + = ||z — y||2)
yeEH 2

Note: prozy = Id — prox ;. = (Id +0f)~! and prozy is firmly nonexpansive.
(iv) The infimal convolution of two functions € and g from H to |—oo, +0o0| is
(0g: 2 inf ((y) +9(z —v)).
Note: If g and £ are in T'4(G), the conjugate of the function £ O g is (£ O g)* = g* + ¢*.

Definition 2.3 The function f : H —] — 00, 400] is said to be strongly convex if there exists o €
10, +o00| such that f —a | - ||* /2 is conver.

Definition 2.4 The Lagrangian function G is a—strongly convex-concave (a €]0,400]) if

(Vo € H) (Vv € G) G(z,v*) — G(z*,v) > %(”1‘ — 2|+ |lv - v*||2>.

Let (Q,F1,P;) be a probability space where @ = {1,....n}, F; = 2%, and P; =
{q1,92, .., qn} with ¢; € ]0,1[,Y7"1¢ = 1. Let (Qo,F2,P2) be a probability space where
Q = {1,...,7'}, Fo = 22, and Py = {¢|,¢,...,q,,} with ¢; € 10,1[, ?/:1%’- = 1. Then
(QF,P) = (1 x Q2,F1 @ Fo, Py x Py) defines a probability space. A H-valued random vari-
able is a measurable function X : 2 — H, where H is endowed with the Borel o-algebra. The
o—algebra generated by a family ® of random variables is denoted by o(®). The expectation of a
random variable X is denoted by E[X]. The conditional expectation of X given a o-field A C F
is denoted by E[X|A]. See [23] for more details on probability Theory in Hilbert spaces. The
abbreviation a.s. stands for ”almost surely”.

Lemma 2.5 ([29, Theorem 1)) Let (F,)nen be an increasing sequence of sub-o-algebras of F, let
(zn)nen, (An)nen, (Cn)nen and (tn)nen be [0, +00[-valued random sequences such that, for every
n €N, z,, &, ( and t, are F,-measurable. Assume moreover that Y, cntn < +00, >, cnCn <
400 a.s. and

(Vn € N) E[zn41|Fn] < (1 +tn)zn + (o — A a.s..

Then (zn)nen converges a.s. to a random variable zo and (An)nen is summable a.s..

The following lemma can be viewed as direct consequence of [13, Proposition 2.3].

Lemma 2.6 Let C be a non-empty closed subset of H and let (xy)nen be a H-valued random se-
quence. Suppose that, for every x € C, (||xnt1 — x||)nen converges a.s.. Suppose that the set of
weak sequentially cluster points of (xn)nen @s a subset of C a.s.. Then (xy)pnen converges weakly
a.s. to a C-valued random vector.



3 Algorithm and convergence properties

Problem 1.1 can be written following the formulation introduced in [14].

Problem 3.1 Let H, G be separable real Hilbert spaces. Let f: H — |—o0,+00] and g: G —
|—00, +00] be proper lower semicontinuous convex functions. Let h: H — R and ¢: G — R be
convex differentiable functions. Let K: H — G be a bounded linear operator. The primal problem
is to

migiegize h(z) + (¢*0g)(Kx) + f(x),

and the dual problem (in the sense of Fenchel-Rockafellar) is to
miniergize (h+ /) (—K*v) + g"(v) + £(v).

n

1o 1 n
In Problem 3.1, the functions h and £ are given by finite sums, i.e., h = — > h; and £ = — >_ {;,
=1 =1

where n and n/ are positive integers and h;: H — R and lj: G — R are differentiable convex
functions with y; and v;-Lipschitz gradient, respectively, Vi € [1,n] and j € [1,7n/].

3.1 Variance reduction step

Before detailing our algorithm, we present the variance reduction step and derive some proper-
ties which need to be proven in order to demonstrate the convergence properties of the proposed
algorithm.

Algorithm 3.2 Let m be a strictly positive integer, let (0x)o<k<m—1 and (Vx)o<k<m—1 be strictly
positive real numbers. Let (T,z¢,7_1) € H3 and (T,v9,v_1) € G>. Let Q = {q1,...,q,} and
Q" ={q},-..,q,} be the probabilities on {1,...,n} and {1,...,n'}, respectively and iterate

For k=0,1,...,m—1
Select i, € {1,...,n} randomly according to @
Select ji € {1,...,n’} randomly according to @’

Compute
yr =+ Op(zr — xp—1)
h; —Vh; (z _
Qi M
up = vk + Op(vp — vp—1)
/. _ Yl (v
4, ™
Update

{ s = (d+v60f) ok — vezk — WK *uy)
Vg1 = (Id+7:09%) " (vk — itk + K yk)-



end

Hereunder, we prove some results for the convergence of the variance of the H-valued random
sequences (zp)reny and (tx)ken, and derive the main estimation of the difference G(zj11,v*) —
G(z*,vg41) for (z*,v*) € S. For this purpose, we need to consider the following results.

Lemma 3.3 [25, Lemma 3.3] Suppose Assumption 1.2 is satisfied. Set Lg = max p;/(qin), Lo =
i€ln

max v;/(g;n'). Then, for (z,v) € dom(f) x dom(g*) and (z*,v*) € S, we have

jeLN’

1< 1
~2 g 1V a(@) - Vhi(a")|? < 2Lq[G (. v*) — G(a*,v")],
=1 7

and

? < 2Lg/[G(2*,v*) — G(z*,v)].

