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Mining Diversified Top-r Lasting Cohesive
Subgraphs on Temporal Networks

Longlong Lin™, Pingpeng Yuan™, Rong-Hua Li*, and Hai Jin*, Fellow, IEEE

Abstract—Temporal subgraph mining is recently ubiquitous. Identifying diversified and lasting ingredients is a fundamental problem in
analyzing temporal networks. In this paper, we investigate the problem of finding diversified lasting cohesive subgraphs from temporal
networks. Specifically, we first introduce a new model, called maximal lasting (k, o)-core, for characterizing lasting cohesive subgraphs
on temporal networks so as to the nodes in the subgraph are connected densely and also the subgraph’s structure remains unchanged
for a period of time. To enhance the diversity of results, we then formulate a diversified lasting cohesive subgraphs problem, which finds
r maximal lasting (k, o)-cores with maximum coverage regarding the number of vertices and timestamps. Unfortunately, we show that
the optimization problem is NP-hard. To tackle this issue, we first devise a greedy algorithm named GreLC with (1-1/e) approximation
ratio. However, GreLC has prohibitively high time and space complexity, resulting in poor scalability. Then, an improved DFS-based
search algorithm called TopLC with 1/4 approximation ratio is proposed to lower the computational cost. Finally, empirical studies on six
real-world temporal networks demonstrate that the proposed solutions perform efficiently and accurately, and our model is better than
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temporal cohesive subgraphs detected by existing approaches.

Index Terms—Cohesive subgraphs, temporal networks, lasting pattern mining, diversified top-r search

1 INTRODUCTION

EMPORAL networks have received attention in a wide spec-

trum of scenarios ranging from brain networks and com-
munication networks to bibliographic networks and social
networks [1], [2], [3]. In these networks, each edge is a triple
(v1,v9,t) that indicates the two parties v; and v, have an inter-
action at time ¢. Analyzing the temporal nature of these net-
works can provide high-level insights about their structure
and evolution. For example, it can reveal the time-respecting
path or reachability [4], [5], periodicity of a cohesive subgraph
[6], the timeline of events [7] and time constrained motifs [8].

Although temporal networks are constantly evolving,
some cohesive structures may be unchanged for a period of
time, that is lasting cohesive subgraphs, suggesting the micro-
scopic invariable structural feature. For instance, in dynamic
protein-protein interaction networks [9], each vertex repre-
sents a protein and each edge reflects the time when the two
proteins interact. A lasting cohesive subgraph is a group of
densely connected proteins and the connection lasts for a
period time. Such a subgraph may be able to predict which
protein complexes are more prone to mutations. Another
concrete example is scientific collaboration networks [10], in

o Longlong Lin, Pingpeng Yuan, and Hai [in are with the National Engi-
neering Research Center for Big Data Technology and System, Services
Computing Technology and System Laboratory, Cluster and Grid Com-
puting Laboratory, School of Computer Science & Technology, Huazhong
University of Science and Technology, Wuhan, Hubei 430074, China.
E-mail: {longlonglin, ppyuan, haijin j@hust.edu.cn.

o Rong-Hua Li is with the Department of Computer Science, Beijing Institute
of Technology, Beijing 100081, China. E-mail: lironghuascut@gmail .com.

Manuscript received 12 June 2020; revised 31 Dec. 2020; accepted 10 Jan.
2021. Date of publication 9 Feb. 2021; date of current version 11 Nov. 2022.
(Corresponding author: Pingpeng Yuan.)

Recommended for acceptance by Yanfang (Fanny) Ye.

Digital Object Identifier no. 10.1109/TBDATA.2021.3058294

which an edge indicates the time when the two authors co-
author a paper. A lasting cohesive subgraph can be regarded
as a stable research team that lastly worked together for a
period of time, which can provide evidence why the team has
changed, for example, due to some members graduated from
the team.

