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Abstract

Identifying the most representative subset for a
close-to-submodular objective while satisfying
the predefined partition constraint is a fundamen-
tal task with numerous applications in machine
learning. However, the existing distorted local-
search methods are often hindered by their pro-
hibitive query complexities and the rigid require-
ment for prior knowledge of difficult-to-obtain
structural parameters. To overcome these lim-
itations, we introduce a novel algorithm titled
Multinoulli-SCG, which not only is parameter-
free, but also can achieve the same approximation
guarantees as the distorted local-search methods
with significantly fewer function evaluations. The
core of our Multinoulli-SCG algorithm is an in-
novative continuous-relaxation framework named
Multinoulli Extension(ME), which can effectively
convert the discrete subset selection problem sub-
ject to partition constraints into a solvable continu-
ous maximization focused on learning the optimal
multinoulli priors across the considered partition.
In sharp contrast with the well-established multi-
linear extension for submodular subset selection,
a notable advantage of our proposed ME is its
intrinsic capacity to provide a lossless rounding
scheme for any set function. Finally, we vali-
date the practical efficacy of our proposed algo-
rithms by applying them to video summarization,
A-optimal design and coverage maximization.
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1. Introduction

Subset selection aims to identify a small group of repre-
sentative items from a vast ground set, which finds numer-
ous real-world applications in the fields of machine learn-
ing, operations research and statistics, including feature
selection (Das & Kempe, 2008; 2011; Qian et al., 2015;
2017), data summarizarion (Lin & Bilmes, 2010; 2011; Wei
et al., 2015; Mirzasoleiman et al., 2016), product market-
ing (Kempe et al., 2003; Tang et al., 2018; Han et al., 2021),
sensor placement (Krause et al., 2008; Hashemi et al., 2019;
DeValve et al., 2023) and in-context learning (Kumari et al.,
2024a;b; Fan et al., 2025). Beyond the aforementioned rep-
resentational capacity, ensuring the diversity and fairness of
the chosen subset is of significant importance. For instance,
in various marketing scenarios, it is essential to equitably
allocate free products across different communities (Tsang
et al., 2019). To this end, partition constraints are often
imposed in the process of subset selection, which involves
dividing the entire set into non-overlapping sub-classes and
then fairly distributing the total budget among them. Mo-
tivated by these findings, this paper explores the subset
selection problem under partition constraints.

Broadly speaking, the subset selection problem is NP-
hard (Natarajan, 1995; Feige, 1998), implying that no
polynomial-time algorithms can solve it optimally. In light
of this hurdle, many studies have focused on designing
efficient approximation algorithms to address the subset
selection problem. Especially when the utility function as-
sociated with the subset selection problem is submodular,
a plethora of effective and practical algorithms have been
proposed for maximizing this type of functions subject to
partition constraints (Fisher et al., 1978; Calinescu et al.,
2011; Filmus & Ward, 2012b; 2014). Additionally, it has
been frequently observed that there are also many scenarios
inducing utility functions that are “close-to-submodular”,
but not strictly submodular. Examples include variable se-
lection for regression (Das & Kempe, 2018; Elenberg et al.,
2018), video summarization (Chen et al., 2018a), neural
network pruning (El Halabi et al., 2022) and sparse optimal
transport (Manupriya et al., 2024).

Compared to the extensive literature on submodular func-
tions, there is a limited amount of research exploring the
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maximization of “close-to-submodular” objectives under
partition constraints. Notably, Thiery & Ward (2022) re-
cently proposed a distorted local-search algorithm to maxi-
mize an important class of “close-to-submodular” functions

named (v, 8)-weakly submodular functions and demon-
d that thi h W2(1,ef(ﬂ(17w)+w2))
strated that this approach can secure a T2

approximation under partition constraints, where 7 and (3
represent the lower and upper submodularity ratio respec-
tively. Subsequently, Lu et al. (2022) extended this local
search to another class of “close-to-submodular” functions
known as a-weakly DR-submodular functions and also con-
firmed a (1 — e~ ®)-approximation guarantee under partition
constraints, where « is the diminishing-return(DR) ratio.

Despite the superior theoretical guarantees of distorted local-
search methods, their practical implementation often faces
two significant challenges: i) Reliance on Unknown Pa-
rameters: Distorted local search generally requires prior
knowledge of specific structural parameters regarding the
objective functions, such as the submodularity ratio and
diminishing-return(DR) ratio. However, in practice, accu-
rately estimating these parameters can incur exponential
computations. ii) Prohibitive Query Complexity: Due
to the absence of necessary structural parameters, Lu et al.
(2022) and Thiery & Ward (2022) have to adopt a brute-
force O(1/€)-round guesses of these unknown parameters
to approximate the distorted local-search methods, which
will result in an extremely high O(1/€%) and O(1/€®) num-
ber of value queries to the objective function, respectively.
Thus, a natural question arises:

Is it possible to develop a parameter-free and query-
efficient algorithm for the “close-to-submodular”
subset selection problems under partition constraints
while keeping strong approximation guarantees?

J

In this paper, we will provide an affirmative answer to
this question by presenting an effective algorithm titled
Multinoulli-SCG, which not only reduces the strict require-
ment for the exact knowledge of both submodularity ra-
tio and DR ratio, but also can attain the same approxima-
tion guarantees as the aforementioned distorted local-search
methods with only O(1/¢?) function evaluations. The cor-
nerstone of our Multinoulli-SCG algorithm is an innovative
continuous-relaxation framework termed as the Multinoulli
Extension(ME), which aims to learn a multinoulli distribu-
tion for each community within the partition constraints and
subsequently leverage these distributions to make selection.
In sharp contrast with the well-established multi-linear ex-
tension (Calinescu et al., 2011), a notable advantage of our
proposed ME is its inherent capability to provide a lossless
rounding scheme for any set function. Instead, all known
lossless rounding schemes for multi-linear extension require

Table 1. Comparison of theoretical guarantees for a-weakly DR-
submodular maximization over partition constraints. Note that
‘Para-free’ indicates whether the method does not rely on prior
knowledge of «, ‘OPT’ represents the optimal value of the subset
selection problem (1), ‘Distorted-LS’ is the abbreviation for the
distorted local-search method,‘Distorted-LS-Guessing’ denotes
the distorted local-search method with O(1/¢€)-round guesses,  is
the rank of partition constraint, e.g., r = Zszl By, in problem (1),
and n is the size of the ground set, namely, n = |V| in problem (1).

Method Para-free? | Queries Utility
(Khasr?;;lg Zﬁdl\fifﬁfly, 2019 Y O(nr) | (155)OPT
(L]?l isettogfdz‘gzsz) X Q2| (1-e)OPT
e | v ou 1o

Multinoulli-SCG
(Theorem 4&Remark 8)

3

v 02| (1-e*)OPT—¢

€

that the objective set function is submodular.

Our Contributions. i): This paper introduces a novel prob-
abilistic framework for the subset selection problem under
partition constraints, which we refer to as the Multinoulli
Extension(ME). Furthermore, we conduct an in-depth explo-
ration of the differentiability, smoothness and monotonicity
regarding the ME. More importantly, we establish an up-
per bound for the gap between the function value of our
proposed ME and that of the original set function. ii): We
propose a novel algorithm named Multinoulli-SCG, which
effectively integrates the concept of continuous greedy, the
path-integrated differential estimator and the relationship
between our proposed ME and its original set function. More-
over, we prove that, when the objective function is mono-
tone a-weakly DR-submodular or (v, 3)-weakly submod-
ular, our Multinoulli-SCG algorithm can attain a value of
o W2(1,ef(ﬁ(lfv)+“r2)) .
(1 —e *)OPT — € or ( IEEmy JOPT — € with
only O(1/€?) function evaluations, where OPT denotes the
optimal value. These results not only significantly improve
the previous O(1/€%) and O(1/€*) number of function eval-
uations associated with the distorted local-search methods,
but also match the information-theoretic O(1/€2) lower
bound (Karbasi et al., 2019; Hassani et al., 2020). iii): We
demonstrate the practical efficacy of our proposed algo-
rithms by applying them to video summarization, bayesian
A-optimal design and maximum coverage.

Related Work. Due to space limits, we primarily focus

on the most relevant studies, with a more comprehensive

discussion provided in Appendix A. Chen et al. (2018a) was

the first to investigate weakly submodular maximization

beyond simple cardinality constraints, which pointed out

that the Residual Random Greedy method of (Buchbinger
al

et al., 2014) can achieve an approximation ratio of (F=oE

for the problem of maximizing a monotone ~y-weakly sub-
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Table 2. Comparison of theoretical guarantees for (v, 3)-weakly

submodular maximization over partition constraints. Note that
L 2(1—em (B

¢(’Y76) - 6(1*’Y>+’Y2
the method does not rely on prior knowledge of v and 3

and ‘Para-free’ means whether

Method Para-free? | Queries Utility
 Chenetar oot | ¥ | 0w | (am)oeT
(Khasli:;?; gdwilfjgly, 2019) v O(nr) <%ﬁl )OPT
Clhienm & W 200 | Y| O | (55)0eT
(Thie]r);sg r\;e/jr_iszozz) X |Qnr27) | 6(y,5)0PT
oo et oo | ¥ | 00 |(002.9) — 0P
(Thlzf)l:::ﬁrr?gzlg-esrrig{ 8) v |O(E)| é(1.B)OPT—c

modular functions subject to a matroid constraint. Note
that matroid constraint is a natural generalization of the
partition constraints considered in this paper. Subsequently,
Khashayar & Manuel (2019) examined the approximation
performance of standard greedy algorithm on both y-weakly
submodular and a-weakly DR-submodular maximization
over a matroid constraint. Next, in order to improve the ap-
proximation performance of the Residual Random Greedy
method, Thiery & Ward (2022) introduced the notion of
upper submodularity ratio 5 and developed a more powerful
distorted local-search algorithm for (-, 3)-weakly submod-
ular maximization. Concurrently, Lu et al. (2022) also pro-
posed a similar local-search method to maximize a-weakly
DR-submodular functions. A detailed comparison of our
proposed Multinoulli-SCG algorithm with existing studies
is presented in Table 1 and Table 2.

Remark on Table 2: Thiery & Ward (2022) has demon-
strated that when v < %, the approximation guarantee
of Residual Random Greedy method (Chen et al., 2018a),
namely ﬁ, will surpass the ratio ¢(+y, 3). To overcome
this drawback, Thiery & Ward (2022) initializes their dis-
torted local-search method by the returned subset of the
Residual Random Greedy method. Similarly, when v < 2,
we also can produce a better subset by comparing the re-
turned subset of our proposed Multinoulli-SCG algorithm
with that of the Residual Random Greedy method.

2. Preliminaries

In this section we present several important notations and
concepts that we will frequently use throughout this paper.

Notations: For any positive integer K, [K] stands for the
set {1,..., K}. The symbol (-, -) denotes the inner prod-
uct. Moreover, A, represents the standard m-dimensional
simplex, i.e., the set {(z1, ..., Zm)| Y i, x; < land x; >

0,Vi € [m]}. Especially, the symbol ‘Multi(p)’ denotes a
multinoulli distribution with (m + 1) possible states where
p € A,,. Note that the multinoulli distribution is also
known as the categorical distribution (Murphy, 2012).

Partition of A Set: Given a finite ground set V, we say
{V1,...,Vi} is a partition of set V if and only if i) V; N
V;=0foranyi # j € [K|;i) V = UkK:1 V.

Subset Selection under Partition Constraints: Let f :
2V — R, be a set function that maps any subset of V to a
non-negative utility. Given a partition {Vy, ..., Vi } of V
and a collection of budgets { By, . .., Bx } where 0 < By, <
[Vik| Vk € |K], the goal of the subset selection problems
subject to partition constraints is aimed at finding a subset
S from V such that the utility set function f is maximized
within the constraints |S N V| < By, for any k € [K], i.e.,

Ibpgé{f(S) s.t. SNV < By Vk € [K]. (1)

Monotonicity: We say that a set function f : 2¥ — R is
monotone if and only if f(A) < f(B) forany A C B C V.

Weak Submodularity: Given a set function f : 2¥ — R,
and any two subsets A, B C V, we denote by f(B|A) the
marginal contribution of adding the elements of B to A, i.e.,
f(B|A) := f(AU B) — f(A). For simplicity, when B is a
singleton set {v}, we also use f(v|A) to represent f({v}|A).
Therefore, we say that a set function f : 2¥ — R, is v-
weakly submodular from below for some « € (0, 1] if and
only if, for any two subsets A C B C V,

> fela) = (FB) - fW). @

vEB\A

where we denote +y as the lower submodularity ratio. Simi-
larly, we also can define the weak submodularity from above,
that is, a set function f : 2¥ — R, is B-weakly submodular
from above for some § > 1iff, VA C B C YV,

S felB - <8(1B) - f(4), G

vEB\A

where (3 is called as the upper submodularity ratio. When a
set function f satisfies both Eq.(2) and Eq.(3), we say it is
(v, B)-weakly submodular (Thiery & Ward, 2022).

Weak DR-submodularity: A set function f : 2¥ — R is
a-weakly DR-submodular for some a € (0, 1] iff f(v]|A) >
af (v|B) for any two subsets A C B C Vandv € V\B.In
particular, « is often called as the diminishing-return(DR)
ratio (Kuhnle et al., 2018). Note that, from Eq.(2) and
Eq.(3), we can infer that an a-weakly DR-submodular func-
tion automatically satisfies the conditions for being («, é)-
weakly submodular. Moreover, when o = 1, weakly DR-
submodular objectives will reduce to the standard submodu-
lar functions (Nemhauser et al., 1978; Fujishige, 2005)
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Figure 1. Diagram of Multinoulli Extension.

