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Abstract

We consider risk-averse convex stochastic programs expressed in terms of extended polyhe-
dral risk measures. We derive computable confidence intervals on the optimal value of such
stochastic programs using the Robust Stochastic Approximation and the Stochastic Mirror De-
scent (SMD) algorithms. When the objective functions are uniformly convex, we also propose a
multistep extension of the Stochastic Mirror Descent algorithm and obtain confidence intervals
on both the optimal values and optimal solutions. Numerical simulations show that our confi-
dence intervals are much less conservative and are quicker to compute than previously obtained
confidence intervals for SMD and that the multistep Stochastic Mirror Descent algorithm can
obtain a good approximate solution much quicker than its nonmultistep counterpart.

Keywords: Stochastic Optimization, Risk measures, Multistep Stochastic Mirror Descent, Ro-
bust Stochastic Approximation.
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1 Introduction

Consider the convex stochastic optimization problem

min f(z) :== R [g(x,&)],
{ min 1 (1.1)

where £ € Ly(Q, F,P;R®) is a random vector with support = and with

e g: F xR* — R a Borel function which is convex in x for every ¢ and P-summable in & for
every T;

e X a closed and bounded convex set in a Euclidean space E; and
e R an extended polyhedral risk measure [12].

Given a sample &1, ..., &y from the distribution of &, our goal is to obtain online nonasymptotic
computable confidence intervals for the optimal value of (1.1) using as estimators of the optimal
value variants of the Stochastic Mirror Descent (SMD) algorithm. By computable confidence inter-
val, we mean a confidence interval that does not depend on unknown quantities. For instance, the
confidence intervals from [21] and [13] are obtained using SMD and a variant of SMD but are not



computable since they require the evaluation of the objective function f at the approximate solution
and typically for problems of form (1.1) this evaluation cannot be performed exactly. The terminol-
ogy online, taken from [18], refers to the fact that the confidence intervals are computed in terms of
the sample £V = (&1, ..., £n) used to solve problem (1.1), whereas offline confidence intervals use an
additional sample £V = (Ex41,...,& ~N4x) independent on ¢N. Contrary to asymptotic confidence
intervals that are valid as the sample size tends to infinity, nonasymptotic confidence bounds use
probability inequalities that are valid for all sample sizes, but they can be more conservative for
this reason.

Before deriving a confidence interval on the optimal value of stochastic program (1.1), we need
to define an estimator of this optimal value. A natural estimator is the empirical estimator which
is obtained replacing the risk measure in the objective function by its empirical estimation.! In the
case of risk-neutral convex problems (when R = E is the expectation), asymptotic and consistency
properties of this estimator have been studied extensively. The asymptotic distribution of the
empirical estimator is obtained using the Delta method (see [31], [37]) and the Functional Central
Limit Theorem. This distribution and the consistency of the estimator were derived in [6], [34], [35]
[15], [23], [2], [3], [4]. In [19] the confidence intervals are built using a multiple replication procedure
while a single replication is used in [2]. The paper [5] deals more specifically with the computation of
asymptotic confidence intervals for the optimal value of risk-neutral multistage stochastic programs.
These results were extended to some stochastic programs with integer recourse in [17] and [8].

Less papers have focused on the determination of nonasymptotic confidence intervals on the opti-
mal value of a stochastic convex program. This problem was however studied in [24] for risk-neutral
convex problems using Talagrand inequality ([38], [39]). Similar results, using large-deviation type
results are obtained in [36] and in [16], [17] for integer models. Instead of using the empirical
estimator, the optimal value of (1.1) can be estimated using algorithms for stochastic convex op-
timization such as the Stochastic Approximation (SA) [29], the Robust Stochastic Approximation
(RSA) [26], [27], or the Stochastic Mirror Descent (SMD) algorithm [21]. This approach is used in
[21] and [18] where nonasymptotic confidence intervals on the optimal value of a stochastic convex
program are derived.

The SMD algorithm applied to stochastic programs minimizing the Conditional Value-at-Risk
(CVaR, introduced in [30]) of a cost function was studied in [18]. However, we are not aware of
papers deriving confidence intervals for the optimal values of stochastic risk-averse convex programs
expressed in terms of large classes of risk measures, namely law invariant coherent or extended
polyhedral risk measures (EPRM).

In this context, the contributions of this paper are the following:

(A) the description and convergence analysis of Stochastic Mirror Descent is based on three im-
portant assumptions: (i) convexity of the objective function, (ii) a stochastic oracle provides
stochastic subgradients, and (iii) bounds on some exponential moments are available. We
extend the SMD algorithm to solve risk-averse stochastic programs that minimize an EPRM
of the cost. We provide conditions on these risk measures such that the aforementioned con-
ditions (i), (ii), and (iii) hold and give a formula for stochastic subgradients of the objective
function in this situation. Examples of EPRM satisfying these conditions are the expecta-
tion, the CVaR, some spectral risk measures, the optimized certainty equivalent, the expected
utility with piecewise affine utility function, and any linear combination of these. We also ob-
serve that such stochastic programs can be reformulated as risk-neutral stochastic programs

'Note, however, that in this case a solution method still needs to be specified to solve the corresponding approxi-
mate problem.



with additional variables and constraints, making the SMD for risk-neutral problems directly
applicable to these reformulations.

(B) We provide conditions ensuring that assumptions (i), (ii), and (iii) are satisfied for two-stage
stochastic risk-neutral programs and give again formulas for stochastic subgradients of the
objective function in this case.

(C) We define a new computable nonasymptotic online confidence interval on the optimal value
of a risk-neutral stochastic convex program using SMD. Numerical simulations show that this
confidence interval is much less conservative than the online confidence interval from [18] and
is more quickly computed.

(D) We apply the ideas of the multistep method of dual averaging described in [13] to propose
a multistep Stochastic Mirror Descent algorithm. We also analyse the convergence of this
variant of SMD and provide computable confidence intervals on the optimal value using this
algorithm (contrary to [13] where for the stochastic method of dual averaging the confidence
intervals were not computable). We present the results of numerical simulations showing the
interest of the multistep variant of SMD on two stochastic (uniformly) convex optimization
problems.

(E) We study the convergence of SMD when the objective function is uniformly convex.

More precisely, the outline of the study is as follows. In Section 2, we introduce (in Subsection 2.1)
the assumptions on the class of problems (1.1) considered. In this section we also provide examples
of two important classes of problems satisfying these assumptions: two-stage risk-neutral stochastic
convex programs (Subsection 2.2) and some risk-averse stochastic convex programs expressed in
terms of EPRM (Subsection 2.3). Since problem (1.1) can be expressed, eventually after some refor-
mulation (see Section 2), as a risk-neutral stochastic convex program, we then explain in Sections
3 and 4 how to obtain a nonasymptotic confidence interval for the optimal value of (1.1) in the
case when R = E is the expectation. Various algorithms are considered. In Section 3, we consider
the RSA algorithm (Subsection 3.1) and the SMD algorithm (Subsection 3.2). In each case, on the
basis of an independent sample ({1, ...,&xN) of £, the algorithm produces an approximate optimal
value ¢ for (1.1) and a confidence interval for that optimal value. In the particular case when the
objective function f is uniformly convex, we additionally provide confidence intervals for the opti-
mal solution of (1.1). Applying the techniques discussed in [13] to the SMD algorithm, multistep
versions of the Stochastic Mirror Descent algorithm are proposed and studied in Section 4 in the
case when f is uniformly convex. Confidence intervals for the optimal value of (1.1) obtained using
these multistep algorithms are also given. In Section 5 numerical simulations illustrate our results:
we show that our confidence intervals are less conservative than previously obtained confidence
intervals for SMD and we show the interest of the multistep variant of SMD over its traditional,
nonmultistep, implementation. Finally, in Section 6, we comment on future directions of research.

We use the following notation. For a vector z € R™, 2™ is the vector with i-th component given
by 27 (i) = max(z(i),0). We denote by f’(z) one of the subgradient(s) of convex function f at

xz. For a norm || - || of a Euclidean space E associated to a scalar product (-,-), the norm || - ||«
conjugate to || - || is given by
= max (x,y).
Iyl = max (z.y)

We denote the £, norm of a vector x in R™ by ||z||,. The closed ball of center z and radius
R is denoted by B(zo,R). By Ily, we denote the metric projection operator onto the set Y,



ie., lly(z) = arg min ey ||y — z|l2. For a nonempty set X C R", the polar cone X* is defined
by X* = {z* : (z,2*) < 0, Vo € X}, where (-,-) is the standard scalar product on R™. By
€= (&,...,&), we denote the history of the process (&) up to time t and by F; the sigma-algebra
generated by £!. We will denote the Hessian matrix of f at z by f”(z). Finally, unless stated
otherwise, all relations between random variables are supposed to hold almost surely.

2 Class of problems considered and assumptions

Consider problem (1.1) with R an EPRM:

Definition 2.1. [12] Let (2, F,P) be a probability space and let K(z) = (K1(2),..., Kn,,(2))" for
given functions® Ki,...,Kp,, : R — R. A risk measure R on Ly(, F,P) with p € [2,00) is called
extended polyhedral if there exist matrices Ay, Az, B, Ba1, and vectors a1, az, c1,ca such that for
every random variable Z € Ly(Q2, F,P)

inf c{y1 + Elcg o]
Y1 € Rkla Y2 € Lp(Qafa]P);RkQ)7

R(2) = Ay < a1, Asyr < az as., (2:2)
Ba1y1 + Baoy2 = K(Z) a.s.
In what follows, we make the following assumption on K in (2.2):
(A0’) The function K (z) is affine: K(z) = zko + ky for some vectors ks, ko.
Representation (2.2) can alternatively be written
. T
m={ Gl e &

where the recourse function Q(y, z) is given by

infy, ¢y y2
Qy1,2) =4 Asgp<az (2.4)
B oy2 = zka + ko — B21y1.

In other words, R(Z) is the optimal value of a two-stage stochastic program where Z appears in
the right-hand side of the second-stage problem. It follows that we can re-write (1.1) as

{ ;{12 ciy + E[Q(yl,g(l‘,ﬁ))] (2.5)

Awyr < ar, T € X,
with Q(-,-) given by (2.4). This problem is of the form (1.1) with R the expectation and with

x,g(x,€), and X respectively replaced by Z = (y1,), §(Z,§) = ¢{y1 + Q(yl,g(aﬁ,f)), and X =
{.i = (yl,.%') 1T e X, Alyl < al}.

?The number of components na 2 of K could be denoted by n to alleviate notation. We chose to use, as in [12],
the notation ns 2 where these one-period EPRM are seen as special cases of multiperiod (T-periods) EPRM for which
additional parameters n¢1,n¢2,t = 3,...,T are needed. The same observation applies for the notation used for
matrices B21 and Ba .



For this reason, in Sections 3 and 4, we focus on risk-neutral stochastic problems of the form

min f(z) :=E[g(z,§)],
{ z e X. (20

However, our analysis is based on some assumptions on f, X, and £, to be described in the next
section. When reformulating risk-averse problem (1.1) under the form (2.6), introducing additional
variables and constraints, one has to make some assumptions on the problem structure and on the
EPRM in such a way that this reformulation (2.6) of the problem satisfies our assumptions. This
issue is addressed in Subsection 2.3.

2.1 Assumptions

For problem (2.6), in addition to the assumptions on f and X mentioned in the introduction, we
make the following assumptions:

Assumption 1. All subgradients of the objective function are bounded on X:
there exists 0 < L < +oo such that ||f'(z)|« < L for every z € X.

