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Abstract

We investigate the convergence properties of incremental mirror descent type subgradient
algorithms for minimizing the sum of convex functions. In each step we only evaluate the
subgradient of a single component function and mirror it back to the feasible domain, which
makes iterations very cheap to compute. The analysis is made for a randomized selection of
the component functions, which yields the deterministic algorithm as a special case. Under
supplementary differentiability assumptions on the function which induces the mirror map
we are also able to deal with the presence of another term in the objective function, which is
evaluated via a proximal type step. In both cases we derive convergence rates of O (ﬁ) in
expectation for the kth best objective function value and illustrate our theoretical findings
by numerical experiments in positron emission tomography and machine learning.

Keywords. nonsmooth convex minimization; incremental mirror descent algorithm; global
rate of convergence; random sweeping
AMS subject classification. 90C25, 90C90, 90C06

1 Introduction

We consider the problem of minimizing the sum of nonsmooth convex functions

m

ggg;ﬁ(m), (1)
where C' C R" is a nonempty, convex and closed set and, for every i = 1,...,m, the so-called
component functions f; : R® — R := RU {400} are assumed to be proper and convex and will
be evaluated via their respective subgradients. Implicitly we will assume that m is large and it
is therefore very costly to evaluate all component functions in each iteration. Consequently, we
will examine algorithms which only use the subgradient of a single component function in each
iteration. These so-called incremental algorithms, see [4,9], have been applied for large-scale
problems arising in tomography [3], generalized assignment problems [9] or machine learning
[14]. We refer also to [8] for a slightly different approach, where in the spirit of incremental
algorithms only the gradient of one of the component functions is evaluated in each step, but
gradients at old iterates are used for the other components. Both, subgradient algorithms and
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incremental methods usually require decreasing stepsizes in order to converge, which makes them
slow near an optimal solution. However, they provide in a very small number of iterations a
low accuracy optimal value and possess a rate of convergence which is almost independent of
the dimension of the problem. We refer the reader to [13] for a subgradient algorithm designed
for the minimization of a nonsmooth nonconvex function under the making use of proximal
subgradients.

When solving optimization problems of type (1) one might want to capture in the formulation
of the iterative scheme the geometry of the feasible set C'. This can be done by a so-called mirror
map, that mirrors each iterate onto the feasible set. The Bregman distance associated with the
function that induces the mirror map plays an essential role in the convergence analysis and in
the formulation of convergence rates results (see [1,2]). So-called mirror descent algorithms were
first discussed in [10] and more recently in [2,11,15] in a very general framework, in [12,14] from
a statistical learning point of view, and in [5] for the case of dynamical systems. The mirror map
can be viewed as a generalization of the ordinary orthogonal projection on C in Hilbert spaces
(see Example 2.4), but allows also for a more careful consideration of the problems structure,
as it is the case when the objective function is subdifferentiable only on the relative interior
of the feasible set. In such a setting one can design a mirror map which maps not onto the
entire feasible set but only on a subset of it where the objective function is subdifferentiable (see
Example 2.5).

There exists already a rich literature on incremental algorithms dealing with similar prob-
lems. In [4,9] incremental subgradient methods with a random selection of the component func-
tions and even projections onto a feasible set are considered, but no mirror descent. Incremental
subgradient algorithms utilizing mirror descent techniques are investigated in [3], however there
an additional projection onto the feasible set is required which thus excludes the case where
domf 2 C (this is taken care of in our case by the weak assumption that im(VH*) C domf).
Furthermore, the results appearing in Section 4 discussing Bregman proximal steps appear to
completely novel for this kind of problems and are only known from a forward-backward set-
ting [1].

The basic concepts in the formulation of mirror descent algorithms are recalled in Section
2. We also provide some illustrating examples, which present some special cases, as the general
setting might not be immediately intuitive. In Section 3 we formulate an incremental mirror
descent subgradient algorithm with random sweeping of the component functions which we show
to have a convergence rate of O (ﬁ) in expectation for the kth best objective function value.
In Section 4 we ask additionally for differentiability of the function which induces the mirror
map and are then able to add another nonsmooth convex function to the objective function
which is evaluated in the iterative scheme by a proximal type step. For the resulting algorithm
we show a similar convergence result. In the last section we illustrate the theoretical findings
by numerical experiments in positron emission tomography and machine learning.