Surprisingly, detecting lasting cohesive subgraphs is
meaningful and enjoys many applications, but this issue
has not been adequately studied in literature. As stated in
Section 6, the existing approaches on detecting static cohe-
sive subgraphs [11] only considered the structural cohe-
siveness but the temporal feature of a subgraph. Until very
recently, some studies tried to identify temporal cohesive
subgraphs [6], [7], [10], [12], [13], [14]. For example, Wu
et al. [13] investigated core-decomposition on temporal net-
works, which can be used to visualize temporal networks.
Ma et al. [12] investigated heavy temporal subgraphs prob-
lem to analyze road traffic conditions. Rozenshtein ef al. [7]
studied the timeline of events on temporal networks. Li
et al. [10] developed an effective branch and bound algo-
rithm to detect maximum persistent communities in tempo-
ral networks. Qin et al. [6] introduced the concept of
periodic clique to capture and predict periodicity of cohe-
sive subgraphs. Chu et al. [14] modeled the density bursting
subgraph as a temporal subgraph that aggregates its cohe-
siveness at the fastest speed during the corresponding time
interval. Unfortunately, since the interlink structures con-
stituted by the returned node set may be different from one
timestamp to another, the existing approaches fail to con-
sider the lasting of a subgraph. Moreover, they proposed
techniques also cannot be straightforwardly applied to
identify lasting cohesive subgraphs.

Here, we study an important problem of identifying
diversified lasting cohesive subgraphs from a temporal net-
work. Specifically, we propose a novel lasting cohesive
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(a) Temporal graph (b) Its de-temporal
g graph G

(c) All snapshots of G
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Fig. 1. De-temporal graph, snapshots, and diversified top-r lasting (%, o)-cores of an example temporal graph.

subgraph model, named maximal lasting (k, o)-core, based
on the well-known k-core [15] (k-core is a subgraph such
that each node has at least £ neighbors within the sub-
graph). For a temporal network §, a maximal lasting
(k,0)-core consists of a static graph Gs and a time interval 1
whose length is no less than o, in which Gy is a k-core and
keeps unchange during I in G. Clearly, the maximal lasting
(k,0)-core is a natural fusion of the cohesiveness and the
time duration (lasting). Unfortunately, the number of maxi-
mal lasting (k,o)-cores may be exponentially large in the
worst case (see Section 2.2 for details). Thus, enumerating
all maximal lasting (k, 0)-cores is expensive and meaning-
less. So, we resort to research diversified top-r searching
due to the importance and usefulness of diversification (see
Section 6). In particular, we aim to find r maximal lasting
(k,o0)-cores, saying diversified top-r lasting (k,o)-cores,
with maximum coverage regarding the number of vertices
and timestamps. These maximal lasting (k, o)-cores are dis-
tinctive and informative. In a nutshell, our main contribu-
tions are summarized as follows:

An Elegant Cohesive Subgraph Model in Temporal Graphs. We
propose a novel temporal model, called diversified top-r last-
ing (k,o)-cores, to capture both the diversification and the
time duration of cohesive subgraphs on temporal networks.
We demonstrate that the problem of identifying diversified
top-r lasting (k,o)-cores can essentially be reduced to the
maximum r-coverage. Thereby, our problem is NP-hard due
to the maximum r-coverage is NP-hard [16].

Two Efficient Algorithms With Approximate Guarantees. To
detect diversified top-r lasting (k,o)-cores on a temporal
network, we devise a greedy algorithm named GreLC with
(1 —1/e) approximation ratio, which first enumerates all
maximal lasting (k,o)-cores as candidate results and then
adopts a greedy manner to obtain the final results. How-
ever, its time and space complexity are prohibitively high,
resulting in poor scalability. To reduce the complexity of
GreLC, we further devise an improved DFS-based search
algorithm called TopLC with 1/4 approximation ratio,
which interweaves simultaneously candidate results and
pruning techniques. Namely, TopLC maintains dynami-
cally at most r candidate lasting (k, o)-cores and the candi-
dates are updated when a new lasting (k,o)-core is
generated. Meanwhile, the candidates can be applied to
facilitate the pruning process, resulting in that some prun-
ing techniques are guided by the candidates.

Several Experimental Evaluations on Real-World Datasets.
We conduct extensive experiments on six real-world tem-
poral networks for evaluating the proposed solutions.
These results illustrate that our best algorithm is 1-3
orders of magnitude faster than the baseline with most
parameter settings on all datasets. For instance, on a tem-
poral network contains over million vertices and edges,

the best algorithm takes about 6 seconds to find diversi-
fied top-r lasting (k,o)-cores with most parameter set-
tings. The baseline, however, cannot get the results
within one hour. Meanwhile, the experiments also dem-
onstrate that the practical diversified quality of TopLC is
comparable to GreLC. In addition, by comparing with
four state-of-the-art baseline models, we find that our
model can indeed detect more fascinating lasting pat-
terns that cannot be found by the baselines. For reproduc-
ibility purpose, the source code of our paper can be
accessed at https://github.com/Lin021/DLCP.