Note that Assumption 1 holds if f is finite in a neighborhood of X.

Stochastic Oracle. We assume that samples of £ can be generated and the existence of
a stochastic oracle: at t-th call to the oracle, z € X being the query point, the oracle returns
g(x,&) € R and a measurable selection G(x, &) of a stochastic subgradient G(z,&;) € 9y9(z, &),
where &1, &9, ... is an i.i.d sample of £&. We treat g(z,&) as an estimate of f(z) and G(z,§) as an
estimate of a subgradient of f at x.

Assumption 2. Our estimates are unbiased:
Vo€ X : f(x) =Ee[g(x,§)] and f'(z):=E¢[G(x,€)] € Of ().
From now on, we set
0(z,8) = g(x,€) — f(2), Az,8) = G(x,£) — f'(2), (2.7)

so that
Ee [8(2,6)] = 0, E¢ [Ax,€)] = 0.

In the sequel, we assume that the observation errors of our oracle satisfy some assumptions (intro-
duced in [21]) additional to having zero means. Specifically, our minimal assumption is the following:

Assumption 3. For some M, My € (0,00) and for all z € X

(@)  E[@@9)
®) E[lA@ 0]

IN

M2,
(2.8)

IN

M3.

Under our minimal assumption, we will obtain an upper bound on the average error on the op-
timal value of (1.1). To obtain a confidence interval on this optimal value, we will need a stronger



assumption:
Assumption 4. For some M;, My € (0,00) and for all x € X it holds that

() E|exp{o®(@,&)/MP}] < expf1},
() E[exp{lA@ &)I2/M3}] < exp{1}.

IN

(2.9)

A

Note that condition (2.9) is indeed stronger than condition (2.8): if a random variable Y satisfies
E[exp{Y}} < exp{1} then by Jensen inequality, using the concavity of the logarithmic function,
E[Y} = E[ln (exp{Y})] <In (E[exp{Y}D <1

For a given confidence level, a smaller confidence interval can be obtained under an even stronger
assumption:

Assumption 5. For some M;, My € (0,00) and for all x € X it holds that

(a) E|exp{d®(@,&)/MF}] < exp{1},

(2.10)
(b) IA(z,&)||« < My almost surely.

Observe that the validity of (2.10) for all z € X and some M, M implies the validity of (2.9) for
all x € X with the same M, M>.

The computation of the confidence intervals on the optimal value of (1.1) using the SMD
and multistep SMD algorithms presented in Sections 3 and 4 requires the knowledge of constants
L, My, and M, satisfying the assumptions above. For instance, the best (smallest) constants M7, My
satisfying Assumption 4 are M; = sup,cy 7[d(z, )] and My = sup,cx 7[||A(z, -)||«] where 7 is the
Orlicz semi-norm given by

w[h] = inf {M > 0: E{exp{h?®(¢)/M?}} < exp{1}}.
For many problems of form (1.1) with R = E the expectation operator, upper bounds on these best
constants can be computed analytically, see for instance [21], [18], [11].
2.2 Two-stage stochastic convex programs

Consider the case when (1.1) is a two-stage risk-neutral stochastic convex program, i.e., R = E is
the expectation, z is the first-stage decision variable, f(x) = fi(z) + E¢[Q(x, )] where Q(x,¢&) is
the second-stage cost given by

o [ min, e,
A, = { y € S(@,6) = {y: galwsy,€) < 0, Az + By — €} (211)

for some function g, taking values in R™ and some random vector § € L,(Q2, F,P) with p > 2 and
support Z. We make the following assumptions:

(A0) X is a nonempty, compact, and convex set;
(A1) fy is convex, proper, lower semicontinuous, and is finite in a neighborhood of X;

(A2) for every z € X and y € R? the function fa(x,y,-) is measurable and for every £ € =, the
function fo(+,-, &) is differentiable and convex;



(A3) for every € € =, the function ga(-, -, €) is convex and differentiable;

(A4) for every x € X and for every £ € Z the set S(x, &) is compact and there exists y, ¢ € S(x,§)
such that ga(z,yze, &) <O0.

With the notation of Section 1, we have f(x) = E[g(x, )] where g(z,€) = fi(z)+ Q(z,€). Assump-
tions (A1), (A2), and (A3) imply the convexity of f. Assumptions (A2) and (A4) imply that for
every £ € E, the second-stage cost Q(z,€) is finite which implies the finiteness of d(x, &) for every
x € X. Relations (2.8)(a), (2.9)(a), and (2.10)(a) in respectively Assumptions 3, 4, and 5 are thus
satisfied. Assumptions (A2), (A3), and (A4) imply that for every £ € =, the function © — Q(z,§)
is subdifferentiable on X with bounded subgradients at any x € X. For fixed x € X and € € =, let
y(x, &) be an optimal solution of (2.11) and consider the dual problem

sup O (A, 1) (2.12)
AER®, 1 >0

for the dual function
Onc\ ) = mf fo(2,9,6) + A7 (Az + By = &) + p" ga(x, 9, §)-

Let (A(z,§), u(x,€)) be an optimal solution of (2.12) (for problem (2.11), A(z,£) and p(z, &) are
optimal Lagrange multipliers for respectively the equality and inequality constraints). Then for
any ¢ € X and § € =, denoting by I(z,y,§) :=={i € {1,...,m} : g2,i(x,y,&) = 0} the set of active
inequality constraints at y for problem (2.11),

s(,8) = Vafo(w,y(@,6),0) + ATN@, )+ D> (@, Vagailz,y(@,6),€)
i€l(z,y(2,€).£)

belongs to the subdifferential 9,Q(x, ) and is bounded (see [10] for instance for a proof). As a
result, for any = € X, denoting by s1(x) an arbitrary element from 9f;(z), f'(z) := E[G(z,&)] is
a subgradient of f at z for G(z,§) = si(x) + s(x,€) and recalling that (Al) holds, ||G(z,§)]« is
bounded for any z € X and & € =. It follows that Assumption 1 is satisfied as well as Relations
(2.8)(b), (2.9)(b), and (2.10)(b) in respectively Assumptions 3, 4, and 5.

2.3 Risk-averse stochastic convex programs

Consider reformulation (2.5) of problem (1.1). To guarantee the convexity of the objective function
in this problem as well as Assumptions 1-5, we make the following assumptions on R and g:

(A1’) Complete recourse: Y := {y; : A1y1 < a1} is nonempty and bounded and {Bsys : Aays <
QQ} = RnQvQ.

(A2’) The feasible set
D={A= (A, ) € R™2xR™1 : Ay <0, Bjghi +AJAs = 2} (2.13)
of the dual of the second-stage problem (2.4) is nonempty.
(A3’) The set D given by (2.13) is bounded.

(A4’) For the set D given by (2.13), we have that D C {—ky}" xR"21.



(A5’) For every & € Z, the function g(-,§) is convex and lower semicontinuous on X and finite in a
neighborhood of X.

If X is closed, bounded, and convex, (A1l’) implies that X is also closed, bounded and convex.
Moreover, we can show that assumptions (A1’), (A2’), (A3’), (A4’), and (A5’) imply that the
objective function in (2.5) is convex and has bounded subgradients:

Lemma 2.2. Consider the objective function f(Z) = c{11 —l—E[Q(yl,g(w,f))} of (2.5) in variable
T = (y1,x). Assume that (A1°), (A2°), (A3’), (A4’), and (A5’) hold. Then

(i) Q(yl,g(x,g)> is finite for every & and every & € X = {Z=(y,z) :xze X, Aiy1 <ar};

i) for every € € 2, the function & — Qx(%) = Q(y1, g(x,€)) is conver and has bounded subgra-
3
dients on X ;
(iii) f is convex and has bounded subgradients on X.

Proof. Since (A1’) holds, for every y; € Y; and every z € R, the feasible set of problem (2.4) which
defines Q(y, z) is nonempty. Due to (A2’), the feasible set of the dual of this problem is nonempty
too. It follows that both the primal and the dual have the same finite optimal value (this shows
item (i)) and by duality we can express Q(y1, z) as the optimal value of the dual problem:

Q(yl, Z) = max /\I(Zk‘g + /;?2 — Bgylyl) + /\gag (2.14)
(A1,A2)€D

with D given by (2.13). Next, observe that Q(y1,) is monotone:
Yy € Y1, Vz1,20 €R, 21 > 29 = Q(y1,21) > Q(y1, 22). (2.15)
Indeed, if z; > 23, for every (A1, A2) € D, since (A4’) holds, we have A{ ks > 0 and
A (z1ka + kg — Baiy1) + Ay ag > A (2aka + k2 — Baqy1) + AJas

for every y; € Y1. Taking the maximum when (A1, A2) € D in each side of the previous inequality
gives Q(y1,21) > Q(y1,22). Now take § a realization of £ and ¥ = (y1,2), %0 = (y9,z0) € X. Using
the convexity of g(-, &), we have

9(2,€) > g(0,&) + G(20,€)" (2 — 20)

recalling that G(xg,&) is a measurable selection of a stochastic subgradient of g(-,£) at zp. Com-
bining this inequality and (2.15) gives

Qg(i“) = Q(ylag(%é:)) > Q(yl,g(l‘o,é:) + G(z0,)" (z — xo))

for every y; € Y7. Next, we have that Q(y1, 2z) is convex and its subdifferential is given by

—-BJ A
o0 = {( VAN ) ey,

where Dy,  is the set of optimal solutions to the dual problem (2.14). Denoting by (A1 (y1, 2), A2(y1, 2))
an optimal solution to (2.14), we then have

_pBT 0 g(z0,& T
Bg 1 M1(y1, 9(z0,6)) )) (:p— )

09 = Qote§) = tan) + (S h

8



It follows that for every &, Qg() is convex and its subdifferential is given by

- —BJ A
(.0 _ 2,11 . -
9Qglur, ro) = {< A k2G (w0, ) > )€ Dy?’g(“’f’}'

;) is a subset of the bounded set D and since (A5’) holds, all subgradients of Qg()

Since Dyo gz,
are bounded for every £ € E: we have proved (ii). Item (iii) follows from (ii) and the fact that f is
finite in a neighborhood of X. g

It follows from Lemma 2.2-(iii) that Assumption 1 is satisfied. We also have §(Z,&) = Q¢ (%) —
E[Q¢(#)], which is finite for every ¢ and # € X using Lemma 2.2-(i). Tt follows that relations
(2.8)(a), (2.9)(a), and (2.10)(a) in respectively Assumptions 3, 4, and 5 are satisfied. Finally
Lemma 2.2-(ii) shows that relations (2.8)(b), (2.9)(b), and (2.10)(b) in respectively Assumptions
3, 4, and 5 are also satisfied. This shows that we can use the developments of Sections 3.1, and
3.2 to solve problem (1.1) and to obtain a confidence interval on its optimal value when R is an
EPRM and when assumptions (A0’), (A1%), (A2’), (A3’), (A4’), and (A5’) are satisfied.