2 Elements of convex analysis and the mirror descent algorithm

Throughout the paper we assume that R™ is endowed with the Euclidean inner product (-,-)
and corresponding norm ||| = 1/(-,). For a nonempty convex set C' C R"™ we denote by riC'
its relative interior, which is the interior of C relative to its affine hull. For a convex function
f : R® —» R we denote by domf := {z € R" : f(x) < +oo} its effective domain and say
that f is proper, if f > —oo and domf # (). The subdifferential of f at x € R™ is defined
as Of(x) :={p € R": f(y) > f(z) + (p,y — z) Vy € R"}, for f(x) € R, and as df(z) := 0,
otherwise. We will write f’(x) for an arbitrary subgradient, i.e. an element of the subdifferential



of ().

Problem 2.1. Consider the optimization problem

min (), (2)
where C' C R™ is a nonempty, convex and closed set, f : R — R is a proper and convex function,

and H : R™ — R is a proper, lower semicontinuous and o-strongly convex function such that
C =domH and im(VH*) C int(domf).

We say that H : R” — R is o-strongly convex for o > 0, if for every z,2’ € R" and every
A € [0,1] it holds $A(1 — N)|jz — &/|P+H Az + (1 — A\)2’) < AH(z) + (1 — \)H(2'). Tt is well-
known that, when H is proper, lower semicontinuous and o-strongly convex, then its conjugate
function H* : R — R, H*(y) = sup,epn{(y,z) — H(x)}, is Fréchet differentiable (thus it has
full domain) and its gradient VH™* is %—Lipschitz continuous or, equivalently, H* is Fréchet
differentiable and its gradient VH* is o-cocoercive, which means that for every y,7' € R™ it
holds o||VH*(y) — VH*(y)||?< (y—v', VH*(y) —VH*(y')). Recall that im(VH*) := {VH*(y) :
y € R"}.

The following mirror descent algorithm has been introduced in [11] under the name dual
averaging.

Algorithm 2.2. Consider for some initial values xo € int(domf),yo € R"™ and sequence of
positive stepsizes (ty)g>o the following iterative scheme:

Yk+1 = Yk — tif' (z)
Yk >0
(vk=0) Tpr1 = VH* (Yr11).

We notice that, since the sequence (z),>0 is contained in the interior of the effective domain
of f, the algorithm is well-defined. The assumptions concerning the function H, which induces
the mirror map VH*, are not consistent in the literature. Sometimes H is assumed to be a
Legendre function as in [1], or strongly convex and differentiable as in [2,15]. In the following
section we will only assume that H is proper, lower semicontinuous and strongly convex.
Example 2.3. For H = 3||-|? we have that H* = 1||-||> and thus VH* is the identity operator
on R™. Consequently, Algorithm 2.2 reduces to the classical subgradient method:

(Vk >0) xpr1 = — tef (1)

Example 2.4. For C CR" a nonempty, conver and closed set, take H(z) = %|z|?, for z € C,
and H(x) = +o0, otherwise. Then VH* = P¢, where Po denotes the orthogonal projection onto
C. In this setting, Algorithm 2.2 becomes:

Yk+1 = Yk — tif (z1)
Vk >0
(vk = 0) [ Trt1 = Po(Yr+1)-

This iterative scheme is similar to, but different from the well-known subgradient projection
algorithm, which reads:
_ - /
(Vk > 0) [ Yet1 = Tk — tef' (wk)
1 = Po(yr+1)-

Example 2.5. When considering numerical experiments in positron emission tomography, one
often minimizes over the unit simplex A := {x = (z1,...,2,)T € R": dj_1zj =12 >0} An



appropriate choice for the function H is H(z) = Z?Zl xjlog(x;) for x € A, where 0log(0) =0,
and H(x) = 400, if x ¢ A. In this case VH* is given for every y € R™ by

VH*(y) = M (exp(y1), exp(y2), .- ., exp(ya)) ",

and maps into the relative interior of A.

The following result will play an important role in the convergence analysis that we will
carry out in the next sections.

Lemma 2.6. Let H : R® — R be a proper, lower semicontinuous and o-strongly convex function,
foro >0, x € R" andy € OH(x). Then it holds

H(z) + (y, 2" — x) + %Hx’ — 2|’ < H(z') Va' e R™

Proof. The function H(-) := H(-) — Z||-I? is convex and y — o € OH (x). Thus

H(z)+ (y—ox, 7 —x) < H(Z) ViecR"
or, equivalently,
H(@) = Zllal* + {y — 0w, & —2) < H(&) - J |l vE e R".

Rearranging the terms, leads to the desired conclusion. ]

3 A stochastic incremental mirror descent algorithm

In this section we will address the following optimization problem.

Problem 3.1. Consider the optimization problem

m
min ; filx), (3)
where C C R" is a nonempty, conver and closed set, for every i = 1,...,m, the functions
fi : R® = R are proper and convex, and H : R® — R is a proper, lower semicontinuous and
o-strongly convex function such that C = domH and im(VH*) C int (N*;domf;).