2 DIVERSIFIED LASTING COHESIVE SUBGRAPHS

2.1 Preliminaries

Here, we focus on an undirected and unweighted temporal
graph G(V, €, T) without self-loops, in which V and € repre-
sent the node (vertex) set and the temporal edge set respec-
tively. Each temporal edge is a triple (u, v,t) € £ indicating
that v and v have an interaction at timestamp ¢. More than
an interaction may occur between v and v. Namely, two
temporal edges (u,v,t;) and (u, v, t) are different if ¢; # ¢o.
We let n =|V| (resp. m = |£|) be the number of vertices
(resp. temporal edges). T = {t|(u,v,t) € £} is the time
domain of G. For convenience, we assume that ¢ is an inte-
ger, because in real-world scenarios the timestamp is nor-
mally an integer. A time interval I = [t,t.] C 7 is a set of
continuous timestamps and let |I| =t. —t, + 1 (resp. |T))
be the number of timestamps of I (resp. 7).

Let G(V, E) be the de-temporal graph of G, in which F =
{(u,v)|3(u,v,t) € £} and m = |E|. That is G is a static graph
that removes the time attribute of G. Let N¢(v) = {u|(u,v) €
E} be the neighbors of v in G and d;(v) = |[Ng(v)| be the
degree of vin G. A graph Gs = (S, Es) is a subgraph of G,
denoted by G5 C G, if SC Vand Es C E. Let G5(5,E5,T s)
be a temporal subgraph of G induced by S, in which S C V,
Es ={(u,v,t) € Elu,v € S} and Tg = {t|(u,v,t) € Es}. For
any timestamp ¢t € 7, we let G; = (V;, E;) be the snapshot of
G at timestamp ¢ such that E; = {(u,v)|(u,v,t) € £} is an
edge set existing at timestamp ¢ and V; is the end vertices of
E;. Fig. 1a shows a temporal graph G with 6 vertices, 38 tem-
poral edges and 7 = {1,2,3,4,5}. Figs. 1b and 1c indicate
the de-temporal graph G and all snapshots of G respec-
tively. We give the following two definitions for the conve-
nience of modeling lasting cohesive subgraph later.

Definition 1 (Time Support Set). The time support set of a
subgraph Gg in a temporal graph G is defined by Sup(Gg) =
{t|Gs C Gt}.

Definition 2 (o-Lasting Support Set). Given a positive inte-
ger o, a o-lasting support set of Gg, denoted by l,(Gs) C
Sup(Gy), is a time interval such that |l,(Gg)| > o.
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By Definition 2, o-lasting support set describe the time
duration of a subgraph in a temporal graph.

2.2 Problem Definition

One representative cohesive subgraph model is k-core
[15], which has been widely applied in community
search, user engagement and influence evaluation [17],
[18], [19]. Based on this, we define an elegant temporal
cohesive subgraph model by integrating the time dura-
tion into the k-core.

Definition 3 (k-Core [15]). For static graph G and positive
integer k, the k-core Go = (C, E¢) is a subgraph of G such
that dg,(u) > k for any v € C, and G¢ is maximal k-core if
there is no other k-core containing Gc.

Definition 4 (Lasting (k, 0)-Core). For temporal graph G and
positive integer k and o, a lasting (k,o)-core R = (Gg, 1),

satisfying

i) Structural cohesiveness: G is a k-core;
ii)  Time duration: [ is a o-lasting support set of Gg;

Definition 5 (Maximal Lasting (k,o0)-Core). A lasting
(k,o)-core (Gg, I) is maximal if there is no other lasting
(k,0)-core (Ggr, I") satisfying G C Ggand I C I'.

