Stochastic approximation algorithms for DR-submodular
maximization with convex functional constraints *

Jiachen Ju T Xiao Wang * Dachuan Xu $

July 11, 2024

Abstract

In this paper, we develop a generic framework of stochastic approximation algorithms for DR-
submodular maximization with convex functional constraints, where both objective and constraints
take expectation formulations. Solving such type of problems can be challenging due to noncon-
vexity and submodularity of the objective, feasibility required by the functional constraints, as well
as stochastic nature of the problem. To tackle these challenges, we leverage the augmented La-
grangian function associated with the original problem and build the algorithm framework based on
stochastic approximations. Theoretical analysis is conducted under mild assumptions and proper
update schemes and demonstrates that our proposed algorithm can reach (1 — mingex ||z]|0o) /4-
approximation for problems with non-monotone objective and (1 — 1/e)-approximation when the
objective is monotone. And for both cases the expected errors and constraint violations are all
bounded by O(I~1/ 3), where I represents the total number of samples. To the best of our knowl-
edge, the study on stochastic approximation algorithms for DR-submodular maximization with
convex functional constraints seems new in the literature.

Keywords: DR-submodular maximization, Functional constraints, Augmented Lagrangian, Stochas-
tic approximation, Approximation ratio

1 Introduction

In many real-world applications, decision makers may encounter situations where the objective and
constraint functions are not deterministic, but involve uncertainty, either influenced by some random
variables or dependent on a large data set. For instance, in financial portfolio [32], decision makers
are often tasked to take into account the probability of asset returns and balance the relationship
between investment returns and risk, and thus find an optimal investment strategy under uncertain
market conditions. In supply chain networks [2], one needs to ascertain inventory levels and order
quantities amidst uncertain conditions, such as demand, delivery time, and supply interruptions, in
order to maximize the reward function while adhering to service level constraints. Submodularity was
originally proposed for optimization over discrete sets [15], and arises in a broad modern applications,
such as sensor placement [25], resource allocation [34], and so forth, including [18, 22, 34, 35, 38].
Extending the concept of set submodularity to continuous domains, DR-submodularity [6] portrays
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a diminishing marginal return property in essence. DR-submodular optimization often models the
variables contained in a convex set, whose structure is not specified. And this convex set is always
assumed to be simple and easy to handle, that is, easy to project to ensure feasibility of points. This
is managable in some easy situations, such as with bound constraints or ball constraints. In general,
however, the feasibility to a convex set can be difficult to realize. Under such circumstances, it is
acceptable to allow a certain degree of constraint violation, provided that it can be under control.

In this paper, we focus on DR-submodular maximization with convex functional constraints, for-

mulated as
max fo(z) an
s. t. fi(x) <0, i€ [m]:={1,...,m},

where function fj : [0, 1]™ — Ry, is continuously differentiable and DR-submodular, and f; : [0, 1]" —
R, i € [m] are convex but possibly nonsmooth. Here, X C [0,1]" is a simple convex closed set, and
we assume that a strongly convex quadratic minimization over X can be easily solved. Functions are
given by fo(xz) = E¢[Fo(x, )], fi(x) = E¢[Fi(x,§)], i@ € [m], where the functions Fp : [0,1]" x & —
Ry, F;:[0,1]" xE = R, ¢ =1,...,m, are continuous with respect to = for almost any £ € Z, where
§ € Eis a random vector following probability distribution P over = and E¢ represents the expectation
taken with respect to £. Particularly, when & draws a value uniformly from a finite set {&;,...,&n},
associated functions will take finite-sum forms. Hence, the objective and constraint functions of (1.1)
can be expressed as

1 N
folw) = [ R aP(©) or 5 3" Fw.g,)

1 N
fi@) = [ B@OPE or 1> R, i€ lm)
= j=1

The problem (1.1) arises in a wide range of applications, including data summarization [20], influence
maximization [7], and MAP inference of Determinantal Point Processes (DPPs) [21].

In many scenarios, however, the distribution function of random variable may not be explicitly
represented or the integral is expensive to compute, or N can be large, which causes that the exact
function information of the objective and constraints can be hard to obtain. For any given realization
of random vector £ and x € X, we may only obtain stochastic zeroth- and first-order information

Fo(z,§), Fi(z,8), w(x,§), vi(z,&),i € [m],

where vp(z, &) is a stochastic gradient of fy at z, while v;(z, &) is a stochastic subgradient of f; at z
for i € [m]. Addressing problem (1.1) entails overcoming several key challenges: the submodularity of
the objective function, feasibility to the functional constraints, and the inherent stochasticity which
impedes access to exact function information. To characterize the properties of an approximation
algorithm for (1.1), the approximation guarantee is another important issue that we need to address.
Thus our goals in this paper are to develop an efficient stochastic approximation algorithm for the
case we are interested in, which reaches the highest possible approximation guarantee with lowest
possible error and constraint violation. More specifically, let z* be the optimal solution of (1.1) and Z
be the output of an associated stochastic approximation algorithm for solving (1.1). We will conduct
approximation analysis by investigating the approximation error 7 fo(z*) — E[fo(Z)] and constraint
violation E[||[f(Z)]+|]], where v > 0 and f = (f1,..., fm)’.



1.1 Related Work
DR-submodular maximization

The past decade has witnessed the great development on DR-submodular maximization over a contin-
uous convex domain. Based on differential equations, a continuous time framework, a multiplicative
weight updates (MWU) template, is proposed in [10] for handling a class of DR-submodular optimiza-
tion over a polyhedral. The proposed algorithm can find a solution with objective function reaching a
(1—1/e—€)OPT in O(e~*) function value oracles. Here OPT denotes the optimal value of the problem
for interest. [6] study a Frank-Wolfe algorithm for maximizing monotone DR-submodular continuous
functions under general down-closed convex constraints and guarantee (1 — 1/e)-approximation and
sub-linear convergence rate. A non-monotone Frank-Wolfe algorithm with 1/e-approximation guar-
antee and sublinear convergence rate is established in [5], aiming for non-monotone DR-submodular
maximization under general down-closed convex constraints. [14] extend the deterministic model by
discarding the assumption of downclosedness of the constraint set. They apply the core concept of the
Frank-Wolfe algorithm and develop a method that achieves a 1/4-approximation after O(e~!) itera-
tion. [17] propose a gradient algorithm by applying stable point theory and remove the down-closed
assumption. A theoretical analysis is presented for both deterministic and stochastic settings with 1/2-
approximation in O(e~!) iterations and O(e~2) iterations, respectively. [26] also study stochastic con-
ditional gradient methods for DR-submodular maximization. Approximation analyses are presented
for several scenarios, including non-monotone case and monotone case. Specifically, for the monotone
case with general convex set constraint the proposed algorithm can reach (1 — 1/e)-approximation,
while for the non-monotone case with downclosed convex set constraint it owns 1/e-approximation.
For both cases the complexity is O(¢~3). For the monotone case [16] develop a variant of stochastic
conditional gradient method with (1 — 1/e)-approximation and improve the complexity to O(e~2) in
terms of linear optimization oracles. Later, a class of one sample type algorithms [42, see| are designed
for both non-oblivious and oblivious setting, and it requires at most O(e~2) stochastic gradient evalua-
tions to achieve a (1 —1/e)-approximation for monotone DR-submodular maximization. Recently, [30]
and [43] introduce and elucidate a unified approach aimed at maximizing continuous DR-submodular
functions. This approach spans a broad array of settings and is compatible with various types of oracle
access. However, to the best of our knowledge the work on DR-submodular maximization with convex
functional constraints is still rare in the literature.