In this section we apply the dual averaging approach described in Algorithm 2.2 to the
optimization problem (3) by only using the subgradient of a component function at a time. This
incremental approach (see, also, [4,9]) is similar to but slightly different from the extension
suggested in [2]. Furthermore, we introduce a stochastic sweeping of the component functions.
For a similar strategy, but in the random selection of coordinates we refer to [6].

Algorithm 3.2. Consider for some initial values xo € int (N%,domf;),ym —1 € R™ and se-
quence of positive stepsizes (ty)g>0 the following iterative scheme:

[ ok = Tk
Yok = Ym k-1
fori=1,...,m
(VE > 0) Yik = Yi-1k — €i,k%f¢/(¢ifl,k)

Vi = VH* (Y1)
end

L Tk41 = Um ks

where €1 is a {0,1} valued random variable for every i =1,...,m and k > 0, such that €;}, is
independent of Y1 and P(e;, = 1) = p; for everyi=1,...,m and k > 0.

4



One can notice that in the above iterative scheme y; , € OH (1; ) for every i = 1,...,m and
k> 0.

In the convergence analysis of Algorithm 3.2 we will make use of the following Bregman-
distance-like function associated to the proper and convex function H : R — R and defined

as
dy : R" x domH x R" - R, dy(z,y,2) = H(x) — H(y) — (z,7 — y). (4)

We notice that dg(z,y,z) > 0 for every (x,y) € R" x domH and every z € 0H(y), due to
subgradient inequality.

The function dy is an extension of the Bregman distance (see [1,14,15]), which is as-
sociated to a proper and convex function H : R" — R fulfilling domVH := {z € R" :
H is differentiable at x} # () and defined as

Dy :R" x domVH — R, Dy(z,y) = H(z) — H(y) — (VH(y),x — y). (5)

Theorem 3.3. In the setting of Problem 3.1, assume that the functions f; are Ly,-Lipschitz
continuous on im(VH*) fori=1,...,m. Let (zx)r>0 be a sequence generated by Algorithm 3.2.
Then for every N > 1 and every y € R™ it holds

(0<km<111\} IZfz k) Zfi(@D) <
=1
dH(yervy0,0) (Zz 1sz) ((Zz 1}712) +1> ;CVZ_OI ti

NoT
k=0 Uk

Proof. Let y € N ,domf; N domH be fixed. For y outside this set the conclusion follows
automatically.
For every i = 1,...,m and every k£ > 0 it holds

du (Y, Yig, Yik) = H(Y) — HWik) = Yik> ¥ — Vik)
= H(y) — HWix) — ( Yi—1,k — Zei,kf{(¢i—1,k)a y— 1/Jz',k> -

Rearranging the terms, this yields for every ¢ = 1,...,m and every k > 0 to

tr
A (Y, Vi, Yik) = da(y, Vi1 g, Yim1,k) — A (Vi g, Vi1 g, Yim1,k) + ;62 K1 k), y — ik

)

tr
=dy(y, Yi—1k:Yi-1,k) — A (Vi oy Vi1 ks Yio1,k) + ;61 K Wic k), y — Yic1 k)

7
123
- ;ﬁi,k<fz‘/(¢i—1,k)a Vik — Yio1k)
K3
123
<du(y, Vi1 Vi-1,k) — da(Vik, Vi1 Yi1,k) + ;Ei,kz(fi(y) — fi(Yi—1k))
1
tr ,
+ ;EiJfoi (i) i1k — Yikll-
3
From here we get for every i = 1,...,m and every k >0

t
Ada (Y, YikVik) < da (Y, Vi1 ks Vie1,k) — AE (Vi ks Vi1 ks Vi1 k) + I%Ei’k(fi(y) — filicik))

1,1
"‘gti 2 'LQka(¢1 Le)|I? + *H"ﬂifl,k_@/}i,kHQ



which, by using that H is o-strongly convex and Lemma 2.6, yields

t
Adu (Y, Yik, Yik) < da (Y, Vi1 ks Yie1.k) — Aa (Vi g, Vie 1.k Yie1,k) + fei,k(fi(y) — fi(¥i1k))
(3
1 2 ]‘ / 2 ]‘
+ ;tkﬁei,kﬂfi (Vi1 k)| + §dH(1/}i,k71/}i—1,k7yi—1,k)

