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Streaming Algorithms for Non-Submodular Maximization
on the Integer Lattice

Jingjing Tan, Yue Sun, Yicheng Xu, and Juan Zou*

Abstract: Many practical problems emphasize the importance of not only knowing whether an element is selected

but also deciding to what extent it is selected, which imposes a challenge on submodule optimization. In this study,

we consider the monotone, nondecreasing, and non-submodular maximization on the integer lattice with a cardinality

constraint. We first design a two-pass streaming algorithm by refining the estimation interval of the optimal value. For

each element, the algorithm not only decides whether to save the element but also gives the number of reservations.

Then, we introduce the binary search as a subroutine to reduce the time complexity. Next, we obtain a one-pass

streaming algorithm by dynamically updating the estimation interval of optimal value. Finally, we improve the memory

complexity of this algorithm.
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1 Introduction

Submodular functions defined on a set are those that
take a subset of a set as input and return a real
value as output. For a set submodular function, its
submodular property is equivalent to the diminishing
returns property; that is, if the same item is added
to a large set and a small set, the marginal gain of
the latter is greater than that of the former. Many
problems in computer science, artificial intelligence,
deep learning, and other areas can be characterized
by monotone set submodular functions, such as data

e Jingjing Tan is with School of Mathematics and Information
Science, Weifang University, Weifang 261061, China. E-mail:
tanjingjing1108 @163.com.

e Yue Sun is with Beijing Institute for Scientific and Engineering
Computing, Beijing University of Technology, Beijing 100124,
China. E-mail: suny39 @emails.bjut.edu.cn.

e Yicheng Xu is with Shenzhen Institute of Advanced Technology,

Chinese Academy of Sciences, Shenzhen 518055, China.

E-mail: yc.xu@siat.ac.cn.

e Juan Zou is with School of Mathematical Sciences, Qufu
Normal University, Qufu 273165, China. E-mail: zoujuanjn @
163.com.

* To whom correspondence should be addressed.

Manuscript received: 2022-04-04; revised: 2022-06-18;

accepted: 2022-08-08

summarization!', influence maximization!?, maximum
entropy sampling!®!, active learning!*!, and online
advertising!!. With the extensive application in practical
applications, the submodular optimization problem has
attracted the attention of scholars making it one of the
hot research issues in combinatorial optimization and
computer science!®®!. The extensive applications of
submodular function in practical problems have also
promoted the development of submodular theory!!% ',
Numerous studies on submodular functions have paid
close attention to the case of set functions!!>~16, [t
is known that we can use a simple greedy algorithm
to approximately maximize a submodular set function
in polynomial time with approximation guarantees.
The extensive applications of submodular function in
practical problems have also promoted the development
of submodular theory. Numerous studies on submodular
functions have paid close attention to the case of set
functions. It is known that we can use a simple greedy
algorithm to approximately maximize a submodular
set function in polynomial time with approximation
guarantees. Nemhauser et al.l'”! first proposed a
greedy algorithm for the problem of maximizing a
submodular function with the cardinality constraint. The
approximation is (1 — 1/e). For this problem, Feige!!®!

© The author(s) 2023. The articles published in this open access journal are distributed under the terms of the
Creative Commons Attribution 4.0 International License (http://creativecommons.org/licenses/by/4.0/).



Jingjing Tan et al.:  Streaming Algorithms for Non-Submodular Maximization on the Integer Lattice 889

reported that the tightest approximation is (1 —
1/e) under the condition P = NP. The knapsack
constraint introduced to this problem with the first
(1 — 1/e)-approximation algorithm is proposed by
Sviridenko!!*.
the same approximation ratio of (1 — 1/e) for the
same problem with a matroid constraint by using the
continuous greedy approach.