3. Multinoulli Extension

Generally speaking, the discrete nature of subset selection
problem (1) poses a significant challenge in finding effective
solutions. In recent years, compared to discrete optimiza-
tion, continuous optimization developed an array of efficient
and advanced algorithmic tools. Thus, an alternative strat-
egy to address the subset selection problem (1) is to bring
it into the world of continuous optimization via relaxation-
rounding frameworks, which typically involve three critical
stages: first, converting the problem (1) into a solvable con-
tinuous optimization; second, applying the gradient-based
methods to output a high-quality continuous solution; and
third, rounding the previous continuous solution back to the
partition constraint of Eq.(1) without any loss in terms of
the function value. In the subsequent part of this section, we
will present a novel relaxation-rounding framework named
the Multinoulli Extension(ME) for problem (1).

Prior to this, Calinescu et al. (2011) proposed a continuous
relaxation technique known as the multi-linear extension for
submodular subset selection problems. Unfortunately, this
extension cannot be directly applied to the general subset se-
lection problem (1) because most known lossless rounding
schemes for multi-linear extension, such as pipage round-
ing (Ageev & Sviridenko, 2004), swap rounding (Chekuri
et al., 2010) and contention resolution (Chekuri et al., 2014),
are heavily dependent on the submodular assumption. Up
to now, how to losslessly round the multi-linear extension of
non-submodular set functions, e.g. (v, 3)-weakly submod-
ular and a-weakly DR-submodular functions, still remains
an open question (Thiery & Ward, 2022). Given the un-
solved rounding challenge of multi-linear extension, this
paper choose to introduce a new relaxation technique named
Multinoulli Extension(ME) to address the problem (1).

To provide a clearer exposition of our proposed ME, we
first make some assumptions regarding the problem (1): we
define Vy, := {v},...,v;*} forany k € [K] and set |V| =
n,i.e.,n = Zszl ng. More specifically, the core idea of
our ME is to learn a prior multinoulli distribution ‘Multi(pg)’
for each community Vy,, where py, := (p}, ..., pp*) € Ay,
and each p;* denotes the probability that element v} is

selected within its own community V, for any m € [nj] and
k € [K]. Subsequently, ME employs each prior distribution
‘Multi(pg)’ to conduct By, independent random selections
for every community V, which can ultimately yield a subset
that adheres to the partition constraint of problem (1). In
Figure 1, we present a three-community example of ME. It
is noteworthy that, with the probability 1 — >_""" | pi, the
multinoulli prior ‘Multi(pg)” won’t pick any member from
V). In other words, sometimes we might end up with no
selection, i.e., (). Formally, we can define the ME as:

Definition 1 (Multinoulli Extension). Given a set function
f:2Y — R, its Multinoulli Extension F : Hle Ap, —
R for problem (1) can be defined as:

- K B ¢ b
F(p1,.--,PK) = ]EezNMulti(p;C)(f( Uiz Uz‘,:kl{el%}n

~ K Bj ~
= X (S kg TP

et eV u{0} k=1b=1

p;;)),

where each ez denotes the element chosen at the b-th

random trail of community V;, Vb € [B,;],Vfc € [K],
n;e

p; = (p}c, ...,p;") € Ay, is the probability vector for
the cotflmunity Vi, Vk € [K], Pr(v|pg) = p', Vm €
[n4], ¥k € [K] and Pr(Olpy) = 1 = 32,5, p7, Vi € [K].
Remark 1. The introduction of ME is aimed at converting
the general subset selection problem (1) into a continuous
maximization task focused on identifying the optimal multi-

noulli priors across the partition {1, ..., Vi }. Specifically,
we hope to address the following continuous optimization:

Px)st Y p<1LVEkeE[K]. 4

m=1

max F(pq,...
P >0

Remark 2. In comparison with the multi-linear exten-
sion (Calinescu et al., 2011), a notable advantage of our
ME is that it does not assign probabilities to any subsets
that are out of the partition constraint of problem (1). This
means that, for any set function f : 2¥ — R and any given
(p1,---,PK) € Hszl A, , we can, through the definition
of ME, easily produce a subset that conforms to the partition
constraint of problem (1) without any loss in terms of the
expected function value F'(p1, ..., px). For more details
about multi-linear extension, please refer to Appendix A.1.

Although the ME is naturally endowed with a lossless round-
ing scheme for any set function, there are two crucial ques-
tions that must be answered in order to leverage this tool
to tackle the subset selection problem (1) : i): What is the
relationship between the function value of our proposed
Multinoulli Extension F' and the original set function f? ii):
How to solve the relaxed problem (4)? For the rest of this
section, we will focus on the first question. The exploration
of the second question will be presented in Section 4.
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3.1. The Properties of Multinoulli Extension

In this subsection, we will concentrate on characterizing
several important properties about our proposed ME. Specif-
ically, we have the following theorem:

Theorem 1 (Proof provided in Appendix C.1). For a
set function f : 2Y — R, its Multinoulli Extension
F: HkK:1 A,, — Ry for problem (1), as described in
the Definition 1, satisfies the following properties:

1): The first-order partial derivative of F' at any point
(p1,---,PK) € Hiil A, can be written as follows:

oF m i
8pzz = Bk <E62~Multi(pk) (f (Uk ‘ U(hi’)?ﬁ(k’l) {6,;}))) ’

forany k € [K] and m € [ng];

2): If f is monotone, then B(ZJF > 0,Vk € [K],m € [ng];
k

3): If f is a-weakly DR-submodular, then F is a-weakly con-
tinuous DR-submodular (Hassani et al., 2017; Zhang et al.,
2022; 2024) over the domain Hle A, that is, for any

two point (p1, ..., PK) € H,i(:l A, and (P1,...,PK) €
Hszl Ay, if Dr = pr for any k € [K]|, we have that

VF(phapK) ZavF(f)lvaf)K)7

4): If f is y-weakly submodular from below, then F is
upper-linearizable (Pedramfar & Aggarwal, 2024) over
the domain H,f;l Ay, that is, for any two point x =

(P1,---,PK) € Iljey Dn, and % == (P1,...,Px) €
Hszl Ay, if Dr > pi for any k € [K|, we have that

7<F(§c) - F(x)) < <x ~x, VF(X)>.

Remark 3. The first point of Theorem 1 provides a specific
form about the first-order derivative of our proposed ME.
The second point indicates that the mononicity of the set
function f can be inheritable by its ME. Furthermore, the
third and fourth points reveal that when the set function f
exhibits the weak DR-submodularity or weak submodularity,
its corresponding ME is weakly continuous DR-submodular
or upper-linearizable over the domain Hle Ay,

Remark 4. Note that both upper-linearizable and weakly
continuous DR-submodular functions defined over the box
constraint [0, 1]™ have been extensively studied by (Hassani
et al., 2017; 2020; Zhang et al., 2024; Wan et al., 2023;
Pedramfar & Aggarwal, 2024). However, it is crucial to em-
phasize that these former results cannot be directly applied
to our ME. This is because all of them require the domain of
objective functions to be closed under the coordinate-wise
maximum operation V, i.e., x V' y = max(x,y). Unfortu-
nately, the domain of our ME does not meet this requirement.
For further details, please refer to Appendix A.3.

Next, we uncover the relationship between the function
value of our proposed ME I’ and that of the original f. To
be more precise, we have the following theorem:

Theorem 2 (Proof provided in Appendix C.2). When the
set function f : 2¥ — R, is monotone and o-weakly
DR-submodular, for any subset S within the partition con-
straint of problem (1) and any point x := (p1,...,Pk) €
Hszl A, the following inequality holds:

K
a(f(S) — F(x)) < <Z ;klswk,VF(x)> :

k=1

where the symbol 1g is the indicator function over the set S,
meaning that, for any element v;* € S, the corresponding
coordinate of its probability p;* in 1g is set to 1; other-
wise, 0. Similarly, when the set function f : 2¥ — R, is
monotone and (7, B)-weakly submodular, for any subset S
within the partition constraint of problem (1) and any point
x = (p1,.-.-,PK) € Hle Ay, , we can infer that

K
P I(S)=(BA=)+7*)F (x) < <Z IE‘“,VF(X)>.

k=1

Remark 5. Theorem 2 implies that when f is monotone and
a-weakly DR-submodular, for any S within the Bartition
constraint of problem (1) and any point x € [[,_ | A,,,
the discrepancy between f(.S) and F'(x) can be bounded

by the inner product <Z£{:1 B%CISOVZ- , VF(X)>. Similarly,
if f is monotone and (y, 3)-weakly submodular, this inner
product <Z£{:1 B%c 1sny,, VF (x)> also can bound the gap
between 72 f(S) and (3(1 — 7) + 7?)F(x).

4. Approximation Algorithms for Subset
Selection over Partition Constraints

In this section, we delve into the development of efficient ap-
proximation algorithms for the subset selection problem (1)
based on our introduced Multinoulli Extension F'.

4.1. Stochastic Variant of Continuous Greedy Algorithm

This subsection aims to present an effective method named
Multinoulli-SCG to maximize our introduced ME, which is
primarily inspired by the continuous greedy(CG) algorithm
for the multi-linear extension (Calinescu et al., 2011; Bian
et al., 2017b; 2020; Mokhtari et al., 2018a; 2020).

The CG algorithm typically comprises two critical steps:
First, it begins with x(1) = 0 and then, at each iteration
t € [T, the algorithm identifies the optimal ascent direction
v(t) = argmax,. (v, VG(x(t))) to update the current
variable x(t) according to the rule x(t + 1) = x(t) + £ v(t)
where G is the multi-linear extension of a set function
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Algorithm 1 Stochastic Continuous Greedy Algorithm for
Multinoulli Extension(Multinoulli-SCG)
Input: Batch size L, number of iterations 7', set function f
and partition {V1, ..., Vi } of set V

1: Initialize: x(1) = (p1(1),...,px (1)) =0;

2. fort=1,...,T do

3: ift = 1 then > Differential Estimator(Lines 3-12)

4: Compute g(1) := VF(0) based on Theorem 1;
5. else

6: Sample {a(1),...,a(L)} uniformly from [0, 1];
7: Setx;(t) = a(l)x(t)+(1—a(l))x(t—1),Vl € [L];
8: Compute the Hessian estimator V2 F (x(t)) based

on Remark 6 for any [ € [L];

9: Compute V2 := 1 Zle ﬁzF(xl (t);
10: Compute &, := VZ(x(t) — x(t — 1));
11: Aggregate the estimator g(t) = g(t — 1) + &,;

12:  endif > Stochastic Continuous Greedy(Lines13-14)
K
13: S(t) = arg max|gny, |< B, <g(t),zk:1 B%C1S0Vk>§

14:  Update x(t + 1) = x(¢) + % Zszl B%cls(t)mvkﬁ
15: end for
16: Return S by rounding x(T" + 1);

f and C is a convex domain. The motivation behind
the CG algorithm is that when f is submodular, the
inequality (y, VG(x)) > G(y) — G(x) holds for any
feasible x,y. Note that, in Theorem 2, we establish a
similar relationship between our proposed ME F' and
its original set function f, that is , the inner product

<Z£(:1 B%clsmv”VF(X)> can bound a specific form of

weighted discrepancy between f(S) and F'(x), when f
is monotone a-weakly DR-submodular or (v, 3)-weakly
submodular. Motivated by these findings, we naturally
consider a two-step variant of CG algorithm to maximize
our proposed ME: Initially, we set x(1) = 0, and then, at
each iteration ¢ € [T'], we find the optimal subset S(t) :=

K
arg Max|sqy, < B, vke[x]  VEX(£)): 251 %kl(vak)>
to update the current variable x(t) according to the rule
K
x(t + 1) =x(t) + % Zk:l %kl(g(t)mvk).

However, the implementation of the aforementioned two-
step algorithm requires accurately computing the gradi-
ents of our proposed ME F', which is typically computa-
tionally intensive. To circumvent this obstacle, we adopt
the stochastic path-integrated differential estimator (Fang
et al., 2018; Yurtsever et al., 2019; Hassani et al., 2020),
namely, for a sequence of iterations {x(t)}. !, we es-
timate each gradient VF(x(t)) by the following path-
integral form: 6F(x(t)) = VF(x(1) + Xi, &,
where each £, is an unbiased estimator for the difference
Diff; := VF(x(s)) — VF(x(s — 1)). Note that, for
any 2 < s < T, the difference Diff; can be rewritten

as: Diff, = [ VQF(xa(s))da(x(s) ~x(s — 1)), where

x%(s) = ax(s) + (1 — a)x(s — 1),Va € [0,1] and V*F is
the Hessian of F'. Hence, if we uniformly sample the pa-
rameter ¢ from [0, 1], the difference Diff; can be unbiasedly

estimated by £, := V2F(x%(s)) (x(s) —x(s— 1)) where
V2F is an unbiased estimator of V2F. Following this idea,

we proceed to demonstrate how to estimate the second-order
derivative of our proposed ME, that is to say,

Theorem 3 (Proof provided in Appendix C.3). For a set
function f : 2V — Ry, the second-order derivative of
its Multinoulli Extension F' at any point (p1,...,Pk) €
Hle A, can be written as follows:

1): If k1 # ke € [K], for any mq € [ng, ] and ma € [ny,],
O*F
sufope)-£(vi]s)).

BpkmllapZ?
where S = U(.,;’l;);é{(kbl)’.(kzhl)}{e%} gnd each e% is drawn
Sfrom the multinoulli distribution Multi(py,);
2): Asforky = ko = k € [K], if By, = 1, foranymy, mg €
= 0; Moreover, when By, > 2,
5)):

where S = U(I%ﬁ);é{(k,l),(k,?)}{ez} and eac.h 62 is ir'zdepen-
dently drawn from the multinoulli distribution Multi(py,).