Constrained stochastic optimization

Driven by practical application scenarios, stochastic optimization with functional constraints are at-
tracting much interest. A series of methods such as stochastic SQP methods [4, 13, see], penalty
methods [19, 36, see|, proximal point methods [9, see|, have been proposed and studied for stochastic
optimization with deterministic constraints. Stochastic optimization with expectation constraints has
also received much attention in recent years. Based on Polayk’s subgradient method [31, see|] and
Nesterov’s note [28, see], [23] introduce a cooperative stochastic approximation algorithm for stochas-
tic convex optimization with a single expectation constraint, and establish the iteration complexity of
O(e72) in terms of both optimality gap and constraint violation within ¢ > 0. For convex optimiza-
tion with multiple expectation constraints, [40] present a stochastic approximation proximal method
of multipliers, and the proposed algorithm can achieve an objective regret and a constraint violation
regret both of the order O(T~1/2) after T iteration. Furthermore, the authors demonstrate that, with
a probability of no less than 1 — e_Tl/4, the algorithm maintains no more than O(T' -1/ 4) objective
regret and no more than O(T~'/#) constraint violation regret. Based on this work, [41] develop a
stochastic augmented Lagrangian-type algorithm based on linearizations of the objective function and



constraint functions. The algorithm displays an expected convergence rate of O(K -1/ 2) for both the
reduction of the objective function and the constraint violations, where K denotes the number of iter-
ations. Also, from a high probability perspective, the algorithm achieves O(log(K)K -1/ 2) constraint
violation bound and O(log3/ 2(K)K~'/?) objective bound. Shortly after, [37] propose an adaptive
primal-dual stochastic gradient method. At each iteration, an unbiased stochastic estimation of the
subgradient of the Lagrangian function is inquired, later the primal variables and dual variables are
updated following the adaptive SGM step and the vanilla SGM step respectively. Under the convexity
assumption, an ergodic convergence rate of O(k:_l/ 2) is also verified in terms of the primal-dual gap
and constraint violation, where k is the number of subgradient inquiries. [9] extend the constraint
extrapolation method, which is a primal-dual type method for convex functional constrained opti-
mization, within a proximal point algorithm framework to address non-convex functional constrained
optimization problems. They establish an oracle complexity of O(e~%), reaching an e-KKT point in ex-
pectation. [24] examine the stochastic inexact augmented Lagrangian methods for addressing problems
with a non-convex composite objective and non-convex smooth functional constraints, establishing a
complexity of O(¢~°). [1] introduce single-loop algorithms based on the quadratic penalty method
with the complexity guarantee of O(e~%). [12] improves the complexity to O(e~°) by introducing a
feasibility-pursuing phase to locate an approximately feasible initial point. Moreover, the moving av-
erage scheme to approximate constraint function values can ensure an O([1 -1/ 5) error in expectation,
where I denotes the number of oracle calls.

Online constrained stochastic optimization

In the field of online learning, some researchers have also turned their attention to stochastic con-
strained optimization problems. [39] propose a framework for online convex optimization with convex
stochastic constraints. In their framework, the decision maker performs an action z; first, and dis-
closes the loss function f;(z) and the stochastic constraint function realizations g;(z; w(t)) at tth round,
t € [T]. The authors give an upper bound of the discrete time stochastic process adapted to a filtra-
tion. They prove that the orders of both regret and constraint violations in expectation are O(Tl/ 3,
while in high probability is O(T"/?log(T')). [33] also investigate the online framework under stochastic
constraints, where the utility function f; is assumed to be arbitrary from a class of monotone DR-
submodular functions, the constraint function g; is differentiable and randomly drawn following some
unknown underlying distribution over a class of monotone convex functions. Taking inspiration from
the Meta-Frank-Wolfe algorithms [11,27, see], they derive an algorithm that achieves (1 — 1/e)-regret
bound of O(T'~/2?) when compared to a benchmark with a window length of T'~¢, and establishes a
total constraint violation bound of O(T*~¢/?).

1.2 Ouwur contributions

In this paper, we study Diminishing Returns (DR)-submodular maximization with convex functional
constraints, where both objective function and constraints are in expectation formulations. It poses
challenges to solve this type of problems since only stochastic approximations of the objective and
constraint functions are available and the feasibility to constraints are hard to maintain. To address
these challenges, we propose a generic algorithmic framework that exploits stochastic linear approx-
imations of the objective and constraint functions. Under appropriate update schemes the proposed
algorithm framework can be adapted to problems with objective being non-monotone and monotone,
respectively. We show that for the non-monotone case a (1 — mingex ||||) /4-approximation can be
achieved with an expected error bounded by O(I -1/ 3), where X represents the problem-dependent
convex closed set and I refers to the total number of samples. And the expected constraint vio-



lation is in order O(I~'/3). For the monotone case and establish the (1 — 1/e)-approximation and
O(I~1/3)-expected error and constraint violation, when X contains the zero vector. Finally, numerical
results are reported on three illustrative examples and showcase the effectiveness and efficiency of the
proposed algorithm.

1.3 Notations, assumptions and organization

We use 14 and 04 to denote the unit vector and zero vector in R?, respectively, and ej € R? to refer
the d-dimensional vector whose jth component is one and other components are zero. We define
[d] = {1,...,d} and [0] = (). For a given vector x € R%, we denote x(i) as ith component of x. For a
real number @ and a vector 2 € R?, we denote [a]; = max{a,0} and [z]; = ([z(1)],..., [z(d)])T.
Without any specification, we refer |- || to the standard Euclidean norm in the vector space for interest.
We also denote Y27 = 0. The diameter of the convex set X is denoted by d(X) = sup, yex llz —yl-
Additionally, for brevity we denote f(z) := (fi(z),..., fm(x)T, v(z,€) = (vi(z,€),...,vm(z, )T
and v(z) = E¢lv(z,€)]. Given z,y € RY, x < y refers to the element-wise inequality. Moreover,
fo :[0,1]" — Ry is called DR-submodular, if for every z <y € [0,1]", i € [n], a > 0 such that x + ae;,
Y+ ae; € [0,1]", it gives fo(z + ae;) — fo(z) = foly + ae;) — fo(y).
We now give some standard assumptions that are exploited in the remainder of this paper.

Assumption 1.1. Function fy: [0,1]" — Ry is DR-submodular and continuously differentiable with
Lo-Lipschitz continuous gradients. Functions Fi(-,¢) : R® — R, i € [m], are convex over [0,1]" for
almost every ¢ € E.

Assumption 1.2. There exist positive constants Ma, M3 such that for any x € X, ( € Z and i € [m)],
the stochastic zeroth- and first-order approximations satisfy

Eclvo(z, Q)] = Vfo(x), Eclllvolz, OI?) < M3, Eclvi(x,¢)] € 0fix), [lvi(z, Q)| < Ms.

Assumption 1.3. There ezists a positive constant My such that for all v € X, E¢[|F(z,¢)||?] < M2,
where F(z,¢) = (Fi(2,C), ..., Fn(z,0))".

Assumption 1.4. (The Slater’s Condition) There ezist a positive constant My and & € X such that
fi(#) < =My for any i € [m].

Assumption 1.5. The set X := (argmingex ||z]|co) N {x | f(x) < 0.} is nonempty.

Remark 1.1. Under Assumption 1.1, it follows from (7.5) in [17] and Lemma 7 in [10] that for any
z,y € [0,1]",
(Vfo(z),y —x) = folz Vy) + folez Ny) = 2fo(z),
folwVy) = (1= [lzlle0) fo(y),

where V and A are the coordinate-wise mazimum and minimum operations, respectively. It is note-
worthy that the expected boundedness required in Assumption 1.3 can be realized through the continuity
of fi over [0,1]™ and the variance boundedness of Fy(x,(),i € [m]; that is, Ec[||Fi(z,¢) — fi(x)]?] is
upper bounded, which is commonly adopted in the literature for stochastic optimization.

(1.2)

Our paper is organized as follows. In Section 2, we present a framework of stochastic approximation
algorithms for solving (1.1). In Section 3, we exhibit a series of auxiliary lemmas to support the
theoretical analysis. In Sections 4 and 5, we delve into the approximation analysis, for the case when
objective is non-monotone and monotone, respectively. In Section 6, we report numerical results on
three illustrative problems. Finally, we draw a conclusion in Section 7.