7

t 1 1
= dyg(y, i1, Yie1,6) + fei,k(fi(y) — filthici k) + ;tiﬁei,knfz‘/(wi—l,k)w

(]
1
- §dH(wi,k,¢i—1,k,yi—1,k)-
Using the fact that f; is Ly,-Lipschitz continuous, it follows that || f/(vi—1%)|| < Ly,, for every
i=1,...,m and every k > 0, thus

t 1,1
A (Y, Vig: Yik) < da(Ys Vie1k Yie1,k) + Eei,k(fi(y) — fi(Yi—1k)) + gtiﬁﬁi,klﬂi
i ;

1
— idH<wi,k7wi71,kayi71,k)-

Since all the involved functions are measurable, we can take the expected value on both sides
of the above inequality and get due to the assumed independence of €; 3 and 1;_;  for every
i=1,...,m and every k > 0

E (du(y, Yik,yik)) < E(dg(y, Yioik, vi—1,k)) + E (Z:(fz‘(y) - fz‘(%l,k))) E(eix)

1,1 1
+ zﬁL%iE(ﬁi,k) —E <2dH(¢i,k,@Di—l,k,yi—l,k)) .
7

—1
g p
Since E(€; 1) = pi, we get for every i =1,...,m and every k > 0

E(da(y, Yix, yix)) < E(dg(y, Yim1x:Yi-1,k)) + E G (fi(y) — fi(Yicix)))
1

+ Ut%;LQi —E (;dH(¢i,ka Vi1 ks yi—l,k)) :
Summing the above inequality for ¢ = 1,...,m and using that
oy g NEgmo B ga Ny
o= () () =(5m) (52)

it yields for every k > 0

1 1
+ ;ti (Z Lﬁ) (Z pf) —E (Z %dH(dh’,m Yi1k yil,k))

i=1

or, equivalently,

E(dr (Ys Ym ks Ym k) < E(dr(y, ox, yo,)) +E <L‘k > (fily) = filwx) + filzy) — fz'(%—l,k)))



Thus, for every k > 0,

E(du (Ys Ymps Ymk)) < E(du(y, 25, yox)) + teE (Z fily Zfi(%))
=1

() ) -

(Z % kawz 1,k Yi— 1k)>

+E (tk > (filaw) - fi(¢z‘—1,k))> : (6)
i=1
On the other hand, by using the Lipschitz continuity of VH* it yields for every k& > 0

m m 1—1
7 (Filmn) = fiiin) = DY (filthj—rk) — filtn)
=1 1=2 jZl

m i—1

<SSO Ll — il < <2Lﬁ> S iz —
=2 j=1 =1 =2

IN
/\

> )ZHVH ioii) — VH ()
=1

1 m
< (Z%) > lyi-1k — vikll
=1
1 n m t
k
-5 ZLfl Z €ie—fi(Vi-1,k)
7 \iI= i— Di

IA

| =
=
A/
]

A
~ -
e
]

o

ol

~
~_

Therefore, for every k > 0

(tkz filwr) — filti- 1k))> <Z Lfl) <Z E;):chz)

Combining (6) and (7) gives for every k > 0

E(de (Y, Ym k> Ymk)) < E(du(y, 21, yox)) + thE (Z - fi(u’%))

l
1 = 1 1
+ gt% (Z Lﬁ) (Z pg) —-E (Z idH(wi,k, Yim1k, yil,k))
i=1 i i=1

=1

m 2
+=18 (Z Lfl-) - (8)
=1



Since Yy, = Tiy1 and Yk = Yo,x+1 We get for every k£ > 0 that

E(du (y, tre1, Yok+1)) < E(dm(y, 21, Yo k) + thE (Z fity) = fi(wk))

i=1 =1

1, [w e
+ 1} (ZLﬂ) (Zp2> +1
i=1 g

i=1

By summing up this inequality from k =0 to N — 1, where N > 1, we get

m

N-1 m
> 4E (Z filwn) =) fi(y)> + E(du(y,zn,yo.n)) <
k=0 i—1

=1

N-1 m 2 m 2
1 1
E(du(y,z0,900)) + Z —1 (Z Lﬁ) (Z pQ> +1
k=0 i=1

i=1 't

Q

Since dy (y, zn,y0,n) > 0, as yo.n € OH (N ), we get

2
di(y, o, yo0) + = (0, Lfi)2 ((Z?H #) + 1) {cv;ol ti

N—1
k=0 Tk

and this finishes the proof. O

Remark 3.4. The set from which the variable y is chosen in the previous theorem might seems
to be restrictive, however, we would like to recall that in many applications domH is the set
of feasible solutions of the optimization problem (3). Since im(VH*) = domoH := {z € R" :
O0H (z) # 0} C domH, the inequality in Theorem 3.3 is fulfilled for every y € im(VH™).
Remark 3.5. Note furthermore that so far we have not made any assumptions about the stepsizes
in Theorem 3.3. It is however clear from the statement that in the case where y = z* for an
optimal solution z* and the stepsizes (tx)ren fulfill the classical condition that 220:1 tr, = 400
and > 72 | 12 < 400 it follows that limyey E (ming<p<n—1 Y iy filzg) — S, fi(z*)) = 0.