Risk-averse stochastic programs expressed in terms of EPRMs share many properties with risk-
neutral stochastic programs. Moreover, many popular risk measures can be written as EPRMs
satisfying assumptions (A0’), (A1), (A2’), (A3’), and (A4’). Examples of such risk measures are
the CVaR, some spectral risk measures, the optimized certainty equivalent and the expected utility
with piecewise affine utility function. We refer to Examples 2.16 and 2.17 in [12] for a discussion
on these examples. Conditions ensuring that an EPRM is convex, coherent or consistent with
second order stochastic dominance are given in [12]. Multiperiod versions of these risk measures
are also defined in [12]. In this context, a convenient property of the corresponding risk-averse
program is that we can write dynamic programming equations and solve it, in the case when the
problem is convex, by decomposition using for instance Stochastic Dual Dynamic Programming
(SDDP) [22]; see [12] for more details and examples of multiperiod EPRM. EPRM are an extension
of the polyhedral risk measures introduced in [7] where the reader will find additional examples of
(extended) polyhedral risk measures.

Throughout the paper, we will use two (classes of) problems of form (1.1) for which we will detail
the computation of the parameters necessary to obtain the confidence intervals on their optimal
value given in Sections 3 and 4, in particular parameters L, M, and My introduced in Section 2.1.
These problems are described in the next section.

2.4 Examples

We provide two classes of problems that will be used to illustrate our results.

1. The first class of problems writes

{ min f(z) = E[aofTﬁL‘ + % <(§T:C)2 + )\OHCUH%> } (2.16)

reX:={zxeR":>" x()=a, (i) >bi=1,...,n},
where n > 3, ag,a > 0, b, \g > 0, with b < a/n, and the support = of £ is a part of the unit
box {¢ = [£(1);...;€(n)] € R™ ¢ [|¢]|oe < 1}.2

31f b = a/n then there is only one feasible point given by z; = b, = 1,...,n, while if b > a/n the problem is not
feasible.




Ifa=1and b =0, taking || - || = || - [|1, || - [« = || - [|oo, straightforward computations (see
[11]) show that Assumptions 1-5 are satisfied for this problem with L = |ag| + a1(1 + Ao),
M, = 2|a0’ + 0.5a1, and My = 2|Oé()‘ + aj.

Ifa=1and b=0,taking || - || = |- |2 = || - |, and G(z,&) = o€ + a1 (E€T + Aol)x, we have
for every x € X that

1G(z,8) —E[G(z, 9]l < [aolll€ — El]ll2 + cn[|(667 — E[EET]) |2
< 2faolvn+arv/nll§8T = EEE [l < 2v/n(lao] + an),

< ool [E[E]ll2 + arv/nl[EEET |zl oo 4+ a1 o||z]1
< laolv/n +a1(vn+ o),

and Assumptions 1 and 5 hold with L = |ag|v/n + a1(yv/n + Xo), M1 = 2|ap| + 0.5a4, and
My = 2y/n(|ag| + ).

[BIG (2, O]l

2. The second class of problems amounts to minimizing a linear combination of the expectation
and the CVaR of some random linear function:
min f(z) = aE[{"z] + a1CVaR-({"x)
Srix(i)=1, x>0,

where a1, 0 > 0, 0 < £ < 1, the support Z of £ is a part of the unit box {§ = [£(1);...;&(n)] €
R™ : [|£]|oo < 1}, and

(2.17)

CVaR.(¢"z) = mi% zo+E [e7H ez — z0]T]
To€E
is the Conditional Value-at-Risk of level 0 < € < 1; see [30]. Observing that [{"z| < 1 a.s.,
problem (2.17) is of form (2.6) with X = {z = [#(1);..;2(n);z(n +1)] e R* ! |z(n+1)| <
1, z(1),...,z(n) >0, >."  x(i) = 1} and

9(x, &) = apf " [z(1);..;2(n)] + aq <x(n +1) + %[gT[x(l); wsx(n)] —z(n+ 1)]*) )

We will also consider a perturbed version of this problem given by

min apE[¢ @1.0] + a1 (z(n +1) + E [e7 € a1 — z(n 4+ 1)]F]) + Xol| 10413 (2.18)
—1<z(n+1)<1,>" z(@) =1, z()>0,i=1,...,n, '
for \g > 0 where 1., = [2(1);...;2(n)]. For problem (2.18), taking || - || = | |l2 = || - ||+,

Assumptions 1 and 5 are satisfied (see [11]) with L = \/oz%(l =12 4 n(ap + 2)2 + 2,

My =2(ap + %), and M3 = \/(%)2 +4n (ap + %)2

Problems (2.16) and (2.18) have a penalty term in the objective to make the objective function
strongly convex so that multistep SMD, as described in Section 4, can be applied to these problems.

3 Quality of the solutions using RSA and SMD

We consider the RSA and SMD algorithms to solve problem (2.6).
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3.1 Robust Stochastic Approximation algorithm

In this section, we use the scalar product (z,y) = x"y and the corresponding norm || - || = || - |2

with dual norm | - ||« = || - [|2, meaning that (2.8), (2.9), and (2.10) hold with || - ||« = || - [|2. The
Robust Stochastic Approximation algorithm solves (2.6) as follows:

Algorithm 1: Robust Stochastic Approximation.

Initialization. Take z; in X. Fix the number of iterations N — 1 and positive deterministic

stepsizes v1,...,YN-
Loop. Fort=1,..., N — 1, compute

w1 = Ix(ze — G2, &) (3.19)
Outputs:

N N N

1 1 .
NV = e g v,z and gV = Ty [E ’Yrg(ﬂ”raf‘r)] with I'y = § :%' (3.20)
=1 7=1

T=1

Note that by convexity of X, we have 2V € X and after N — 1 iterations, =V is an approximate

solution of (2.6). The value f(z") is an approximation of the optimal value of (2.6), but it is not
computable since f is not known. Denoting by z, an optimal solution of (2.6), we introduce after
N — 1 iterations the computable approximation?

=L li %9(567,57)] (3.21)
FN T=1

of the optimal value f(x.) of (2.6) obtained using the points generated by the algorithm and
information from the stochastic oracle. Our goal is to obtain exponential bounds on large deviations
of this estimate g%V of f(z.) from f(x,) itself, i.e., a confidence interval on the optimal value
of (2.6) using the information provided by the RSA algorithm along iterations. We need two
technical lemmas. The first one gives an O(1/v/N) upper bound on the first absolute moment of
the estimation error (the average distance of g%V to f(xz)):

Lemma 3.1. Let Assumptions 1, 2, and 3 hold and assume that the number of iterations N —1 of
the RSA algorithm is fized in advance with stepsizes given by

Dx

=~ = ,7=1,...,N, 3.22
V=7 G T VN (3.22)
where
Dy = — . 3.23
X Ifg(( |z — 21| ( )

Let gV be the approzimation of f(x.) given by (3.21). Then

M + Dx+/2(M3 + L2
E HgN —f(fv*)} < (My ). (3.24)
vIN
4Note that the approximation depends on (x1,..., 2N, &1, -, €Ny Y1, .-, YN) SO we could write
gN(xl, cey N, €1y &N, YL, .o, YN) but we choose, for the moment, to suppress this dependence to alleviate

notation

11



Proof. Recalling (3.22), 1?—;7 = + and letting

N

= 3 fan), (3.25)

=1
it is known (see [21], Section 2.2) that under our assumptions

Dx+/2(M3 + L?)
< \/N2 . (3.26)

Since the main steps of the proof of (3.26) will be useful for our further developments, we rewrite
them here. Setting A, = ||z, — 2.||3, we can show (see Section 2.1 in [21] for instance) that

E[f(z") = f(z.)] <E[fY = f(a.)]

N N
> 4 (Glar, &), mr — 2a) < AL+ % > NG &)1 (3.27)

=1 =1

To save notation, let us set
or = 9(957757) - f(xT)7 Ar = A(SUTng)a and G, = G(xTagT) = f/(xT) + Ar. (328)

Inequality (3.27) can be rewritten

N 2 1N N

; Yol f' (), Tr — 24) < TX T 2 ; 772-||G7'H3 + TZZI Vr(Dr, T — T1). (3.29)
Taking into account that by convexity of f we have f(z;) — f(zs) < (f'(2;), 2 — x4), we get
(/@) = f(@2)

T=
(o al

< = =X a 2 GT 2 T A7' * T LT
< o B e 3 s o)

where the first inequality is due to the origin of ¥ and to the convexity of f.
Next, note that under Assumptions 1, 2, and 3,

IN
~
=

4
B
m

2=

(]

3

F@N) = fla)
(3.30)

E[IG 2] = E[If (o) + Acl2] < 2E[I7 @Ol + 118 2] < 2[M5 + 22 (3.31)

Passing to expectations in (3.30), and taking into account that the conditional, £77! := (&1, ..., &, 1)
being fixed, expectation of A, is zero, while , by construction is a deterministic function of &7,
we get

N
D%+ 7E[IG3]

Bl = f@)] < Bl f)] < — 5

1 (D2 N
< —[EX i (m2yr? 2] 32
< FolH 0+ DI (3.32)

12



DxVN
V/2(M2+L2)

Using stepsizes (3.22), we have I'y = . Plugging this value of Iy into (3.32), we obtain

the announced inequality (3.26).
We now show that

M

N _ Nl < 2L .

EH9 ! H =N (3.33)
First, note that
L
N _ ¢N

N N 34

g —f NT§—1 (3.34)

By the same argument as above, the conditional, £7~! being fixed, expectation of d, is 0, whence

s[(35)') = E[] < v

where the concluding inequality is due to (2.8)(a). We conclude that

IEHQN_fNHS% E (i&)Z gjb\/NMf:\]\/%,
=1

which is the announced inequality (3.33). Next, observe that by convexity of f, f¥ > f(2) and
since 2V € X, we have f(2V) > f(x,), i.e., fN — f(zy) > f(zN) — f(x,) > 0, so that (3.26) and
(3.33) imply

)

Elg" = f@)l] < E[lg™ = M+ = f@ol] =E[lgV - ] + B[ - f(@)]

[Ml + Dx/2(M3 + LQ)} \/1N

which achieves the proof of (3.24). O

IN

To proceed, we need the following lemma:

Lemma 3.2. Let &y, ..., &N be random vectors and associated sigma algebras Fr = o (&1, ... ,&7), T =
1,...,N. Letn;,7=1,..., N, be a sequence of real-valued random variables with n, F-measurable.
Let Ej._y [] be the conditional expectation I [-|€7" 1] where &7 = (&, ..., &—1). Assume that

Ejr_y [777] =0, E; [exp{nZ}] < exp{l}. (3.35)
Then, for any © > 0,
N
P (Z n >0 \/N> < exp{—0?/4}. (3.36)
T=1
Proof. See the Appendix. O

We are now in a position to provide a confidence interval for the optimal value of (2.6) using
the RSA algorithm:

Proposition 3.3. Assume that the number of iterations N — 1 of the RSA algorithm is fized in
advance with stepsizes given by (3.22). Let g™V be the approzimation of f(x.) given by (3.21). Then

13



(i) if Assumptions 1, 2, 3, and 4 hold, for any © > 0, we have

P(‘gN—f(x*) > Kl(X)+®K2(X

VN

where the constants K1(X) and Ko(X) are given by

)) < 4exp{l}exp{—0O} (3.37)

Dx (M3 +2L?) nd Kp(X) = Dx M3

a — XD 9Dy My + My,
(M + L?) o(MZ + L2) T

Ki(X) =

with Dx given by (3.23).