2 Algorithm framework

In this section, we propose an algorithm framework of stochastic approximation methods for solving
DR-submodular maximization with convex functional constraints, as described in (1.1). To handle
the functional constraints, we exploit the augmented Lagrangian (AL) function, which is well-known
in continuous optimization community [8,29]. The AL function associated with (1.1) is defined as

£awi ) = ~fol@) + g5 (1A + BF@L I = IAIE]. 2.1

where 3 > 0 is a penalty parameter and A € R’ is a vector of Lagrange multipliers, also known
as dual variables. Keeping the penalty parameter and dual variables fixed, traditional augmented
Lagrangian methods aim to (approximately) minimize the AL function at each iteration to update
the primal variable. However, in the context of (1.1) only stochastic approximations of the objective
function fp and constraint functions f;,i € [m] are available. We thus need to employ these stochastic
approximations to design an algorithm for (1.1).

Our algorithm is organized as a double-loop structure. We set the maximum iteration number
in the outer loop and inner loop as T" and K, respectively, and simply denote the total number of
iterations by I = T K. The iteration index in the outer loop is denoted by ¢ located at the subscript
of vectors, while the iteration index in the inner loop is denoted by k, placed at the superscript of
vectors. For any t € [T] and k € [K], let ¥ and A} represent the primal iterate and the dual iterate,
respectively. We also introduce a sequence of auxiliary variables vf to approximate primal iterates.
The basic idea of the algorithm is given as follows. For any ¢ € [T] and k € [K], we first select a
random sample & € = and compute stochastic estimates Fo(xF |, &F), vo(zF |, &F), F(vF |, &) and
y(vf_l,ff). Then based on the AL function (2.1), we construct an approximation model to update
the primal variable. Note that when x is not far from z¥ ; and v} |, the original objective function
and the constraint functions around current iterate can be approximated by

FO(xvé‘f) ~ F()(l'f,l,gf) + <V0($ffl’€f)7x - xffl%
Fl(maéf) ~ Fi(vf—lvff) + <Vi(vf—1>§tk)v$ - Uf—1>a (&S [m]

It is noteworthy that we approximate the objective function value around current iterate xf_l, while
for the constraints we make approximations based on the function information of an approximate
point vf_l. This plays a crucial role in establishing desired approximation ratios in our paper. We
then introduce the approximation function Q¥ (x) formulated as

QF(z) = — Fo(af_1, &) + (~vo(at 1, &),z — 2f) + 215 > M)+ B(Fi(oy, &)
i=1

2 1 a
+ (vi(of, &) —vfy))] ] — ﬁHAfH? + 5 llz = v (2:2)

and compute vf by solving the minimization problem

vk = argmin QF(x). (2.3)
zeX

Clearly, QF(-) is strongly convex over X, thus the subproblem in (2.3) admits a unique solution. We
then compute a new primal iterate wf“ through a mapping of zF and v}, denoted by

2 = M(af, o). (2.4)



We will specify the setting of operator M in subsequent analysis regarding the non-monotone case
and monotone case, respectively.
Finally, with regard to the update of dual iterates, we adopt the following way

A1 = [N+ B(F (o1, &) + (w1, &), 0 —vin))] - (2.5)

We formalize above considerations into the main algorithm of our paper, Algorithm 1. Algorithm 1
involves setting up the random process, which comes from the sampling of the random variables &, t €
[T], k € [K]. During the algorithmic process, there are three kinds of computational expectations to
take in our theoretical analysis. The first expectation is the conditional expectation with respect to
¢F given FF, denoted by Eex [-], where

Fr=o({gugliclt—1]jelkl,z€k-1]}).

At this point vf and )\f ,1 depend on the realization of §f. The second expectation is taken with
respect to the random vectors &1, €2, .. ,fjff running through the space Z, denoted by E¢[-]. The third
expectation is taken based on the above randomized process and then takes into account the random
subscripts R at the output, meaning that the total expectation with respect to all random variables
generated in Algorithm 1. We write the notation E[-] := E(g¢)[-] for ease.

Algorithm 1:

Input: Positive integers 7" and K, parameters a > 1, 3 € (0, 1], vy =2 € &, {vF} C X and
{AF} C R
Output: xp := :rgﬂ, where R is uniformly randomly chosen from {0,1,...,7 — 1}.

1: for k=1 to K do

2:  Set vlg =gk, N =)k

3. Compute zhT! = M(zk, vk)

4: end for

5: fort =1to T do

6: Letxf €X

7. for k=1to K do

8: Generate an i.i.d. sample & from =, and obtain Fy(zf |, &F), vo(af 1, &F) and Fj(vf ,, &F),

Vi(vf—lvgf)v IS [m]

9: Compute v} through (2.3)
10: Compute ¥+ through (2.4)
11: Compute A}, ; through (2.5)
12:  end for
13: end for

3 Auxiliary lemmas

In this section, we will present auxiliary lemmas characterizing basic properties of framework Algorithm
1 and prepare for the forthcoming approximation analyses. Proofs of these auxiliary lemmas are
presented in Appendix A.

Let {F}, {\F} and {vF} be generated by Algorithm 1. The following lemma explores the behavior
of multipliers during updates.



LEMMA 3.1. Suppose that the Assumption 1.1 is satisfied. Then for any x € X, t € [T] and k € [K],
it holds that

1 llvo(zh,, €52
Lt I
« 2

(6%
+ O, P, €)) + S0l — el 2 = Jlz = o )

|, €011
2 (3.1)

1 1
%Ilkfﬂ\ﬁ - %II)\fH2 < (—vo(atoy, &), @ —viy) +

Our next lemma aims to investigate the upper bound of the difference between two successive
auxiliary variables vf and vf ;.

LEMMA 3.2. Suppose that Assumptions 1.1 and 1.2 are satisfied, and 2a — BmMZ > 0. Then for any
t € [T] and k € [K], it holds that

2

lof_y = of || < m(l!w)(xf_l,éf)ll + VMM || || + BymMs||[F (o1, €)1+ ])-
3

The lemma below characterizes an upper bound on ||AF|| in expectation.

LEMMA 3.3. Suppose that Assumptions 1.1-1.4 are satisfied. Then for any t € [T] and k € [K], it
holds that E¢[|\F||] < 0 := E1 + 2 E» + BE3 + aBEy, where

_ Mod(X M?
Fi = max H)\kH + 2(M1 + M3d(X))\/E+ g7 by = 727
ke[K] My 2My (3.2)
By = vim(Mi + Myd(X)) + 2L g, = I |
3=Vvm 1 3 2M4an 4 = 2M4'

4 Non-monotone case

Our aim in this section is to establish an approximation guarantee for Algorithm 1 in general case,
where the objective fy can be non-monotone. In this case, we define M as

1 Vak

k—1\2
K a1 ) 1)

with o = (1 + —

M(af,of) = af + (oF - of) =

for any ¢t € [T] U {0}, k € [K]. Let {zF} be generated by Algorithm 1 applying (4.1) and 2y := :Uf.tf+1
with R being uniformly randomly chosen from {0,1,...,7 — 1}.
We first provide an upper bound on ||z |« and put the proof in Appendix B.1.

LEMMA 4.1. For eacht € [T]U{0} and k € [K +1], it holds that ||zF||eo < 1—(1—mingex ||7]o0)/Vak.
To establish the approximation guarantee, we need to identify the relationships between fy (xf“),

fo(zF) and fo(2*). The detailed proof is presented in Appendix B.2.

LEMMA 4.2. It holds that for any t € [T] and k € [K],

k k
A folaf) = T (1= min elo) o) — (o o) = o (1 - min 2] ) fo(e"))
Vak\ Lo 1
> (Vfolaty), (vhy — )~ ) = F oz d(X)

We now arrive at the main theorem characterizing the approximation guarantee of Algorithm 1 in
non-monotone case.