131
— 2 IV () = V@)
=1 4;

Corollary 3.4 Under the same assumptions as in Lemma 3.3. Let (zk)ken, (Yk)rken, (Uk)keN,
(Vi )kens (2k)ken (tk)ken be sequences generated by Algorithm 5.2. Let E;, and Ej, be the con-
ditional expectations of iy and ji with respect to the history {(io,jo),-- -, (ik—1,7k—1)}. Then,
(Vk € N) E;, [21] and Ej, [ty] are unbiased estimators of Vh(yy) and VE(uy), respectively, i.e.,
we have

(Vk S N) Eik [Zk] = Vh(yk) and Ejk [tk] = Vﬂ(uk) (3.1)
Moreover, set Ly = max{Lq, Lg'}, Lo = max__ {u?/(g:in), V?/(qgn’)} Then, the following
i€l,n, jel,n’

inequalities hold

Eipllze — VAlyi)I® < 2La (07 + Op)[log — w1 [|” + 41 + 04) L1 [G (g, v*) — G(a*, 0%))]
+4L1[G(z,v*) — G(z*,v))

Ejk ||tk - V@(uk)]P S 2L2(9]% + Hk)Hvk - ’Uk71H2 + 4(1 + Qk)Ll[G((lZ*, U*) - G(CE*, Uk)]
+4L1[G(z*,v*) — G(x*,0)).

Proof. We take the conditional expectation with respect to i; to obtain
1 n n

€ [ Vhi, ()] = Y Vi) = Y - Vhily) = Vh(y),

iy, =1 i i=1
Similarly, we have E;, [(1/(ng;, ))Vh, (Z)] = Vh(Z). Therefore,

Vhi, (yk) — Vhi, (2)

ng;y,

Ei, [2] = Ei, [ + Vh(z)] = Vh(yg).



Using the same argument, we also obtain Ej, [t;] = V{(us). Hence, (3.1) is proved. Next, we bound

the variance.

L (Vhi, () — Vi (2) + Vh(E) - T[]

Ey, |ll2 — Vh(u)I?| = Es,

L G,
=Ei, | ——5 Vi, (0r) — VR, (2)]* = [IVA(yr) — vn(a?)r?]
-(nqm)
S N
< Ei, _(ank)Q IVhi, (y) — Vhi (Z)]]
= ; na Vi) = Vhi(@)]
2 - 1 * — *
< =3 —(IVhi(yr) = Vhi() > + |Vhi(Z) — Vhi(z*)|]?).
nz*l n%

We have

IVhi(ye) — Vhi(z)|I? = IVhi(yx) = Vhi(x)|* + |V hi(xr) — Vh(a*)]?
+2(Vhi(yr) — Vhi(xg) | Vhi(xg) — Vhi(x¥))
< |\Vhilyr) = Vhi(zp)|* + |V hi(xr) — Vh(2*)]|?
+2[|Vhi(yk) = Vhi(zi) | IVhi(zr) — Vhi(27) ||
< \Vhilyx) = Vhi(zp)|* + |V hi(xr) — Vh(2*)]|?
+ 2[|Vhi(yk) — Vhi(zp) [ Vhi(zr) — Vhi(z")].

Using the Lipschitzianity of Vh;, and yx — zx = Op(zr — xi—1), we derive

IVhi(yr) — Vhi(z)I” < @703 llze — ze—1 | + | Vhi(zr) — Vhi(2")|?
+ 200k |z — 21 ||| Vhi(z) — Vhi(z7)]).
< 30|z — | + ([ Vhi(z) — Vhi(z")|]?
+ 0k (1 o — wra |2 + (| VRi(zx) — Vhi(ah)|?)
= 11 (67 + O) lzx — zp—1 1”4 (1 + 00)[|Vhi(z) — Vhi(a*)]1%.

Relations (3.2) and (3.3) together with Lemma 3.3 imply that

1

2
€ [l = VhOIP] < 23 - (6 + 00w — aua P+ (1460 Vo) -
i=1 g
2.1
+ 2 Vh(@) - Vi)
=

- (n+) > %”xk — 1|2+ 4(1 + 0) Lo [G(zp, v*) — G(
=1 1

+4Lg[G (7, v*) — G(z*, v*)]

< 2L9 (0} 4 Op) |12k — zp—1|* + 4(1 + 0) L1 [G (g, v*) — G(a*,v*)]

+4L,1[G(z,v*) — G(a*,v")].

(3.2)

(3.3)

z)%)

Il



Here, the second inequality is obtained by using Lemma 3.3.
Similarly, we also have

Ejy [[lt — VO(u)|2] < 2La(0F + 0) o — vxa
+4(1 + 0) L1 [G(x*,v*) — G(2*,vg)] + 4L, [G (2", v*) — G(x*, v)).
Hence, the proof is completed. O

Remark 3.5 In Corollary 3.4, when 6, = 0 or 0, = 1, it is shown in [25, Corollary 3.4].

The gradient of the functions A and ¢ are, respectively, u and v-Lipschitz continuous, where

1z 1 7
p=—> pi,and v=— > v;.
n =1 n' j=1

Lemma 3.6 Suppose that Assumption 1.2 is satisfied. Let (xg)ren, (Yk)ken, (Uk)keN, (Vk)keN,
(zk)ken, (tk)ren be sequences generated by Algorithm 3.2. Let x = (x,v) € H X G and set

{ikﬂ = (Id +v0f) (zk — % Vh(yr) — K ),
g1 = (Id+v£09") " (v — 1 VE«(uk) + 1Ky

Define
Xk, = (Tr, V)5 Yo = (Yks ur), X = (Tk, Ok,
Tk = (2k th),
(VEeN)JRe = (Vh(yr), VE(ur)), (3.4)

L: HxG—=HXG: (x,v) = (K*v,—Kzx),
bk(X) = <L(Xk - Xk—l)7 Xk — X>.
Set po = max {u,v}. Then, the following inequality holds (Vk € {0,...,m —1}),