(ii) If Assumptions 1, 2, 3, and 5 hold, (3.37) holds with the right-hand side replaced by (3 +
exp{1}) exp{— 4@2}

Proof. To prove (i), we shall first prove that for any © > 0,

P (fN — flzy) > % [Mg +2I2+0 [Mg + 2My\/2(M3 +L2)”>

< 2exp{1} exp{—6},

(3.38)

where fV is given by (3.25). Using Assumption 1, we have ||G,||2 = ||f/(z,)+ A2 < 2(|| £ (z5)||%+
IAL1?) < 2(L% + ||A7]|?). Combined with (3.30), this implies that

1 [p2 & 1 &
N=flx) < = 7X+2772-<L2+HATH3> +—Z')/T<AT,x*—xT>

b = (3.39)
Dx (M2 +2L2) Dx M3 L 2DxMs

V2(Mz + L?)VN \/ 2(M3 + L?)VN N

where
R R
= A2 and B= A,z — ). 3.40

Setting ¢, = [|A,||?/M2 and invoking (2.9)(b), we get E[exp{CT}} < exp{1} for all 7 < N, whence,

due to the convexity of the exponent,

LN N
E[exp{A}] =E[exp{+ > ¢} < Z [exp{¢}] < expf1)
T=1 =
as well. As a result,
VO >0: IP’(.A > @) < exp{—@}E[eXp {A}} < exp{l — O}. (3.41)

Now let us set 7, = 2DXM2 (A, xs—x7), so that B = Zivzl 1-. Denoting by E|;_; the conditional,
£7~! being fixed, expectation, we have

E\T_l[m} =0 and E,_, [exp{nz}] < exp{l},

14



where the first relation is due to E|,_, [AT} = 0 combined with the fact that x.—x, is a deterministic

function of ¢!, and the second relation is due to (2.9)(b) combined with the fact that ||z, — x| <
2Dx. Using Lemma 3.2, we obtain for any © > 0

IP’(B >0 \/N> < exp{—62/4}. (3.42)

Combining (3.39), (3.41), and (3.42), we obtain for every © > 0

N _ Dx(M22 -+ 2L2) © DxM22
S Ry s I Vi e o (343

< exp{l — O} +exp{—0?/4} < 2exp{1} exp{-0},

which is (3.38).
Next,

TN
M 1)

N _ ¢N _ 1 _ 7

g —f A ;ZIXT] 0 Xr =

Observing that x, is a deterministic function of £&™ and that

E._ |:X‘r:| =0 and E,_ _exp{xz}] <exp{l}, 1 <7 <N

(we have used (2.9)(a)), we can use once again Lemma 3.2 to obtain for all © > 0:
M,
P(g" — N>@><ex —0?/4
<g f Ty ) = eel-07/4)

and
P <gN - V< —@3%) < exp{—0?%/4}.

Thus,

M
VO>0:P (‘gN — fN‘ > @\&) < 2exp{—0?/4},

which, combined with (3.38) implies (3.37), i.e., item (i) of the lemma.
Finally, under Assumption 5, we have IP’(A > 1) = 0, which combines with (3.41) to imply that

VO > 0 : IP(A > @) < exp{l — 02},

meaning that the right-hand side in (3.38) can be replaced with exp{1 — ©2} +exp{—062/4}, which

proves item (ii). O
Setting
OM; Ky (X) + O(K3(X) — M)
O,N) = and b(©, X, N) = , 3.44
a(©.) = 2L and 4O, X.N) v~ (3.44)
we now combine the upper bound on f(z.)
1N
Upl((—)la N) = N Zg(wta‘gt) + CL(@la N) - gN + a(@b N)a (345)
t=1

15



from [18] with the lower bound
LOWl(@Q,@g,N) :gN*b(QQ,X,N)*CL(@g,N), (346)
from Proposition 3.3 to obtain a new confidence interval on the optimal value f(z,):

Corollary 3.4. Let Up; and Low; be the upper and lower bounds given by respectively (3.45) and
(3.46). Then if Assumptions 1, 2, 3, and 5 hold, for any ©1,02,03 > 0, we have

P ( fla) € [Lowl(@g,@g,N),Upl(@l,N)D >1 e Ol _1-6F _ —O8/4_ —8i/4 (347)

If Assumptions 1, 2, 3, and 4 hold, then (3.47) holds with the term el=©3 replaced by e'=©2.

Proof. Let Assumptions 1, 2, 3, and 5 hold. Since f(x;) > f(z«) almost surely, using Lemma 3.2
we get,

P<Upl<@1’N) < f(a:*)> = P(% i [g(xuft) - f(xt)} < _@\1/]\]%[1> < e O/,
=1

Next, using the proof of Proposition 3.3, we can define sets S1, So C  such that under Assumptions
1,2, 3, and 5 we have P(S;) > 1 — 1792 — ¢=©3/4 (resp. P(Sy) > 1 — ¢ ©95/4) and on S; (resp. on
So) we have fV —b(0q, X, N) < f(x.) (resp. g~ — f¥ < a(O3,N)). Now observe that on S N Sy
we have f(x,) > Low;(O2,©3, N) which implies that

P(f(zs) > Low; (2,03, N)) > P(S; N Ss) > 1 — 1703 — ¢=©3/4 _ ~05/4
and (3.47) follows. O

Remark 3.5. Let Assumptions 1, 2, 3, and 5 hold. To equilibrate the risks, for the confidence
interval {Lowl(eg,(93,N),Up1(@1,N)} on f(xx) to have confidence level at least 0 < 1 —a < 1,
we can take ©1 such that e=®1/4 = a/2, i.e., ©1 = 2¢/In(2/a), O3 such that e=©3/4 = /4, i.e.,
O3 = 2¢/In(4/a), and compute by dichotomy Oy such that e~©2 + ¢=©3/4 = T

Remark 3.6. If an additional sample SN - (51,...,5~) independent on §N — (E1,...,6N) is
% 7{\;1 g(xN,gt)—i-a(@l,N) with =V given

available, we can use the upper bound Up,y(©1, N, N) =
by (3.20), see [18].

3.2 Stochastic Mirror Descent algorithm

The algorithm to be described, introduced in [21], is given by a proximal setup, that is, by a norm
| - || on E and a distance-generating function w(x) : X — R. This function should

e be convex and continuous on X,
e admit on X° = {z € X : dw(z) # 0} a selection w'(x) of subgradients, and

e be compatible with |- ||, meaning that w(-) is strongly convex, modulus p(w) > 0, with respect
to the norm | - ||:

(W'(@) —w' () (& —y) > pw)llz —yl* Yo,y € X°.
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The proximal setup induces the following entities:
1. the w-center of X given by z,, = argmin . y w(x) € X°;
2. the Bregman distance or prox-function

p(w)
2

Va(y) = w(y) —w(@) = (y — 2) "w'(z) = lz = ylI?, (3.48)

for z € X°, y € X (the concluding inequality is due to the strong convexity of w);

3. the w-radius of X defined as

D, x = \/2[1;115§w($) - :IEIél)I(lw(x)} (3.49)

Since (z — x,,) W' (z,) > 0 for all z € X, we have

Ve e X : %“J)Hx —z,l? < Vo, (2) = w(@) —wzy,) — (2 — 2,) ' (2,)

>0 (3.50)

< w(r) —w(zw) < 5D,

and D

Vo e Xt ||o—ay < 22X (3.51)

p(w)

4. The proximal mapping, defined by

Prox,(¢) = argmin ey {w(y) +y" (( —w'(2))} [z € X°, (€ E], (3.52)

takes its values in X°.

Taking 1 = Prox;((), the optimality conditions for the optimization problem minye x {w(y)+
y' (¢ — w'(z))} in which x4 is the optimal solution read

Yy € X :(y—ay) (Wlag) +(—u(2) >0.

Rearranging the terms, simple arithmetics show that this condition can be written equiva-
lently as
2y = Prox,(¢) = (" (wy —y) < Valy) = Vo, (y) — Va(zy) Vy € X. (3.53)

Algorithm 2: Stochastic Mirror Descent.

Initialization. Take x1 = x,,. Fix the number of iterations N — 1 and positive deterministic
stepsizes v1,...,YN-

Loop. Fort=1,...,N — 1, compute

Ti4+1 — PI'Oth (’}/tG(ZEt, ft)) (354)
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Outputs:

N N N
1 1 .
N = v E vrxr and gV = e [E ’yTg(xT,fT)] with Ty = g Yr. (3.55)
T=1 T=1

=1

The choice of w depends on the feasibility set X. For the feasibility sets of problems (2.16) and
(2.17), several distance-generating functions are of interest.

Example 3.7 (Distance-generating function for (2.16) and (2.17)). For w(z) = wi(z) = 3|23

and || -l =1 -ll2= I+ Proxz(¢) = llx(x — ¢) and the Stochastic Mirror Descent algorithm is
the RSA algorithm given by the recurrence (3.19).

Example 3.8 (Distance-generating function for problem (2.16) with a = 1 and b = 0). Let w be

the entropy function
n

w(x) = wa(x) = > (i) In(x(i)) (3.56)

i=1
used in [21] with ||-|| = ||-|l1 and || ||« = || - ||cc- In this case, it is shown in [21] that x1 = Prox;(C)
s given by
N z(i)e=<0) .
xy (i) = ST :c(k)e—C(k)’Z =1,...,n,
and that we can take D,, x = \/2In(n), p(w2) = 1, and 21 = zw, = +(1,1,...,1)". To avoid

numerical instability in the computation of z+ = Prox,((), we compute instead z4 = In(xy) from
z = In(z) using the alternative representation

zy =w—In (Z ew(i)> 1 where w = z — ( — max[z(i) — ((4)].
i=1

Example 3.9 (Distance-generating function for problem (2.16) with 0 < b < a/n.). Let ||-|| = || |1,
|1« = llco, and as in [11], [14, Section 5.7], consider the distance-generating function
1 n
w(z) =ws(x) = — ()P withp=1+1/In(n) and y = —————. 3.57
()=o) = 3 e /In(n) o

For every x € X, since p — ||z|p is nonincreasing and p > 1, we get ||z||, < ||z|i = a and

max,ex ws(x) < g—p. Next, using Holder’s inequality, for x € X we have a =3 ;" (i) < nl/quHp

-
> a7 and that Dy, x < \/%m — - 1/m)),

where %4—% = 1. We deduce that min,ex w3 ()

We also observe that Dx < v/2(a —nb) and that /f(Zg) = ‘;j;%@,? : for z,y € X we have
(wy(@) — wi(y)) " (z —y) = i > W) — 2(@)(e(y(D) — p(x(i)) = ’17 > e y(i) — =(0))?
i=1 =1

for some 0 < ¢; < a where p(x) = 2P~ Since ¢'(c;) > ¢'(a) = (p — 1)aP~2, we obtain that
(wh(z) — Wi () (. — y) > plws)lly — x||? with p(ws) = %. In this context, each iteration of
the SMD algorithm can be performed efficiently using Newton’s method: setting x4 = Prox,(¢) and

z = ( —wi(z), x4 is the solution of the optimization problem minyex Y iy (1/py)y(i)? + z(i)y(4).

—
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Hence, there are Lagrange multiplers u > 0 and v such that u(i)(b — x4 (i)) = 0, (1/y)z+(3)P~ +
2(1) —v—p() =0 fori =1,....,n, and Y ;" 24 (i) = a. If x4(i) > b then p(i) = 0 and
1
v—2(i) = (/y)a (@71 > W1y, de, 20(i) = max((y(v — 2(1)))77,0). If 24.(i) = b then
w(i) > 0 can be written (1/y)x,(i)P~! = %bp_l > v — 2(i). It follows that in all cases x4 (i) =
max((y(v — z(z)))ril,b) Plugging this relation into Y | x4 (1) = a, computing x4 amounts to
1

finding a root of the function f(v) = > max((y(v — 2(2)))?=1,b) — a.