The non-submodular optimization problem has
also attracted a great deal of research interest due
to its application to practical problems, such as
viral marketing and machine learning!>!->!.
et al.’% designed a standard greedy algorithm for
solving the problem of non-submodular maximization
with cardinality constraint by characterizing the non-
submodular functions with the help of parameter weak
submodular rate, thus proving that this algorithm has a
tight approximation ratio. Bogunovic et al.l*!! introduced
the DR ratio yy to study the robust maximization
of a set function. Kuhnle et al.’?! extended the
DR ratio and weak DR ratio to lattice functions

Then, Calinescu et al.?”) obtained

Bian

and proved that yr < y}”. They considerd the non-
submodular maximization on the integer lattice with
cardinality constraint, and proposed two threshold
greedy algorithms that generalize a prior work on this
topic. More excellent surveys on the non-submodule
optimization research can be seen in Refs. [33-38].
Moreover the rapid development of computer science
technology and Internet has ushered in the era of big data
and led to the processing of massive data. Due to the
limited computer storage capacity and the high speed of
data arrival, it is very important to deal with the data in a
streaming manner. A well designed streaming algorithm
can solve the problem of massive data effectively.

1.1 Problem

We begin by defining the problem definition of
the monotone nondecreasing Non-submodular
Maximization with a Cardinality Constraint (NMCC).
Let [k] be the set of all the positive integers from 1
to k for any k € NT. We suppose that the items in
set G = {e1,ea,...,e,} arrive one by one. In the
streaming algorithm, we must make a decision for
the coming item immediately before the next item
arrives. At the same time, we should consider not
only the running time to measure the performance
of the algorithms, but also the complexity of storage
and the number of passes for reading the data. Let
s € NG with the component of coordinate e; € G be

s(e;). Let Xe; denote the standard unit vector; that is,
all the components have a value of 0, except for the
i-th component, which has a value of 1. Denote s(S)
as the sum of s(e;), where ¢; € S. For any s € N©,
suppt(s) = {e € G|s(e) > 0} is the supporting set
of 5. Let {s} be the multi-set in which the number of
occurrences of e is s(e) and |{s}| := s(G); c is a box
in{N U{oo}}0; D.={seN°:s<¢c} fQisa
non-submodular function defined on D.; and f(0) = 0.
The problem can be described as follows:

max  f(s) (D

s<e,s(G)<k
where s(G) < k is the cardinality constraint and
s(G) = Zs(e).
eeG
1.2 Preliminary

Here, we introduce some definitions and basic facts on
the submodular functions in this subsection.

For each element e € G, we denote (s A £)(e) as the
minimum value of s(e) and t(e), and (s V t)(e) is the
maximum value of s(e) and #(e). For any {s} and {t},
we denote {s} \ {#} as the coordinate wise maximum of
(s(e) —t(e)) and 0. The monotone nondecreasing of
f :N% - Ry and f(s) < f(¢) holds for any s < t.
A nonnegative and normalized function f means that
f(s) > 0foranys € N% and £(0) = 0. The following
two definitions illustrate the mathematical descriptions
of the DR-submodular and lattice submodular.

Definition 1  f is called DR-submodular if it holds
for any s, € NC with s < tand e € G, such that

J@+xe) = f@® < f(s+ xe) + f(5).
Definition 2  f is called a lattice submodular if it
holds for all s,# € N© that
flvo+ fsnt) < fls)+ f@.
Let F. be the set of nonnegative monotone DR-
submodular functions. For f € F, and vectors s, €

NC, let f(t|s) be the marginal increment of a vector s
with ¢, that is,
fls) = fs+0)— f(s).
Definition 31*?)  The DR ratio of a function f in F,

is the maximum scalar y¢ ( /), such that forany s, ¢ € D,
withs <tande € G,

Vf(f)f()(e|t) < f(Xels),
where t + y, € D..
Definition 43?1 The weak DR ratio of a function f
in F, is the maximum scalar y}” (f), such that for any
s,t € D, withs <{,
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YFOSO = F6) < D fxels).
ec{t}\{s}

Remark 1 From the definition of DR ratio yr(f)
and weak DR ratio y}” (f), we can easily have yr(f) €
011, 7 () € [0.1], and v (f) < y(f) for any
f € F..

Remark 2 If y(f) and y}” (f) are equal to 1, the
function f is a DR-submodular function on the lattice,
which means that DR ratio and weak DR ratio generalize
the concept of DR-submodular. This non-submodular
function captures many practical problems, such as the
optimal budget allocation problem in the advertisement.