THEOREM 4.3. Suppose that Assumptions 1.1-1.83 are satisfied, then

1
7 (1= minfiel) fo(a®) ~ Elfo(an) )
1 Lod(X)? 1 maxge N2 1 M2 M | ad(X)? '
“x s T8 4 ta +ﬁ T
€ [k —1]}.

FF = {§3U§f lieft—1,5 e k=2

Proof. Proof Recall that for each t € [T],k € [K]
Plugging « = 2* into Lemma 3.1 and then taking expectation with respect to &’ yield that

1 Eer[llvo(zf_y, €)II7)

BEgk[H/\tHH ] — ”)‘t H2 <E5k[ Vo(xffl,gf)],x* - Uffl> + - 9
Eer [l F(x aft)H ] % a
A= + (M Ege [F @, €0 + S (I = of 1 |* — Eee e — of ).
From Ex [vo(zfF |, &8)] = Vfo(xk ;) and Eex [F(z*,&F)] = f(«*), Assumptions 1.3 and 1.2 indicate
1 k2 k 1 M2 Ml k *
QBE; el %] — ﬁHMI <(=Vfol@ia),a" = vig) + — =2 + B0 + O f(27)) 43)
« *
+ 5 (2" = vl = Bge[lla™ = v 7))
For any t € [T], k € [K], it follows from Af > 0,, and f(z*) < 0, that
v VaF 1 Vak 1 VaF 1 M2
AVt el ) > e B NP - s I - e (5
2
% [0
+B71 + O F@) + S le" = oy P = Eg[ll2” — o7 ]))
_ Va1 Vak 1 o Vak 1 ME O M?
> Y Bl - S I - G (L + et
+ S (l2" v |2 = Egellla” — of1%))

which together with Lemma 4.2 yields
kE+1 k .
(1= min lalloc ) fola*) = (a*folaf 1) = 2= (1 = min el ) fole"))

ak+1f0(wfj—ll) T TR
Lo 1 ,  VaF 1 Vak 10 Vb 1 M3
z—gﬁu T L R e Y e e
42 (o = ol 2 — Byl o).

Taking expectation with respect to all the random vectors &;,&7, ... ,{{f , we derive

k+1
B fo(ef )] - = (1 - min el ) o(e®) — (Eelfo(eb )
k : . Lo 1 Vak 1
g (1= min el ) fola)) > 7 23 d(X)” + T BelIM P ~ )
2 2
VAl LMy VAR GME VO O et — o P — [ — o

K a2 K2 K 2

9



Summing this inequality over all ¢ € [T] and using \¥ = A\¥, 1 < Vak < 2, together with Hx* — v]O“H <
d(X), imply that

T
k*le ot = T (3 min ) o) )~ (ot S Eeliat)

Tk , i}
—?(1—%)3”%!\@ fo@))

_TLOLd(X)Q_’_ ”aki d E [”)\k H2_ ”)\k’m v TM2 o Vak ]\412

= 2 K2 Kzﬁt:15t+1 t K a2 K3

VaF a &
— e O Bellle” = o P = Jla* — )
t=1

> Lo L a0+ LE Lpinb 2 - ey - YEIME el oMy
= 2 K? KzﬁfT“ a 2 K "2
Vak o * k2
_7§EE[HHC — 5]
L BOgX? - WP = 2 - 2~ Yy
> — L D002 - LN - g - T2 - acxy,

We thus derive the inequality

T
KHZE o] - PR (1 min ) o) - (a3 Belo(rty)
t=1

K
T . N T Ly 1 T
- = (1 —mip [l ) o(a”)) > ~ g d(X)” — 5 s WM — M = TBME — ad(X)*
Noting a®*! =4, a' =1 and fy(-) > 0 and dividing both sides with T leads to (4.2). O

Our next focus is to examine the constraint violation at the output of Algorithm 1.

THEOREM 4.4. Suppose that Assumptions 1.1-1.5 are satisfied, and 2o — ﬁmMg > 0, then

Bl @]+ ] < 75 VinBy+ o mBa + vmEs + %¢m

1 1
3
Q7B2M2mE - L(QMZmE +2M3 mM)
2a—6mM2 ST oa = BmM2 T 3L

where Ey, Ey, E3 and Ey are introduced in (3.2).
Proof. Proof It is worthy to note that for any i € [m], t € [T] and k € [K],

Mip1 () 2 N (0) + BE (01, &) + Blri(vi_y, &), of — viy)

> N () + BF (i1, &) — BMs]lvf — vy
. 2
> A (i) + BFi(vf_y, &) — 5M3W(HVO($§—17§?)H + A [V/mMs

+ BVm[F(vf_y, &)+ | Ms),

10



where the first inequality follows from (2.5), the second inequality follows from Cauchy-Schwarz In-
equality and Assumption 1.2, and the third inequality follows from Lemma 3.2. Then it derives

My
Fvl, €) € 500 = M) + 50

+ BVml||[F (v}, ff)]JrHM?,)-

Note that it follows from Assumptions 1.3 and 1.2 that

(lvo(at_y, € + IAFIlV/mMs

Egr [Fy(vf_1, )] = fi(vio1), Eer[IF(vfiy, €)1 < My and Eg[lvo(at_y, &)] < Mo

Then we further take expectation with respect to random vectors &1, €2, .. fi,lf, attaining
. k- 2M k
Ee[fi(vf1)] < 5E§P‘t+1( i) = A ()] + m(M2 + Ee[| A\ IlvVmMs + By/mM;Ms).  (4.5)

Let us turn to the iterate update 2™ = zF + (vF — ml’f)%ak@, for any t € [T]U{0},k € [K]. For

1 VaF
K oF+1

simplicity, we denote n* = . We recursively apply the series and subsequently observe that

k k-1 &
=Tl -t +> TT @=u") ' +nkof,
r=1 s=1r=s+1
and
k k-1 k
[Ta-m+> [ A=) +n=1
r=1 s=1r=s+1

Recall that f; is convex, then for any ¢ € [T]U {0}, € [m], when k = K it implies

K
2+ H " £l +Z H (L =" fi(vf) + 0" fi(of).

s=1 r=s+1

Summing ¢ € [T — 1] U {0} and applying Assumption 1.5, we obtain

T-1 T-1 K K-1 K
fiaf < SO (TTa =) fitah + >0 TT Q= n")wfitws) + 0" fief)
t=0 t=0 r=1 s=1 r=s+1
K T-1 K-1 K -1 T—1
=[Ta=-m> fih+ > TI G=o)n® Y filo)) + 0" fiwf)
r=1 t=0 s=1 r=s+1 t=0 t=0
K-1 K T-1 T—1
< T =) D fiw) +0" ) filvf)
s=1 r=s+1 t=0 t=0

11



lead to

1

T—
Es[ fz(fvf{“)}

t=0

K-1 K

2T M3 M, 2MZ/m

< Ee[A AS
<3 TT 0= (5Bt ~ M) + 5o . BV

s=1 r=s+1

T

| 20BME/mM, p
Ee[[|A e LEa A
; NI+ 5 =5 ) T GReM () — AL
MMy | 2M5ym iE N[ 4 ZEOME mMy
QQ—BmMz 2a—ﬁmM32 — 3 a_ﬁmM32

~ ﬁ s<9+ 2T M3 My N 2M2\/m T9+2T6M§\/RM1)

s=1 r=s+1 n ﬁ 2a_/8mM32 2&—5mM§ 2a—ﬁmM32

(0, 2TMsMy 2M3/m T0+2T5M§\/MM1

B 20— pBmMz 20— BmM?2 20 — fmM3

- g+ 2TM3Mp 2M2\/m T + 2TBM3\/mM,
B QQmeMg QQ—BmMQ QQ—BmMg ’

where 6 is defined in Lemma 3.3. We further divide both sides of above inequality with T, attaining

1 T-1
Elfilzr)] = 7 > Eelfilaf )]
t:O

Tlﬁ(El + —FEs+ BEs 4+ afEy) + %
+ 2@2{432\”/;45 (Ey + E2 + BE3 + aBEy) + 26]\{?3%/5]\%1
= TlﬁEl + TTaEz + ng, + TE4 + W@Mgz\@ + 2M2/mEy) + W
- OM2\/mEs + M_Ognszgm& + 2@_;?7”]\/[??(2M§\/EE3 + 2M2\/mMy).
By using 2p = x5t and E[[|[f(z)]4[l] < vmE[[|[f(2r)]+ ] we obtain (4.4). O

Theorems 4.3 and 4.4 provide estimates on theoretical performances of Algorithm 1. By specifying
parameter settings we summarize the approximation ratio and error bounds in the corollary below.