Parameter k depicts the structural cohesiveness of sub-
graph Gg and o controls the time duration of Gs. Concep-
tually, the maximal lasting (k,o)-core is different from
k-core, since it enables better analysis of the lasting pat-
tern by incorporating the time duration into k-core.
Namely, it can capture lasting cohesive subgraphs from
the evolving process of temporal graphs very well. Mean-
while, the maximal lasting (k,o)-core has the following
superiorities: (1) the maximal lasting (k,o)-core has sev-
eral elegant properties to facilitate the algorithm design
of the following problem discussed in Section 2.3 ; (2) It
or they can be obtained in linear time when the time
interval is fixed; (3) the maximal lasting (k,o)-core help
effectively identify some fascinating temporal patterns as
illustrated in our experiments.

Example 1. Consider temporal graph G in Fig. 1a. Let k =
2 and o =3, subgraph Gs = {(a,b), (b,¢),(c,a)} is a 2-
core and its time support set is {1,2,3}. Thus, time
interval [1,3] is a 3-lasting support set of G5. Moreover,
there does not exist another lasting (k,o)-core (Gg,I’)
such that Gy C Gy and [1,3] C I'. Consequently, pair
(Gs,[1,3]) is a maximal lasting (2,3)-core of G. In a simi-
lar way, we can derive that ({(d,c),(d,e), (c,e)},[2,4])
and ({(c,e), (e, f), (f:d),(d, )}, [3,5]) are also maximal
lasting (2,3)-cores of G.

Let LC¥(G) be the set of maximal lasting (k, 0)-cores of
G. Lasting (k,0)-cores in LC%(G) may overlap (e.g., in
Bxample 1, ({(d;¢),(d,e),(c,e)},[2,4]) and ({(c,e), (e, f),
(f,d),(d,c)},[3,5])). As a result, the number of maximal
lasting (k,0)-cores may be exponentially large in the
worse case. Thus, enumerating all maximal lasting
(k,o)-cores is expensive and meaningless. An interesting
and meaningful problem is to output diversified top-r
lasting (k,o)-cores due to its practicality in real-world
applications [7], [20]. Intuitively, the number of vertices
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and timestamps are two pivotal factors in characterizing
the diversity of the resulting lasting (k,o)-cores. So, we
borrow diversified measurement in [20] and define the
coverage of maximal lasting (k, o)-cores as follows:

Definition 6 (Coverage). For a set of maximal lasting (k,o)-
cores R ={(Gs,, 1), (Gs,, I2),...,} € LC¥G) in temporal
graph G, the coverage of R is denoted by cov(R) = Uigg 1)er
{(v,t)jv e S;,t € I;}.

Based on Definition 5 and 6, we formally define diversi-
fied top-r lasting (k, o)-cores as follows:

Definition 7 (Diversified Top-r Lasting (k,o)-Cores).
For temporal graph G and parameter k, o and r, the diversified
top-r lasting (k,o)-cores of G is denoted by R = {(Gs,, 1),
(Gsy, Io), ..., } € LC¥(G) such that (i) |R| < r; (ii) |cov(R)
is maximum.

Example 2. Reconsider temporal graph G in Fig. 1a. Letr = 2,
k = 2 and o = 3, there are three maximal lasting (2,3)-cores
by Example 1: R; = ({(a,b),(b,c),(c,a)},[1,3]), Re=
({(d,c), (d,e),(c,e)},[2,4]) and Ry = ({(c,e), (e, f), (f,d),
(d,c)},[3,5]). The coverage of Ry, Ry and Rj are illustrated
in Fig. 1d. By Definition 7, the diversified top-2 lasting (2,3)-
cores is { Ry, Rs}. Since Ry and Rj only overlap on vertex ¢
attimet = 3, we have |cov({ Ry, R3})|=3*3+3%4-1*1=20.

Problem Statement (DLCP). For temporal graph G and
parameter k, o and r, the Diversified Lasting Cohesive sub-
graph Problem (abbr. DLCP) aims to identify the diversified
top-r lasting (k, o)-cores from G.

2.3 Problem Analysis

In this subsection, we first show DLCP is NP-hard and then
present some elegant properties for designing effectively
algorithms in next sections.

Theorem 1 (Hardness). DLCP is NP-hard.