= Bk1 Bk2E(f (’UZ;L1

3 F
[ng], we have BT o
0’F

W = (Blfka)]E(f (“lrcnl

SU{v? }) _f (UZ“

Remark 6. Theorem 3 provides a detailed characterization
of the second-order derivative of our proposed ME F', which
implies that we can estimate the Hessian of F' by sampling

a sequence of random elements. Specifically, when each

b
];) ~ ~

‘Multi(p;,)” for any & € [K] and b € [B;], we can estimate

2
(%km‘?iai?;(pl,...,plg) as: when ki # ko € [K],

e? is independently drawn from the multinoulli distribution

PF

sy ~ BB (7 (v sutopey) - (v

5))

where S = U7 5 (00 1) (ko)) 16013 As for ki = Ky =
k € [K]and By, > 2,

% = B2-By) (£ (i sutop=3) - (v]9) )

o b
where S = U(k,b#{(m),(kz)}{ek}'

Incorporating this second-order approximation and the idea
of differential estimator into the previously mentioned two-
step algorithm, we can develop a stochastic algorithm for
maximizing our ME, as detailed in Algorithm 1.

Furthermore, based on the results of Theorem 1 and Theo-
rem 2, we can show that
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Theorem 4 (Proof provided in Appendix D.1). When the
set function f : 2Y — R is monotone and o-weakly DR-
submodular, if we set the batch size L = O(T), the subset
S output by Algorithm 1 satisfies:

E(f(9) = (1-¢)f(s") - O( 25,

where S* is the optimal solution of problem (1), r is the rank
of partition constraint, i.e., r = Zszl By and n = |V)|.
Similarly, if the set function f : 2¥ — R is (v, 3)-weakly
monotone submodular and L = O(T), the subset S output
by Algorithm 1 satisfies:

72(1 — e_(ﬁ(1_7)+72))
BE—7+ 72

Remark 7. Theorem 4 implies that, when the set function
f is a-weakly monotone DR-submodular, if we set 1" =
O(1/e), the subset yielded by our proposed Algorithm 2
can secure a value of (1 — e~ *)OPT — ¢, where OPT is the
maximum value of problem (1). Moreover, when f is (7, 3)-
weakly monotone submodular, Algorithm 2 also can achieve

= (B(=m)+~2 .
(72(1 ﬁ?liﬁv)l+v)2+ ) JOPT — e after O(1/e) iterations. Note

that, during the process of O(1/e) iterations, Algorithm 2
only requires evaluating the set function O(1/€?) times.

B(£(5) > )sism)-o("4Y).

Remark 8. From Line 13, we know that each S(t) has at
most r non-zero entries, where r = Zszl By.. Hence, in
Line 10, the computation of &, only utilizes O(nr) entries in
the Hessian estimation ﬁ% This implies that it is sufficient
to estimate up to O(nr) second-order partial derivatives for
each point x;(¢) at Line 8.

Remark 9. Note that, in Line 16, when rounding x(7" + 1)
based on the definition of ME, there is a risk that two distinct
random selections may yield the same element. To avoid
this issue for monotone set functions, we present an effective
rounding-without-replacement method in Appendix D.2.

Compared to the local-search methods (Thiery & Ward,
2022; Lu et al., 2022), our Algorithm 1 not only eliminates
the need for prior knowledge of parameters «, v, and (3, but
can achieve the same worst-case approximation guarantees
with fewer O(1/€2) value queries to the set function f.

4.2. Stationary Point and Stochastic Gradient Ascent

Furthermore, an alternative solution for the subset selection
problem (1) is to initially apply the off-the-shelf gradient-
based methods, like gradient ascent (Nesterov, 2013; Bert-
sekas, 2015), to maximize our proposed ME F’, and subse-
quently, to finalize our selection by rounding the resulting
continuous solution. As is well known, under mild con-
ditions, a broad range of first-order gradient algorithms,
including the aforementioned gradient ascent, will converge
to the stationary points of their target objectives (Ghadimi

& Lan, 2013; Lacoste-Julien, 2016; Allen-Zhu, 2018; Drori
& Shamir, 2020; Lan, 2020). Regrettably, we observe that,
compared to the previously proposed Multinoulli-SCG al-
gorithm, the stationary points of our ME only can guarantee
a sub-optimal approximation to the maximum value of the
subset selection problem (1). Before going into the details,
we firstly revisit the definition of stationary points, that is,

Definition 2. Given a differentiable objective function G :
K — R and a domain C C /C, a point x € C is called as a
stationary point for the function G over the domain C if and
only if maxyec(y — x, VG(x)) < 0.

Next, we will detail the specific performance of the sta-
tionary points of the Multinoulli Extension relative to the
maximum value of problem (1). Specifically, we have that

Theorem 5 (Proof provided in Appendix E.1). If the set
function f : 2Y — R, is monotone and a-weakly DR-
submodular, then for any stationary point (p1,...,Pxk) of
its Multinoulli Extension F over the domain Hle Ay, the
following inequality holds:

2

F(pr, k) = (15— ) F(57),

where S* is the optimal solution of problem (1). Similarly,
when the set function f : 2¥ — R, is monotone and (v, 3)-
weakly submodular, for any stationary point (p1,...,PK)

over the domain HkK:1 Ay, , we also can show that

a
1+ a?

2
f(S™).
5+5(1*7)+72) (5°)
Remark 10. Theorem 5 suggests that when the set func-
tion f is monotone a-weakly DR-submodular or (7, /3)-
weakly submodular, the direct application of gradient-based
methods that aim for stationary points, such as gradient
ascent, into the relaxed problem (4) only can ensure a

F(P17~--,PK)Z(

2 . . . .
(%47 )-approximation or (W )-approximation to
the maximum value of the subset selection problem (1).

Despite these limited theoretical approximation guarantees
regarding the stationary points of our proposed ME, we
have found that gradient-based methods targeting stationary
points, such as the stochastic gradient ascent, can achieve
remarkable empirical performance across numerous real-
world subset selection problems (See Section 5). Due to
space limitations, an in-depth analysis of the stochastic gra-
dient ascent method is presented in Appendix E.2.

5. Numerical Experiments

In this section, we empirically compare the performance
of our proposed Multinoulli-SCG and Multinoulli-SGA
against the standard greedy method (Khashayar & Manuel,
2019) and the residual random greedy method (Chen et al.,
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Table 3. Results on video summarization. Note that ‘obj’ denotes the utility function value, where a higher value is preferable, and
‘queries’ represents the magnitude of the total number of function evaluations, that is , the log,, of the total number of value queries to
the set objective function, with a smaller value being more favorable. ‘Distorted-LS-G’ is the abbreviation for the distorted local-search
method with O(1/¢)-round guesses, namely, Algorithm B.1 in (Thiery & Ward, 2022). Both V1 and V2 are sourced from websites,
which are related with Cooking and Animation, respectively. V3-V7 are derived from the VSUMM dataset and encompass topics such as
Soccer, Live news, Broadcast, Concert as well as TV Show. The time following the name of each video indicates the video duration. In

each column of ‘obj’, " indicates ranking the 1st and

stands for the 2nd.

Video V1(3min30s) V2(7min45s) V3(2min37s) V4(2minl7s) V5(2min58s) V6(4min42s) V7(2min52s)
m obj ‘ queries obj ‘ queries obj ‘ queries obj ‘ queries obj queries obj queries obj queries
Standard Greedy 46.48 3.85 79.25 3.95 47.64 3.61 19.55 3.48 52.39 3.73 96.33 4.11 44.85 3.73
Residual-Greedy 48.45 3.85 75.58 3.95 48.65 3.61 18.84 3.48 52.02 3.73 92.37 4.11 44.94 3.73
Distorted-LS-G 50.08 10.40 79.25 10.50 51.71 10.17 19.56 10.02 54.36 10.26 98.73 10.70 46.79 10.27
Multinoulli-SGA 50.17 6.53 79.57 6.58 51.77 6.41 19.59 6.35 54.44 6.46 98.81 6.66 47.06 6.46
Multinoulli-SCG 50.17 8.59 79.50 8.68 51.77 8.34 19.59 8.21 54.44 8.46 98.80 8.84 47.20 8.46

2018a) as well as the distorted local search (Thiery & Ward,
2022) across three distinct applications: video summariza-
tion, bayesian A-optimal design and maximum coverage.
Note that Multinoulli-SGA represents the stochastic gra-
dient ascent applied to our proposed ME, as detailed in Ap-
pendix E.2. Due to the space limits, here we only show the
results on video summarization. More discussions about the
experiment setup and the results on both maximum coverage
and bayesian optimal design are presented in Appendix B.

5.1. Video Summarization

The objective of video summarization is aimed at picking
a few representative frames from a given video such that
these frames can capture as much content as possible. To
achieve this, a common strategy is to formulate the frame
selection problem as the maximization of a Determinantal
Point Process(DPP) objective function (Gong et al., 2014;
Mirzasoleiman et al., 2018; Chen et al., 2018a). DPP has
recently emerged as a powerful tool that favors subsets of
a ground set of items with higher diversity (Kulesza et al.,
2012). More specifically, for an n-frame video, we represent
each frame by a p-dimensional vector. Then, we compute
the Gramian matrix X of the n resulting vectors by setting
each X;; as the Gaussian kernel between the i-th and j-th
vectors. With this matrix X, the DPP objective function can
be defined as f(S) = det(I + Xg) where S C [n], Xg is
the principal submatrix of X indexed by S and [ is a |S|-
dimensional identity matrix. Note that Bian et al. (2017a)
has proven that this set function f is monotone and weakly
submodular from below. Moreover, Nguyen & Thai (2022)
also verified the weak DR-submodularity of f.

For our experiments, we use five videos from the VSUMM
dataset (De Avila et al., 2011) and two videos about ‘An-
imation’ and ‘Cooking’ from websites like YouTube. Ad-
ditionally, we utilize the method described in (Gong et al.,
2014) to prune each video, namely, for long videos(> 5min),
we uniformly sampled one frame per second, and for short
videos, we sampled one frame every half second. Subse-

quently, we choose to create a summary of each video by
extracting one representative frame from every 25 frames,
that is, we consider the following partition constraint:

|Sﬂ [25(i — 1) 4+ 1,252‘” <1 V1<i<[n/25].
Table 3 illustrates the performance of our proposed
Multinoulli-SCG and Multinoulli-SGA algorithms against
three benchmark methods, namely, ‘Standard Greedy’,
‘Residual-Greedy’ and ‘Distorted-LS-G’. It is quite easy
to observe that our Multinoulli-SCG and Multinoulli-SGA
algorithms produce summaries with higher diversity than
the other three baselines. Specifically, Multinoulli-SCG
achieves Top-1 performance on 5 out of the 7 videos, while
Multinoulli-SGA attains Top-1 performance on 6 out of the
7 videos. Furthermore, the number of function evaluations
required by our Multinoulli-SCG and Multinoulli-SGA
is 2 and 4 orders of magnitude lower than that of the state-
of-the-art ‘Distorted-LS-G’, respectively. This result aligns
well with our previous theoretical findings in Section 4.

6. Conclusion

This paper introduces a novel continuous-relaxation frame-
work named Multinoulli Extension(ME) for the subset se-
lection problem under a partition constraint. In contrast
to the well-known multi-linear extension for submodular
subset selection, a notable advantage of our ME is that it
can provide a lossless round scheme for any set objective
function. Subsequently, base on ME, we develop an efficient
algorithm titled Multinoulli-SCG, which can achieve a

2 —(B(1— ~2

value of (1—e~*)OPT—e or (2 (1;3?11[’;)+;)2+ ) JOPT —¢
with only O(1/€?) function evaluations for monotone a-
weakly DR-submodular or (v, 8)-weakly submodular ob-
jective functions. This result significantly improves the pre-
vious O(1/€%) and O(1/€*) number of function evaluations
associated with the distorted local-search methods. Finally,
extensive empirical evaluations have been conducted to val-
idate the effectiveness of our proposed algorithms.
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A. Additional Related Work

A.1. Submodular Maximization

Submodularity (Fujishige, 2005; Bach et al., 2013) is a fundamental concept, which widely exists in various disciplines,
including combinatorial optimization, economics, and machine learning. To be more precise, a set function f : 2¥ — R is
called submodular if and only if it satisfies the diminishing-return property, namely, for any two subsets A C B C V and
veV\B, f(AU{v}) — f(A) > f(BU{v}) — f(B). In other words, the marginal benefit of adding an element to a set
diminishes as the set becomes larger.

Generally speaking, the maximization of submodular functions is NP-hard, implying that no polynomial-time algorithms
can solve it optimally. To overcome this challenge, Nemhauser et al. (1978) proposed a greedy algorithm for solving the
monotone submodular maximization problem under a cardinality constraint and demonstrated that this greedy algorithm can
achieve an approximation ratio of (1 —e~!). Furthermore, Feige (1998) showed that this (1 — e~ !)-approximation guarantee
is tight for monotone submodular maximization under reasonable complexity-theoretic assumptions. After that, Fisher
et al. (1978) extended the greedy algorithm to the general matroid constraint and proved that the greedy algorithm only can
guarantee a sub-optimal approximation ratio of 1/2 under matroid constraint. To achieve the tight (1 — e~!)-approximation
under matroid constraint, Calinescu et al. (2011) introduced a continuous greedy algorithm for submodular functions. The
core of this continuous greedy algorithm is a novel continuous-relaxation technique known as the multi-linear extension.
The problem of maximizing submodular functions also has been studied for the non-monotone case (Feldman et al., 2011;
Chekuri et al., 2014; Buchbinder & Feldman, 2019; 2024).

Before delving into the details of other related studies, we introduce the multi-linear extension of (Calinescu et al., 2011) for
submodular maximization and simultaneously compare it with our proposed Multinoulli Extension(ME) in Section 3. In
order to better illustrate the multi-linear extension, this subsection supposes |V| = nandset V := [n] = {1,...,n}.

Definition 3. For a set function f : 2¥ — R, we define its multi-linear extension as

66 =Y (£ [T 20 [T (1 = 2a)) = Erex(£(R)). )

ACV a€A  agA

where x = (x1,...,2,) € [0,1]" and R C V is a random set that contains each element ¢ € V independently with
probability z,, and excludes it with probability 1 — z,. We write R ~ x to denote that R C V is a random set sampled
according to x.