The optimal stepsize choice, which we provide in the following corollary, is a consequence
of [2, Proposition 4.1], which states that the function

c+(20)7" 12Dz
= 5
bT'z

where ¢ > 0,b € Rle_ = (21,0, 20)T €R?: 2; > 0,4 =1,...,d} and D € R¥? is a symmetric

positive definite matrix, attains its minimum on Ri Lat 2" = 2¢0_D~1p and this provides

bTD-1p
1/ ﬁ as optimal objective value.

Corollary 3.6. In the setting of Problem 3.1, assume that the functions f; are Ly,-Lipschitz
continuous on im(VH*) for i = 1,....,m. Let x* € domH be an optimal solution of (3) and
(xk)k>0 be a sequence generated by Algorithm 3.2 with optimal stepsize

1 dg(z*,20,%0,0) 1
ty = —~ — Vk > 0.
T Lin| (em 12
>im1 Ly (Zi:l 1%) +1 Vk

8



Then for every N > 1 it holds

m m dH(x*,SUO,y0,0) <(Zznl %)2 + ].> 1

Remark 3.7. In the last step of the proof of Theorem 3.3 one could have chosen to use the
following inequality

()= (5o () Spr) = 5 om (G- 00)

Salo th =0 —1

given by the convexity of > 7", fi(-) in order to prove convergence of the function values for the

ﬁ Zf:o t;x; for all k > 0. This would lead for every N > 1 and

ergodic sequence Ty :=

every y € R™ to

2
dH(ya xo, y0,0) % (Zz 1 sz) <<Zznl é) + ]') ]k,‘v 01 tg

N-1
k=0 Uk

E (Z fi@va) =) fi(y)> <
i=1 i=1

and for the optimal stepsize choice from Corollary 3.6 to

m m m dH((L‘*,(L‘Ovy(),O) <<ZZ1 #)2 + 1) 1
(Fro $0) 2(E0) V)
(- 00) < (£ ; 7

and might be beneficial, as it does not require the computation of objective function values,
which are by our implicit assumption of m being large expensive to compute.

4 A stochastic incremental mirror descent algorithm with Breg-
man proximal step

In this section we add another nonsmooth convex function to the objective function of the opti-
mization problem (3) and provide an extension of Algorithm 3.2, which evaluates in particular
the new summand by a proximal type step. However, this asks for supplementary differentia-
bility assumption on the function inducing the mirror map.

Problem 4.1. Consider the optimization problem

min Z fi(zx 9)

zeC

where C C R"™ is a nonempty, conver and closed set, for every i = 1,...,m, the functions
fi : R® — R are proper and convexr and g : R™ — R is a proper, convex and lower semicon-
tinuous function, and H : R™ — R is a proper, o-strongly convex and lower semicontinuous
function such that C = domH, H is continuously differentiable on int(domH), im(VH*) C
int (N ,dom f;) Nint(domH) and int(domH ) N domyg # 0.



For a proper, convex, lower semicontinuous function h : R” — R we define its Bregman-
prozimal operator with respect to the proper, o-strongly convex and lower semicontinuous func-
tion H : R — R as being

proxi : domVH — R", proxi (z) := argmin {h(u) + Dy (u,z)} .
u€R™
Due to the strong convexity of H, the Bregman-proximal operator is well-defined. For H = 1||-||?
it coincides with the classical proximal operator.
We are now in the position to formulate the iterative scheme we would like to propose for
solving (9). In case g = 0, this algorithm gives exactly the incremental version of the iterative
method in [2], actually suggested by the two authors in this paper.

Algorithm 4.2. Consider for some initial value xg € im(VH*) and sequence of positive step-
sizes (tg)k>0 the following iterative scheme:

Yok = Tp
fori=1,...,m

(Vk > 0) Gik = VH (VH (i1 1) = €in = f]($i1k))
end

Thy1 = Prox{! ,(Ym ),

where € is a {0,1} valued random variable for every i =1,...,m and k > 0, such that €;, is
independent from ;_1 j, and P(e;, = 1) = p; for every i =1,...,m and k > 0.

Lemma 4.3. In the setting of Problem 4.1, Algorithm 4.2 is well-defined.