29k[G(2h11,0) — G2, vp41)] < 2kbk11(X) = 290101 (%) + [ = x[1? = [xg11 — x|
— (1= bl K[| = vepo (1 + 0x)) Ixh11 — x|
+ (ORI K ||+ Yr0 (07 + 0k)) x5 — xi-1 ]|
+ 297 Irk — Rell? + 29k (k41 — %, R — 7). (3.5)

Proof. Let k € 0,m — 1. We have vy, 1 = (Id +7,99*) " (vk — Yt + 7 Kyx), which is equivalent to
Ky —ty, + vlk(vk — Vg+1) € 99" (V11)-
Since g* is convex, which implies that, for every v € G,
9" (v) > g (vk41) + <Kyk —t + ,ylk(vk —Vpt1) | v — Ulc+1> :
Therefore,
G (Vp41) — " (v) < (tk — Kyi | v — vgg1) + Vlk (Vk = Vkg1 | Vg1 — v)

1
= (ty — Kyk | v — vgs1) + E(HU — op)l* = llonsr — oll? = o = vegal?). (3.6
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Since £ is convex and continuously differentiable with v-Lipschitz gradient, we have
E(ug1) = £(v) < (V41 — v, VE(ug)) + g””kJrl — g% (3.7)
We derive from (3.6) and (3.7) that
G(@h41,0) =G (Tpt1, Ve41) = (Kapp1 | 0 — vpg1) — 67 () + 9" (0k+1) — £(v) + L(vk41)
< (K(zh41 — k) | v = vpg1) + 2,1%(\\@ = wkl* = o1 = orll? = v = vpia|?)
+ gHUkJrl —up|? + (VO ug) = tg | ve1 —v). (3.8)
Similar to (3.8), we have, for every z € H,
G(@rt1, Vrt1) =G (@, V1) = h(@pg1) — h(2) + (K (@311 — 2) | Opt1) + f(@041) — f(2)
< (K(xgp+1 — ) | vp1 — ug) + 2,1yk(lx — @l = orer — ) = o — 2 ?)
 Ellonss = wl® + (a1 =@ | Vhige) - 20). (3.9)

Adding (3.8) and (3.9), we obtain
G(@k41,v) — G(2,vp41) < (<K(37k:+1 — ) [ g1 — ug) + (K (zp1 —ye) [0 — Uk+1>)

1
+ 5= (lle = 20l = laigs = @l = o = anpall + o = ol = fowsa = ol = o = v )

1%
+ %Hwkﬂ —yl* + §||Uk+1 —ug|* + (zpy1 — @ | Vh(yr) — 26) + (VO(ug) — tg | vg41 — v).
(3.10)

The first term in the right-hand side of (3.10) can be expressed as

= (K(@k41 — @) | vk41 — v — Ok (0 — V1))
= (K(2k41 = @) | Vg1 — vi) = Ok (K (Thy1 — @) | g — vi—1)
= (K(@k+1 — @) | vk1 — vi) — Ok (K (2 — 2) | vk — vg—1)
— O (K (z+1 — 2k) | vk — V1) - (3.11)

(K (k1 — @) | vg1 — ug)

Similar to (3.11), for the second term of (3.10), we also have

(K(xpe1 — k) | v = vpg1) = (K(xpy1 — 21) | 0 — Vpg1) — Ok (K (2 — 2—1) | v — vg)
— O (K (z), — xp—1) | vk — Vga1) - (3.12)

For the next to the last term in (3.10), we rewrite the formulas of Z;11 and x4 as

{i’kﬂ = (Id+70f) " ar — mVh(yr) — K up),
Trpr = (Id+%0f) Nk — vk — K *up).

Using the non-expansiveness property of prox;, we have

1241 = 2rpr || < vellzr = V(yr) |l (3.13)
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In turn,

(@h41 — @ | VR(yr) — 2k)
= (Th1 — Tt1 | VR(Yk) — 21) + (Br1 — @ [ VA(yr) — 2)
< lzk = VRl zks1 — Tkl + (k1 — 2 | VR(yr) — 2x)
< llze = VR(yi)I? + (Er1 — x| VA(yr) — 21) - (3.14)
By the same way,
(Ve(ur) =t | ver1 — v) < Yelltr — VE(wR)|* + (VE(up) = tr | Dpg1 —v) - (3.15)
From (3.11), (3.12) and the definitions provided in (3.4), we derive the following identity

(K(zp1 — @) | vgg1 — ug) + (K (@ps1 — y) | v — vgg1) = bpg1 — Obr + O (L(Xpp1 — Xi), Xk — Xg—1)
(3.16)

Therefore, from (3.14), (3.15), (3.16), using up = max {p, v}, (3.10) implies

2 [G(2py1,v) — G2, vp41)] < 29%bkg1 — 2960k0k + 29Ok (L(Xpg 1 — X&), X — Xp—1)
+ Ixe = X[ = (k1 = x[? =[x — xel?
+ kb0l k1 — Yrll” + 297 Ire — Rell? + 27k (Rkg1 — %, Re — 1)
(3.17)

Using the Cauchy-Schwartz inequality and the identity ||L|| = || K ||, we have

(L1 = xu), Xk — Xp—1) < [|Ll[lIXp41 — xulllIxe — xp—1]]

K
= L P S

and

%61 — Yol = IXbt1 — xi — O (xe — x—1) |2
< kb1 — xxll® + 07 Ixs — xs—1]1* + 20k [xp+1 — x| |35 — Xpo—1
< (14 0k) 141 — xell* 4+ (07 + 0k) xe — x>

Hence, we derive from (3.17)

29k [G (Th41,v) — G2, v 1)) < 29bkr1 — 27k01br + YOk K| (x40 — %k 1% + [ — xk-11%)
+ e = %P = s = x[* = xers — il
+ Y0 (1 + ) 41—l + (67 + 0p)lIxe — xx-1]|°)
+ 2927k — Rell® + 29k (Rk41 — %, Re — ),

which implies the desired result. The proof is completed. O
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3.2 Proposed algorithm

We propose the following stochastic primal-dual splitting algorithm, where the main step was
already presented in Algorithm 3.2, for solving Problem 3.1.