From the Eq.(5), we can view multi-linear extension G at any point x € [0, 1]™ as the expected utility of independently
selecting each action a € V with probability x,. With this tool, we can cast the previous discrete subset selection problem (1)
into a continuous maximization which learns the independent probability for each element a € V), that is, we consider the
following continuous optimization:

rr[loaﬁ G(x), s.t. E zq < By, Yk € [K] (6)
xe(0,1j™
a€Vy

where G(x) is the multi-linear extension of f.

It is important to note that, if we round any point x included into the constraint of problem (6) by the definition of multi-linear
extension, i.e., Eq.(5), there is a certain probability that the resulting subset will violate the partition constraint of the
subset selection problem (1). Therefore, for multi-linear extension, we need to specifically design the rounding methods
based on the properties of the set objective functions. However, current known lossless rounding schemes for multi-linear
extension, such as pipage rounding (Ageev & Sviridenko, 2004), swap rounding (Chekuri et al., 2010) and contention
resolution (Chekuri et al., 2014), are heavily dependent on the submodular assumption. Moreover, how to losslessly round
the multi-linear extension of non-submodular set functions, e.g. (v, 8)-weakly submodular and a-weakly DR-submodular
functions, still remains an open question (Thiery & Ward, 2022).

In contrast, our ME does not assign probabilities to any subsets that are out of the Kpartition constraint of problem (1), which
means that, for any set function f : 2¥ — R and any given (p1,...,px) €[] i1 An,, we can, through the definition of
ME, easily produce a subset that conforms to the partition constraint of problem (1) without any loss in terms of the expected
function value F(py,...,Px).
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A.2. Close-to-Submodular Function Maximization

Weakly Submodular Maximization: A particularly important class of “close-to-submodular” functions is known as
~-weakly submodular functions. Specifically, for a set function f : 2¥ — R, , it is called y-weakly submodular if and only
if, for any two subsets A € B C V, the following inequality holds: >, 5\ 4 f(v]A4) = v(f(B) — f(A)). The y-weakly
submodular functions were originally introduced by a work of (Das & Kempe, 2011), which also demonstrated that the
standard greedy algorithm achieves a good approximation ratio of (1 — e~7) for the problem of maximizing such functions
subject to a cardinality constraint. On the inapproximability side, Harshaw et al. (2019) proved that no polynomial-time
algorithm achieves (1 — e~” + ¢)-approximation for the problem of maximizing a y-weakly submodular function subject to
a cardinality constraint, for any € > 0. Subsequently, Chen et al. (2018a) investigate weakly submodular maximization
beyond simple cardinality constraints and pointed out that the Residual Random Greedy method of (Buchbinder et al.,
2014) can achieve an approximation ratio of ﬁ for the problem of maximizing a monotone y-weakly submodular
functions subject to a matroid constraint. After that, Khashayar & Manuel (2019) examined the approximation performance

of standard greedy algorithm on ~y-weakly submodular maximizatzion over matroid constraints, which showed that the
iR
note that this approximation ratio %”jl is not a constant guarantee and highly depends on the matroid rank r. In order to
improve the approximation performance of these greedy-based algorithms, Thiery & Ward (2022) introduced the notion of
upper submodularity ratio 3, defined as Eq. (3). Moreover, Thiery & Ward (2022) also developed a more powerful distorted
local-search algorithm for (v, 3)-weakly submodular maximization, which is inspired by the non-oblivious search (Filmus &
201 _e=(BA=m+7?)
= 5f1,7)+72
of maximizing a monotone (v, 3)-weakly submodular functions subject to a matroid constraint. Note that, when the (v, 3)-
A2 (1—e=(BA=+7))
X BA—v)+7?
will approach the tight (1 — 1/¢e). Conversely, when v, 8 — 1, the approximation guarantee =L— of the Residual Random

(1+7)?
Greedy method (Chen et al., 2018a) will trends toward the sub-optimal 1/4.

standard greedy algorithm can offer an approximation factor of where 7 is the rank of the matroid. It is important to

Ward, 2012b; 2014) for submodular maximization and can guarantee a -approximation for the problem

weakly submodular function is closer to being submodular, namely, v, 5 — 1, the approximation ratio

Weakly DR-Submodular Maximization: Another significant class of “close-to-submodular” functions is known as
a-weakly DR-submodular functions, where « is variously referred to as the diminishing-return(DR) ratio (Kuhnle et al.,
2018), the generalized curvature (Bogunovic et al., 2018) or the generic submodularity ratio (Gong et al., 2021). The
work of Khashayar & Manuel (2019) is the first to give a study of maximizing a c-weakly DR-submodular maximization
subject to general matroid constraints. Specifically, Khashayar & Manuel (2019) proved that the greedy algorithm achieves
approximation ratios of 1;%& for the matroid-constrained a-weakly DR-submodular maximization. After that, Gong
et al. (2021) extended this result to p-matroid constraints. Moreover, Nguyen & Thai (2022) also considered the impact
of curvature (Vondrak, 2010; Sviridenko et al., 2017) on the standard greedy algorithm for a-weakly DR-submodular
maximization under partition matroid. Recently, Gong et al. (2019) showed that the continuous greedy combined with the
contention resolution scheme (Chekuri et al., 2014) can obtain a sub-optimal approaximation ratio of a(1 — 1/e)(1 — e™®)
for the problem of maximizing a monotone a-weakly DR-submodular functions subject to a matroid constraint. To achieve
the tight (1 — e~®)-approximation guarantee, Lu et al. (2022) recently have proposed a novel distorted local-search method,
which is also motivated via the non-oblivious search (Filmus & Ward, 2014).

A.3. Monotone Continuous DR-submodular Maximization

Submodularity can be naturally extended to continuous domains. Generally speaking, a differentiable function F : [0,1]" —
Ry is DR-submodular if VF (x) < VF(y) for any x > y. In deterministic setting, Bian et al. (2017b) first proposed a
variant of Frank-Wolfe for continuous DR-submodular maximization problem with (1 — 1/e — €)-approximation guarantee
after O(1/¢) iterations. When considering the stochastic gradient oracle, Hassani et al. (2017) proved that the stochastic
gradient ascent can guarantee a (1/2)-approximation after O(1/€?) iterations. Then, Mokhtari et al. (2018a) proposed the
stochastic continuous greedy algorithm, which achieves a (1 — 1/e — ¢)-approximation after O(1/¢3) iterations. Moreover,
by assuming the Hessian of objective is Lipschitz continuous and considering non-oblivious stochastic noise, Hassani
et al. (2020) proposed the stochastic continuous greedy++ algorithm, which can guarantee a (1 — 1/e — €)-approximation
after O(1/€?) iterations. After that, Zhang et al. (2022; 2024) proposed a non-oblivious auxiliary function for continuous
DR-submodular functions, which can efficiently improve the approximation ratio of stochastic gradient ascent (Hassani
etal.,, 2017) from 1/2 to (1 — 1/e). In addition, numerous variants of continuous DR-submodular maximization have been
extensively studied, for instance, online scenarios (Chen et al., 2018b; Zhang et al., 2019; Pedramfar et al., 2023; 2024,
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Zhang et al., 2023a), decentralized environments (Mokhtari et al., 2018b; Xie et al., 2019; Zhu et al., 2021; Gao et al., 2021;
Zhang et al., 2023b; 2025), and bandit scenarios (Chen et al., 2020; Zhang et al., 2019; Wan et al., 2023; Pedramfar et al.,
2024; Zhao et al., 2025; Zhao & Lai, 2024; Yu et al., 2024a;b; Jin et al., 2024; 2025).

We need to emphasize that, when the set function f is monotone submodular, Theorem 2 implies that our proposed
Multinoulli Extension is also monotone continuous DR-submodular over the domain Hszl A, . However, it is worth
noting that these former results about continuous DR-submodular maximization cannot be directly applied to our ME and the
relaxed problem (4). This is because all of them highly rely on the following inequality: if G is a monotone continuous
DR-submodular function,

(y =x,VG(x)) =2 (y Vx —x,VG(x)) 2 Gy VX) - G(x) = G(y) — G(x), @)
where V is the coordinate-wise maximum operation, i.e., x Vy = max(x,y).

Note that the second inequality in Eq.(7) requires that the vector y V x is included into the domain of objective function
G. In other words, the domain of objective function G should be closed under the coordinate-wise maximum operation V.
However, the domain Hle A, of our ME does not meet this requirement. Similarly, to the best of our knowledge, the
latest research on both upper-linearizable and weakly continuous DR-submodular maximization also requires the domain of
the objective function to be closed under the coordinate-wise maximum operation V. (See (Hassani et al., 2017; Zhang et al.,
2022; Pedramfar & Aggarwal, 2024))

B. Additional Experimental Results
B.1. More Discussions on Experiment Setup

In this subsection, we highlight some additional details about the experiments. At first, we describe the parameter setups
regarding our proposed ‘Multinoulli-SGA’, ‘Multinoulli-SCG’ and ‘Distorted-LS-G’. More specifically, we consider the
following parameter configurations:

* ‘Distorted-LS-G’: Algorithm B.1 in (Thiery & Ward, 2022) where we set the number of guesses L = 1+ [log(ke) (%)],
the total number of improvements M = 2, the number of samples N = 6% and € = 0.01 where 7 is the rank of the

partition constraint, namely, r = Z,If:l By, in problem (1);

e ‘Multinoulli-SGA’: Algorithm 3 is implemented with batch size L = 20, the step size n = ﬁ and the number of
iterations T' = 167. Moreover, we round each continuous solution via Algorithm 2. As for the Euclidean projection of
Step 6 in Algorithm 3, we utilize the CVX optimization tool (Grant & Boyd, 2014). It is worth noting that there exists
efficient algorithms for handling the projection over partitions if we view it as multiple independent singly constrained
quadratic programmings problems(See (Pardalos & Kovoor, 1990) or Appendix B in (Zhou et al., 2022));

* ‘Multinoulli-SCG’: Algorithm 1 is implemented with batch size L = [1] and the number of iterations 7’ = 167.
Furthermore, in order to obtain a high-quality subset, we apply Algorithm 2 to round the x(7" + 1) a total of T2 times
and then select the best one among these resulting subsets.

Note that, when € = 0.01, the number of guesses L = 1 + (1og(176)(f’—6)1 ~ 167 in ‘Distorted-LS-G’ such that we set the
total of iterations 7" = 167 in both ‘Multinoulli-SGA’ and ‘Multinoulli-SCG’. Given the long runtimes of ‘Multinoulli-
SCG’ and ‘Distorted-LS-G’, we report their average results in Table 3 based on 5 repeated experiments. In contrast,
‘Multinoulli-SGA’ and ‘Residual-Greedy’ algorithms are repeated 10 times. Finally, all experiments are performed in
Python 3.6.5 on a MacBook Pro with Apple M1 Pro and 16GB RAM.

B.2. Maximum Coverage

In the tasks of video summarization, it is easily observed that our Multinoulli-SGA algorithm exhibits exceptional empirical
performance. However, according to both Theorem 5 and Theorem 9, we know that our Multinoulli-SGA only can
ensure a sub-optimal approximation guarantee in the worst case. To verify the theoretical correctness of our proposed
Multinoulli-SGA algorithm, we consider a special maximum coverage problem as discussed in (Filmus & Ward, 2012a).

Let the universe set U consist of n — 1 elements {z1,...,2,_1} and n — k elements {y1, . .., yn_x}, all of weight 1, and
n—1elements {e1, ..., €e,_1} of arbitrarily small weight e > 0. Then, we define two different set A; and B; for any i € [n],
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Table 4. Results on coverage maximization(2nd-6th columns) and bayesian A-optimal design(the final column). Note that ‘obj’ denotes
the utility function value, where a higher value is preferable, and ‘queries’ represents the magnitude of the total number of function
evaluations, that is , the log, of the total number of value queries to the set objective function, with a smaller value being more favorable.
‘Distorted-LS-G’ is the abbreviation for the distorted local-search method with O(1/¢)-round guesses, namely, Algorithm B.1 in (Thiery
& Ward, 2022). In each column of ‘obj’, ' indicates ranking the 1st and " stands for the 2nd.

Setting n=15, k=5 n=20, k=5 n=30, k=6 n=40, k=8 n=50, k=10 Housing
m obj ‘ queries obj queries obj queries obj ‘ queries obj queries obj ‘ queries
Standard Greedy 14.14 2.65 19.19 2.90 29.29 3.26 39.39 3.51 49.49 3.70 61.295 3.70
Residual-Greedy 21.04 2.65 32.52 2.90 48.25 3.26 64.67 3.51 77.13 3.70 61.104 3.70
Distorted-LS-G 24.00 9.06 34.00 9.44 53.00 9.98 71.00 10.36 89.00 10.65 61.285 10.26
Multinoulli-SGA 14.14 5.45 19.18 5.56 29.26 5.72 39.34 5.83 49.43 592 61.745 6.61
Multinoulli-SCG 24.00 7.39 34.00 7.64 53.00 7.99 71.00 8.24 89.00 8.43 61.456 8.44

that is to say ,

Ai:{ei}forlgign—l, An:{xl,...,mn_l},
Bi={a;}for1<i<n-1, B, =A{y1,--Yn—k}
After that, we define a coverage set function f : 2¥ — R over these 2n distinct set {A;,..., A, By, ..., B,} where
V = [2n]. More specifically, we have that, for any subset F C V),
FR) =Y w), ®)
veUjer S

where w(v) is the weight of element v, S; = A; when1 < j <nand S; = Bj_,, asforn+1 < j < 2n.