Proof. As im(VH*) C int (N",domf;), it follows for every i = 2,...,m and every k > 0 imme-
diately that 1;_1j € int domf;, thus a subgradient of f; at 1);_1 ; exists.

In what follows we prove that this is the case also for 1)y j, for every k > 0. To this aim it
is enough to show that zj € im(VH*) for every k > 0. For k = 0 this statement is true by the
choice of the initial value. For every k > 0 we have that

0€d(trg+H— (VH(¢mp), ")) (Trs1),
which, according to int(domH) N domg # (), is equivalent to
0 € t,0g(@h+1) + OH (xp11) — VH (thm k).
Thus 441 € domdH = im(VH*) for every k > 0 and this concludes the proof. O

Example 4.4. Consider the case when m =1, €1y, =1 for every k > 0 and H(z) = §|z|? for
x € C, while H(x) = 400 for x ¢ C, where C C R™ is a nonempty, conver and closed set. In
this setting, VH* is equal to the orthogonal projection Po onto the set C. Algorithm 4.2 yields
the following iterative scheme, which basically minimizes the sum f1 + g over the set C:

(Vk = 0) a1 = proxtly(Po(ay — tfi(ax)- (10)
The difficulty in Example 4.4, assuming that it is reasonably possible to project onto the set C,

lies in evaluating prox{ig, for every k > 0, as this itself is a constraint optimization problem

. 1
prox;! ,(z) = arg min {tkg(u) + in — u\z} :
ucC

When C = R", the iterative scheme (10) becomes the proximal subgradient algorithm investigated

in [7].
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Theorem 4.5. In the setting of Problem 4.1, assume that the functions f; are Ly,-Lipschitz
continuous on im(VH*) fori=1,...,m. Let (zx)r>0 be a sequence generated by Algorithm 4.2.
Then for every N > 1 and every y € R™ it holds

(oo (v (£1-9)0):

2o Do) + (2 (S20 )" 30 2m ) (52 0)* S5
20 ZkQO 2 '

Proof. Let y € NI ;dom f; N"domgNdomH be fixed. For y outside this set the conclusion follows
automatically.

As in the first part of the proof of Theorem 3.3, we obtain instead of (8) the following
inequality which holds for every i = 1,...,m and every k£ > 0

E(Du(y, ¥mk)) < E(Du(y, zi)) + t:E (Z HOEDY fz‘(xk)>
=1

i=1
2 1
1, (& 1)’ 1
+ i, ZLfi Z o +1|-E Z 5P Wik, i) |- (11)
i=1 =1 *? =1
As pointed out in the proof of Lemma 4.3, for every k > 0 we have
0 € tx09(wry1) + VH(zpy1) — VH (i),

thus
te(9(y) — 9(@k+1)) =2 (VH Y k) — VH(Tk41), Y — Tt1) -

The three point identity leads to
t(9(y) — 9(xk+1)) = —(Du (Y, Ymi) — Du(y, xrs1) — Da(Tes1, Ymyk))

or, equivalently,

t(9(ry1) — 9(Y)) + Du(y, viq1) < Du (Y, Ymk) — D (Try1, Ymik)

for every k > 0. Since the involved functions are measurable, we can take the expected value on
both sides and obtain for every k > 0

tE((9(zk11) — 9()) + E(Du(y, 2k+1)) < E(Du(Y, Ymk)) — E(Do(Tht1, Y k))- (12)

Combining (11) and (12) gives for every k > 0

m

tE((9(ze41) — 9(y))) + GE (Z fi(zk) Zfz(lﬁ) +EDu(y, zk41)) <

=1

o+ 2 (S0) ((£3)
= =1

1
—E(Du(Trt1, Ymk)) ZQE (Do (Viks Yi-1,k)) -
i=1

N

11



By adding and subtracting E (31" fi(xk+1)) and by using afterwards the Lipschitz continuity
of 1" fi, we get for every k >0

o (E o (1))

(ZLf) (lxke — k1) + E(Du(y, 2K+1)) <

m 2 m %
E (Dy(y, zk)) + étﬁ (Z Lﬁ-) ((Z pl2> + 1)
= i=1 Pi
—E (Dp (41, Ym k) Z =5 (D (iks Yim1,k)) -
i=1

By the triangle inequality we obtain for every k > 0

tiE <<Z fi +9) Th1) (Z fi —|—g> ) +EDu(y, 2k41)) <

=1

E(Di(y, ) + -} (Z Lfl-) ((Z ;) +1> — E(Dr (@xs1, Ym,r)
=1 =11
(ZLf> ||xk_wmkH +tk (ZLfZ> ”wmk karlH Z% DH 1/}2 kﬂ/h lk))
=1 i=1

which, due to Young’s inequality and the strong convexity of H, leads to

tE ((Z fi +g> Th+1) (Z fi +g> > +E(Dn(y, tr41)) <
i=1

)