In what follows, we provide confidence intervals for the optimal value of (2.6) on the basis of the

points generated by the SMD algorithm, thus extending Proposition 3.3. We first need a technical
lemma:

Lemma 3.10. Let eq,...,en be a sequence of vectors from E, v1,...,yn be nonnegative reals, and
let uy,...,uny € X be given by the recurrence

Uy = Ty
Ur+1 = Proxy (yrer), 1 <7< N -1
Then
Ve XY wrel () < SRt g > el (3.58)
=1 ,u(w) T=1
Proof. See the Appendix. O

Applying Lemma 3.10 to e; = G(x;,&;) and in relation (3.58) specifying y as a minimizer z,
of f over X, we get:

G (27, &r i Tr— Ts) < -D? + o 72— G(xr, &r i
> el o) e =) < gD + gy RG]

Using notation (3.28) of the previous section, the above inequality can be rewritten

N D2 x 1 N N
D eler =)o) < TE 4 s ST AGA Y A (). (359
T=1 T=1 T=1

We mentioned that when w(z) = 3||z||3, the SMD algorithm is the RSA algorithm of the previous
section. In that case, p(w) =1, |- || =1 -2, || - I« = || - [|2, and (3.59) is obtained from inequality
(3.29) of the previous section for the RSA algorithm substituting Dx by D, x (note that when
choosing z1 = x,, for the RSA algorithm, we have Dx < D, x so for the RSA algorithm (3.29)
gives a tighter upper bound). We can now extend the results of Lemma 3.1 and Proposition 3.3 to
the SMD algorithm:

Lemma 3.11. Let Assumptions 1, 2, and 3 hold and assume that the number of iterations N — 1
of the SMD algorithm is fived in advance with stepsizes given by

o . Dw,X V M(w) =
’YT—V_\/W\/N’ =1,...,N. (3.60)
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N
1

. . . N _

Consider the approximation g = i Z 9(xr,&:) of f(xx). Then
D,

My + ==X\ [2(M2 + L2)

} < Vi (w) _
o vN

Proof. Tt suffices to follow the proof of Lemma 3.1, starting from inequality (3.29) which needs to
be replaced by (3.59) for the Mirror Descent algorithm. O

E HgN — f(z.)

(3.61)

Proposition 3.12. Assume that the number of iterations N — 1 of the SMD]\?lgorithm is fized in
advance with stepsizes given by (3.60). Consider the approzimation g~ = %Zg(xﬁ&) of f(x).
Then, -

(i) if Assumptions 1, 2, 3, and 4 hold, for any © > 0, we have

(- o] o1 O
where the constants K1(X) and Ko(X) are given by
Dy, x (M3 + 2L?)
V20 + L))

)> < 4dexp{l}exp{—06} (3.62)

Dw7XM22 2D, x Mo
V2(M3 + L) p(w) p(w)
(i1) If Assumptions 1, 2, 3, and 5 hold, then (3.62) holds with the right-hand side replaced by

(3 4 exp{1}) exp{—107?}.

Proof. Tt suffices to follow the proof of Proposition 3.3, knowing that inequality (3.29) needs to
be replaced by (3.59) for the Mirror Descent algorithm. In particular, recalling that (3.51) holds,
inequality (3.39) becomes

Kl(X) = and KQ(X) = + M. (363)

Dux(My +2L%) Dy, x M | 2Dux My
V2(ME + LD)uw)N  /2(M3 + L?)u(w) N p(w)N

fN—f(fU*) <

now with

N
1 \/ b
_NMZ?X_;‘AT’i and B= Y"1 Z )

2D, XMg

Similarly to Corollary 3.4, we have the following corollary of Proposition 3.12:

Corollary 3.13. Let Up; and Low; be the upper and lower bounds given by respectively (3.45) and
(3.46) now with K1(X) and K2(X) given by (3.63) and gV given by (3.55). Then if Assumptions
1, 2, 8, and 5 hold, for any ©1,02,03 > 0, we have

P (f(x*) € |:LOW1(@2, ©3,N),Up, (01, N)]) >1— e OU/4 _ 1705 _ =03/ _ —O5/4 (3.64)
and parameters ©1,04, O3 can be chosen as in Remark 3.5 for {Lowl(@g,@3,N),Up1(@1,N)} to
be a confidence interval with confidence level of at least 1 — «. If Assumptions 1, 2, 3, and 4 hold,
then (3.64) holds with the term ¢'=©2 replaced by e'=©2.
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In the case when f is uniformly convex with convexity parameters p and p(f), (2.6) has a unique
optimal solution z, and we can additionally bound from above E[||z" —x,||?] by an O(1/v/N) upper
bound. We recall that f is uniformly convex on X with convexity parameters p > 2 and u(f) > 0
if for all t € [0,1] and for all z,y € X,

it + (1 1y) < 15 + (- 0w~ T —ne w a - —ule. @09)

A uniformly convex function with p = 2 is called strongly convex. If a uniformly convex function
f is subdifferentiable at x, then

Wy € X, 1) 2 f@) + (- 2) )+ Py g
and if f is subdifferentiable at two points =,y € X, then
(v —2)"(f'(y) — () = u(f)lly — =||”.

Note that if g(-, ) is uniformly convex for every £ then f(x) =E [g(x, 5)} is uniformly convex with
the same convexity parameters.

Example 3.14. For problem (2.16), setting V = E[¢€T] and taking || - || = || - |1, if Ao > 0, the

aq (>\min (V)+)\O)

objective function f is uniformly convex with convezity parameters p =2 and u(f) = -

where Amin (V') is the smallest eigenvalue of V' :

FW) - @) w-2) = ar(y—2) (V+ D)y — =)
> Amin(V) + o)y — |3 > @lmnlVITA0) g2,

n

Example 3.15. For problem (2.17), taking || - || = || - |l2, if Ao > O the objective function f is
uniformly convex with convezity parameters p =2 and u(f) = 2.

Example 3.16 (Two-stage stochastic programs). For the two-stage stochastic convexr program
defined in Section 2.2, if fi is uniformly convex on X and if for every & € Z the function fa(-,-,§)
1s uniformly convex, then f is uniformly convexr on X. For conditions ensuring strong convexity in
some two-stage stochastic programs with complete recourse, we refer to [32] and [33].

Lemma 3.17. Let Assumptions 1, 2, and 8 hold and assume that the number of iterations N — 1 of
the SMD algorithm is fixed in advance with stepsizes given by (3.60). Consider the approximation

N
1
gV = N Zg(mT,gT) of f(zx) and assume that f is uniformly convex. Then (3.61) holds and
=1
D 2(M3 + L?
E o —a. ] < 2exv20B 217 (3.66)
p(HV/mw)VN
Proof. For every 7 =1,..., N, since x, € X, the first order optimality conditions give

(7 — 2:) " f(2s) 2 0.
Using this inequality and the fact that f is uniformly convex yields

p(h)ller — 2l < (27 — ) " (f'(2r) = f1(24)) < (27 — 2) " f (7). (3.67)
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Next, note that since p > 2, the function ||z||” from E to Ry is convex as a composition of the
convex monotone function z” from R4 to Ri and of the convex function ||z| from E to Ry. It

follows that
T
DR <Z ~lzr = @
=1

N
e Z z,)" f'(x;) using (3.67).
T=1

o — .l =

(3.68)

Finally, we prove (3.66) using the above inequality and (3.59), and following the proof of Lemma
3.1. O

4 Multistep Stochastic Mirror Descent

The analysis of the SMD algorithm of the previous section was done taking x; = x,, as a starting
point. In the case when f is uniformly convex, Algorithm 3 below is a multistep version of the
Stochastic Mirror Descent algorithm starting from an arbitrary point y; = 21 € X. A similar
multistep algorithm was presented in [13] for the method of dual averaging. The proofs of this
section are adaptations of the proofs of [13] to our setting. However, in [13] the confidence intervals
defined using the stochastic method of dual averaging were not computable whereas the confidence
intervals to be given in this section for the multistep SMD are computable.

We assume in this section that f is uniformly convex, i.e., satisfies (3.65). For multistep Algo-
rithm 3, at step ¢, Algorithm 2 is run for N; — 1 iterations starting from y; instead of z,, with steps
that are constant along these iterations but that are decreasing with the algorithm step ¢. The
output y+1 of step t is the initial point for the next run of Algorithm 2, at step t + 1. To describe
Algorithm 3, it is convenient to introduce

(1) 2™ (x,7): the approximate solution of (2.6) computed as in (3.55) where the points z1, ..., zy
are generated by Algorithm 2 run for N — 1 iterations with constant step + and using x1 = z
instead of 1 = x,, as a starting point.;

(2) g™V(x,7): the approximation of the optimal value of (2.6) computed as in (3.55) where the
points x1,...,zy are generated by Algorithm 2 run for IV — 1 iterations with constant step
~ and using x1 = z instead of 1 = x,, as a starting point.

In Proposition 4.3, we provide an upper bound for the mean error on the optimal value that is
divided by two at each step. We will assume that the prox-function is quadratically growing:

Assumption 6. There exists 0 < M (w) < 400 such that
1
Va(y) < §M(w)|]w —y||? for all z,y € X. (4.69)

Assumption 6 holds if w is twice continuously differentiable on X and in this case M(w) can be
related to a uniform upper bound on the norm of the Hessian matrix of w.

Example 4.1. When w(z) = wi(z) = ||z(3, we get Vi(y) = 3|z — y||* and Assumption 6 holds
with M (w) =1 (this is the setting of RSA).

Assumption 6 also holds for distance-generating functions wy and ws provided X does not
contain 0:
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Example 4.2. For X := {z € R" : > 2(i) = a, z(i) > =1,...,n}, with 0 < b < a/n,
) L o) = LS o it oA 1) oy — e U
|1« = Il - oo, Assumption 6 is satisfied with M(w3) = %' indeed, since ws s twice
continuously differentiable on X with wj(z) = Tldzag( z(1)P~2, ... x(n)P~2), for every z,y € X,

there exists some 0 < 0 < 1 such that

Va(y) = ws(y) — ws(@) —ws(@) " (y — 2) = 5y — 2) Twf(z + 0y — ))(y — ),

which implies that

Pyl = Syl < 2oyl < Vatt) < Lomllv—slf < 2o s,
where for the last inequality, we have used the fact that ||y — z||3 < |ly — x|3.
Algorithm 3: multistep Stochastic Mirror Descent.
Initialization. Take y; = 1 € X. Fix the number of steps m.
Loop. Fort=1,...,m,
1) Compute
N1y 3+ 12 L v M (w) (wr0)

2(p—1
pA( () DY
where [z] is the smallest integer greater than or equal to x.

Dx [ M@puw)

2) Compute 7! = —— )
2% VAN | 2L + M3)

3) Run Algorithm 2 (Stochastic Mirror Descent) for N; — 1 iterations, starting from y; instead

of z,,, to compute y;11 = 2™Vt (ys,7") obtained using iterations (3.54) with constant step 7' at
each iteration.

Outputs: Y11 = Nm (Ym,y™) and gNm (Ym,Y™).