Moreover, we consider a partition constraint that contains at most one of {4;, B;} for any i € [n]. If we set V; =
{i,i+ n}V = U} Vi = [2n]), we naturally obtain the following coverage maximization problem:

%g{}(f(}") st [ FNV;| <1 Vien]. )

From the result of (Filmus & Ward, 2012a), we know that the problem (9) is a submodular maximization problem subject
to a partition matroid constraint, namely, « = § = v = 1. A key feature of this coverage maximization problem is that
Filmus & Ward (2012a) found that the standard greedy (Nemhauser et al., 1978) will be stuck at a local maximum subset
{A1,...,A,} where F = [n] and f(F) = (1 + €)n. In contrast, when € is very small, the optimal subset for problem (9) is

{(Bi,...,B,} where F = {n+1,...,2n} and f(F) = 2n — k — 1. Note that lim, 0 im0 and k0 mtels = 1.

Motivated by this finding of (Filmus & Ward, 2012a) and the correspondence between the set [n] and {A1,..., A,} in
problem (9), we conjecture that the point 1,,; may be a local stationary point of the Multinoulli Extension of the set function
f in Eq.(8). Before showing the rigorous proof of the previous conjecture, we firstly compare the empirical performance of
our proposed Multinoulli-SCG and Multinoulli-SGA against the standard greedy method and the residual random greedy
method as well as the distorted local search across distinct coverage maximization (9) with different n and k, where we
uniformly set the weight e = 0.01.

From the results in Table 4, we found that both our proposed ‘Multinoulli-SCG’ and ‘Distorted-LS-G’ algorithm eventually
select the optimal subset, i.e., { By, ..., B, }. In contrast, in all settings of maximum coverage problems, ‘Multinoulli-SGA’
and ‘Standard-Greedy’ algorithm are trapped around the local-optimal set { Ay, ..., A, }. Moreover, the ‘Residual-Greedy’
method oscillates between the optimal subset { By, ..., B, } and the local maximum set {A, ..., A,}. Similar to the
video summarization in Section 5.1, Table 4 also demonstrated that the number of function evaluations required by our
Multinoulli-SCG is 2 orders of magnitude lower than that of the ‘Distorted-LS-G’ algorithm,which highlights the efficiency
and effectiveness of Multinoulli-SCG algorithm.

Now, we show that the point 1, is a stationary point for the ME of the set function f in Eq.(8). Before that, we detail the
ME F’ of the set function f of Eq.(8), that is,

F(p1,--,pn) =), Y, <f(U?_1{6§})HPr(€3pi)>, (10)

i=1 el fii+n,0} i=1
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where we set p; = (p}, p?), Pr(i|p;) = p}, Pr(n + i|p;) = p? and Pr(0|p;) = 1 — p} — p?.

From Theorem 1, we know that,

oF oF
— (1) =eforl <i<n-—1, — (1) =n-1,
o oty 1)
or OF

1) =0for1 <i<n-—1, — () =n—k
o7 1) a2

As aresult, for any (p1,...,pn) € [[; L2, we have

<(p17 s 7pn) - 1[7L]7VF(1[7L})>

= <p%ai,§)<1[np +p%(9i,§)<1[n]>> 1t m 1)

i=1

n—1
=€ pi+n—1p,+(n—kp,—(1+e(n—1)
=1

n—1

=eY (pi =)+ (n—1)p,+(n—kp) —(n—1)

=1

n—1
=eY (pi =D+ ((n—k)— (n—1)p2 — (n—1)(1 - p, —p}) < 0.
i=1
As aresult, 1}, is a stationary point of the ME F'. Note that F(l{F(:l[n])2 5 = (lglel(ln:kl) — % when k — 0, ¢ — 0 and

n — 00, which implies that the approximation guarantee of Theorem 5 is tight when o = =~y = 1.

B.3. Bayesian A-Optimal Design

In this subsection, we consider a classical subset selection problem in experimental design (Hashemi et al., 2019; Borsos
et al., 2020; 2024), namely, bayesian A-optimal design.

We first describe the details of the bayesian A-optimal design. Suppose that # € R? is an unknown parameter vector
that we wish to estimate from noisy linear measurements using least squares regression. Our goal is to choose a set
S of linear measurements (the so-called experiments) which have low cost and also maximally reduce the variance of
our OLS estimate. More precisely, let X = [z1,...,2,] € R?*™ be a matrix including n different measurements.
Given a set of measurement vectors S C [n], we may run the experiments and obtain the noisy linear observations
ys = XL0 + eg, where g ~ N(0,0%15|). We estimate 6§ using the OLS 6 = (XsXI) 7' XTyg. After assuming a
normal Bayesian prior distribution on the unknown parameter § ~ N(0,X), we can compute the sum of the variance
of the coefficients as 7(S) = tr(X + JXgXZ)~! where tr(:) is the trace of a matrix. If we redefine the g(S) =
r(@) — r(S) = tr(X) — tr(X + 2 XsX%)™!, we can reformulate the bayesian A-optimal design as a (v,53)-weakly
submodular maximization problem (Thiery & Ward, 2022) with 5 = 1/~.

In our experiment, we use the Boston Housing dataset (Harrison Jr & Rubinfeld, 1978), a standard benchmark dataset
containing d = 14 features of n = 506 Boston homes, including average number of rooms per dwelling, proximity to the
Charles River, and crime rate per capita. Like Harshaw et al. (2019), we preprocessed the data by normalizing the features
to have a zero mean and a standard deviation of 1. After that, we set o = 1/ v/d and randomly generated a normal prior with
covariance Y = AD AT where A ~ N(0,1) and D is a diagonal matrix with D; ; = (i/d)?. As for the partition constraint,
we randomly cut the all 506 data points into 10 different groups and then select at most one element from each group. Then,
we present the results of bayesian A-optimal design in the final column in Table 4.

From the final column in Table 4, the performance of our proposed Multinoulli-SCG and Multinoulli-SGA algorithms sur-
passes that of three benchmark methods, namely, ‘Standard Greedy’, ‘Residual-Greedy’ and ‘Distorted-LS-G’. Furthermore,
like the previous experiments about video summarization and maximum coverage, the number of value queries to the set
function required by our Multinoulli-SCG and Multinoulli-SGA is 2 and 4 orders of magnitude lower than that of the
‘Distorted-LS-G’, respectively.
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C. The Properties of Multinoulli Extension
C.1. Proof of Theorem 1

In this section, we prove the Theorem 1.

Proof. 1): At first, we review the definition of Multinoulli Extension. For any given set function f : 2V — R and any

point (p1,...,Px) € H,If:l Ay, , we define its Multinoulli Extension for the subset selection problem (1) as:
s . K By .
F(p1,...,PK) = Z (f(Uszl UB:’“l{eZ}) HHPr(e%\pl;)), (11)
eb eV U{0},Ybe By Vhe K] k=1b=1

where Pr(v"|p;) = p7" and Pr(d[p;) = 1 — Z:f:lpzl for any m € [ng] and k € [K].

From Eq.(11), for any parameter p}* where m € [ny] and k € [K], we have the following equality:

o TIS, T, Prietpy) ) ) (12)

oF By (b
7,”(131’ s PK) = Z (f( UicKzl Uz}:k1 ez}) apzt

0 N
Pr e%EV,;U{V)},VBG[B,;],Vl}G[K]

Then, according to the definition of Pr(e b 2Ip;,), we can show that, if k # k, M = 0 for any e;z € V; U{0}. When
k = k, we also can show that, if e;; =, %‘f’“) = 1 and if 61;- =0, %’%P’;) = —1. As for ei’fC ¢ {v;*,0}, when
k =k, w 0. As aresult, we can rewrite the Eq.(12) as:

k

OPr(e}, |pr)
)
Pr(eg|pi€)))>
- Z( > ( > (f(ué‘_lw 1) 2t ) Pr(e%im))))

] ) Onk (kB (k,b1)

bi€[Bi] \ebevyu{0},(k,b)#£(k, eb eV, U{0}

= > ( > (f (”m Uk.b)% (k1) {62}) Pf(eg,;|P;;)>>
(kD) #(k,b1)

bie[Br] N e eV u{0},(k,b)#(k,b1)

- B’“( Z ( ( kY00 5y 1) {ek}) H Pr(eg,;|P;g)>>
k1)

et €V U{0},(k,b)#(k,1) (J,b)(k,

OF o A
— = > (f(uf_luffl ) D (( [T Prieg
| .Vke[K] (k,b)

oy ) 11
PE i eviuponvierny), hielBi] k)

-y ( > (F(UE, u»{k})apr(jjp’”( I
)#(k,b1

bie[By] \eb eV, U(0} . Vhe[B; . Vhe[K] k (hB) (R br)

€k|Pk)) Z (f (val Uthb) (k1) {62}) H Pf(%m;;)))
)#(k,1) )

e evku{w} eb eV, {0}, (k.b (k,b)# (k1

< (f(vzi” Uity (k1) {6 ) H H Pr(e k|pk ))
el bey;u{0}, Vbe 2. VkE[K] ke[K] be[By]

Bk Ee NMultl(pk) (U’f ‘ U(k b)#(k,1) {ek})>>
(13)
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where the fifth equality comes from that each random element eil is independently drawn the same multinoulli distribution
Multi(py,) for any by € [By] and the sixth equality follows from Ze;evku{w} Pr(ei|px) = 1.

2): Next, we prove the second point of Theorem 1. At first, the monotonicity of f implies that for any two subsets A C B C
V, f(A) < f(B) such that we know that f( P Yk by 162 }) > 0 for any random elements ez,% ¢ [B;],Vk € [K].

As aresult, we have If f is monotone, then aF > 0,Vk € [K],m € [ng].

3): As for the third point, we firstly unify the process of generating random elements regarding two different multinoulli
distributions with parameters py, = (p;,...,pp*) € Ay, and pr = (Py,...,DPp") € Ay, where pi* > pi* for any
m € [ng] and k € [K]. More specifically, we will transform the sampling process from each multinoulli distribution
Multi(py) or Multi(py,) into a function of two independent uniform random variables on the interval [0, 1]. Namely, for any

two independent uniform random variables X, Y on the interval [0, 1], we define that
vp If X €0, p,lc)

. v, IfX € Ji pit) for some integer ¢ € [2, ng]
e(X,Y, Pk, Pr) = Z Z

ngk

X >
m=1

We can easily check that, when X and Y are uniform random variables over the interval [0, 1], the random element
e(X,Y, py, Pr) follows the multinoulli distribution Multi(py) over the community Vi := {v},...,v;*}, where p;, =
(p},---,pPp*) € Ay, and Pr(e(X, Y, pr,Pr) = U,T) = py*. Similarly, we also can generate a random element € from the
community V; according to the multinoulli distribution Multi(py,) if we set

nk
e X< pi
m=1

"k Al 1
~ ~ m=1 m=1 k
e(X,Y,pr,Pr) = -

‘ ot (7 = PF) Coue (7 — PF)
vy, IfX > pmandYe{ m= , =M= F )force 2,1y
F Z F 1_Zm 10 1‘25?:1%3 [ |

m=1
ngk
p IfX> Zpk andY > Y (57" - pi)
m=1 m=1

From the definition of (X, Y, px, px) and €(X, Y, px, Px), we can show that, for any fixed X,Y, {e(X,Y,pk,Dr)} C

{e(X,Y, px, Pr)}- Thus, if we generate multiple independent pairs (X7, b Yb) for any b € [B;] and k € [K], from the first
point of Theorem 1, we have that,

OF
8p i

or
opy

(pl, ey pK) = Bk (E(f(v?‘ U(l}j;);é(k,l) {62<X£7 chbvpm f’k)}>)>
(f)l, ey ISK) = Bk (E(f(’l)gb‘ U(E;,B)#(k,l) {%(X]Sa chbvpkv f)k)}))> .
Due to {e (X Yk,pk,pk)} - {Ab( Yg’,pk,ﬁk)}, we can show that,

biyvb vb - ~b(yvb b -
(U(ic,z});e(m) {6,;(X,%,Y,%,Pkypk)> c (U(,;7E)¢(k71) {G,Q(X,;yy,;,pk,pk)})

As a result, from the deﬁnition of weakly DR-submodularity, we know that if f is a-weakly DR-submodular, we have
a‘z)—lgn(pl, . yPK) > aap (P1,...,PK) suchthat VE(p1,...,px) > aVF(P1,...,DK).
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4): We prove the fourth point of Theorem 1. From the definition of Multinoulli Extension and previous definitions of
e(X,Y, pk, Pr) and e(X, Y, pi, Pr), we can infer that the Multinoulli Extension F’ of set function f satisfies the following
relationships:

F(p17~-~,PK)=E<f( {6 (X} MPk;pk)}))
F(p1,....px) = E(f( Uk ufﬁl{a;’;(X,%,Y,f,pk,M}))-
As a result, we have
F(ﬁl,...,ﬁm—F(pl,...,pK>=E<f(u;<1ub (@ (X Y) o b} ) = £ (UE, U {eb (X} ,;,pk,pm))

If f is y-weakly submodular from below and Py > py, for any k € [K], we have that

Y(FB1,... BK) = F(p1,...,PK)) = 7E (f(ug; P AR XD Y pes b)Y ) — (U, U2 {eb (X} Mpk,pw}))

where the final inequality follows from the vy-weakly submodular property of f, namely, for any two subsets A C B C V),

Sven F014) = Soepa f(0]4) = 1(£(B) - f(4)).