Proof. For a family of sets F = {51, Ss, ...} and parameter r,
the maximum r-coverage problem is to return subset R C
F such that |R| <7 and Uger{s|s € S;} is maximum.
Therefore, we can prove this theorem by reducing a special
case of DLCP to the maximum r-coverage problem in poly-
nomial time. Specifically, we build a collection of sets F =
{51,82,...} based on G=(V.£,7), such that §; =
{(vi1,4), (Wiz, §), ...} and Gy, 4y,,..} is @ maximal k-core of G
for j € 7. Thus, identifying DLCP from the temporal
graph G is equivalent to return the maximum r-coverage
from F when o = 1. Since the reduction can be done in
polynomial time and the maximum r-coverage problem is
NP-hard [16], the DLCP is also NP-hard. O

Given vertex set S and interval I with || > o, let Ggs(I) =
(Vs(I), Es(I)) be a subgraph, in which Eg(I) = Ner{(u,v)]|
(u,v,t) € Eg} and V(1) is the end vertices of E(I). We use
G(I) to denote Gg(I) when S = V.

Property 1. Finding the maximal lasting (k,o)-core in I is
equivalent to calculating the maximal k-core in G(I).

Property 2. For any lasting (k, o')-core (G, I) of temporal graph
G, G isa k-core.
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By Definition 5, Property 1, 2 are true. For convenience,
we let C%(I) be the maximal k-core of G(I). Note that we
need Y./, ,nees O(1) time to compute Ch(I).

Property 3. Given vertex set S, positive integer k and two inter-
vals I, I, CE(I') C CE(D)ifICT.

Proof. It can be obtained that Gg(I') C Gs(I) if IC T,
which implies that dg 1/( ) < dggn(v) for any ve
Vs(I'). Consequently, C&(I') C C(T )by Definition 3. O

Corollary 1. Given vertex set S, positive integer k and two
interoals I = [t,t], T =[t,,t,], Keore(C§(I)NCY(I)) =
Cl ([ts, 1)) if ts < t, e <t and t, > t., where Kcore(G) is
the maximal k core of G.

Proof. Ic [te,1.] and I' C [t,,1] since t, < L,, t, < t, and
te >t According to Property 3, we have Ck([ts, ) cch
(I) and CE([ts,t,]) C CE(I'). Thereby, Ck([t,,£.]) C CE(I) N
CE(I). Furthermore, CE(I) N CE(I') is also the subgraph

of Gs ([t t,]). So, Keore(CE(1) N CE(I) = C§ ([t 1)) D

3 THE GRELC ALGORITHM

Since DLCP is NP-hard as demonstrated in Theorem 1, it is
almost impossible to tackle DLCP in polynomial time
unless P=NP. Thereby, in this section, we devise a simple
greedy algorithm called GreLC with a guaranteed approxi-
mation ratio (Algorithm 1). Specifically, GreLC includes
two stages. The algorithm first calls Algorithm 2 to enumer-
ate all maximal lasting (k, o)-cores (Line 1). Then, it adopts
a greedy manner to obtain an approximate result (Line 2-5).

Algorithm 1. GreLC(G, k,0,1)

Input: Temporal graph G(V, £, T) and three parameters k, o
and r
Output: The diversified top-r lasting (k, o)-cores of G
1 LCY¥(G) «— Enum(G, k,0) and R — )
2 fori=1tordo
3 R« argma e k(g
4 R—RU{R}and Lck(g) — LC*(G)
5 return R

) (Jcov(R U {R})] — [cou(R)])
g\ {R"}

3.1 Enumeration all Maximal Lasting (&, o)-Cores
A Naive Approach. As described in Property 1, for an interval
I whose length is no less than o, we can attain the maximal
k-core of G(I) as the maximal lasting (k, o)-core in I. Thus,
in order to enumerate all maximal lasting (k,o)-cores from
a temporal graph G(V,&,T), a naive approach is to identify
the maximal k-core in each possible subgraph G(I) with lin-
ear time by the peeling algorithm [21] and then eliminate
those non-maximal lasting (k, o)-cores by checking all these
lasting (k, 0)-cores. Unfortunately, the total number of pos-
sible time intervals is quadratic in 7, resulting in that the
total number of subgraph G(I) may also be quadratic in 7.
Furthermore, the approach needs to visit the whole vertex
set V and takes O(m) time to compute G(I). Consequently,
the time complexity of the naive approach is O(|T|* - m +
Teneck) (Leneck; is the time of maximal check), which is prohib-
itively high when |7| is very large as illustrated in Section 5.
An Efficient Algorithm. According to properties discussed in
Section 2.3, we propose an efficient bottom up algorithm,
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which is sketched in Algorithm 2. The core insight of the algo-
rithm is to generate lasting (k, 0)-cores by a bottom up tree.
Fig. 2 presents this insight, in which all leaf nodes of the tree
are all lasting (k, o)-cores with an interval length of o and all
non-leaf nodes are computed from two adjacent tree nodes in
the previous level.