In this paper, we denote by Fcy 24 for the set of all
the functions f € F,, in which the DR ratio of f is
vr and the weak DR ratio of f is y}" . We denote the
optimal solution vector and optimal value as s* and OPT,
respectively. We consider the streaming algorithms for
NMCC on the integer lattice.

The remainder of this paper is organized as follows.

In Section 2, we first design three streaming algorithms
for NMCC, after which we analyze the performance of
the three algorithms. In Section 3, we summarize our
work.

2 Main Result

In this section, we design a streaming algorithm with
two-pass and two online streaming algorithms with
one-pass for the NMCC. We extend the problem studied
in Ref. [37] to the integer lattice.

2.1 Two-pass streaming algorithm

In the streaming model, we cannot decide immediately
whether the value of the arriving element exceeds
the maximum marginal value over each iteration. A
natural idea is to compare the marginal gain produced

by the arriving element with OPT in a certain way.

To determine whether or not the arriving item e

/2% —
is selected, a specified threshold of %(G)ﬂs) is

used. We combine the exponential growth method
for estimating the OPT with binary search to give
the min{(1—¢)y, /2", (1-1/ vy 27 )}-approximation
algorithm for NMCC. The detailed description refers to
Algorithms 1 and 2 below.

Lemma 1 Suppose s; is the output of the i-th
iteration in Algorithm 2, then we have

fisiy > Lt

Tk 2
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Algorithm 1 Binary search

Input: f(): NS — RT, stream of data G, ¢ € G, 5,¢ € N©,
k eN,and r € RT.
Output: o € RT.
1: oy < min{c(e) —s(e),k —s(G)};
oy < 1;
if Zexeld) > 1 then
return o,
end if
- if f(xels) < t then
return 0
end if
- while a; > a5 + 1 do
0. p= [
11:  if f(pyels) = t then

D A T AN

12: as = p,
13:  else

14: ar = p;
15:  end if

16: end while

17: return o;.

Algorithm 2 Streaming algorithm

Input: f € F,, G, cardinality constraints k, ¢ € (0, 1).
Output: Vectors € NC.

1: m < max f(xe);

eeG

2 Ve={(+e)geN B <+ <2y

3: forv € Vg, do

4: setsV < 0;

5: fori =1,2,...,ndo

6: if sV(G) <k, then

7: «a < BinarySearch( f,s,c, e;,k, %{G’;M),
8: sV < sV + aye;

9: return sV

10: end if

11:  end for

12: end for

13: return s = arg max f(sV).
vevi?

Proof From Algorithm 2, we know the initial vector
so = 0, so Formula (2) holds naturally. Then, we assume
that Formula (2) holds for the i -th iteration; we only need
to prove that it holds for the (i + 1)-th iteration. If we
let ;4 be the output returned from Algorithm 1, then
we have

S+ it1)e ) = f(@iv1Xespql80) + f(si) >

Oli-l—l(% — f(s1))

k —s;(G) + f(si) >
Qit1 XY, 0 k —s5i(G) —ajy1 |
277 (k —5:(G)) k —s;(G) S(si).

Together with the introduced hypothesis, we conclude
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that This completes the proof. |
FGsi + Qit1Xe;p)) = Based on the Lemmas 1 and 2, we can analyze the

Qi 41YrV k—si(G)—air1  yrvsi(G) B performance of Algorithm 2. In the analysis, Lemma 1

27 (k —5:(G)) k—s:(G) . 27k
yrvlk —si(G))(si(G) + ait1)
27k(k —5:(G)) N

(Sl (G) +ait1) =
YVfv

g Sit (G),
which completes the proof. |

In the following Lemma 2, we consider the marginal
increment of y, withe € {s*} \ {5}.

Lemma 2 Suppose s is the final output of Algorithm
2 and §(G) < k, then we have

f(xels) <

where e € {s*} \ {§}.