Then, isz’ < E:ﬁf L P, we know that €% (X2, Y2, pr, br) = €2 (X2, Y, py, D) Suchthatf@%( YEE,pz;,ﬁ;;)’U,;K:l

m

( (é% X,%,Y,f,pkaf)k)‘ up_ U {ed (X£7ka,pkvﬁk)}>>v

{e (X7 k Pk, pk)}) = 0. As for the case that Xb > Y k| pi*, namely, eE(Xlg’ Y]—f, Ps, Pi) = 0, which means
that we have the following equality:

f(e“;%(XE,prk,pk)‘ {e ( kapmpk)})

(14)
f( (X Yapkapk)‘ (k,b)#(F,b) {e (X Y pkaf)k)})'

Therefore, we have

’Y(F(ﬁ17~-~,f>f<)—F(Pl,-n,pK))

K By ~ A
< ZZE<f(€2(Xb Ykapkvpk:)’ {6 ( kvpkaPk)}))
k;l bB:;
= ZZE(E(f(ek(X Y—,p,;,f),;)‘ UK P {eb(X} k,pk,pk)})‘(xg,ykb),(k,b) # (k,b)))
k;l b;; A 7
— ZZE(]E(f( b (X2, V] ,pk,pk)‘ {e (X7 k,pk,pk)}>I(X£ < Zpk (X2, YD), (k,b) # (k, 5)>>
1:1 21 -
+ZZE<E<f(€Z(X,’;7Yk”,p;;,f>;;)( B (el (X, V) i b)) 1(X] > me (XP, YD), (k.0) # (K, b)))
k=1b=1
K Dk I . o B ng o
= E<E<f(€Z(X£’Ylf7pkvﬁk)‘ Ui, Uf:’“l{EZ(XE,Y,f,pmf)k)})I(X,% > 37 p|(XE. V), (k,b) # (k,b)>>,
k=1b=1 m=1
where the final equality comes from f( (X Y ,Pr,Pg)|U {e (ngkg’pk,f,k)}) — 0 when Xb <3 pim

O
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Then, from Eq.(14), we also can show that

E<f(€2<xzvy,f,pk,m>1Uf_luBk{ XY P B} TOX 2 3 97

= ZPr(E% ,pk,pk) = vk7X > Z Pr ) (v,%’ U5 £(E.5) {ez(Xg,Yé”pk,f,k)}) (15)

= Z(ﬁ% - p%)f(vi‘ U(/}j;);é(;;’g) {6Z(X,§, Yff7pl~c7 ﬁk)})7
c=1
where the equality comes from that

( (X5, i py) = 08, XD >ZP )_Pr(X5>§:p7-" Y_EE{Z;_ll(ﬁi”—p,;’") Zf,m:l(ﬁi"—p’,?)))
PR Ek w b k= —1 Rook 1_225:117? ’ 1—2%:119’—,;”

m=1

As a result, we have

1(FBr.. Bx) ~ Flpr.-px)
K By k
boyb
_ZZE<Z - (”k ’U(k B)£(F,B) {e} (X,;vy,;,pk,Pk)})>
):: ~ ~ ~
( Py —pi”)f(vi"‘ Uh,b)2(k1) {eZ(X,@Y,f,pk,f)k)}))

= Z Z — ;') BRE (f(v;?‘\ U6y (k1) {egk(xgvykg’pkvf’k)})>

k=1m=1
= Z Z ;p]; (P1,.--,PK) = <(151, .., Px)—(P1,.-- ,pK),VF(pl,...,pK)>,
=1m=1 k

where the second equality follows from the independence of eb for any b € [B;] and k € [K].

C.2. Proof of Theorem 2

In this section, we verify the Theorem 2.

Proof. At first, we recall that Vi, := {v},...,v;*} for any k € [K]. Therefore, for any subset S within the partition
constraint of problem (1), we assume |\S N Vi| = s < By, and we can represent each S NV, as

Sk
SNV _{Umk,...,'UZ% 1,

where mb* # mb € [ny] for any by, by € [s;] for any k € [K].

As a result, we can rewrite that

<Z Lsov, ,VF( pl,...,pK)>:ZZ L 8F ..., PK)

k=1 b=1 8pk
K sg \ )
= ; ; (EezNMulti(pfc)(f (U;nk‘ Uk by (k1) {62}))> (16)
K s
; ; ( el NMuln(pk)(f (Uk ‘ ) {ek}))>
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where the final equality follows from that, for any fixed ke [K], the elements ez, Vb € [B;] are independently drawn from
the same multinoulli distribution Multi(p;,).

When the set function f is a-weakly monotone DR-submodular, we can show that
K1
<Z %7VF(I)15 .. apK)>
K
k=1
m}, b
Eegwum(p,;)(f (“k ‘ Uk by (k.b) {ek}))
E . mZ UK UBf; b U+ m%
et o \F (O | Uiss Uy L U (Ve qeny {07)
s m? B; B
(Eeszulti(p,;) (f( Uf:l Ubkzl{vk k} UI%KZI Ul;—kl{ez}))>

Sk m? B; b ..
EeIENMulzi(p,;)(f( Ul Uk {o, k}) _ f( Ul U5f1{62}>)> (Monotonicity)

W I
M-

a7

|
Q

«

Y

&

a(F(8) = F(p1....px)),

where the first inequality follows from the a-weakly DR-submodularity, namely, f(v|A) > af(v|B) for any two subsets
A C B CV and the partially ordered set {(k,b) < (k,b)} = {(k,b)|k < k or b < b when k = k}.

As for the settings that the set function f is (v, 3)-weakly monotone submodular, we firstly can show that for any two
elements e1, es € V and the subset B C V), we have that

v(f(er|BU{e2}) + fle2|B)) = v(f(BU{e1,e2}) — f(B)) < f(er| B) + f(e2|B),

such that
fle1lB) > ~vf(e1]B U {e2}) — (1 —7)f(e2| B). (18)

From Eq.(18), we can show that

(

M=

1
SV 7VF(p1a7pK)>

By,
k=1
K sg " .
= Z Z (Eeszulti(pk)(f (Uk k‘ Uk,5)(k,b) {62}))> (19)
k=1b=1
K sk A R
> (Eei’“Mwﬂmw(ﬁ (o UE, 0 (ed) = = (k| Vit iy pnn {62}»))
k=1 b=1

Then, from the y-weakly submodularity,

mb K B, b
<E62~Mulii(pfc) ('f (Uk * U]%:l Ugil{ek})))>
s m? B;, b (20)
> 'YESB,;NMulti(Pzz)(f( ngl Ubkzl{vk k} UI%K:I Uézkl{ez})))

>(£(8) = Flpr. ).

where the final inequality follows from the monotonicity.
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Furthermore, from the $-weakly upper submodularity,we also have,

K s R
> (Eeg ~Multi(py) (f (62’ Y k,b)# (k,b) {62}) ) ))

k=1b=1
K By

< ZZ ( eb ~Mulll(pk)(f( ‘ (k,b)#(k,b) {eZ})))) -

k=1b=1
< B, apaiipyy (£ (Vs Ur (eh}) = 7)) < BF (P pc).
where the second inequality follows from the definition of S-upper submodularity, namely, Eq.(3).

Merging Eq.(21) and Eq.(20) into Eq.(19), we have that

1
<Z SkaaVF(plv"'vpK)>
By,

k=1

ZZ ( ob NMM,,,(pk)(Vf( {ek}> (1- (@k‘ Uk, by (kD) {ek})))>

> v2(f(5) —F(p1,...,Px)) — (1= 7)BF(p1,...,px) =72 f(5) = (B(L =) +¥*)F(p1,-..,PK).

C.3. Proof of Theorem 3

In this section, we verify the Theorem 3.

Proof. Firstly, from the fifth equality in Eq.(13), we know that
aF m b b
W(Ph s PK) = Bk( Z <f(vk | Uy (1) {e%}) H Pr(e%m)))-
k eb €V U{0},(k,B)#(k,1) (kb)#(k.1)

Therefore, if k1 # ko € [K], for any my € [ng,] and ma € [ng,],

82
W(pla"wpK)
1

NIy Pr(et[py) )
m (k)01 FT(€ [Py
= Br, < > <f (kal Uh,b)(k1.1) {62}) 2 ))

S ap
€2 €V U0}, (kD) £ (k1 1) "

: OPr eil ) :
mu( X (e e ) X TR T edie) )

5 hb 8 Oy, hb ;
e? €V U{0}, (k,B)#(k1,1) b1€[By,] (k,b)#{(k1,1),(k2,b1)}

5.y OPr eil ) 2
= By, Z < Z <f (UZH U h,8)2(k1,1) {6%}) %( H Pr(e%lp;;))))

bLEBry] N eb €V, U0}, (kb)#(k1,1) k2 (k,B){ (k1,1 (a,b1) }

- 5.\ OPr(ey, b
= By, Bk, (U; . Z (51 Z f(”k11| U,y (k1,1) {62}) %( H Pr(e%’lp;;)))) .

B {(k1,1),(ka, 1)} N ef, €V, U{0} k2 (R, B)£{(k1,1), (k2,1)}

Due to that Pr(v}"|py) = p* and Pr(0[p;) = 1 — S p;’, we can show that

OP
> f(”kl | Uy ha,) 1€ })M

€y EViy U{0} Pk

m b m b
= f(”kll‘ U,8) £ (k1 ,1), (ks 1)} {eic} U{Uk; }) (”kl | Utk 0)£{ (k1,1), (k2,1)} {61;})-
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. B b
Therefore, if we set S = U 7 i) 21 (k, 1,(ko,1)) 167 }» We can show that

o op PP

N OPr(el . .
= Blekz < B Z <€1 Z f(”z” U(};:,l;)#(ktl,l) {6%})1(;;7;22)”( H Pr(e%|pf€))>)

(k;0)#{(k1,1),(k2,1)} kg € Vo U{0} (E,0)#{(k1,1),(k2,1)}

_ By, Bk2< ﬂ Z ( (w15 0 foiey) = £ (o18) I1 Pr(e%lp;))))

el eV {0}, (k,B)A{ (k1,1), (k2, 1)} (k,b)#{ (k1,1),(k2,1)}
= B BB _yiion ( f(v,’gﬁSu {U,’;;‘Z}) - (ukl |S)>
k k

wlhere thelﬁnal equality comes from that the subset S = U)o (k1 1), (ks 1)}{62} is unrelated with the random elements
ey, and €y .

When k; = ks = k € [K] and By, = 1, it is easy to verify that ﬁ(pl, ..., Pr) = 0. As for By, > 2, we have that

O*F
W(Ph---,m{)

:Bk< 2 (f(”'?”1|u<;;,z;)¢<k,1) {e}}) O piu Pr (klpk))>)

) - p,.”?
ezevku{@},(k,b);é(k,l)

A i A
= Bk( ~ Z <f (vL"ll Uk, 8)(k,1) {62}) Z %znlm)( H Pr(eZpg))))

el eV u{0}, (k,5)#(k,1) 2<b1 <By, (k,b)#{ (K1), (k,b1)}

=B Y ( S <f(ugﬂ|u(,;,g#(k,l){e%})aprgjle"’“’( I1 Pr(e%m))))

2<b1<Br N el eV U{0},(k,b)#(k,1) (k,b)A{(k,1),(k,b1)}

= Bi(Br — 1)( , Z (f(v;”1| Uk, by (k1) {e%}) W( H Pr(eg,;|p,;))>)

eb €V U{0}, (kB (k1) . (BB)£{(k,1),(k,2)}

= Bi(Br — 1)( B Z < Z (Uk |U(k b)#£(k,1) {e ﬁ)%ﬁg’k)( H Pr(ﬁ%lm))))-
), (k,2)}

(k,B)#{(k,1),(k,2)} \ ef €VU{0} (k,D)#{(k,1),

Also, because Pr(v{"|p;) = p}" and Pr(f|p;) =1- Yk, p}', we can show that

ma 51\ OPr(e;|pr)
> f(”k Uk byk1) {62})719

ma
2 €V, U{0} 9Pk,
my 1 b
= f(” | Uk byt .1y (k203 167 }U{”?Q}) (”ZL U800k 1), (8,2)) {ez})

: _ b
As aresult, if we set S =U; 3¢ 1) (r,2)} {€} }> We have that

82
W(Pl,-~-7pf<)

comen( oy (leseer) ) T ehn)))

eb €V U0}, (k,B)£{(k,1), (k,2)} (k,b)#{(k,1),(k,2)}
(Bk - Bk)]E @NMuln(p )< ( 7rL1|SU{ m2 ) _ f(U;’L1|S)>7
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where the final equality comes from that the subset S = U (b5) 2L (1), (,2)} {e%} is unrelated with the random elements e},
and 7. O

D. Stochastic Variant of Continuous Greedy Method for Mutinoulli Extension
D.1. Proof of Theorem 4

In this section, we prove the Theorem 4.

Before going into the details, we firstly bound each second-order derivative of our proposed ME F/, that is to say,
Lemma 1. Given a monotone set function f : 2¥ — R, if we denote the maximum marginal value of f as M =

Maxgscy cev\ S (f(e|5)), we have that, for any ki, ko € [K|, m1 € [ng,] and ma € [ny,],

0*F _
W(phmmm < BQMf7
1 2
where (p1,...,PK) € Hszl A, and B = maxX_| By, is the maximum budget over the K communities {V1, ..., Vi }.

Proof. From the Theorem 3, we know that, If k1 # ko € [K], the second-order derivative of the Multinoulli Extension F at
. K .
any point (p1,...,Px) € [[,_; An, can be written as follows:

827}7@1 ..+, PK) = By, Bi,E ; (f(vml|5U {vn}) - f(“ml\s))
31’211131’2;2 ’ ’ 1 2 ez k1 k2 k1 ’

where S = U(l%,l;)yé{(kl,.l),(k%l)}{eg;};} and each e% is drawn from the multinoulli distribution Multi(p;). Furthermore, for
any monotone set function f and any subset S C V), we can easily know that:

My < —f(1S) < SRS U {)) - F(1S) < F(IS UL} < My
such that, when k1 # ks € [K],

0’F _
——(p1,..., < By, By, My < B®>Mj.
|8pzl apZ;z (pl pK)| — kl k2 f — f
Similarly, we also can verify that when k1 = ko = k € [K], for any m; € [ng,] and mo € [ng,], we have that
0°F (pl,...,pK)’ SBQMf. D

Op, top,?
Similarly, we also can verify that the estimations of the second-order derivative of Multinoulli Extension F' in Remark 6 are
also bounded by B2 M, that is to say,
Lemma 2. Given a monotone set function f : 2¥ — R, if we denote the maximum marginal value of f as M =
mMaxgcy ecv\S (f(e|5)), we can infer that each second-order estimators in Remark 6 is also bounded by Bsz, i.e., for

any ki, ke € [K], m1 € [ng,| and mg € [ny,], we have that

| FE (( )| < B*M
apzilapzf P1,---,PK))| = f
where (p1,...,PK) € Hszl A, and B = max}_, By, is the maximum budget over the K communities {V1, ..., Vi }.