If for Algorithm 2 (SMD algorithm), the initialization phase consists in taking an arbitrary
point x1 in X instead of x,, analogues of Lemmas 3.11, 3.17, and of Proposition 3.12 can be
obtained using Assumption 6 and replacing (3.59) by the relation (see the proof of Lemma 3.10 for
a justification):

N

S weler — ) ) < My a2 *Z 220G, ||2+Z (s — )T A, (471)

=1

which will be used in the sequel.
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Proposition 4.3. Let y,,4+1 be the solution generated by Algorithm & after m steps. Assume that
f is uniformly convexr and that Assumptions 1, 2, 3, and 6 hold. Then

s — ] € 225 B[ flum) — F)|] < ) 5. (472
E[’QNm(ym,vm) - f(x*)} < u(f)l;,% + \/]% (4.73)

Proof. We prove by induction that E[Hyk - JI*H} < Dy = ﬂlgﬁ and E[Hyk - IL‘*Hp} < Dy, for
k=1,...,m+1. For k =1, the inequality holds. Assume that it holds for some k& < m + 1. Using
(4.71) and following the proof of Lemmas 3.11 and 3.17, we obtain

2 w
E[IImN’“(yk,v’“)—x*H”} < u(fl))\l;ﬁk 2(L2+M%))M( ), (4.74)
E[ £ (e y") = f@)| = E|f@ern) = f@)]
Dy |2(L2 + MZ)M (w) (73)

vV Ni p(w)
For (4.74), we have used the fact that

2/

E[llgn - 2-1%) = E[ Ol — 2197 ] < (E[Jgn — 2.?] )" < DR,

which holds using the induction hypothesis and Jensen inequality. Plugging

2(k=1)(p—1)

N> g o (L4 M3)M(w)  8(L* + M3)M(w)
k Z _ = —_
22()uleo) DX $2(f)p(w) DR
into (4.74) gives
Dyt
E[llgess = 2] = B[z (g, ") - 7] < DeZE— = D,

Since for p > 2, the function z!/? is concave, using Jensen inequality we conclude that E[Hka —

| =

u(f)Dy, . Finally, we prove (4.73) using (4.72) and following the end of the proof of Lemma 3.1.
O

$*H] < D41 which achieves the induction. Next, using (4.75), we obtain ]EHf(ka) — f(zs)

Corollary 4.4. Let y,, 11 be the solution generated by Algorithm 3 after m steps. Assume that f is
uniformly conver and that Assumptions 1, 2, 8, and 6 hold. Then for any © > 0, IP’(HymH —Zi||P >

2-%@) < %2—%

If at most N calls to the oracle are allowed, Algorithm 3 becomes Algorithm 4.

Algorithm 4: multistep Stochastic Mirror Descent with no more than N calls to
the oracle.
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Initialization. Take y; = 1 € X, set Steps = 1, Nbca11 = N1 — 1 and fix the maximal number
of calls N to the oracle.

LOOp. While Nbcai1 < N,

D M
1) Compute StePs = X QIIC) with Nggeps given by (4.70).

Stepps—l Nstepis 2(L2 + M22)

2) Run Algorithm 2 (Stochastic Mirror Descent) for Ngteps — 1 iterations with Ngteps given by
(4.70), starting from yseeps instead of z,, to compute yYsteps1 = aNsteps (Ysteps: 7 P%) ob-
tained using iterations (3.54) with constant step y5*P* at each iteration.

3) Steps < Steps + 1, Nbca11 < Nbca11 + Nsteps — 1.
End while

Steps < Steps — 1.

. — N St N, St
Outputs. ysteps+1 — q!Vsteps (ySteps;y ePS) and g Steps (ystep57’y eps)_

Proposition 4.5. Let ystepst1 be the solution generated by Algorithm 4. Assume that f is uni-
formly convex and that N 1is sufficiently large, namely that

2(2% +1) (28 —1)
N>14——F In(l4+—F—FN 4.
> 14+ G2 n< +A(f,w) ) (4.76)
where A(f,w) = WL% and where 1 < 8 = 22=% < 2. If Assumptions 1, 2, 3, and 6 hold
w2 (f)(w) D P
then
2P A(f, w) e
E eps — Lx P < Dp - )
[”yStP+1 | :| = X[(25—1)(N—1)+2A(f,w)} (477
E[|f (ssepss1) = flw)|] < (f)Df 271A(f, ) v |
ySteps+1 * = I'L X (2ﬂ _ ]_)(N _ 1) + 2A(f7LL)) )
and EHQNS“PS (Ysteps, 7°P2) — f(z4) } is bounded from above by
(f)D" [ 2PHLA(f,w) r/ﬁ n M
PIP@ =N =1+ 24(F0)] 7/ Noveps’
Proof. In the proof of Proposition 4.3, we have shown that
D% D~
E ”ySteps—l—l - «T*Hp] < QStii)s and EHf(ySteps-l-l) - f($*) } < M(f) 2St§>s . (478)
Denoting for short A(f,w) by A, we will show that
1 26+1 4 /B (479
9Steps = | (26 —1)(N — 1) + 24| ‘
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which, plugged into (4.78), will prove the proposition. Let us check that (4.79) indeed holds. By
definition of N; and of the number of steps of Algorithm 4, we have

Qﬁ(Steps-‘rl) -1 Steps+1 18 Steps+1
t=1 t=1
which can be written
2,BSteps 1 A
and
Steps Steps ( 8 26Steps 1
t—1 _
N2> (N-1)= ) 2 A="s (4.81)
t=1 t=1
From (4.81), we obtain an upper bound on the number of steps:
(2°-1)
. <1n<1+ IN) .
°ps = 51n2 ’
Combining (4.80), (4.81), and (4.82) gives
Steps
—A 1 A Steps
—t+ = (N -1 < Ny —1
2ﬂ—1+2ﬂ< +2ﬂ—1>— 268 +;(t )
Steps
Steps B 1 2B Steps _ |
< 1+20-184) < 1+ =)+
<58 +t§;(+ )_Steps(+25)+ 55 1
In (1 + (QBT_I)N) 1 2,6’Steps -1
< il S 4.83
= Bma Ui T i g (4.83)
Plugging (4.76) into (4.83) and rearranging the terms gives (4.79). O
Proposition 4.5 gives an O(1/N*/2(°=1)) upper bound for EHf(yStepsH) — f(zy) }, which is

tighter, since % =p/2(p—1)> %, than the upper bounds obtained in the previous sections in the
convex case. When p = 2, we obtain the rate O(1/N) which is the best known convergence rate for
stochastic methods for minimizing strongly convex functions; see [9], [20], [28]. Finally, we provide
a confidence interval for the optimal value of (2.6), obtained using the following multistep modified
version of Algorithm 3 (a confidence interval can also be obtained for the optimal value of (2.6)
using a similar modified version of Algorithm 4):

Algorithm 3’: variant of Algorithm 3.

Algorithm 3 with the following modification: for each step ¢, when Algorithm 2 is run for N, —1
iterations, the proximal mapping used in (3.54) is now defined by replacing in (3.52) the set X by
X N By, 53255)-

Proposition 4.6. Let y,,+1 be the solution generated by Algorithm 3°. Assume that f is uniformly
convez, fix © > 0, and assume that Ny is sufficiently large for k =1,...,m, namely that

Ny, > 2{ H(k;l)} <K1 (X) + (91(2()())2 (4.84)
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with

_ M (w) 2124 M2
Ki(X) = 2u(w)(L2+M3) <u(f)Dp_21> and
o 2 M(w)
Ko(X) = (M3 grisam + 2M2) gz

Then if Assumptions 1, 2, 3, 4, and 6 hold, we have
(‘g (Y ™) — f(22)] > #(J;Lf?& +@\/J‘]{+m> < 2mexp{l — O} + 2exp{—10?}.

Proof. Let us fix ©® > 0. Denoting by z,,7 = 1,..., N, the last IV, points generated by the
algorithm and setting fNm = N—lm S ¥m f(2,), following the proof of Proposition 3.3, we have

=1
P(‘gNm(ym,’ym) - me’ > G)\/MT%“) < 2exp{—10?}. We now show that

P(‘me — f(z)| > %) < 2mexp{l — O}, (4.85)
which will achieve the proof of the proposition. The proof is by induction on the number of
steps of the algorithm. The induction hypothesis is that for some step k € {1,...,m} and for all
¢=1,...,k, there is a set Sy of probability 1 if £ =1 and at least 1 — 2exp{l — ©} otherwise such
that on NY_, Sy, we have |y, — 2.| < Dy = 2(,371’()/[). For k = 1, the result holds. Assume now
the induction hypothesis for some k£ € {1,...,m}. We intend to show that (4.85) holds with m
substituted by k and that there is a set Sy of probability at least 1 — 2exp{1 — O} such that on
on ﬁkHSg, we have ||yxr1 — 24| < Diy1 = 2,5;. Denoting now by z,,7 = 1,..., N, the points
generated at the k-th step of the algorithm, using (4.71) and the fact that |G, ||? < 2(L%+ || A.]]?),
we have for f¢ — f(z,) the upper bound

1 [Mw) 1 & il
lye — zll? + ——= D (VP +1AD + D v AT (e — 2r)
Niy* p(w) Zl Tzl (4.86)
< U, = M(w)D?  L*F  ~yFM2 A+ 2D}, Mo B,
- NP p(w)  p(w) Ny

on ﬂlzzl Sy where

N
1 1 .
A = N2 E |A,]|? and By, = 5D E Al (g — zr).

Observe that on N&_, Sy, we have |z, — yx|| < Dy, and by definition of z,, we have |lyx — 2| < Dy
for = 1,..., N. It follows that we can follow the proof of Proposition 3.3 to show that for any
0 >0,

IP’(.Ak > @) < exp{l — O} and P(Bk > @m> < exp{—i@Q}.

Thus there is a set Sk of probability at least 1 —2exp{1 — 0O} such that on Si.1, we have Ay < ©
and B, < ©y/N,. Next, on ﬂ?ilng, plugging into (4.86) the upper bounds © and ©+/Nj for
respectively A and By, using the definition of fyk, and the lower bound (4.84) on Ni, we obtain for
Nk — f(z,) the upper bound ”(];),CD u(f)Dy, ;. Observing that P(ﬂkHSg) >1—2kexp{1—0},
we have shown (4.85) with step m substltuted by step k. Finally, using (3.68), we have on ﬂkHSg
for ||yg+1 — z«||” the upper bound (f) where Uy, is defined in (4.86). Since we have just shown that

on Ny +1 Sy, Uy is bounded from above by p(f )Dk 41 this achieves the induction step. O
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Similarly to Corollary 3.4, we can combine the upper bound gV (y,,,,7™) + ?/1]\[% with the
lower bound from Proposition 4.6 to obtain a less conservative (smaller, for fixed confidence level)

confidence interval for f(z,):

Corollary 4.7. Let ypy11 be the solution generated by Algorithm 3°. Assume that f is uniformly
convez, fir © > 0, and assume that Ny is sufficiently large for k = 1,...,m, namely that (4.84)
holds. Then if Assumptions 1, 2, 3, 4, and 6 hold, for any ©1,09 > 0 we have

m Dp 21V11 14V
P (f(@:) € [977 (g 7™) = "5 = O340 gV (g, y™) + 0] )
>1—2mexp{l — O} — exp{—0O1/4} — exp{—03/4}.