Algorithm 3.7 Let m be a strictly positive integer, Vk € {—1,0,1,...,m}; let (7{)sen, and (67)sen
be bounded strictly positive sequences. Let (Zo,v0) € Hx G, (2§, 2°1)sen, (v5,v%)sen be sequences
in %% and G2 with 2 = 2%, = 7o, v] =02, = vo. Let @ = {q1,..., ¢} and Q' = {¢},..., ¢} be
the probabilities on {1,...,n} and {1,...,n'}, respectively.

For s =0,1,2,...
T = Tg, To =Xy, To1 =2
V1= U, Vg 1=, U—1 =0,
For k=0,1,..., m—1
Select ix, € {1,...,n} randomly according to Q
Select ji € {1,...,n'} randomly according to @’

Compute
Yk = Tk + O(zg — Tp—1)
hi - Vh;, (z _
qipm
up = v + O (v — vE—1)
/. i (B
tk _ Vv Jk(uk)/ ,v ]k(v) + Vﬁ(z‘;)
g5, ™
where (g, 0x) stands for (77, 0})
Update
{ wpy1r = (Id+pdf) " (or — mae — K uy)
vy = (Id+09") " (vk — Wwtr + V6K yk)
end
where for any k£ € {0,1,2,...,m — 1} , (yk, 2k, u, tx) stands for (yj, 2, uj,t3)
and, for any k € {—1,0,1,2,...,m}, (z,vy) stands for (zf,v})
Update

Tsy1 = (Zznz_ol ’kak—l-l) / ( POy ’Yk)
Vsy1 = (Zzn:_ol 'kak—i-l) / ( Sy Vk)-

end

13



Note that in Algorithm 3.7, the full gradients VAi(Z) and V/(v) have to be computed only once per
iteration s.

Related work. Recently, a series of primal-dual stochastic methods to solve the convex-concave
saddle point problems have been proposed; see [1, 10, 20, 22, 24, 26, 30, 31, 33, 37, 38] for instances
and the references therein. These methods are different from our proposed algorithm. We highlight
here the comparisons to the one in [25] which is the closest to us. Basically, Algorithm 3.7 shares
the same structure as the one proposed in [25]. The main differences are listed below.

(i) The work in [25] considered only the case when 6 = 0 or 6 = 1 and v, = y in non-Euclidean
spaces with Bregman distances.

(ii) The updating rule of (Ts+1,Us4+1) in the strongly convex case is different from the work in
[25].

3.3 Convergence results

The convergence of Algorithm 3.7 depends on the choices of (67)sen, and (7})sen

(Vk € {0,...,m —1},m € N) as well as the choices of (2, 2% ;)sen, and (v§, v®)sen. Here below,
we prove the almost sure weak convergence of the sequence (s, Us)sen in the general case, i.e., the
Lagrangian function G is convex-concave.

Our proof technique of the almost sure weak convergence relies on the reduction of the variance
with respect to the Lagrangian function G. A main advantage of this approach is that one can
remove the condition imposed on the summability of the variance in [26].

Theorem 3.8 Suppose Assumption 1.2 is satisfied. Let (Ts)sen, (Us)sen be sequences generated by

Algorithm 3.7 with *1' = 5, _|, x5 = x5,. Assume that

(i) (Vs € N),
Yooy =805, Y€ {0, .., m—1},

Yo =Yoo =% (3.18)
03, =05 =1
5 .

and
m—1 m—1
Yoz > wth (3.19)
k=0 k=0
(ii) There exist positive constants c,a,y,6 such that

<
(VseN, VE€{0,...,m}) {6; <60 (3.20)
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and

290 K || + ypo(0 +1)2 +4(0% + 0)Lary® < 1 (3.21)
ALy ((1+0)c+1) < 1. '
Then (Zs,Vs)sen converges weakly to a point in S a.s..
Proof. At stage s, for k € {0,1,2,...,m — 1}, we rewrite (3.5) with x = a*, v = v*, using

Ve = Opr1Vk41, We get

29k [G (p 41, %) — G(@*, 0p11)] < 2910110511 — 270kbx + [ — X% = [Ixp1 — x*||?
— (1= Okl K| = Yepo (1 + 01)) x40 — x|
+ (ORIE ||+ Ye0 (07 + Ok)) 3 — X1
+ 2937k — Rell® + 27k (Rp1 — X, R — 7). (3.22)

Denote &, = (ix, ji). Let E¢, = E¢: be the conditional expectation with respect to the history
{(G0,70),- - -, (ik—1,7k—1)}. Using Corollary 3.4 and the fact Xx41 is {g-measurable, we derive

Ee [l7e—Rel?] < 2La (03401 ) lIx—xe—1||*+4L1 (1463)[G (zr, v*) =G (2™, 0g) | +4L1[G (7, v*) = G (2, D)),
Therefore, inequality (3.22) implies

29kEg, [G(ah41,07) — G(2™, vp41))]
|12 = 290kbr — Eg, [xer1 — x*11%] + 290110k 11Ee, [brya]
— (L =10| K|l — ypo(1 + 0))Ee, [lIxkr1 — xxl|]
+ (YOI K|+ vi0(6% + 6) + 4L2 (6% + 0)7%) |3, — xp—1 ]
+8(1 4 0) L7 [G(r, v*) — G(a*, vp)] + 8L1 [G(Z, v*) — G(2*,0)]
< e — g feny1] + 8(1 + 0) L [Glag, v*) — G(z*,vp)]
+ (2901 K| + yp0(0 + 1) + 4(6% + 0) Lay® — 1) |xk — xp—1 |
+ 8L172[G(%,v*) — G(2*,0)], (3.23)