Corollary 4.5. Suppose that Assumptions 1.1-1.5 are satisfied. Let T = O(I*3), K = O(I'/3),
a=1Y3 and B =173, Then it holds that

i(l - gg(l Hl"Hoo)fo(f*) —E[fo(zr)] = O3, E[|[f(zr)+|] = O /3).

Proof. Proof Under the parameter settings of this corollary, it is easy to obtain from Theorem 4.3 and

12



Theorem 4.4 that

1 1 /Led(X)?  kelr P e d(X)?
(1 —mi *) < 72 T
1 (1= minflell) @) — Elfo(er)) < 5 (5 + ——p—+ F+ )
1 1 1
Elf (zr))+l] < 75 Vm(EL + Ea) + 5 vm(Er + Es) + om— TETEYE (2M5 M,
1
m + 2MEm(E, + Ey)) + m(2M§m(E2 + E3 + M),
3
which are both in order O(I1/3). O

Under the same conditions as Corollary 4.5, by applying Markov’s inequality we obtain the fol-
lowing high probability bounds at xr. More specifically, for any p,, p. € (0,1), it holds that with
probability at least (1 — p,),

1

1 (1 ~ min HxHoo)fo(:r*) — fo(zr)

i( 1 <L0d(X)2 | el [N MR ME d(X)2>>

= o\ 8 4 4 T 4

and with probability at least (1 — p.),
1

I @r)ll < pc(lf/g\/mEl 4B + g (s + Ey) +

1
2115 — [~ mM2

(2M3M;

m + 2M2Em(Ey + Ey)) + (2M2m(Bs + Es + Ml))).

1
212/3 — mM32

5 Monotone case

In this section, we study the case when fj is monotonously increasing. To proceed, we lay out another
assumption that is common for monotone DR-submodular maximization.

Assumption 5.1. The set X C [0,1]" contains the zero vector.

Under Assumption 5.1, the initial point 2} is 0,,. And to accommodate the monotone case, we
define the mapping M as

Ma, o) = ok + 2of, Vi [T]U {0}k € K] (5.1)

In the following, let {zF} be generated by Algorithm 1 with operator M as defined in (5.1) and
TR = xﬁ“ with R being uniformly randomly chosen from {0,1,...,7 — 1}.
The following two theorems demonstrate the expected approximation bound and constraint viola-

tion at the output zg. Detailed proofs are presented in Appendix C.

THEOREM 5.1. Suppose that Assumptions 1.1-1.8 and Assumption 5.1 are satisfied. Then we have

(1_§)h@w—EUMmM

AgmﬂXV+l%§+ﬁ%f+ngﬁ+4me%mﬂyw
K 2 a 2 2 T 2 BT 2 ’

(5.2)

<
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THEOREM 5.2. Suppose that Assumptions 1.1-1.4 and Assumption 5.1 are satisfied, and 2a—6mM§ >
0. Then it holds that

v/ m 2+/mMs M-
E[|[[f(zr)]+]] < Yom (E1 + Eb+ﬁE3+aﬁE@ t o
T6 2a0 — SmM;
2m M3 28mM; M3
— 2 _(F —E B E. _—
+2a—BmM§( 1+0¢ 2+ PEs +ab 4)+2a—ﬁmM§’

where E1, Ea, Es3, and Ey are introduced in (3.2).
By specifying the parameters in Theorems 5.1 and 5.2 as
T=0I%*%, K=0I'3), a=13 =13, (5.3)

we obtain the following relations:

(1 1)f(*) E[fo( )]<1(Lod(X)Q+M22+M12+d(x)2+£?;(<]ll>\kllz>
e 0l® ORI} = 1/3 2 2 2 9 2 s
2 mM3M2
B (el ) < 75 (B + ) + Yo7 (B2 + Ba) + e o
2mM§ 2mM§
i+ E —————(F+ Es+ M

which are both in order O(I7'/3). For completeness, we summarize these results as follows.

Corollary 5.3. Suppose that Assumptions 1.1-1.4 and Assumption 5.1 hold. Under parameter setting
(5.3) we have

(1—1/e)fo(x*) = Elfo(xr)] = O %) and E[|[[f(xr)]+|] = O(I'/?).
By applying Markov’s inequality we directly establish high-probability bounds at . That is, for
any given p,, p. € (0,1), with probability (1 — p,) such that

max ||)\’7“H2

2 2 2 2
(1—i>fo($*)—fo(x1~z)§:0<lll/3(mm+M2+Ml+d(X) 4 I ))

2 2 2 2 2
and with probability (1 — p.) such that

D

WW@M_1QW@+&)éM&+&) 2/ M3 Mo

201/3 — [-13mM3

2mM?
2113 — [-1/3m M2

2mM3

- 212/3 — mM32

(E1+ Ey) + (B2 + E3 + M1)>

Remark 5.1. In comparison to our work, [33] focus on problems in online setting with stochastic
constraints and deterministic objective function. Here, the stochasticity of constraints refers to that the
constraint function is randomly chosen from a class of functions following an underlining distribution.
At each moment, exact gradients of the objective function and constraint at multiple points need to
be calculated. However, our work differs in that we consider more general stochastic settings. More
specifically, we allow stochastic gradients of the objective function and stochastic subgradients of the
constraint can be accessed. Moreover, in our algorithm only one random sample is called at each
iteration. In addition, [33] require the assumption of smoothness on the constraint functions. We
instead assume the availability of approximate subgradients of constraint functions at a given point.
Besides, [33] only study the case with monotone objective, while we consider both non-monotone and
monotone cases.
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6 Illustrative examples

To validate our theoretical analysis, we present three illustrative examples and report associated test
results. These examples were conducted in Python 3.8 on a server with an Intel® Xeon® Gold 6230
CPU. We apply the V-FISTA variant algorithm ( [3]) to solve (2.3).

6.1 Welfare maximization with production cost

In first example, we consider the welfare maximization with production cost [33], formulated as

N

o fo(x) := ;Zlog det (diag(z) (L; — I) + 1)
v (6.1)
s. t. fi(x) ::%Z(ﬂlTPix—b) <o.
i=1

We generate L;, P, € R"" i € [N] as random positive definite matrices whose eigenvalues are
uniformly chosen from [10716 3] and [0.3, 6], respectively, where n = 50, b = 4 and I is the identity
matrix. In this setting, we can easily see that f1(0,) < 0, thus the Slater’s condition is satisfied.

For Algorithm 1, we set the maximum number of iterations in the outer loop as T' = 100, and the
number of iterations in the inner loop as K = 10. The initial points are ¥ = 0,, and \* = 0, where
k € [K]. For any t € [T] and k € [K], we randomly and uniformly generate a batch of indices from
[N] with size as 10. This is used to compute the mini-batch stochastic function values and stochastic
gradients of fy and fi, respectively, aiming for constructing the model function (2.2). Regarding the
trend of objective function values along with the outer iteration index ¢, we compute the averaged
values at past iterates to show more stable performance. For instance, we compute %2221 folxs),
where xs := X+ and s € [t], and record its trend as ¢ increases to T. Additionally, we compute the
averaged constraint violation 1 S i)+

In numerical tests, we first examine the exact version of our algorithm and compare the results
with Algorithm 1. The exact algorithm refers to the version that in step 8 of Algorithm 1, we compute
exact information of the objective and constraint functions instead of their stochastic approximations.
Considering the increased computational time due to the exact information computations, we slightly
reduce the scale of N to 500. Figure 1 shows the comparison results of the two algorithms, noting
that the accuracy of the solutions from Algorithm 1 is almost indistinguishable from those of exact
algorithm. This indicates that our algorithm can achieve similar accuracy to the exact algorithm
within much less CPU time, highlighting the efficiency advantage of our algorithm.