Proof Assume that Algorithm 2 produces a vector
s,, right before the element e’s arrival. ¢, is the output
of the BinarySearch subroutine satisfying the following
two inequations:

f(ae)(els/e) S

23’f k

2vs k

yvrv/2Y — f(se)

v ° k=50 ©)
and
f((oe + Dgelst)  ypv/2% — f(s)) @
e + 1 k —s.(G)
Lets, = s, + aexe < §. Therefore,
F(xeld) <
1
_f(Xe|se) =
124
1
_f(Xe|sle + O‘eXe) =
Yr
L 1F6 4 (@ + Do) = £6 + aere)] =
Yr
%[f(s’e (@ + D) — £L) + £ —
f(s,e +aexe)] =
1
;[f((ae F D) 2elsh) — flaexelsh)] <
1 yrv/2% — f(s))
Lt IR -
yrv —2v f(s),)
27 (k = 5.(G)) ] -
1 yrv =2 f(s})
yr 207 (k —50(G))
Lyfv—yfv-se(G) v 5)

vr 2V (k—se(G) 2k

is used for the case s(G) = k, and Lemma 2 is used for
the case s(G) < k.

Theorem 1 For any ¢ € (0, 1) and given function
f € F., Algorithm 2 is a two-pass algorithm, the
approximation is min{(1 — &)y, /2", (1 -1/ y}” 2V},
the memory complexity is 0(% log %), and the query
times per element is O(% lo %).
> Xe. From the definition

ee{s*}
of the DR ratio, we obtain

OPT = f(5%) =f( ) xe) <

ee{s*}
— Z f(e) <
Y ectsmy

Proof Suppose s* =

Moreover,
m = max f(xe) < f(s™) (6)
eeG
Combined Formulas (5) and (6), we have

m< OPT < ——
144
Leti = L10g1+8 OPT |, thus there exists v = (1+¢)’,
such that v < OPT and
OPT
v 220 > max (1 —)OPT, —— )
1+e¢ 1+e¢

From Formulas (6) and (7), we obtain
ve[(l-e)OPT,OPT].
Next, for v € V., we denote sV as the output of
Algorithm 2, and consider the following two cases:
(Hs¥(G) =k
According to Lemma 1, we have
o < Yrust(G) (1 —e)yr
J6°) 2 =y = =y OPT (8)
2)s(G) <k
From Lemma 2 and the weak DR ratio, we have

£+ US) = £ <
N ((C
Yy

ecsuupti{s*—sv}

—s")(€)xels") <

1
— > f(xels) <
VP eets sy

1
Jw Z J}:‘k S

Y eeprivsh) 2

v OPT
y}” 27 y}”ZVf
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As f(s*Us¥) — f(s¥) > OPT — f(sV), we obtain
f) =0 - )OPT ©)

Combining Formulas (8) and (9), we obtain
. (1 S)Vf 1
v > —
fs) > mm{ o 1 y}”zyf OPT.

From Algorithm 2, we know that § = arg max f(sY).
vele

Thus, we can conclude that

1 —
169> 767 = min | S22 - —

The proof is completed. |

§0PT

2.2 One-pass streaming algorithm

For the streaming algorithm, the number of rounds
to read data is an important index to measure the
performance of such an algorithm. Naturally, we want to
obtain a one-pass streaming algorithm by dynamically
updating the maximum value of the standard unit vector
according to the arriving elements and replacing the
estimation value range of the OPT at the same time. We
design the one-pass streaming algorithm for the NMCC,
which is stated in Algorithm 3. Here, yy is unknown at
the beginning. However, as f(y.) > 0, we also know
vr > 0. Thus, there is an expression ¢ € (0, 1) that
satisfies yy > e.

Theorem 2 For any given ¢ € (0, 1) and function
f € F., Algorithm 3 is a one-pass algorithm, the

Algorithm 3 Streaming algorithm with one pass
Input: f € F., stream of data G, cardinality constraints k,
g€ (0,1).
Output: Vectors € NC.
1: Ve ={(1+¢)7|q € N};
2. forv € Vg, do
32 Sets? < 0;
4 m<0;
5. fori=1,2,...,ndo
6 m < max{m, f(xe)}:
eeG

7 Vi={(l+elg eN, 5 < (1 + )7 < 322y,

8: Delete all sV, where v ¢ V{;

9 for v € V/ do

10: if sY(G) <k, then

11: o <« BinarySearch(f, sV, c, ek, %{Gf)m
12: sU < sV +aye:

13: end if

14: end for

15 end for

16: end for

17: return s = arg max f(sY).
vevih

approximation is min{(1 — &)y, /2", (1 -1/ y}” 2V},
the memory complexity is O(% log 8%), and the query
times per element is O(% log s%)

Proof Similar to the proof of Theorem 1, we can
obtain a v € V!, such that (1 —¢)OPT < v < OPT.
Let sV be the output solution with respect to v. Therefore,
£G¥) = min{(1 — &)y, /27, (1 — 1/yF2"7)} - OPT,

As the return vector of Algorithm 3 satisfies

sV = arg max f(s"),
veVi?
we can conclude that
fls) = f(s°) =
min{(1 —e)yy /2", (1 = 1/y72")}- OPT.
|

2.3 Improved one-pass streaming algorithm

Asides from the number of rounds to reading the data,
the memory complexity is also an important index to
measure the performance of a streaming algorithm. In
Algorithm 3, the memory complexity relies on the
amount of v € V! and the cardinality constraint k. Then,
we take measures to reduce the lower amount of v in
order to reduce memory complexity. The improved one-
pass streaming algorithm is presented as following.
Theorem 3 For any given ¢ € (0, 1) and function
f € F., Algorithm 4 is a one-pass min{(l —

Algorithm 4 Streaming algorithm with one-pass
Input: f € F., stream of data G, cardinality constraints k,
g€ (0,1).
QOutput: Vectors € NC.
1: Ve ={(1+¢)7|q € N};
2: forv € Vg, do
3 SetsV <« 0;

4 < 0m<0,8<«0;
5. fori=1,2,...,n do
6 m < max{m, f(xe,)}:
7 ¢ < max{m, B};
8: V;={(1+e)‘1|q€N,%<(1+8)‘1<2;‘%};
o; Delete all sV, where v ¢ V;
10: for v € V/ do
11: if sV(G) <k, then
12: « < BinarySearch (f;s”, cei,k, %{Gg(m
13: sV < sV + aye;
14: end if
15: end for
6 B max{B, f()h:
vev{
17: end for
18: end for

19: return s = arg max f(sV).
vevl
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e)yr /2, (1 — 1/yy2¥7)}-approximation algorithm
for NMCC, with 0(8%) memory complexity and
O(% log %) query times per item.

Proof We can obtain the approximation by using
the same method as Theorem 2. Thus, we omit the
explanation here, and skip to the analysis of the memory
complexity of Algorithm 4. On the one hand, after the
(i — 1)-th iteration we obtain

m; = max _f(Xe[)7
1=1,2,i

and
!
Bi = max max f(s;").
I1=12,...iyleV]

Therefore, we have

i = max{m;, Bi—1},
and
i Gi 2km;
Vil +e)d—— <(1+e)M<
R e

On the other hand, after the i-th iteration we have

Bi = max{B;_1, max f(s;")}.

vieVi

It is easy to check that ;1 < f;. Thus, there is no
need to save the vector si”l with vl < Bi. We need
only to consider the vector s; v corresponding to these

j S v i 2km;
vheVy=1+ef | <1 +e) < 2 The

i _l . 1 2k

number of v, in V, is [ log =5 ].

From Lemma 1, we obtain

i 2vr
Sivp (G) <

k i
- f(si"7) <
Yy

2Y7 kB; . 2V k
yr(L+e)PBi ~ yr(l+ &)’
Then, for each iteration, the memory complexity is
expressed as follows:

L P AL NI k
- —

For any e € G, the number of v is at most O(% log 8%).

Meanwhile, for each e € G and per v, the query time
is O(logk). Thus, for each item, the update time is
0 (22K 1og 8%). [ ]

&

3 Conclusion

In this paper, we first design a two-pass streaming

algorithm for NMCC with f € Fo’"”/ . We combine
the exponential growth method for estimating the OPT
with binary search to bring down the pass of Algorithm

1. Moreover, we improve the memory complexity.

Meanwhile, we also analyze the performance of the
algorithm by introducing the DR ratio and weak DR ratio,
including the approximation ratio, memory complexity,
and the query times of each item.
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