As a result, we also show that
Lemma 3. Given a monotone set function f : 2V — R, if we denote the maximum marginal value of f as
My = maxgcy cev\s (f(e\S)), we can infer that each Hessian approximation @f =1 Zle §2F(xl(t)) in Line
9 of Algorithm 1 satisfies that, N

IVE3,00 < nB*M;

where t € [T), n = |V|, L is a positive integer, B = maxp_, By, is the maximum budget over the K communities

{V1, .. .,VK}.
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Remark 11. For any matrix A € R"*"™, the (2, co)-norm of A is defined as || A||2,00 = sup{|| A%/ : x € R™, ||x]|2 = 1}
where || - || denotes the L2 norm.

Proof. From the definition of the norm || - ||2 o, We can show that

IVEII3 00 = max [VE(i, )13 < nB*My,
i€[n]

where @f (7,:) is the i-th line of the Hessian approximation @f and the final inequality follows from the Lemma 2. O

With the Lemma 3, we next verify the gap between our gradient estimator g(¢) and the exact gradient V F'(x(t)), that is,

Lemma 4. Given a monotone set function f : 2¥ — R, if we denote the maximum marginal value of f as M F =

Maxgcy,ecv\s (f(e|S)), we can show that each gradient estimator g(t) in Line 11 of Algorithm 1 satisfies that, for any
t € [T)]

nrB?
B(lgt) - VEx(0)[F) < 2

where L is the batch size, n = |V|, B = max}_, By, is the maximum budget over the K communities {V1, ..., Vi } and the
rank r = ZkK:1 By,

Proof. Note that in Lines 4 of Algorithm 1, we compute the exact gradient of our proposed Multinoulli Extension F' at the
point 0 and then assign this value to g(1). Therefore, we know that when ¢ = 1,

TLT‘B2Mf

lg(1) = VEx(1))] = llg(1) = VF(0)]| T

0<

When t > 1, we have that

E(lle(t) - VF(x(®)3)

—E(llg(t — 1)+ &~ VFx(®)I3)

—E(jlgtt — 1) - VF(x(t = ))IE) +E(llg, - (TFx(®) - VP(x(t = 1)) 1)
+E( (gt —1) = VF(x(t = 1)).& — (VF(x(®) - VF(x(t - 1)) ) ).

Note that

E(

(906 =1) = VF(x(t = 1)).& — (VF(x(1) = VF(x(t - 1)) ) )
E

(E( (g(t = 1) = VF(x(t = 1)).& — (VF(x(1)) - VF(x(t ~1))) ) \x(t)))
(

E <g(t 1)~ VF(x(t — 1)),E(£t|x(t)) - (VF(x(t)) ~ VF(x(t - 1)))>)>
=0.
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Therefore, we have

- E(ng (t=1) - VFx(t - D)3) +E(llg, — (TF(x(®) - VFx(t - 1)) 13)
= E(llg(t ~ 1)~ VF(x(t — ))IE) + B [T x00) — x(t ~ 1)) — (VEx(t) - VFxt - 1))|[))
=E(|lg(t—1) -V t—1>>||%)+1E( (;l_il(VQF(xxt))(x(t)—x(t—1>)) (VFE(t) - VF(x(t - 1))
(T t—1>>||§)+iE(H(sz(xm)(x(ﬂ—x(t—l))) (VF(x(t)) - VF( (t—l)))Hj)
<E(llg(t —1) - VFx(t - D)) + iE<II§2F(X1(t)) (x(t) = x(t — 1)) ||2>
<E(llglt—1) - VF(x(t - D)) + iE<II§2F(X1( DI oo l(t) = x(t - 1>||2>
=~ E(ls(t~ 1)~ VAt~ ))I3) + 7 <||v2 (et () 3 cll 7 D 5L mmu)
E(ng (4~ 1)~ V(e - 1)) + O

B*M nrB2M
< E(Ilg(l) W(X(l))llz) + T2 (t-1) < T

where the first inequality follows from E(X — E(X ))2 < E(X?) for any random variable X; the second inequality
comes from the definition of the norm || - ||2,00; the third inequality follows from the Lemma 3 and the ascent direction

K 1
D ket B—kl S(t—1)nv, has at most r non-zero elements. O]

Now, we verify the Theorem 4.

Proof. From calculus, we know that, there exist a constant a € [0, 1] such that

F(x(t+1) = F(x(8)) = (VF((t),x(t +1) = x(8)) = 5 (V2 (0) (x(t+1) = x(0) ), x(t +1) = x(1) ),

M\H

where x*(t) = ax(t) + (1 — a)x(t — 1). Therefore, we can show that

F(x(t+1))
> F(x(t)) + (VFx(t)), x( 4+ 1)~ x(0)) — 3 [(T7F G (0) (x(+ 1) = x(1)) x(t + 1) = x(1))

> F(x(t) + (7 Fat) e+ 1) — () — 12O 2oe 1y 1y ey .
> Px(t) + (VP Gx(t), x( + 1)~ x(6) ~ 2 e +1) — x(0)

where the final inequality follows from Lemma 3.
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With Eq.(22) and x(¢ + 1) = x(t) + %V (t), we also have that,for any subset S within the partition constraint of problem (1),
F(x(t+1))

> F(x(0)) + (VE(e(t),x(t 1+ 1) —x(t)) — 2V 140 1) — x|
K K
— F(x(t)) + % <VF(x(t)), 3 ;kls(t)m,k> _ BynMy, Z Blk Lo |2

k=1

1 sy, | | 1 S} B K
= F(x(t)) + T g(t), Z Tk + T VE(x(t)) —g(t), Z B, Ls@)nvs Z swmll3

k=1

K K 7 K
1 ]-SﬂV. 1 2
> F(x(1)) + T <Q(f)7 Z B, s > T <VF ,Z S(t)m}k> 2T2 Z Ls(tynwy Il

k=1

k

where the final inequality follows from 25:1 153“:’“ € Hfil A, if the subset S is included into the partition constraint of
problem (1) and Line 13 in Algorithm 1.

As a result, we can show that, in expectation,
E(F(x(t+1)))
- 1 X s, 1 S
> E(F(x®)) + FE(( 90, > == ) + 7E({ VF&(1) —g(t). > Z-1swm ))
_ LVM E(| Z M” )

272 By,

(23)

_ B\/ E(| Z 1S(t)ﬁvk 12)

Cor?
1 5 1sny, 1 K
=E(F(x(1))) T< Z B, >+TE(<VF( ) g(t),szlsumvk>)
By/nM; 1S(t>m .
- 2T2 HZ b

where the final equality follows from g(x(¢)) is the unbiased estimator of VF'(x(t)) for any ¢ € [T7].

1): When the set function f : 2V R is monotone and a-weakly DR-submodular, from Theorem 2, we can show that
E(F(x(t+1)))

= B(F(x(1)) + 7 <VF<x<t>>, > e > + 7 <VF< (1)~ g(t), > FO >) = (D RE T

=1 k=1 Bk
> B(F(x(1)) + 7 ((5) ~ E(F(x(1) ++}E(<VF<x<t>> g<t>,2153;f"’“>) - (HZ v 3

18) =B () = 55— E(IFx(0) ~ g0I) = =5 B Y 5 Tstomal)
k=1

rBy\/nM;  rB\/nMg
T 2LT T2

(24)
where the second inequality follows from the Young’s inequality.
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By rearranging the Eq.(24), we can show that

(£(5) - E(F(x(t+1))))

<(1- %)(f(S) — E(F(x(t ) @ﬂ rB T?;Mf

<.

< (1= 2y (508) ~ B(EGe(1)) + (TR ¢ T :Z:;(l 2y
< (1= 25 (7(8) - B(Fe(a)) + (LM, BV RN T

Finally, we have that

« T) rBy/nM; rB\/nMjy
>(1—(1—-= S) — —
( ( T) i 2oL oT
rBy/nM; rB\/nMjy

> (1- *a) S) — _

- ( € 1(8) 2oL ol
where the final inequality follows from (1 — %)7 < e~* when T > 3.
Therefore, when L = L, we have that

E(F(x(T +1)) > (1 _ ,;a)f(s*) B %

2: When the set function f : 2¥ — R is monotone and (, 3)-weakly submodular, from the Theorem 2, we can show that

2 — 2 rB./n rB./n
B(F(x(t + 1)) > E(F() + 2 1(5) - L g ) - L2V BV o)

By rearranging the Eq.(25), we can have that
(427(8) = (B(1 = %) + ¥?)E(F(x(t +1))))

(1= P2V e ) — (80— )+ 2E(F D)) ) + (S + PR (801 ) +4)

<...

<= PmD 200 (15208) - (80— ) + 2 E(EGe() + TV TEVERE ) 101 ) 4 42)

<= e s

rB.y/nM ¥ rB./nM I
2L T '
Finally, we have that

(B(1 =) +7*)E(F(x(T +1))
> (1 - B(1 —;) + )T)72f(5) N TBNQ/ZMJ: N rB.T/an

By/nM By/nM
> 2(1— e POt () 4 L+ L

where the final inequality follows from (1 — W%W)T < e (BU=1+7) when T > 3.
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Algorithm 2 Rounding Without Replacement

Input: Point (py,...,pPx) € Hle A, where pp = (p},...,pp*) and Yo% pi = 1 for any k € [K], Partition
(V1,..., Vi) of set V where Vi, := {v},...,v.*} forany k € [K], Budget set {By,..., Bx}

1: Initialize S = ();

2: for k = 1,...,K do

3 P = 0

4. forb=1,...,Bydo

5: if b =1 then

6: Sampling a number N; from [n,,] according to the probability Pr(Ny = m) = pi* forany m € [n;];

7: else

8: Sampling a number N; from [ng] — {N1, ..., N;_;} according to the probability Pr(N; = m) = 1pr for any
m e ([”k] —{Ny,... ’NE—I});

9: end if

10 SetS:SU{v;@V"’} andP=P+pg’;;
11:  end for

12: end for

13: Return S,

we have that

Therefore, when L = %,

2(1 - 6(7(1/3)#))) g 2rB./nM;

g
E(F(x(T+1)) > ( 0B+ CT(y(1-B)+12)

O

Remark 12. If T = L = O( T‘e/ﬁ) and S is the optimal subset of problem (1), we can show that, when the objective function
is monotone a-weakly DR-submodular or (v, §)-weakly submodular, our Multinoulli-SCG algorithm can attain a value of

L (B(1—n) A2
(1—e)f(S)—eor (w2(1;1fj)+7§” ) )f(S) — €. Note that, during the process of O(=") iterations, if L = O(="),

due to Remark 8, Multinoulli-SCG only requires evaluating the set function O(

T/ T
€

) times.

7‘377,2
€2

D.2. Rounding Without Replacement

In this section, we aim to present a more effective rounding method for our proposed Multinoulli Extension F' when its
original set function f is monotone.

Given the second point of Theorem 1, we know that when the set function f exhibits monotonicity, its Multinoulli Extension
F'is also monotone. Therefore, it can be deduced that the optimal value of the relaxed problem (4) must be attained at the
boundary of H,I::l Ay, . Therefore, this section primarily concentrates on how to design more effective rounding method

for the points at the boundary of Hszl A, . The specific details are presented in Algorithm 2.

The core of our our proposed Algorithm 2 lies in the Line 8, that is, instead of independently sampling according to
each probability vector p;, we take into account the elements previously selected within the same community, namely,

N
{v]{cvl, ..., v "'} As aresult, we can prove that

Theorem 6. For any point (p1,...,Px) at the boundary of the domain Hszl A, Le, |Pkllt = 1 forany k € K], if the
set function f is monotone, we can show that the subset S returned by Algorithm 2 satisfies:

o forany k € [K],

Sﬂvk| = By,

. E(f(S)) > F(p1,...,px) where F is the Multinoulli Extension of f.