To evaluate the performance of Algorithm 1 in solving (6.1), we also compare with the benchmark
algorithm, Python’s built-in function minimize, in Figure 2(a). In this setting, we set N = 6000.
The pink line represents the results obtained by Algorithm 1, with values reaching as high as 3.4159,
while the cyan line corresponds to the results obtained by minimize, culminating in a measure of
3.4184 with an slightly constraint violation 1078, As can be observed from Figure 2(a), the objective
function value and constraint violation by both algorithms converge to a similar level. This indicates
that both Algorithm 1 and the benchmark algorithm are able to effectively solve the problem. Figures
2(b) and 2(c) show the function value and constraint violation v.s. the outer iteration number for 4
function instances with different values of b. It is evident that despite variations in the parameter b,
our proposed algorithm manages to sustain a stable output.
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Details after 60th Iteration

25 350 —— obj_exact
obj_AlgL

(a) (b)

Figure 1: (a): function value and constraint violation v.s. outer iteration number for Algorithm 1
and exact algorithm. (b): CPU time (minutes) v.s. outer iteration number for Algorithm 1 and exact
algorithm at the first 40 iterations out of 100 iterations.

con_Algl

obj_Alg1 5
—— obj BL
25 ~-- conBL

TTTT
Lokl

&

Figure 2: function value and constraint violation v.s. outer iteration number for different settings of
b. (a): b=4. (b) and (c): b=2,4,8,16.

6.2 Finite-sum quadratic programming

In second example, we consider the following quadratic programming problem

N
Il g .,
0, 2521, fo(‘r)_NZ(ix H«’U+h.x+6)

, N
s. t. N; i —b;)

In this example, we define the parameters as follows: N = 2000, n = 100, and m = 5. For each
i € [N], we generate H; € R"*" a random symmetric matrix with uniformly distributed non-positive
entries spanning [—10,0]. Additionally, 4; C R™*" denotes a random matrix with entries uniformly
distributed over [0, 1], and b; = 1,,. To preserve the non-monotonic behavior of fy, we set h; =
—0.2HiT 1,. To guarantee that fy remains nonnegative, we initially address the optimization problem
(6.2) with ¢ = 0 using Python’s built-in function minimize. Denoting the obtained solution by Z, we
subsequently adjust ¢ to be f(Z) + [0.1f(Z)| in (6.2) to maintain non-negativity. It is apparent that
the Slater’s condition is fulfilled since f(0,) < Oy,

For Algorithm 1, the sampling process to compute approximate function information is the same
as described in Subsection 6.1, except that the batch size is chosen as 5. We choose T' = 200 and
K = 44, respectively. The initial points are set as o* = 0,, and A\¥ = 0,,,, where k € [K]. To evaluate

(6.2)
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the performance of Algorithm 1 on problem (6.2), we compare it with the algorithm minimize. In
Figure 3(a), we plot the objective function values and constraint violations averaged in the way same
as first example. The objective function value obtained by minimize is 16673. And by the 200th
iteration of Algorithm 1, the averaged objective function value fo(z209) reaches 16632. Concerning the
violation of constraints, Algorithm 1 reaches a feasible solution at the 200th iteration; however, the
value produced by minimize slightly exceeds the limits by 0.05. Overall, the results by two algorithms
are in the same level, demonstrating the comparable performances of Algorithm 1. In Figure 3(b), we
depict the curve of the objective function value as it increases with the number of outer iterations when
the parameter b changes. The main figure details the changes in the objective function throughout the
entire iteration process, where the value increases from 0 to 16000. We show an enlarged detail of the
objective function from the 70th iteration onwards on the secondary axis. Figure 3(c) offers a depiction
of the alterations in the constraint violation with the increase in the number of outer iterations. By
adjusting the parameter b, it provides additional insights into the stability of our algorithm.

folxaoo) = 16639

Details after 70th Iteration
1eq

100 obj_Algl
1

con_Alg:
— hlEl

00
0 25 50 75 100 125 150 175 200 0 25 0 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
t

Figure 3: function value and constraint violation v.s. outer iteration number for different settings of
b. (a): b=1. (b) and (¢): b=10.5,1,2,4.

6.3 Influence maximization

In the influence maximization model, we focus on activating certain nodes in a given social network
with the aim of enabling these nodes to influence as many other nodes as possible. The influence
maximization model with budget allocation, also known as the source-node bipartite influence maxi-
mization model [34], is taken into consideration in the following. Consider a weighted bipartite graph
G(S,T,&,p), p: E—[0,1] on media channels nodes S and clients nodes 7 with edges (s,t) € £ im-
plying that media channel s € S has the probability ps; to activate client ¢ € 7. Besides, every media
channel s € § is limited by a given budget u(s) and has a weight ¢(s), and we define its neighboring
media channel set as I'(s). Allocating budget z(s) to the media channel s allows us to model this
problem in the following form:

1 & 2(s)
o, o=y 2 (2 (- I (-02) )
ot }i(z ¥9a(s)) b <0

Note that the objective function is monotone. In this model, we employed the MovieLens dataset, with
the userld being S and the movield being 7. We pick a segment of the data where the userld in set S
are below 10 and the movield in set 7 are below 100. Besides, we set N = 1000,u = 1,,,T = 50, K =
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20,7% = 0,,, \* = 0,k € [K]. And the batch size is 10. Tt is worth mentioning that the output of our
algorithm is always feasible, so we only provide illustrations of changes of objective function values

V.S.

the maximum outer iteration number in Figure 4, with varying budget b. As can be observed,

although b varies, our algorithm performs stable.

7

Figure 4: function value v.s. outer iteration number for varying budget b

Conclusion

This paper presents an algorithmic framework for stochastic approximation methods to solve DR-
submodular maximization with convex functional constraints. Each subproblem is constructed based
on zeroth-order and first-order stochastic approximations to the objective function and constraint
functions. Under certain update scheme for problems with non-monotone objective and with mono-
tone objective respectively, we present approximation analyses for both cases. For the former case
the proposed algorithm achieves (1 — mingex ||#]|~) /4-approximation, while for the latter case the
approximation ratio is (1—1/e). And the approximation errors and constraint violations for both cases
are in order O(I -1/ 3), where I denotes the total number of samples. At last, we provide experimental
results on three illustrative examples to showcase the effectiveness of our algorithm.
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A Proofs of auxiliary lemmas in Section 3

A.1 Proof of Lemma 3.1

Proof. Proof Note that QF is a-strongly convex. Then from the optimality of vf, we have
o
Qf (x) —gl\l‘—v I > QF(vf), Vo € X, t € [T], k € [K],

that is,

1 « 1
<_V0(x1]‘,€—17§1{,€)7 Ut 1) ?Z i) + BF;(v_1, &) + Blui(vf_y, &), 2 Uﬁﬁ]i‘%u)\ﬂﬁ

A

1 m
+5 (2 = of 4|2 = 1z = o} )2 55 L) + AR €) + S0, ), of ool

B
1 leY
—*BH/\fIIQJr (—vo(@f 1, &), v —vfq) + §||vf —uf . (AD)

C

Let us first look at the term “B”. Following the computation of )\f " 1 We obtain
Lok 2
B = %Ilmlll :
Regarding the term “A”, it follows that

1 =k 1

IN

1 & .
35 2K+ 3Fe €~ g5l

_ g”F(x,gf)HQ + (L F(x,6),

where the first inequality is due to that v;(vF |, £F) is a subgradient of Fj(z,&F) at vf |, AF(i) > 0 and
F;,i € [m] are convex with respect to x. It also uses the fact that [a]+ < [b]+ for a < b. To estimate
the bound of “C”, we can derive that

k a g k
C=(-w 5Ut 1aft) —viq) + §||Ut —Ut—1||2
1 k kH2 1 ko ek 2
= — ——p(zf — —||vo(zF_+,
H\f it e - llate g
Z—7||V0($t LENA