< xp —x

where

e = ¢ = [ —x*|1? = 2976507 + (1 = 10| K[| — ypo(L + 0))Ixi — xi_y®
= [ —x* 17 = 29b1bx + (1= A0l K || = y0(L + 6))lIx. — xe—1]|*.
Using the Cauchy-Schwarz inequality, we have that
296 0kbk = 2960k (L(xk — Xg—1) | xp — X™)
< 2900 K | xk — -1l — <]
< AOI K (1Ixe = xi—1 117 + [Ixe = x*[|).
Hence, from the first condition in (3.21), we obtain
|12

|Ix — x

ex > (1= 701K xe — X1 + (1 = 290 K| = vpto(L + 6)) i — 1 ]1* > > 0. (3.24)
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Set Sy, == S} = G(zf,v*)—G(2*,v}) = G(x, v*)—G(x*, v;). Taking the expectation with respect to
all the history in the stage s (denote the resulting expectation by E), summing the inequality (3.23)
from k£ = 0 to m—1, and using the condition (3.21), i.e. 20| K ||+yuo(0-+1)2+4(0>40)Lay*—1 < 0,
we obtain

m—1 m—1 m—1
2> Es[Sks1] < €0 — Esem] +8(L+60)L1 > viEs[Sk] +8L1 Y 7t [G(Zs,v*) — G(2*, )]
k=0 k=0 k=0

< (eg+8(1 + 0)L173S0) — (Eslem) + 8(1 + 0) L1v2Es[Sim]) + 8(1 + 0) Ly fj Y2E[Sk]

k=1
m—1
+8L1 Y M[G(Zs,v%) — G(2*,05)]. (3.25)
k=0
Using the condition (3.20), we derive from (3.25)
m—1
2(1 = 4(1+0)er.L1) 3 E[Sir1] < (0 +8(1+0)L17350) — (Elem] +8(1 + 0) L1 E[Su)
k=0
m—1
+ 8L17 Z Vi [G(-i'm ,U*) - G(.’,E*, ,l_)s)] .
k=0
Using the convex-concave property of the Lagrangian function G, we obtain
m—1
2> w1 =41+ 0)eyLi)E[G(Ts41,0") — Gla*, Usi1)]
k=0
m—1
< (o +8(1 +0)L17580) — (Eslem] + 8(1 + 0) L1y Es[Sp]) +8L1y D w[G(Ts,v*) — G(a™,Ts)].
k=0
(3.26)

m—1

Set T¢ = 3 ~3. It follows from condition (3.19) that T% > T**! (Vs € N). Hence, we obtain from
k=0

(3.26)

2T (1 = 4(1 + 0)eyL1)Es[G (Tsr1, v*) — G2, Ts41)]
< (eg +8(1+0)L172S0) — (Es[em] + 8(1 4 0) L2 Es[Sim]) + 8LinT* [G(zs, v*) — G(2*,vs)].

Note that by the choices of (z{)sen and (2% ;)sen, we have
Eslen,) +8(1 +0) L1 (v7)*Es[Sh] = Esleg] +8(1 + 0) L1 (75 ™) Es[S5 7).
Hence, we can rewrite (3.27) as

Eu[eg™ o+ 8(1+ 0)La(rg 2S5 + 2T (1= (1 + B)evLa) (Glissr, v7) — G(a*, 5yen))]
<ej+8(1+ 9)L1(7§)258 +27°%(1 — 4(1 + 0)eyLy ) (G(Zs, v*) — G(x*,0s))
+2T°%(4L1 (1 + O)ey + 4L1y — 1) (G(Z5,v*) — G(z*, vs)). (3.28)
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Using condition (3.21) and Lemma 2.5, we derive from the above inequality that
€5+ 8(1+0)L1()%Ss +2T5(1 — 4(1 + 0)eyLy ) (G(Zs, v*) — G(2*,T,)) converges a.s.
and

Z(G(:fs,v*) — G(2*,04)) < 400 a.s..

seN

Let us consider the stage s + 1, Vk € {1,2,...,m}, it follows from (3.23) and condition (3.21)
that
Eg;jll[Q’Yk—1(G($k, v*) — G(x*,v1)) + ex] < 29—2(G(xp—1,v") — G(x*, vp-1)) + €r—1
+ 872 L1 [G(Z gy 1,v*) — G(a*, Vsy1)].
Let F; be o— algebra generated by (a:f,vf) for all i € {-1,0,...,m}, 7 € {0,1,...,s — 1} and

(x, Z) for all i = {—1,0,1,...,k}. Taking the conditional expectation on both sides of the above
inequality sequentially k times, we deduce

291 (Gt 0%) = G, opt) + e T ]
< 2y_1(G(w0,v*) — G(x*,v0)) + e + 8kV? L1 [G(Zs41,v*) — G(x*, Usy1)]
=295 (G(x5,,v*) — G(x*, %)) + €5, + 8kv? L1 [G(Ts11,v") — G(a*, Vs11)]- (3.29)
In stage s, using (3.23) again, we have
E[29m-1(G(z7,,v%) — G(2™,v3,)) + €5, |F%]
< 2y 1 (G2}, 0%) = G(a*,0})) + e + (8(1 4+ 0) i — 2v,—1) (G (2}, v*) — G(a*, v}))
+ (290) K| + vu0(0 + 1)% + 4(6% + 0) Loy® — 1) %, — xi_1 |1 + 8y* La(m — k) [G(s, 0%) — G(2™, 0y)].