E (Du (Wi g, Yi-1k)) -

)

m
+E(Dp(zhi1, Ymk) — Y
i=1

DN |

Since

m
< i1k — il
i=1

[k = Ymill =

> (i1 — Vik)
i=1

12



we get for every k > 0 that

tpE ((Z fi +g> Tht1) (Z Ji +g> > +E(Du(y, vp41)) <
=1
E(Dg(y,zx)) + %tﬁ (Z Lﬁ) (Z 12)
=1 i=1 "7
th (ZLﬁ) (ZH% Lk — %k”) Z%E Dy (Vi Yi-1k)) -
=1

=1

+3

S

Young’s inequality and the strong convexity of H imply that for every ¢ = 1,...,m and every
k>0

A

1 “ ?
g
< ;t% (Z Lﬁ) + ZH%—L/@ -

< —tk (ZLf,L) + DH(m,wz 1,k)

k (Z Lﬁ) i1 —
i=1

and thus

1 - g2
E(Dr(y, 2x)) + 51k (ZLJ%-) 2(21)2) +3+2m
i=1 g

i=1
Summing up this inequality from £k =0 to N — 1, for N > 1, we get

m

N-1 m
>tk ((Z fi +g> Tht1) (Z fi +9> ) +E(Dnu(y, 2n)) <
k=0 i=1

1
AL 2 m o 3 N-1
2
E(DH(y,wo))Jr%(;Lfi) 2<Zp2> +3+2m | > #.

i=1 k=0
This shows that

[ (o )w (S

2UDH y,fl’o < = 1 +3+2m> (Z:il sz)2 }]cv:BI ti

QUZk o tk.

and therefore finishes the proof. O

The following result is again a consequence of [2, Proposition 4.1].

13



Corollary 4.6. In the setting Problem 4.1, assume that the functions f; are Ly,-Lipschitz con-
tinuous on im(VH*) fori=1,...,m. Let x* € domH be an optimal solution of (9) and (x)k>0
be a sequence generated by Algorithm 4.2 with optimal stepsize

1 2Dy (x*, x0)
m 2
it Ly (S ) +3+2m

tp =

Sl-

Then for every N > 1 it holds

o o) (£

2
m 2Dy (x*, z0) (2 <Z;’;1 I%) + 3+ 2m) 1
Ly : .
(%) z VN
Remark 4.7. The same considerations as in Remark 3.7 about ergodic convergence are applicable
also for the rates provided in Theorem 4.5 and Corollary 4.6.

Remark 4.8. Note the straightforward dependence of the optimal stepsizes as well as the right
hand side of the convergence statement on the data, i.e. the distance of the initial point to
optimality, the Lipschitz constants Ly, and the probabilities p;. This backs up the intuition that
the decreased gradient evaluation, i.e. smaller p;, does not come for free but at the cost of a
worse constant in the convergence rate.

5 Applications

In the numerical experiments carried out in this section we will compare three versions of the
provided algorithms. First of all, the non-incremental version, which takes full subgradient steps
with respect to the sum of all component functions instead of every single one individually. This
can be viewed as a special case of the algorithms given, when m = 1 and €13, = 1 for all £ > 0.
Secondly, we discuss the non-stochastic incremental version, which uses the subgradient of every
single component function in every iteration and thus corresponds to the case when €;; = 1 for
every i = 1,...,m and every k > 0. Lastly, we apply the algorithms as intended by evaluating the
subgradients of the respective component functions incrementally with a probability different
from 1.

5.1 Tomography

This application can be found in [3] and arises in the reconstruction of images in positron
emission tomography (PET). We consider the following problem

n

m
ggg —Z;yilog Zﬁjfﬂj , (13)
1=

j=1

where A := {ac e R™: Z?:l ;=1 2> 0} and 7;; denotes for i = 1,...,m and j = 1,...,n the
entry of the matrix R € R™*" in the i-th row and j-th column and all of these are assumed

to be strictly positive. Furthermore, y; denotes for ¢ = 1, ..., m the positive number of photons

14
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Figure 1: Results for the optimization problem (13). A plot of %m, where fy =

ming<x<n f(2k), as a function of time, i.e. zy is the last iterate computed before a given point
in time.