Proof. The first point of Theorem 6 is easy to verify. We mainly focus on the second point.
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At first, fixinga k € [K] anda b € [n;], we firstly prove that, when S = {o)": (k,b) < (K, b)}, the following inequality
holds:
N
E ( F(SU {0y ’s) > EerMuti(oy) ( F(SU{e}) ’S) (26)
In order to verify Eq.(26), we first show that

E, (r(sufey™y)
- Y (Zssun)

méeng]—{Ni,...,N;_, } méeng]—{Ni,...,N;_,}

1fP 2 5)) + > (s (SU 7))

me[ng]—{N1,....N;_,} me([ng]—{N1,....N;_,}

= Pf(S) + > (p?f(SU{U?}))7

me[nk]f{Nl,.‘ngil}

v

_ % Z (p}c"f(S U {v;”})) + Z (p’,;”f(S U {U;n})) 27)
(s

where the first inequality from the monotonicity of f. Then, we also have that

E@NMulti(p,;) (f(S U {e}) S)

= (rrsur)

me[ng]

Z (p;gn (5)> + Z (p;” (5 U {UZLD) (28)

mE{N1,....,Ny_,} me[ng]—{N1,...N;_,}

= Pf(S) + 3 (prr(sugury).

meng]—{Ni,....N;_,}

With Eq.(27) and Eq.(28), we get the result of Eq.(26). Therefore, if we start by the final subset S and recurrently apply the
Eq.(26), wecangetE(f(S)) > F(p1,---,PK)- O

E. Stationary-Point Strategy for Mutinoulli Extension

E.1. Proof of Theorem 5

In this section, we prove the Theorem 5. Firstly, we prove a lower bound about <(p1, ...,Pr),VF(p1,..., pK)> for any
point (p1,...,PK) € Hszl A, , that is to say,

Theorem 7. When the set function f : 2¥ — R, is a-weakly DR-submodular, for any point (p1,...,px) € Hszl Ap,,
the following inequality holds:

1
<(p17"'7pK)7VF(p17°"7pK)> 2 aF(plv"'apK)v (29)

where o € (0,1]. Similarly, when the set function f : 2¥ — Ry is 3-weakly submodular from above, for any point
K .
(P1s---PK) € [[1=1 An,, we also can infer that

<(p17"'7pK)7vF(p1""7pK)> Z /BF(pl,"'7pK)7
where 3 > 1.
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Proof. At first, we assume each py, := (p}., ..., pp*) for any k € [K]. Then, from the first point of Theorem 1 and the fifth
equality in Eq.(13), we have that

oF . ;
oo (P1,---,Px) = Bk <E82~Multi(p,;)<f(vk ’u(k’g)#m) {ek}))>

= Bk( > (f (UIZL| Uh0)£ (k1) {62}> 11 Pr(ei’,;mg)))
)#(k,1) )

et eV U0}, (kb (k,b)#(k,1

As a result, we have that
(1, PK), V(1. Pic) )

K & OF
=> > 5y PL - PK)
k=1m=1 P,

Nk

K ~
- Z Z P Br (EeBkNMulti(p,;)(f (”lzn’ Uity £0k,1) {62}))>

k=1m=1

=> Z pZLBk< > (f (vL”I Uk (k1) {62}) II Pr(€2|pk)>>
) )

k=1m=1 eb VLU {0}, (k,b)# (k1 (k,B)#£(k,1

K ng R R
= Z Z Pr(vL”ka)Bk< Z <f(v}€n| Ul by (k1) {62}) H Pr(e% pk)>>
)#(k,1) (k,b)# (k1)

k=1m=1 eZGV,;U{m}a(’%1B

K ngk . .
= ZBk Z Pr(v;?”lm)( Z <f (Um Uk b)#(k,1) {e%}) H Pf(ez pi%)))
k=1 =1 )#(k,1) (k,b)#(k,1)

et eV u{0}, (kb

k( Z Z (f (”!T‘ Uity (k1) {62}>Pf(vin|pk) H Pf(eg p,;)))
(k,1)

m=1 ezevku{w}’(’;ﬁ)i (’%al;)?é(]f:l)

N K Bf‘ ~
k( Z (f (ezﬁl Uity £0k.1) {62}) H H Pr(eg|p,~€)>>
[B;].vke([K]

et eV, U{0},Vbe k=1b=1

M=
oy}

el
Il
—

S|

1 b
BkEe%rvMulti(pl;) <f (€k| U(l%,?));é(k,l) {ek})>

N

Il
M= I T

b b
Eeszulti(pE) (f (ek| U(ic,i));é(k,b) {ek}>>,

k=10b=1

where the fourth equality follows from Pr(vi"|py) = p}*; the seventh equality comes from e} ~ Multi(py) and f(0|B) = 0
for any B C V as well as the final equality follows from that each ez is independently drawn from the multinoulli distribution
Multi(py).

If f is B-weakly submodular from above, we can show that
& b B B
b b K i K 3
D> £ (e Uiy L€ < 5<f< Ul U ) - f(@)> < 87U, Ui,
k=1b=1

where the final inequality follows from f()) > 0 (Note that we define f : 2V — R,).
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As aresult, when f is S-weakly submodular from above, we have that

<(p1,...,pK),VF(pl,...,pK)>
K ng

b b
= Z Z Ee%Muhi(p,;) (f <6k| U de,b) (k.b) {61;})>

k=1b=1

B

K k _
< BEezf\aMulti(pr) (f( U]%:l Uj)_k1>> = BF(pla ceey pK)

Note that an a-weakly DR-submodular function automatically satisfies the conditions for being é-weakly submodular from
above. Thus, we get the Eq.(29). O

Merging Theorem 7 into Theorem 2, we also can get that

Theorem 8. When the set function f : 2¥ — R is monotone and a-weakly DR-submodular, for any subset S within the
partition constraint of problem (1) and any point (p1,...,Pxk) € Hszl Ay, , the following inequality holds:

<§: Biklsmvk - (Pl,---,pK),VF(Pl,---,pK)> 2af(S)—(a+$)F(p1,.-.,pK)-
k=1

Similarly, when the set function f : 2¥ — R is monotone and (v, 3)-weakly submodular, for any subset S within the
partition constraint of problem (1) and any point (p1,...,Pxk) € HkK:1 A,,,, we also can infer that

k=1

<§Kj s tsow, — (pre o) VF (b .7pK)> > 2 £(8) = (B+ B(1 =) +7*)F (P, Px ).

From the definition of stationary point, we know that if (p1,...,Px) € Hszl A, is the stationary point over the domain
AN i LA
[Ii_; Ay, forany pointy € [[,_; An,,

<y—(pl,...,pK),VF<p1,...,pK)>§0. (30)

Also, for any .S within the partition constraint of problem (1), we can easily show that Zle Biklgm;k € Hszl A, such
that we know that, for any .S within the partition constraint of problem (1),

K
1
<Z §Ivak - (pla"'apK)7VF<p1;"'apK)> S 0.
k=1 F

Therefore, when the set function f : 2¥ — R, is monotone and a-weakly DR-submodular, we have that o f(S) —
(a+ é)F(pl, ceey pK) < 0 such that F(pl, cey pK) > %;f(S*) where S* is the optimal solution of problem (1).
Similarly, when the set function f : 2" — R is monotone and (, 3)-weakly submodular,, we have that 42 f(S) — (5 +

2
B(1—7) + 72)F<p1, cey pK) < 0 such that F(p17 - ,pK) > (7B+ﬂ(17—“/)+72)f(5*)'

E.2. Stochastic Gradient Ascent for Multinoulli Extension

In general, a simple strategy is to initially apply the well-established Gradient Ascent (GA) method to maximize our proposed
Multinoulli Extension F', and subsequently, to finalize our selection by rounding the resulting continuous solution. However,
the implementation of GA often requires accurately computing the gradients of F', which is typically computationally
intensive. Fortunately, the first point of Theorem 1 indicates that it is feasible to sample a sequence of random elements
to construct an unbiased estimator for each %(ph ...,Pk) where (p1,...,PK) € Hszl A, . Specifically, when each
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Algorithm 3 Stochastic Gradient Ascent for Mutinoulli Extension(Multinoulli-SGA)

Input: Batch size L, step size 7, number of iterations T', partition {V1, ..., Vi } of set V where V;, = {v},... ,v."} and
the set function f
1: nitialize x(1) = (p1(1), ..., px(1)) € [Trey Dy
2: fort=1,...,7do
3:  Generate a subset .S; by rounding x(t);
Compute the estimator V F (x(t)) based on Eq.(31);
Sety(t +1) :=x(t) + nVF(x(t));
x(t+1):=arg min, s A, Hz —y(t+1)|l2s
end for
Return S := arg max,¢ 7y f(St);

A

e?’k(l) is independently drawn from the multinoulli distribution Multi(p;) for any kelK]be [n;] and I € [L], we can

. oF
estimate W(ph ..., PK) as

—

3(9]911;;(1)1,...,1)1( BLZ_:(( ’ kb#kl){e()})). (31)

By merging this stochastic gradient Eq.(31) into the standard GA method, we can derive a stochastic variant of gradient
ascent method for our proposed ME, as detailed in Algorithm 3. Furthermore, based on the previous results of Theorem 1
and Theorem 2, we also can verify that:

Theorem 9. When the set function f : 2¥ — R, is monotone and o-weakly DR-submodular, if we set the batch size
L = O(1), the subset S output by Algorithm 3 satisfies:

a2 K nBzM]%
E(f£(S)) > ( ) gy ,
(f(9)) > Taz)f(57) A
where S* is the optimal solution of problem (1),B = maxle By, is the maximum budget over the K communities

V1,..., Vi } and My = maxgcy cev\s (f(e|S)) Similarly, if the set function f : 2¥ — R is (v, B)-weakly monotone
submodular and L = O(1), the returned subset S of Algorithm 3 satisfies:

72 N SK ZnBQMfQ
(Frma— e g -7

™mT 7
Remark 13. Theorem 5 shows that, when the set function f is monotone and a-weakly DR-submodular, if we set C’)(ﬁ),
the subset S output by Algorithm 3 satisfies:

E(f(S)) >

a2

1+ a?

1
S*) - O0(—=),
)18 - 0()
where S* is the optimal solution of problem (1), which implies that after O(1/€?) iterations, the subset output by our
proposed Algorithm 1 can attain ( —)OPT — e where OPT is the maximum value of problem (1). Similarly, when f is

(7, B)-weakly monotone submodular if we set (’)( ) the subset S output by Algorithm 3 satisfies:

E(£(5)) = (

2
¥ 1
E(/(9)) = ( )F(5%) ~ O(—=),
VO 2 Gy /6 - 07
which also means that, after (9( ) iterations, Algorithm 1 also can achieve (ijw) OPT — e. Note that, during

the process of O(Z) iterations, Algorithm 2 only requires evaluating the set function O(Z%) times if we set the step size
L=0().
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Framework for Subset Selection over Partition Constraints

In the following part, we prove the Theorem 9. At first, we give a easy-fo-verify lemma about the upper bound of gradients

of our proposed Multinoulli Extension F'.

Lemma 5. Given a monotone set function f : 2V — R,

if we denote the maximum marginal value of f as My =

Maxscy cev\ S (f(e|5)), we have that, for any k € [K], m € [n],

oF

a m(pl""

n,, and B= maxle By, is the maximum budget over the K communities {V1, . ..

apK) S BMf7

7VK}

Similarly, we also can infer that the gradient estimation Eq.(31) also can be bounded by BM 1,1.e., for any positive integer

where (p1,...,PK) € HszlA
L
F
ap? Pi,--.

With this Lemma 5, we then prove the Theorem 9.

Proof. Let S* denote the optimal subset of problem 1. Then, from the Line 6 in Algorithm 3, we know that

2 2

K
1g- 1
X(t + 1) _ Z SBﬂVk S Z S* ﬂvk
k=1 kol k=1 2
= |x(t+ 1)+ nVF(x(t)) —
K 4 2
= |Ix(t) - Z % +9
k=1 k 2
K 4 2
< |[xt) - % +2
k=1 k 2
s nv,

where the first inequality follows from Zle B,

As a result, we have that

2 2

K
1s*nvk ls-ny,
x(t+1) Z E|x(t) = B |t
2 k=1 2
K 4 2
=E |x(t) = > 5| +
k=1 k 2
K 4 2
=E|x(t) ) 5| +
k=1 k 2

Then, if 1): the set function f : 2V R is monotone and a-

have that
K 4 2 K 4 2
E x(t+1)—zis;wk <E x(t)—zisgw’“
k=1 ko, k=1 ko,
K 4 2
<E )((t) _ Aggffjlﬁz
= B
= 2
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- 2771@( <VF(x(t),

2

K

Z sy,
By,

k=1

2

K
Z 1s-ny, 2
B
k=1 k

U <§F(X(t))7 x(t) —

4

>+n2 |9 P

2

= i ls<ny
VE(x(0),x(1) - Y T

> + n2nBQM?,
k=1 —F

€ Hkl,il A, and the final inequality comes from Lemma 5.

K
2K <%F(x(t)),x(t) - 15;““ > +1*nB2M?
k=1
K
27;1[-3( <E(§F(x(t))’x(t)),x -3 15;;"’“ >> +n?nB2M?
k=1
QnE( <VF(x(t), x(t) =Y 15;;‘“ > ) +n?nB2M?
k=1
(32)

weakly DR-submodular, from Theorem 8 and Eq.(32), we

K

Z sy,
B,

k=1 k

— x(t)> > + T}2nB2M]%

27 (af(S*) —(a+ é)F(x(t))) +n°nB*Mj.
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As a result, we have that

2 2

T K K
* 1 1s-nvy 1s-nvy 2, 1327172
< S A1 2| - B kA1 23 .
Z (af (S*) — (a+ )F(x(t))) <E|x(T+1)-Y B E|x(1) - Bk Ton B
t=1 k=1 2 k=1 2
Due to that E(f(S;)) = E(F(x(t))) from Algorithm 3, we can infer that
T
E(F(x(t
K lstny, 2 _
- a2 g E HX(T +1) = >y Br ||y nBQMJ%
- 1+a2f( ) - 2nT(a+ 1) _n2(a+é)
a? K TZBQM?
> (S8 — — —

where the final inequality follows from o + 1 > 2 and HX(T+1) -K Iovowe |17 < 2(|x(T + )15 +

By,
ZK 1S*ﬁ\ik
k=1 " B,

Furthermore, 2): if the set function f : 2¥ — R, is monotone and (-, 3)-weakly submodular, we also can show that, from
Theorem 8,

2
) < 4K,

2 2

T K K
1g- 1g- _
Z (’y FS*)—=(B+8(1—7)+ 2)F(x(t))) <E|x(T+1)- Z % -E||x(1) — Z % +T772nB2Mf2.
t=1 =1 Tkl =1 Okl
Finally, we have that Due to that E(f(S;)) = E(F(x(t))) from Algorithm 3, we can infer that
T
E(F(x(t
) E||x(T+1) - Ti, 2 ’ )
> ( ¥ )f(S*)— k=1 By 9 nB Mf
TS+ B(L=y)+7? MT(B+B(L—7)+7) "B+ BT =)+ )
2 i 8K 2nB2M?
B+B1=7)+y mT 7
2 2
where the final inequality follows from H (T+1) -5, IS*BZV" < 2(|x(T + V|3 + sz 1 13;2Vk ) < 4K,
2 2
B>1and B(1—7)+~% > 4(Lemma B.1 in (Thiery & Ward, 2022)). O
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