Proof. 1t suffices to use Proposition 4.6 and to follow the proof of Corollary 3.4. U

5 Numerical experiments

5.1 Comparison of the confidence intervals from Section 3 and from [18]

We compare the coverage probabilities and the computational time of two confidence intervals with
confidence level at least 1 —a = 0.9 on the optimal value of (2.16) and (2.17), built using a sample

N = (&,...,&N) of size N of &:

1. the (non-asymptotic) confidence interval Cgyp1 = [Lowl(@g, O3, N),Upl(@l,N)} proposed in
Section 3.2 with ©1, 04,03 as in Corollary 3.13.

2. The (non-asymptotic) confidence interval Coupa = [Low2(®2, N),Upy(©1, N)} proposed in [18]

where?

1 1 D, x M,
Lowy(Oy, N) =V — — <+29>”+@
0W2( 2 ) 1 W( 20 M(w) 2

29 1 Dy x M,
My + 8+ \/—N} ;(w)]) (5.87)

N
1
with ¥ = minﬁ Z [g(wt,ft) + Gz, &) (v — xt)}, taking for z1,...,zn, the sequence

zeX
t=1
0\/ Dw X

of points generated by the SMD algorithm with constant step v = \ﬁ . In this
expression, M, satisfies E[exp{HG(x §)||2/M2}} < exp{l} for all z € X. Using Theorem 1 of

[18], we have P(f(z*) < Lowa(©2, N)) < 6exp{—03/3} +exp{—03/12} +exp{—0.7502v/N}.
Recalling that P(f(z*) > Upy(©1,N)) < exp{— @2/4} it follows that we can take ©; =
In(2/a) and Oy satisfying 6 exp{—03/3} + exp{—03/12} + exp{—0.7502v N} = /2.

All simulations were implemented in Matlab using Mosek Optimization Toolbox [1].

5.1.1 Comparison of the confidence intervals on a risk-neutral problem

We consider problem (2.16) with ap = 0.1, = 0.9,A0 = b = 0,a = 1, n € {40,60,80, 100},
and where ¢ is a random vector with ii.d. Bernoulli entries: Prob(§; = 1) = ¥;, Prob(§ =
—1) =1 -V, with ¥; randomly drawn over [0, 1]. It follows that f(z) = aou’z + G2V where

"Note that parameter D,, x in [18] is parameter D, x given by (3.49) divided by /2.
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Sample || |Csup2|/|Csup 1|, problem size n
size N 40 60 80 100
1000 3.82 | 3.83 | 3.84 3.85
5000 3.81 | 3.82 | 3.83 3.85
10000 || 3.80 | 3.82 | 3.83 3.84

Table 1: Average ratio of the widths of the confidence intervals for problem (2.16).

Confidence Problem size n
interval 40 60 80 100
Cswp1, N =1000 | 0.075 | 0.091 | 0.094 | 0.109
Cswp2, N = 1000 | 0.080 | 0.100 | 0.104 | 0.118
Csw1, N =10000 || 0.61 | 0.62 | 0.61 | 0.70
Cswp2, N =10000 || 0.59 | 0.61 | 0.64 | 0.73

Table 2: Average computational time (in seconds) of a confidence interval estimated computing
500 confidence intervals for problem (2.16).

My = E[&] = 2\I/i — 1 and V;’j = E[fZ]E[fj] = (2\1’1' — 1)(2\11]' — 1) for 4 7é j while Vi,i = E[é?] = 1.
For SMD, we take || - || = || - |1 and for the distance-generating function the entropy function
w(z) =ws(x) => " x(i) In(z(i)). We (first) take § = 1 in (5.87), meaning that Cswpo is obtained

running SMD with constant step v = % where M, = |ag|+a;. We simulate 500 instances of
this problem and compute for each instance the confidence intervals Cswp1 and Cgmpo. The coverage
probabilities of the two non-asymptotic confidence intervals are equal to one for all parameter
combinations.

We report in Table 1 the mean ratio of the widths of the non-asymptotic confidence intervals.
Interestingly, we observe that the confidence interval Csyp1 we proposed in Section 3 is less con-
servative than Cgypo: in these experiments, the mean length of the width of Csypo divided by the
width of Csyp4 varies between 3.80 and 3.85, as can be seen in Table 1.

Another advantage of Cqypi is that it tends to be computed more quickly (see Table 2 for
problem sizes n = 40, 60, 80, and 100), especially when the problem size n increases (see Table 3
for n = 1000, 2000, 5000, and 10000), due to the fact that Cspp1 is computed using an analytic
formula while solving an (additional) optimization problem of size n is required to compute Csyp 2.

We now fix a problem size n = 100 and compute 100 realizations of the confidence intervals on
the optimal value of that problem. On the top left plot of Figure 1, we report the optimal value
as well as the approximate optimal values ¢V using variants SMD 1 and SMD 2 of SMD for three
sample sizes: N = 1000, 5000, and 10000. On the remaining plots of this figure, the upper and
lower bounds of confidence intervals Csyp1 and Csupo are reported for sample sizes N = 1000, 5000,

Confidence Problem size n
interval 1000 | 2000 | 5000 | 10000
Camp1, N =100 || 0.426 | 1.353 | 6.099 | 23.902
Cswp2, N =100 || 0.435 | 1.378 | 6.153 | 24.171

Table 3: Average computational time (in seconds) of a confidence interval estimated computing 50
confidence intervals for problem (2.16).
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and 10000. We observe that the upper limits of Cgup1 and Csup 2 are very close (though not identical
since the SMD variants SMD 1 and SMD 2 use different steps). When the sample size N increases,
gV gets closer to the optimal value and the upper (resp. lower) limits tend to decrease (resp.
increase). In this figure, we also see that Ceyp; lower limit is much larger than Cgypo lower limit (in
accordance with the results of Table 1). We also note that SMD 1 and SMD 2 lower bounds appear
to be almost straight lines for these simulations. This comes from the fact that the random part

g" in these bounds is quite small compared to the deterministic part (remaining terms).
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Figure 1: Approximate optimal value, upper and lower bounds for Csup1 and Csup 2, on 100 instances
of problem (2.16) of size n = 100.

Finally, we consider for parameter 6 involved in the computation of Cgupo the range of values
0.005, 0.01, 0.05, 0.1, 0.5, 1, 5, 10 considered in [18]. For these values of 6, the average ratios of
Cswp2 and Cgupy widths are given in Table 4. These average ratios are all above 3.79 and as high
as 11.04 for (6, N,n) = (0.005, 1000, 100), which shows again that Csups is much more conservative
than the interval Csup; proposed in Section 3.2 for this range of values of 6.

5.1.2 Comparison of the confidence intervals on a risk-averse problem

We reproduce the experiments of the previous section for problem (2.17) with ||-|| = ||-||« = ||-||2 and

the distance-generating function w(z) = wi(z) = 3 |z[|3. We take M, = \/04%(1 — 124 n(ap+ 22,
and two sets of values for (ag,aq,¢): (v, a1,e) = (0.9,0.1,0.9) and the more risk-averse variant
(Oéo, aq, 8) = (0.1, 0.9, 0.1).
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Problem size n
(Ratio, 0, N) 40 | 60 | 80 | 100
ICsup2|/ICsmp 1|, @ = 0.005, N = 1000 || 10.99 | 11.01 | 11.03 | 11.04
ICamp2|/[Camp 1], @ = 0.01, N =1000 || 7.39 | 7.39 | 7.40 | 7.40
ICsup2|/ICap1|, @ = 0.05, N =1000 | 4.45 | 4.45 | 4.45 | 4.46
ICsmp2|/|Csup 1], @ = 0.1, N = 1000 4.06 | 4.07 | 4.07 | 4.08
ICsup2|/|Camp 1|, @ = 0.5, N = 1000 379 | 3.81 | 3.81 | 3.82

ICsmp2|/|Csip 1], 0 = 1, N = 1000 382 | 384 | 3.85 | 3.85
ICsmp2|/ICsp 1], @ = 5, N = 1000 436 | 4.38 | 4.39 | 4.40
ICsmp2|/ICsmp 1], @ = 10, N = 1000 507 | 5.10 | 5.11 | 5.12

Table 4: Average ratio of the widths of confidence intervals Cgyp1 and Csupa, problem (2.16).

Confidence interval and € = 0.1, problem size e = 0.9, problem size
sample size N 41 61 81 101 41 61 81 101
Cswp1, N =100 0.057 | 0.069 | 0.073 | 0.094 || 0.058 | 0.065 | 0.071 | 0.082
Csup2, N =100 0.057 | 0.064 | 0.069 | 0.094 || 0.055 | 0.062 | 0.066 | 0.074

Cswp1, N = 10000 5.74 | 6.13 | 6.92 | 7.47 || 5.79 | 6.59 | 7.22 | 7.97
Cswp2, N = 10000 597 | 6.41 | 7.22 | 7.81 585 | 6.63 | 7.28 | 8.00

Table 5: CVaR optimization (problem (2.17)). Average computational time (in seconds) of a
confidence interval estimated computing 500 confidence intervals.

For these problems, we first discretize &, generating a sample of size 10° which becomes the
sample space. We compute the optimal value of (2.17) using this sample and sample from this set
of scenarios to generate the problem instances.

For different problem and sample sizes, we generate again 500 instances. Coverage probabilities
of the non-asymptotic confidence intervals are equal to one for all parameter combinations. The
time required to compute these confidence intervals is given in Table 5 while the the average ratios
of the widths of Cqupo and Cgyp1 are reported in Table 6.

We observe again on this problem that Csyps is much more conservative than Csyp; and for
N = 10000 that Cgup1 is computed quicker than Cgup1 for all problem sizes. When ¢ is small and
more weight is given to the CVaR, the optimization problem becomes more difficult, i.e., we need
a large sample size to obtain a solution of good quality. This can be seen in Figures 2 and 3.

On the top left plots of Figures 2 and 3, for a problem of size n = 100, we plot 100 realizations
of the approximate optimal values ¢’V using variants SMD 1 and SMD 2 of SMD for two sample sizes:
N =100 and N = 10000 (¢ = 0.1 for Figure 2 and € = 0.9 for Figure 2). For fixed sample size
N, for ¢ = 0.9 these realizations are much closer to the optimal value than for ¢ = 0.1. On the
remaining plots of Figure 2 and 3, we report the upper and lower bounds of confidence intervals

Ratio and e = 0.1, problem size e = 0.9, problem size
sample size N 41 61 81 | 101 41 61 81 | 101
|Csup2|/|Csup 1|, N = 100 2.29 |1 230 | 2.31 | 2.31 || 2.29 | 2.30 | 2.31 | 2.32
|Csmp2|/|Csmp 1|, N = 10000 || 2.30 | 2.30 | 2.30 | 2.31 || 2.31 | 2.31 | 2.32 | 2.31

Table 6: CVaR optimization (problem (2.17)). Average ratio of the widths of the confidence
intervals CSMD2 and CSMDl-
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Figure 2: CVaR optimization (problem (2.17)). Approximate optimal value g, upper and lower
bounds of Csupo and Cgyp1 on 100 instances, problem size n = 100 and € = 0.1.
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Figure 3: CVaR optimization (problem (2.17)). Approximate optimal value gV, upper and lower
bounds of Csupo and Cgyp1 on 100 instances, problem size n = 100 and € = 0.9.

Cswp1 and Cswpa. We observe again that (i) upper (resp. lower) bounds decrease (resp. increase)
when the sample size increases, (ii) Csupo and Csyp1 upper bounds are very close, and (iii) Csup1
lower bound is much larger than Csypo lower bound (reflecting the fact that Csups is much more
conservative than Csyp1). Additionally, we observe that when € is small (¢ = 0.1) and more weight
is given to the CVaR (a3 = 0.9) the upper and lower bounds become more distant to the optimal
value, i.e., the width of the confidence intervals increases.