Hence, we infer from (A.1) that for any ¢t € [T, k € [K],

B a
(v, €)@ = vy + I, €)1+ O, Fa, €8)) + 5 (o — ol = o = of )
vk, 81

1 1
- )\k 2 - )\k 2‘
> MDD | e - i

Rearranging the terms leads to (3.1). O

22



A.2 Proof of Lemma 3.2

Proof. Proof According to the analysis of term “A” in (A.2), we obtain
Z[Af(i)+ﬁFi(Uf—1a§f)+5<Vi(”f—1a§f)v$_vf 1 Z)‘t ) + BFi(z, ft)]
i=1 izl

Hence, it implies from (A.1) that

1 m
(onleforn )=o) + 55 NG + AR DI (;‘ux ol = Slle = o2
1 m
7,6’2)\"/ i) + BE; ("Ut 1=§t)+5<’/2(’0t 1aft) k71>]2++%llvf—vffl\l2-

By setting x = vf_l, we derive

AE(3) + BF;(vF_ 1, €M)

Siia
.ME

s
Il
i

k k k k k k
a”“t - Ut—1||2 < <_V0($t—17£t )aUt—l - Ut) +

1 m
9 D) + SR 8h) + pltet gk — 0

1 m
< (—wo(afy, &) vy —of) + 25 D RIGE) + BFi(viy, &)+
1=1
B (vi_1, ), vf — o)+ (Bluilvf_y, &), vf — vf1))?]

i
2=
.MS

@
Il
—_

2(1A7 (8)] + BLFi(vf 1, €5)]+)
Vi(“t—hff)a”f —Uf—1>)2]

(’)‘t()|+/8[ (Ut 1a§t)] )

< (—vo(ah_, €F),vF | —of

' |B<Vi(vf—17£f)avf - Uf—1>| +

~~

B

—~

< llwo(ziy, &) vty — vyl +,

NE

s
Il
-

'M3HUt "Ut 1+ 8 3”% —Ut 1||}

< wo(af1, €0MIvEy — o7l + (Vml A+ Bvmll[F (v, €)]+11)
mM3

2
- Msllof — oy || + 8 lof — vy |
where the second and third inequalities are due to [a]3 — [b]3 < 2[a]4|a — b + (a — b)* and [a + b]4 <
la| + [b]+ for any a,b € R, the fourth inequality is due to Cauchy-Schwarz Inequality together with
the Assumption 1.2. Dividing both sides by [Jvf — vF ||, we attain

mM?2
allvf —of || < llvo(zfy, €01+ (WmlIAFI + Bv/ml| [F (vf 1, &)+ )M + 8 5 3 |vf — o4 I,

which further yields the final result due to 2a — fmM2Z > 0. O
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A.3 Proof of Lemma 3.3
Proof. Proof For any t € [T], k € [K], i € [m], we have

ng[)‘f+1(i)] ]Egk[[)\k( ) + BE; (Ut 17§t)+/8<yl(vt 17§t) Uffl>]+]
< @)+ + BEg [[Fi(vi1, €]+ ]+BE55[[<Vi(vt_1,£f),vf — v 1)]+]
S AP(0) + BMy + BEg vy, &) |0f = vfy ]
< N (@) + BMy + BM3d(X),
where the first equality follows from (2.5), the first inequality is by the fact [a + 0]+ < [a]4+ + [b]+,
for any a,b € R, the second inequality is because of )\k( ) > 0, Assumption 1.3 and Cauchy Schwarz
Inequality, and the last inequality is from Assumption 1.2. Then we take expectation with &, proving

that
[/\t+1( i)] < E&P\t( i)] + BM; + BM3d(X),

In other words, E¢[AF, ()] increases at most 3(M; + M3d(X)) based on E¢[A; k()] for any k € [K].
Using these recursive relations, and recalling that Af (i) = A¥(4), we can bound E¢ [)\f( )] and E¢[|[AF, ][]
by

)+ (t = 1)B(M + M3d(X)), (A.3)

Ee[A/ ()] < A*(i
] S EellIAf + B(M1 + Md(X))1ml] < Ee[lIAFN] + B(My + Msd(X))V/m. (A.4)

Ee[[[Afy1

We now introduce 7 := [4]. Our subsequent analysis splits into two cases for ¢ € [T].
Case 1. t € {1,...,vy + 1}. It follows from (A.3) that

Ee[[IAFI] < [IN" + (£ = 1)B(M1 + M3d(X))1,n]
< A+ (8 = 1AMy + Msd(X))v/m
< [IAF]] + 2(My + M3d(X))y/m < 6.
Hence, the conclusion holds.
Case 2. t € {y+ 1,7+ 2,...,T}. We will prove the conclusion by induction. Note that we have

proved the case when ¢t = v+ 1 in Case 1. Now suppose E¢[||Af]|]] < 6 holds for any y+1 <t <T — 1.
We next show that E¢[|[A\%]]] < 6. It suffices to prove the conclusmn when E¢[||AX[] > E¢[|[ A% M

From Lemma 3.1, forany x € X, t € {T' —~, T —y+1,. — 1} and k € [K], it holds that
1 1 1 ||Vo(f€k_1,§tk)H2 1P, )12
Sl = IR < ety elace) + LIEELSID PG

k k - k k
+ O (@, 60)) + 5 (le = v 1P = llz = o ).
Plugging x = & which satisfies the Slater’s condition as in Assumption 1.4, taking conditional expec-

tation given FF with respect to & and utilizing Assumptions 1.3 and 1.2, we obtain

1 1
%ng[!\/\fﬂ!?] - ﬁ\IAfHQ

10 EgllF G eh)IP)

SA@«Xw+—32+6ff e+ O Eg F(3,60))) + 5 (18 — v |2 — Ege[l13 — of|2)
1 M2

= Mod(X) + =222+ 5L O, @) + o (I — ol ~ Bl — of11).
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From Assumption 1.4, A¥(i) > 0 and || AF|| < 327, A¥(4) it indicates

F (@) = D A fi(@) < DA (—Ma) < =My A
i=1 i=1

which further implies that

1 M2
5E£t el 1% — BII/\fHQ < Mpd(X) + *72 + /5 = My||AF|l + 5 [Ilw — vl = Bge [l — of °]).
Taking expectation with respect to random vectors &1, 5%, e ,5115 , we derive
1 1 1 M2 o .
%EE[H/\%!W 25 Ee[[[AF]%] < Mod(X )+*f2+5 M4Es[||>\fH]+§E£[!\$—vﬁlllz—|| z—of|?)-

Then summing over all {T'—~, T —~v+1,...,T — 1} yields

2 k 2
25E§[H)‘T” A7 [I7]

T-1
1 M3 « . .
< (Maa(X) + - + 5 )’v =My Y BN+ 5Eelll2 — vf o l® — 12— vf 7]
t=T—~
Recall that E¢[[|A%||] > Ee[||A%_ ||], which implies
1 M2 = a
0< (20 + 22 L g MY S e+ Sax
t=T—~

By rearranging terms of above inequality the following relation holds:

T-1
1 M2 o
k 2 2
My Y Bl M) < (Mad(X )+ -2+ Bt ) + A0 (A.5)
t=T—~
Assume, for a contradiction, that E¢[|[A%[]] > 6, which joint with (A.4) indicates
Ee[[IAf]] > 6 — (T — £)3(My + M3d(X))v/m,

foranyt € {T —~, T —~v+1,...,T — 1}. Thus, the left hand side of (A.5) is lower bounded by