Algorithm 2. Enum(G, k, o)

Input: Temporal graph G(V, €, 7)) and two parameters k and o
Output: The all maximal lasting (k, o)-cores of G

1 Let G be the de-temporal graph of G

2 Let Gs(S, Es) be the maximal k-core of G

3 LCHG) + Pand Q « 0

4 fori=1to|Ts|—o+1do

5 if Ci([i,i+ o —1]) # () then

6 Q.push((CE([4,i + o — 1)), [i,i + 0 — 1]))

7 while Q # () do

8 1=1Q

9 if /=] then
10 R — Q.pop(), LCZ;’(Q) — LCZ;’(Q) U{R}

else
1 Ry = (G, [ts, te]) — Q.pop(), LCH(G) — LCE(G) U{R:}
12 fOI‘l 1tol—1do
13 = (Gs,, [t ,]) — Q-pop()
LCk(g) — LCE(G) U {Ry}

14 ift, > t, and Kcore(Gs, N Gs,) #  then
15 Q. push((K(’ore(Gg1 NGs,), [ts,té,]))
16 R] — RQ

17 for (Gg,I) € LC*(G) do

18  if thereisalasting (k,o)-core (Gg,I') € LC¥(G)s.t.Gs C G
and I C I' then

19 LCKG) = LCHE) \ {(Gs. 1)}

20 return LCX(G)

Specifically, Algorithm 2 first applies Property 2 to prune
some unqualified vertices, which can essentially lower the
cost of computing G(I) (Line 1-2), and then initializes set
LC*(G) to collect all maximal lasting (k, o')-cores, queue @ to
store temporary lasting (k,o)-cores (Gg,I) so that the new
lasting (k,o)-core can be generated from () by Corollary 1
(Line 3). In Line 4-16, the algorithm executes the bottom up
tree framework as illustrated in Fig. 2. Specifically, in Line 4-6,
the algorithm computes all non-empty lasting (k,o)-cores
(Gg,I) in @ with |I| = 0. In Line 7-16, the algorithm applies
the Corollary 1 to compute the rest lasting (k, o')-cores (G, I)
with |I| > o, where Kcore(G) is used to compute the maxi-
mal k-core of G. In Line 17-19, the algorithm eliminate those
non-maximal lasting (k, o)-cores by checking all these lasting

- ~ - ~

//’_‘\\ 7 N 7 N
’ OJERN ’ \ / O
/ \ / \ / \
I 01 | I O—O G o
\ 0 ! \ / N0 !
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\\ // \\ // \\ //
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Fig. 2. The bottom up tree example.
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(k,0)-cores. Clearly, Algorithm 2 can identify all maximal
lasting (k, o)-cores of G.

Example 3. Reconsider temporal graph G in Fig. 1la. We
assume that k£ = 2 and o = 2. It is easy to know that G is a
2-core, since each vertex v in G has at least two neighbors.
Thus, by Property 2, we do not prune any unqualified
nodes. Then, Fig. 2 illustrates Line 4-16 of Algorithm 2.
Concretely, all leaf nodes of the tree in Fig. 2 show all last-
ing (2,2)-cores with |I| = 2. The rest lasting (2,2)-cores
with |[I| > 2 can be iteratively generated from the previ-
ous level, as illustrates in Fig. 2.

3.2 Analysis

Our greedy algorithm GreLC, which is outlined in Algo-
rithm 1, can generate a diversified top-r lasting (k, o)-cores
with (1 — 1/e) approximation ratio. The approximation ratio
is guaranteed based on the correctness of Algorithm 2 and
the greedy framework [16]. Since GreLC calls Algorithm 2,
we next give the complexity analysis of Algorithm 2.