Combining (3.29) and (3.30), we derive, for Vk € {1,2,...,m}

E[29i 7} (Glai™ %) - Gl ) + o |53
< 2981 (Glag, v*) = G(a*, 7)) + ef + (8(1 + 0)L1(7)* — 29¢-1) (G (g}, v*) — G(a*,4}))
(290K + ypo(6 + 1) + 4(6% + )Lay? — 1) i — xiy I + 892 L1 (m — K)[G(as, 07) — Gla™, 3,)]
+ 8k L1E[G(Zsy1,v*) — G(2*, Usy1)|T3). (3.31)

Taking the expectation on both sides of (3.28), we obtain

Z E[G(zs,v") — G(z*,v5)] < +00, (3.32)
seN
which implies
Z E[G(Zs41,v") — G(z*,0541)|F}] < +00  a.s..

seN

From (3.31), condition (3.21), and using Lemma 2.5, the following limits exist

lim 2v;_,(G(a},v*) — G(a*,v})) + e, a.s. (3.33)

s—400
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and

Tim [G(af,v*) — G, o)) = lim xp — i)l =0 a.s.. (3.34)

Then, from (3.33) and (3.34), Vk € {1,2,...,m}, there exists

lim e} a.s..
S5—00

We recall the definition of €f, i.e., ef = ||x§ —x*||* — 20565 + (1 — 0| K || —ypo(1+0)) |5 — x5 _1 |1

It follows from (3.24) and (3.33) that (||xj — x*||)sen is bounded, which implies ILm b =0 as..
S—00

Therefore, Vk € {1,2,...,m}, there exists

12 a.s..

Jim 1

Suppose that X = (£,0) is a weak sequential cluster point of the sequence (x})sen. We rewrite
(3.13) and the same inequality

1Zk41 — Trrall < llze — VA(yr)|,
[0k+1 = vkl < velltr — VE(ur)],
which implies
IXe+1 = Repl® < Agllre — Ri*.
Taking the conditional expectation E¢, and using Corollary 3.4, we have
Egu i1 —Ru1[1%) < 2L2(6% + 0)3 e — xie—1[|” + 4L (1 + )R [G(f, ™) — Gla™, v7)]
+ 4172 [G(Z,v%) — G(2*, ).
Hence
Ellhr1 — Rirl|?] < 2L2(6% + 0)7?Elllx — xi—1[1°] + 4L1 (1 + 0)y*E[G(}, v*) — G(a*, v})]
+ 4L ~’E[G(Z,v*) — G(z*,0)]. (3.35)
Taking the expectation on both sides of (3.31), we derive
E[29; 51 (Gl 0") = Gla*, ™)) + 5]
< E[297 1 (G(a, 0") — Gla*,v0)) + €] + (8(1 +0)Li(97)? — 2971 )E[G(a}. ") — G (™, 0})]
+ (290 K| +yp0(0 +1)* +4(6% + 0) Lay® — DE[|Ixi — xi_1[1*] + 892 L1 (m — k)E[G(Zs,v*) — G(2*, 7))
+ 8k72L1E[G(fS+1, U*) - G(x*, 775—&—1)]- (336)

From (3.20), we have
8(1+0)L1(77)* — 2731 < 2951 (4(1 4+ 0)ey — 1) < 0.

Hence, using (3.32), i.e. Y. E[G(Zs,v*) — G(2*,05)] < +00, we can deduce from (3.36) that
seN

{ZseN E[G(x, v*) — G(z*,v])] < +o0

i (3.37)
>sen Ellxg = xi_1117] < 4oc.
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Therefore, (3.35) implies
> Ellixier =% 7] < +o0
seN

which, in turn, implies
lim ||x{.; — X =0 a.s..
s H k+1 k+1 H

Using the triangle inequality 6., — il < Ity — Kl + %30 —xill + bt = xi_, . we also have
lim [%; ., —yil = 0. a.s.. From the definition of Zj_ ;, we obtain
S5—00

Ty, — & A8 % 8
% — VAh(y}) + VA(Zi41) € 0F(2f11) + VR(E] 1) + K uj,
which implies 0 € 9f(2) + Vh(Z) + K*v. We also have 0 € 9g*(0) + V{(0) — K&. Therefore,
(z,0) € S.
Using Lemma 2.6, the sequence (z3,v})sen converges weakly to a point in S. From (3.37)

Y Ellxg = xi_q %] < +oo,
seN

we have that: for all £ € {1,2,...,m}, the limit of the sequence (z,v;) when s — +00 is the same
a.s.. Hence, (Zs,vs) converges weakly to a point in S a.s..
The proof is completed. O

Remark 3.9 We show some cases of sequences (67)seny and (77)sen that satisfy the conditions of
Theorem 3.8 .

(i) In the constant-case, 7§ = v,0; = 1, (Vk,Vs), the conditions of Theorem 3.8 become

(3.38)

dypo + 29| K| + 8Lay* < 1,
129L; < 1.

In [25], with condition (3.38), the authors proved the convergence of the primal-dual function
only. Here, we show the convergence of the iterative sequence.

(ii) Let (Br)ren be a non-increasing positive sequence. Assume there exist positive constants
a, ", 0 such that

a< fr <7
(Vk € N) {% <
Ve+1 —
At stage s € N, we choose vk = Bym—1)+ks k11 = WZL (Vk € {0,...,m — 1}). Then the
conditions (3.18), (3.19), (3.20) of Theorem 3.8 are satisfied for ¢ = 1 and the condition (3.21)

becomes

290|| K || + ypo(0 + 1) + 4042 Lo (0 +1) < 1
4L1v(0 +2) < 1.
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(iii) Let (¢x) be a positive sequence (k € {0,...,m — 1}). Set § = m;?x For s € N, let () be
J

a permutation of ((x) such that 75,_; = v5*!. Set 071 = k—s Then the conditions (3.18),
+1

(3.19), (3.20) of Theorem 3.8 are satisfied for ¢ = 6 and the condition (3.21) becomes

{279||KH + yp0(0 +1)2 4+ 4042 La(6 +1) < 1 (3.30)

AL1v(0(1+6) +1) < 1.