T-1 T-1
My Y Ee[INf) > My Y 10— (T = )5(M + Msd(X))v/m]
t=T—~ t=T—v

= OyMy — ﬂWM;;x/ﬁ(Ml + M3d(X))
> 0y My — (1 +v)May/m(My + M3d(X)),

where the last inequality is due to By = 3 - f%l <1+ B < 2. Then combing with (A.5), we obtain

00y — (14 ) Ma/m(My + M3d(X)) < (Mad(3) + S22 4 5250 4 @iy,
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It leads to

1 1M M2\ 1 1d(X)?
il Mod(X) + =22 1 -
9<(1+’y>\/R(M1+M3d(X))+< 2d(X) + - +ﬁ2)M4 oS
1 M3 d(X)?
< (1+ B)vm(My + Mzd(X ( +——2+B >—+aﬁ ( )
M,
Mod( ) 1 M2 d(X)?
= vm(M; 4+ M3d(X)) + M, +5\F(M1+M3d( ))+52M4+045 M,
This however contradicts the setting of 8. Hence, conclusion of the lemma is derived. O

B Proofs of lemmas in Section 4

B.1 Proof of Lemma 4.1

Proof. Proof Observe that this is certainly true for k = 1 from z} € arg minxe X H:pHOO for any t €

T ]U{O} When k > 2, according to Step 10 in Algorithm 1, it yields from % =
and vf 71 € X C [0,1]" that

k k-1 k kel k1) 1 VaFl
Ly —af = (1a—af™!) = (oF - 2f7) F) () g

(1.
> (1) = (ot (o - ) 2 () S

Continuing this procedure and considering that a' = 1, we reach the conclusion. O

ak’—l a

B.2 Proof of Lemma 4.2
Proof. Proof For any t € [T], k € [K + 1], by (1.2) and Lemma 4.1, we attain that
(Vfolaf_y), 2™ — af_y) = folafy vV a™) + folafy Aa*) = 2fo(xf)
> folafy Va*) +0 = 2fo(zy_y)
> (1= ||zf_1lloo) fo(z™) — 2fo(zi1)

1 — mingex “x"mf0($*) — 2,}"0(90715€ 1)

- V¥
Rearranging these terms derives
(1= min lalloc ) fole*) < VaF((Violaf 1) a* = af 1) +2fo(af ). (B.1)
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Then it yields that

1 —mingex ||z "
a fo(att) - X [ oe ey by

= g"! (fo(xf+11) fo(xffﬂ) + ("t = a®) fo(af ) — L minaex HIHOOfo(ﬂf*)

K
k
= gF*! (fO (xffl + (Uffl - xf1)[1(;£i> - fO(xfl)> + (akH - ak)fO(wffl)

1 —mingex ||zflw

% fo(z®)

1 Vak\ Ly 1 a*
> o+ <<Vfo<xfl>, s ot grme) ~ 3 RE el - xfl"2>

1 —mi
mln?X HxHOOfO(x*)

1 Va* Ly 1 a*
k+1 k k k 0 2
> o ((Vhalok ), (01— ab ) o ) - 7ﬁ—(am)gd<x> )

+ (@ =) folafy) —

ak
(- (et - Y ((Vholatr),a” = 2y ) +2fo(afy))
ak
> otk ) (@ — 04 = 258 1 (W), (o — o) V) - L0 L g(xy
ak
= folak ) + <Vfo<xf_1>, 1 - Yy - o Ly

k L
> <Vf0($f—1)a (v g — x*)\/[g> - 70%(1()()2

for any t € [T, k € [K], where the second equality follows from the update of z¥*! in Algorithm 1,
the first inequality is because of the Ly-smoothness of fj, the second inequality is due to (B.1) and
the definition of d(X), and the last equality follows from the setting of a*, k € [K + 1]. O

C Proofs of theorems in Section 5

C.1 Proof of Theorem 5.1

Proof. Proof The monotonicity of fy, along with the DR-submodularity of fy as given in (1.2), ensures
that

(—=Vfo(af 1), 2%y < (=Vfolaf ), (@* — 2 1) VO0,) = (=Vfo(af ), 2" Vay , —af )
< —(fola* vy ) — folzt ) (C.1)
< —(fo(z*) = folaf_1)).
Besides, the Lp-smoothness of fj joint with the update (5.1) leads to
Folel ) — Foleby) = folby + 2oky) — folaby)

1 L

> (Vfolwkr) vk ) = 525k 1P
1 L d(X

> <Vfo(:cf,1), EU£1> 021((2)
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implying that

Lod(X)?
(V ol _1), vh0) < K (o) — folaty)) + 250 (©2)
Adding (C.1) and (C.2) enables us gain the following bound
Lod(X)?
(Vo). " o) < —(ola) — foleb) + K (o) — folatn)) + 225
which, together with (4.3), f(z*) < 0,, and Af > 0,,, indicates that
1 Lod(X)?
St N %] — H/\t I < —(fola®) = folzi1)) + K (folatt)) — folaf_y)) + =5 ==
23" ¢ 2K
1 M3 M}
F 202 6T 04 Sl — o~ Egella® 17D,
By taking expectation with respect to all the random vectors &1, €2, ... ,57{( we obtain
1 x
35 Ee[ll3i %] - ﬂEg[H/\fHQ] < — Ee[fo(z") — folzi )] +KE§[fo(wf+11) folaty)]
Lod(X)? 1 M2 . .
+ + -2 +/3 5 Eellla” = of 4 I - Eellle” — vf|1?)-

2K
After rearrangement, dividing both sides by K shows that

1 1 Lod(X)? 1 M3 M?
EWWﬂ—Mﬁ%KO—KﬁmWﬂ—MﬁM+KQOé)+M1;+§;

« * *
sre Bl = INE P + e Bellla™ = vy P = [l = )

ZﬁK

By summing up the above inequality over ¢ = 1,..., T, we obtain from \¥ = A\* and [|z* — vf|| < d(X)
that

Ee[T fo(a XT: ktly) (1 )IE T fo(x ZT:f T Lyd(X)* | T My T5 M

(x - = zr —_— =4+ ——

0 v 1) k) I0E t:10t1 K2 2 Ka 2 K 2

SH2 g & d(X)?
vk :
From the above recursive relations and denoting C7 = %%X)z + KLOCMTQQ T?'BMT% %d();) , We
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further derive

t=1
1 T
<(1- ?>E5[Tfo(x*) = folaf)] + O+ TBKHAKIIQ
t=1
) T S\K 2
< (1 (- )R - e+ gl v I
1\2 a
< (1- %) BelTh() =Y folwls >}+201+25K N2+ AP < - <
t=1
1\K . T k(2
< <1 — E) Eg[Tfo(x ) — Zf()(‘rt 1)] + KCy + 2/67 Z HA H
t=1
< (BT fo(a®)] + KCh + g o [V,

where the last inequality follows from (1 — %)K < % and fo(-) > 0. Rearranging the terms, dividing

by T and applying the randomness of R imply that

1 K
(1 - g)fo(x*) —Elfo(zr)] < ?01 + 25771 rer IN]1%,

which indicates (5.2). O

C.2 Proof of Theorem 5.2

Proof. Proof For any t € [T], according to the update scheme defined through (5.1), we have mfi ng =

0, + % Z,I::l vf_l. It then indicates from the convexity of f; that

Blfi(el ) = Be[£i (5 th J}slﬂi&mw_m.
k=1

Therefore, we conclude from (4.5) and I = TK that for any i € [m)],

K T
Elfi(z5)] Zngz @) < 730 D Bel o)

k=1t=1

<EZZ{ el (1) ~ MO + 5o 50l + BN VM, + 5V}

1 k 2M3M> 1 2y/mM§ 28y/mM M3
<5 2 Felan 60+ 5 ¢ ZZEenw P VRl e v

=1 k 1t=1
- L o+ 2M3 Mo 2/mM3 23/mM; M3
T 20— BmMz 20— fmM2  2a— BmM3’

where the fourth inequality is due to Lemma 3.3. Therefore, the conclusion is valid relying on the
definition of # and the relationship between || - || and || - [|co- O
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