NI DI SI
n =104, decrease obj.fun.val. [%)] 0.066 | 0.032 | 0.15
m = 3n # outer loops 10 1 63
p; = 0.003, Vi # subgrad. evaluations 300000 | 6939 | 6216
n =103, decrease in obj.fun.val. [%] | 0.196 | 0.515 | 0.671
m = 6n # outer loops 71 8 1769
p; = 0.0016, V¢ # subgrad. evaluations 426000 | 47435 | 17734

Table 1: Results for the optimization problem (13), where NI denotes the non-incremental, DI
the deterministic incremental and SI the stochastic incremental version of Algorithm 3.2.

measured in the i-th bin. As discussed in Example 2.5 this can be incorporated into our frame-
work with the mirror map H(x) = Y ;" z;log(z;) for x € A and H(z) = +o00, otherwise. As
initial value we use the all ones vector divided by the dimension n.

We also want to point out that a similar example given in [2] in which the minimization
of a convex function over the unit simplex A somehow does not match the assumption made
throughout the paper as the interior of A is empty and the function H can therefore not be
continuously differentiable in a classical sense. However, with the setting of Section 3 we are
able to tackle this problem.

The bad performance, see Figure 1, of the deterministic incremental version of Algorithm 3.2
can be explained by the fact that many more evaluations of the mirror map are needed, which
increases the overall computation time dramatically. The stochastic version, however, performs
rather well, after only evaluating merely roughly a fifth of the total number of component
functions, see Table 1.

5.2 Support Vector Machines

We deal with the classic machine learning problem of binary classification based on the well-
known MNIST dataset, which contains 28 by 28 images of handwritten numbers on a grey-scale
pixel map. For each of the digits the dataset comprises around 6000 training images and roughly

15
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Figure 2: Numerical results for the optimization problem (14) with A = 0.01. The plot shows
ming<x<n f(zx) as a function of time, i.e. xy is the last iterate computed before a given point
in time.

1000 test images. In line with [14], we train a classifier to distinguish the numbers 6 and 7, by
solving the following optimization problem

m
i, D mas(0.L = i)} + Al (14
where, for i = 1,...,m, z; € {0,1,...,255}" denotes the i-th training image and y; € {—1,1}
denotes the label of the i-th training image. The 1-norm serves as a regularization term and
A > 0 balances the two objectives of minimizing the classification error and reducing the 1-
norm of the classifier w. To incorporate this problem into our framework, we set H = |||
which leaves us with the identity as mirror map as this problem is unconstrained. The results
comparing the three versions of Algorithm 4.2 discussed in the beginning of this section are
illustrated in Figure 2. As initial value we simply use the all ones vector. All three versions
show classical first-order behaviour, giving a fast decrease in objective function value first but
then slowing down dramatically. More information about the performance can be seen in Table
2. All three algorithms results in a significant decrease in objective function after being run for
only 4 seconds each. However, from a machine learning point of view, only the misclassification
rate is of actual importance. In both regards, the stochastic incremental version clearly trumps
the other two implementations. It is also interesting to note that it needs only a small fraction
of the number of subgradient evaluations in comparison to the full non-incremental algorithm.

6 Conclusion

In this paper we present two algorithms to solve nonsmooth convex optimization problems
where the objective function is a sum of many functions which are evaluated by their respective
subgradients under the implicit presence of a constraint set which is dealt with by a so-called
mirror map. By allowing for a random selection of each component function to evaluate in each
iteration, the proposed methods become suitable even for very large-scale problems. We prove a

convergence order of O (ﬁ) in expectation for the kth best objective function value, which is

standard for subgradient methods. However, even for the case where all the objective functions
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NI DI SI
decrease in obj.fun.val. [%] | 99.735 | 99.958 | 99.99

\— 001 #outer loops 83 16 370
#subgrad. evaluations 999006 | 179531 | 36962
misclassified|[%)] 1.057 | 0.856 | 0.604
decrease obj.fun.val. [%)] 99.728 | 99.958 | 99.985

\ = 0.001 #iter 75 15 336
#subgrad. eval. 913725 | 179320 | 33777
misclassified|[%)] 1.007 | 0.856 | 0.403

Table 2: Numerical results for the optimization problem (14), where NI denotes the non-
incremental, DI the deterministic incremental and SI the stochastic incremental version of Algo-
rithm 4.2. The computation for different regularization parameters A show similar performances
of the algorithms, but a lower misclassification rate for the lower value.

are differentiable it is not clear if better theoretical estimates can be achieved, due to the need
of using diminishing stepsizes in order to obtain convergence in incremental algorithms. Future
work could comprise the investigation of different stepsizes, such as constant or dynamic stepsizes
as in [9]. Another possible extension of this would be to use different selection procedures such
as random subsets of fixed size. Our framework, however, does not provide the right setting for
such a batch approach as it would leave ¢; ;, and ¢; dependent.
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