We can choose ((x) that satisfies (3.39) by scaling this sequence with an arbitrarily large
constant.

3.3.1 Particular case: G is a—strongly convex-concave

For the particular case where G is a—strongly convex-concave (o > 0) and (Vs € N), 2§ = 2%, =
Zg,v5 =02 = Vs,V = ’y,‘zﬂ =, (Vk €{0,...,m—1}. Here below we prove the linear convergence
rate in expectation of the difference of the Lagragian function.

Theorem 3.10 Let (Zs)sen, and (Us)sen be sequences generated by Algorithm 3.7 with xf = 2%, =
Zs, vy =% = vs. Suppose that (Vk)ren s a non-increasing sequence. Set § = supycy |0k < +00,

and ¢ = suppey | Ve — Ve+10k+1/7%. Let M be such that M > ———. Assume that

{70#0(9 +1)% + 2900 K[| + 0| K[|eM + 4L2 (6% + 0)75 < 1,

K 3.40
1—”Qf—4L1(9+1)70>0, (3.40)

and

1 AL (S 20+ 272)
b S k=1 ——— <1, (341)
o1~ B = AL+ Do) (X ) (1= I — 4L (0 + 1)70) (X )

then
E[G(Zs31,v") — G(2*,0511)] < p*THG(Z0,v*) — G(2*,00)]. (3.42)

Proof. First, we rewrite (3.5) with x = z*, v = v*, we get
29k [G (wh41,0") — G0, v41)] < 294100110011 — 27k00bx + [ — x*[1* = [xera — x*]1?
+ 2(k = Ve+10k+1)bk1
— (1= Ok K[| = yep0(L + 01) Ixer1 — x|
+ (Ol || + it (67 + 01)) e — xe—1

+ 29¢ [l — Rell* + 27 (Re1 — X", R — 7). (3.43)
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We have

2|bg1| = 2[ (L(xpet1 — xk) | X1 — %) |
2K fIxk41 — X[ IXk41 — x|

X1 — X*||?

< K (M e — w2+ P2 =X

7 )
2| Kl

< ENM xer = xe* + = =2 G (@41, 0%) = G, o)),

where the last inequality is derived from the a—strongly convex-concave property of G. Then (3.43)
implies that

2 (1= B8 (61,00 - Gt o)
< 2%k 110k 11041 — 2908k + [Ix = X7[1? = [Ixpg1 — x|
— (1= ypo(1 4 0k) — WOk K[| — Yl K || M) xr 1 — x|
+ (Y0 (07 + Ok) + Ok LK) e — 31 2
+ 29; 7k — Rell® + 29 (Rep1 — X5, Ry, — 7). (3.44)

Using Corollary 2.5, we have

Ee,[l7e — Rell?] < 2007 + 0k) Lallxi; — xe—1]|* + 4(0k + 1) L1[G (g, v*) — G(z*, vp)]
+ 4L, [G(Z,v*) — G(z*,v)].

Therefore, by taking the conditional expectation on both sides of (3.44) and using the condition
(3.40), we get

Mao
< 29k 10k 41 Ee [br1a] — 290101 + [Ixi — X[|* — Eg, [[Ixer1 — x*1?)
— (1= ypo(1 + 0x) = WOk 1K || — el | K[| eM)Eg, [[Ixe11 — xi[1)
+ (v 0 (65 + 1) + 1Ol K[|+ 4L275 (6F + 01)) I3k — x|
+ 8L17} (Ok + 1)[G (g, v") — G(a*,vg)] + 8L177 (G(Z,v*) — G(a*,0))
< cp — B¢ [cpi1] + 8L1vi(0k + 1)[G (g, v*) — G(2*,vp)] + 8L17; (G(Z,v*) — G(2*, 7)), (3.45)

Klle N .
2 (1= LI e G, o) — Gt i)

where we set
ek = |Ixk = X7 = 290k + (Y1007 + Or) + Okl K[| + 4L (07 + 0k)) [0 — xi1 ]|
We have
bk | < LA %t — X1 [l I3 — 7|
< 20 o sl - = ).

So the condition (3.40) implies that ¢, > 0 VEk € N.

21



By summing both sides of (3.45) over kK = 0,...,m—1, using the decrease of (y;)ren, we obtain

Kllc * *
2( H | ) Z YeEs[G (21, v") — G(2*, vpr1)]

m—1 m—1
< ¢p — Eslem] + 8Ly Z (O + DVPES[G(xg, v*) — G(z*,vg)] + 8Ly Z V2 G(z,v*) — G(z*, )]
k=0 k=0

< cy— Eslem] +8L1(0+ 1 Z V2ES[G (a1, v™) — G(2*, vpgr)]

m—1
+8L1( Y 7k + 0+ 1)15)[G(@, ") — G(a*, )]
k=0
For the choice xg = x_1 = X, we get cop = ||x — x*||2. Thus, using the strongly convex-concave

property of G, we derive

m—1

K
2(1- B8 410+ 1)20) X Bl or1.0%) = Gt )
@ k=0

m—1
<R =12+ 8Li( Y % + (0 +2)7%)[G(7, 0*) — G(a*, v)]
k=1

m—1
< (248Li(Y 2R+ 0+ 200) (GG - Gl 0]
k=1

which is equivalent to
Es[G(Ts+1,v") — G(27%, Us41))]

X AL (S 52 + 0+ 29)
< ( + =1 __ )[G(:Es,v*) G, )].

o1~ B ~ AL O+ 100) 2o (1= lip — 40O+ 10) T

Using this inequality recursively, we obtain (3.42). O

Remark 3.11 Here are some remarks.