To conclude, confidence intervals Cayp1 and Csup2 cannot be compared directly because both the
constants involved and the steps used to generate the points x1, ...,z N, are different. However, we
hypothesize that the optimization in SMD 2 results in both the conservativeness and the computation
time difference.

5.2 Comparing the multistep and nonmultistep variants of SMD to solve prob-
lem (2.16)

We solve various instances of problem (2.16) (with a = 1,b = 0) using SMD and its multistep version
defined in Section 4 taking w(z) = wa(x) = 3||z||3. These algorithms in this case are the RSA and
multistep RSA. We fix the parameters a; = 0.9, a9 = 0.1, \g = 4,21 = [1;0;...;0]], Dx = v/2, and
recall that pu(w) = p(wz) = M(w2) = u(f) =1,p =2, L = |ag|/n+a1(v/n+Xo), M1 = 2|ap|+0.501,
and My = 2y/n(|ag| + a1). In this and the next section, { is again a random vector with i.i.d.
Bernoulli entries: Prob(§; = 1) = ¥;, Prob(§; = —1) = 1 — ¥;, with ¥; randomly drawn over [0, 1].
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Figure 4: Steps (left plot), average (computed over 50 runs) approximate optimal values (middle
plot), and average (computed over 50 runs) value of the objective function at the solution (right
plot) along the iterations of the SMD and MSSMD algorithms run on problem (2.16) with n = 100,
N = 312248.

We first take n = 100 and choose the number of iterations using Proposition 4.5, namely we take
N = |1+ 78A(f,w2)| = 312248 which ensures that for the MSSMD algorithm IEHf(yStepS“) -

f(zy)| <0.1. (we also check that for this value of N, relation (4.76) (an assumption of Proposition

4.5) holds). For this value of N, the values of 4! for each iteration of the MSSMD algorithm as
well as the constant value of v for the SMD algorithm are represented in the left plot of Figure
4. We observe that the MSRSA algorithm starts with larger steps (when we are still far from the
optimal solution) and ends with smaller steps (when we get closer to the optimal solution) than
the RSA algorithm. We run each algorithm 50 times and report in the middle plot of Figure 4 the
average (over the 50 runs) of the approximate optimal values computed along the iterations with
both algorithms. We also report in the right plot of Figure 4 the average (over these 50 runs) of
the value of the objective function at the SMD and MSSMD solutions.

More precisely, for each run of the SMD algorithm, for iteration ¢ the approximate optimal value
is ¢' = % 22:1 9(zk, &) (defined in Algorithm 1) while for iteration j of the i-th step of the MSSMD
algorithm, the approximate optimal value is g"/ = % i:l 9(xik, & k) (defined in Algorithm 3)
where ;. and x; j, are respectively the k-th realization of £ and the k-th point generated for that
step 7 (of course, for a given run, the same samples are used for SMD and MSSMD).

We observe that we get better (lower) approximations of the optimal value using the MSRSA
algorithm. After a large number of iterations, the algorithms provide very close approximations of
the optimal value (themselves close to the optimal value of the problem), which is in agreement
with the results of Sections 3 and 4 which state that for both algorithms the approximate optimal
values converge in probability to the optimal value of the problem. However, it is observed that the
MSRSA algorithm provides an approximate solution of good quality much quicker than the RSA
algorithm.

We also observe that if the value of the sample size N = 312248 chosen based on Proposition
4.5 indeed allows us to solve the problem with a good accuracy, it is very conservative. In a second
series of experiments, we choose various problem sizes n and smaller sample sizes N, namely
(n, N) = (50,1000), (n, N) = (100,1000), (n, N) = (500,10000), and (n, N) = (1000, 10000), still
observing solutions of good quality. For these values of the pair (n, N), the values of the steps used
for the SMD and MSSMD algorithms are reported in Figure 5. Here again the MSRSA algorithm
starts with larger steps and ends with smaller steps.
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Figure 5: Steps used for the SMD and MSSMD algorithms to solve problem (2.16) with (n,N) =
(50,1000) (top left plot), (n, N) = (100, 5000) (top right plot), (n, N) = (500,10 000) (bottom left),
(n, N) = (1000, 10 000) (bottom right).

The average (over 50 runs) of the approximate optimal value and of the value of the objective
function at the SMD and MSSMD solutions are reported in Figures 6 and 7. We still observe on
these simulations that MSSMD allows us to obtain a solution of good quality much quicker than
SMD and ends up with a better solution, even when only two different step sizes are used for

MSSMD.
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5.3 Comparing the multistep and nonmultistep variants of SMD to solve prob-
lem (2.18)

We reproduce the experiment of the previous section running 50 times SMD and MSSMD on
problem (2.18) taking w(z) = wo(z) = i|z3, ¢ = 0.9, a1 = 0.1,a9 = 0.9, X = 1,27 =
[0;1;0;...;0]], Dx = /3, and recall that u(w) = p(ws) = M(w2) = u(f) = 1,p = 2, L =
\/afu — 12 fn(ag+ 92 + 20, My = 2(ag + 9), and My = \/(%)2 +dn (ap + 4)% We
consider again four combinations for the pair (n, N): (n, N) = (50, 1000), (100, 1000), (500, 10 000),
and (1000, 10 000).

The steps used along the iterations of the SMD and MSSMD algorithms are reported in Figure 8.
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Figure 8: Steps used for the SMD and MSSMD algorithms to solve problem (2.18) with (n,N) =
(50,1000) (top left plot), (n, N) = (100, 5000) (top right plot), (n, N) = (500,10 000) (bottom left),
(n, N) = (1000, 10000) (bottom right).

The average (computed running the algorithms 50 times) of the approximate optimal values
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Figure 9: Average over 50 realizations of the approximate optimal values computed by the SMD and
MSSMD algorithms to solve (2.18). Top left: (n, N) = (50,1000), top right: (n, N) = (100,5000),
bottom left: (n, N) = (500,10000), bottom right: (n, N) = (1000, 10 000).

and of the value of the objective function at the approximate solutions are reported in Figures
9 and 10. In these experiments we observe again that MSSMD approximate solutions are better
along the iterations and at the end of the optimization process.

6 Conclusion and future work

We derived a new confidence interval on the optimal value of a convex stochastic program using
the SMD algorithm that has the advantage of being quicker to compute and much less conservative
than previous confidence intervals.

We introduced a multistep extension of the SMD algorithm and derived a computable nonasymp-
totic confidence interval on the optimal value of a risk-averse stochastic program, expressed in terms
of EPRM, using this algorithm. We have shown (using two stochastic optimization problems) that
the multistep SMD algorithm can obtain “good” solutions much quicker that the SMD algorithm.

Our work is applicable to obtain confidence intervals on the risk measure value of a distribution
on the basis of a sample from this distribution, if this risk measure is an EPRM.

The analysis presented in this paper can be extended in several ways.
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Figure 10: Average over 50 realizations of the values of the objective function at the approximate
solutions (right plots) computed by the SMD and MSSMD algorithms to solve (2.18). Top left:
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First, numerical tests could be performed to analyze the quality of the confidence intervals given
by Corollary 4.7 for multistep SMD. Other algorithms could be considered to solve (1.1) and the
corresponding confidence intervals derived. More general classes of problems, for instance involving
integer variables, could also be analyzed.

Next, we could take a law invariant coherent risk measure for R in (1.1). In this situation,
asymptotic confidence intervals on the optimal value of (1.1) could be obtained combining the
Central Limit Theorem for risk measures given in [25], the Delta theorem, and the Functional
Central Limit Theorem.

Finally, our analysis can be used to study the following problem: defining

pi(€) = { xmlenj(f(x) = Rilg(z,¢)], (6.88)

for an EPRM R; and given samples from the distributions of random vectors &1,..., &y, our de-
velopments can be used to compare the optimal values p;(&;), i = 1,...,m, studying the following
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statistical tests:

(@) Ho: p1(&1) = p2(&2) = ... = pm(&m)  against Ho,
(0) Hy: pi(&i) < pj(&), 1<j#i<m against H, (6.89)
(c) Ho: p1(&1) < p2(§2) < ... < pm(€m) against Ho,

where Hy is the complement of Hy. Without assuming the independence of &1, ..., &, a special

case of (6.89) is obtained taking a singleton X = {z}} for the set X defining p;, fixing the risk
measure R; = R and the distribution & = . Setting n; = g(x}, &), test (6.89) boils down in this
case to

(@) Hy: R(m) =R(m2) =...=R(nm) against @,
(b) Hy: R(ni) <R(ny), 1<j#i<m against Hj, (6.90)
(¢c) Hy: R(m) <R(m) <...<R(nm) against Hy.
These tests are useful when we want to choose among m candidate solutions z7,...,z}, for the
problem

{ min f(z) := R[g(z,£)],
e X,

the best one (the one with the smallest risk measure value), using risk measure R to rank the
distributions 7.
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Appendix

We have collected in the Appendix two proofs, essentially known, see [21].

Proof of Lemma 3.2. We first show that for any v > 0 and 7 =1,..., N, we have

Ejr_1 | exp{ynr}] < exp{2?}. (6.91)

Let us fix 0 < v < 1. Observing that

e" <z +e” for every x € R, (6.92)
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we obtain
Ejr1 [exp{vm}} < Er [’W] +E [exp{vznﬁ}}

< B[ exp{y?n?}] using (3.35)
B [(exp(m2})"] < (B [exn2}]) "

where the last inequality is Jensen inequality applied to the concave function 2. Plugging (3.35)
into the above inequality shows that (6.91) holds for 0 < v < 1.
For v > 1,

IN

A

E|T_1[exp{'mf}] < E\T_l[eXp{%vuénf}}

2 2
exp{ 5 1/ Eir1 | exp{i2}| < exp{25} < exp{r?},

IN

where we have used (3.35) for the third inequality and the fact that v > 1 for the last one. We
have thus shown that (6.91) holds for every v > 0. As a result, for v > 0, setting S; = >._; 7s,
we have

E[eXp{*yST}} = E[exp{'ySTq}th[exp{vm}”
< exp{wz}E[exp{q/ST_l}] using (6.91).
It follows that for v > 0
E[exp{’yST}} < exp{¥}(t - 1)}E[exp{’yn1}] < exp{~?7} using (6.91). (6.93)

Next, for v > 0,

IP’(SN > @\/N) = P(exp{’ySN} > exp{© \/N’y})
< m>18 exp{—@\/ﬁv}E[exp{’ySN}] using Chernoff bound,
"
< exp{m>igl [72N - @\/N'y}} = exp{—©?%/4} using (6.93).
8!
This achieves the proof of inequality (3.36). O

Proof of Lemma 3.10. Invoking (3.53), we get

Vy € X tyref (uri1 —y) < Vi, (y) = Var iy (v) = Vi, (ur41),

whence for all z € X, we have

Ly =) S Var(y) = Varsa ) + |06 (r = trsa) = Vi, ()]
< Var®) = Varra ) + [rllesllallur = uriall = B2y = uria |2
Zlle-|?
< Vi)~ Vi) + 20

2p(w)

where we have used (3.48) for the second inequality. Summing up the resulting inequalities over
7 =1,...,N, and taking into account that V,,_ ,(y) > 0 by (3.48) and V,,, (y) < %DZ’X by (3.50)
(recall that u1 = z,,), we arrive at (3.58). O
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