(i) For the strongly convex-concave case, we also obtain the linear convergence rate in expectation
of the primal-dual function as in [25]. However, our algorithm is completely different from
the one in [25].

(ii) Here are some examples where we provide some cases of the stepsizes and m ensuring p < 1.

e In case 6, = 0, by choosing 0 < vy < i(l - HM—@) and > 7, = +oo. Then, when m is
keN
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large enough, we have

m—1 9
AL
_ 1 443 L4 ! kgo Tk
p= + +
1 mt 1 ml I mt
a(l— 70 —4l) Z W (1 -7 — 40L) Z (1= 372 — 40Ll1) PR

1 4~2 T 4~oL
n Yo n HK(” <1.

m—1 m—1
a1 — B _ 4qy01,) T (- WKL o) 'S e (1 e = 470L0)

IN

o In case 0 = 1 and 7 = . Then, we have ¢ = 0. Hence, the conditions (3.40) and
(3.41), respectively, become

dypo + 29| K || + 8Lay* < 1,
1—-8Liy >0,

and
1 4L1y(m + 2)

a(l =8Lyy)my (1 —8Liy)m

p =
Therefore, when 0 < v < ﬁ and m is large enough, we obtain p < 1.

(iii) Note that in every stage, the choice of two initial values is different from that of Theorem

3.8.

Theorem 3.12 Under the same conditions as Theorem 3.10. Then the gap

sup (G(a_ts,v) — G(m,ﬁs))

zeH,vEG

converges linearly to 0 in expectation.

The sequence produced by the algorithm converges (in expectation) to a point (Zs,vs) such
that sup, inf, G(z,v) < G(Zs,vs) < inf, sup, G(x,v). Hence, the Saddle point Theorem applies.

Proof. From the definition of the Lagrangian function G, we have

(GEs11,0) = G(Fs11,07)) = (Gl*v) = Ga*,0")) = (K (Zgy1 — 2*) | v = v*),

(G, 051) = Ga*,041)) = (Gl v") = G, 0")) = (K@ — %) [ B — 0%, (3.46)
Hence

(G(.fs_t,_l, U) - G(.fs_t,_l, U*)) — (G(.’L’, 7_)54—1) - G((L'*, 773-}-1))
=G(z*,v) — G(x,v*) + (K(Tsy1 — %) | v —0*) — (K(z — %) | U541 — V). (3.47)
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Using the Cauchy-Schwarz inequality, we get

(K (Foi1 — %) | 0= %) = (K (2 — 2*) | D1 — )
< K [Zor1 — a0 — v + [K]llle — 2 [ [ — o]

H H * (12 o * 12 H H2 *2 « * 12
< (T 1Zss1 = @I+ Sllo = v I?) + (F5 - osss = 0¥ I + Sl - 2*]1)

K 2 _ _
- ! 20‘z| ([ Zs1 = 2* )1 + D501 — v*[|7) + 5(”37 — &P+ o = o). (3.48)

The strong convexity-concavity of the function G imply that
G(z,v") = G(z",v) = %(Hx =2+ o = v*)?), (3.49)
and
G(@sr1.0") = G, 0ug1) 2 G ([Ba1 = ¥ + B2 =07, (3.50)
We derive from (3.47), (3.48), (3.49), and (3.50) that
(G(Eas1,0) = Gl 5541)) = (GlEs41,0%) = Gla*, Ba1))

K 2
= ” QQH (G(i‘s+1,’U*) - G(ZE*,@erl)),

which implies

LS H2

G(Tsi1,v) — G2, Toy1) < (1+ )(G(:ES+1,U*)—G(x*,ﬁsH)).

From the linear convergence of G(Zsy1,v*) — G(2*,0s41) in Theorem 3.10, we deduce that
G(Zs+1,v) — G(x,Usy1) converges linearly to 0. The proof is completed.
a

Corollary 3.13 Under the same conditions as Theorem 3.10. The sequences (Zs)sen and (Us)seN
converges linearly in expectation to x* and v*, respectively.

Proof. We have
2
s = 2*? + llos = o*|* < = (G(@s,0") - Gla*, ). (3.51)
Since the difference G(Zs,v*) — G(2*,vs) converges linearly in expectation to 0 by Theorem 3.10.

We derive from (3.51) that both (Zs)sen and (vs)sen converge linearly in expectation to x* and v*,
respectively. O

3.3.2 Related methods

Linear convergence in expectation of the primal-dual gap was established in [25, 33] for Bregman
distance and for a different stochastic variance reduction algorithm. In [25, 33], the authors require
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the stepsize 7 is constant and 6 = 0 for V& € N. Our Algorithm is more general, i.e. 7 is not
constant and 65 # 0. We also update the value Zs41 which is different that in [25, 33], our update
is more simple and more natural than the update of zs1; in [25, 33].

The authors in [1, 16] also proposed a stochastic variance reduction algorithm for saddle point
problems with linear convergence in expectation of the iterates. Here, we also obtain the linear
convergence of the iteration sequence as formalized in Corollary 3.13.

For a special case of Problem 3.1 where f = 0, ¢* = 0 and H = R%, G = R%; under the
additional assumption that the operator K is full rank, i.e. rank(K) = d;, the method proposed in
[18] also achieves convergence rate that is linear but only when the function ¢ is strongly convex.

In the particular case where 0, = 0, K = 0, 7, = v, ¢* = 0, £ = 0, our results recover [35,
Theorem 1] as a special case. Indeed, the condition (3.40) becomes

{w <1,

(3.52)
1—4L1vy >0,

Following the fact that u < L, (3.52) is equivalent to the condition v < ﬁ as in [35, Theoreml].
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