Theorem 2. The time complexity of Algorithm 2 is O(|T|-m
+|T‘2 -m+ T(‘he’(‘k)

Proof. The algorithm first takes O(m) to get maximal k-core
of de-temporal G (Line 2). Then, Line 4-6 run in O(|7 | - m)
time to compute the shortest interval results. Subsequently,
the algorithm takes O(T|*-m) to get the longer interval
results (Line 7-16). Finally, the algorithm takes Tt time
to eliminate the non-maximal lasting (k, o)-cores in Line
17-19. Puttmg these together, Algorithm 2 takes O(|7| -
m+ T A+ Topeer) to get all maximal lasting (k, o)-cores
in total. O

Remark 1. Even though the worse-case time complexity of Algo-
rithm 2 is comparable to the naive approach, it is actually faster
as illustrated in Section 5.

Note that for any maximal lasting (k,o)-core (Gg,I) in
LC¥(G), we only store the vertices of G5 and the two end-
points of the interval I in real storage. By doing so, we just
need to traverse vertices and timestamps in R and R to get
cov(R U{R}) and cov(R).

Theorem 3. The time complexu‘y and space complexity of Algo-
rithm 1 are O(|T| - m + |T* - 17 + Toeer + |[LCE(G)| - n - 2 -
|T|) and O(|LC¥(G)| - n 4+ m) respectively.

Proof. For the time complexity, the algorithm first takes
o(T | m+ \T|2 -1 + Tepek) to run the Enum procedure
(Line 1). Then, Line 3 runs in O(|LC¥(G)| - nr|7T|) time since
computing |cov(R U {R})| — |cov(R)| takes O(nr|T|) time
for any R € LC. Putting these together, Algorithm 1 takes
O(T|-m+|T? - 1 + Topeer + |LCE(G)| - n - 2 - |T ) in total.

For the space complexity, Algorithm 1 needs O(n)
extra space to store each maximal lasting (k,o)-core. In
addition, we also need to store the temporal graph.
Therefore, the space complexity of Algorithm 1 is O
(ILCH(G)| - n + m). o

Drawbacks of GreLCAlgorithm. Although GreLC has a
bounded approximation ratio, it cannot handle large tempo-
ral graphs as shown in the experiments. The reasons are as fol-
lows (1) the number of maximal lasting (k, o)-cores increases

uare as |7| grows. Thus, GreLC requires a lot of memory
orize
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to store LC*(G) for selecting greedily; (2) the time complexity
of selecting greedily diversified top-r lasting (k, o)-cores sig-
nificantly increases with increasing LC¥(G); (3) enumerating
the maximal lasting (k, o)-core in each G(I), checking maxi-
mal (Line 17-19 of Algorithm 2) and maximum r-coverage are
isolated. Therefore, the following four challenges need to be
addressed. The first challenge is how to avoid storing all max-
imal lasting (k, 0)-cores in memory. The second challenge is
how to avoid enumerating all maximal lasting (k, o')-cores for
computing the final result efficiently. The third is how to inter-
leave enumeration procedure, checking maximal and maxi-
mum r-coverage. The final challenge is how to guarantee the
quality of results when not all maximal lasting (%, o)-cores are
enumerated and stored. In following section, we will propose
some more efficient algorithms to solve DLCP with a compa-
rable and guaranteed approximation ratio.

4 THE TopPLC ALGORITHM

We devise a DFS-based search algorithm, named TopLC, to
dynamically store at most r candidate maximal lasting
(k,0)-cores that facilitates the pruning process. Specifically,
we first propose some rules to effectively update the candi-
date results when a new maximal lasting (k, o)-core is gen-
erated in Section 4.1. Then, we introduce the DFS-based
search algorithm in Section 4.2. Finally, a powerful temporal
graph reduction algorithm is developed in Section 4.3,
which essentially reduces the search cost.

4.1 Updating the Candidate Results

Assume that our search algorithm keeps at most r candidate
maximal lasting (k, o)-cores in a set R, an important problem
is how to update R when a new maximal lasting (k, o)-core H
is generated. For any Re€ R, we let A(R,R) = cov(R)\
cov(R\{R}) and Ry, = argminger|A(R, R)|. Intuitively,
A(R,R) represents the private coverage of R in R and R,
has minimal private coverage among all maximal lasing
(k,0)-cores in R. The following two rules are used to update
setR:

Rule1.When [R| < r,R=RU{H};

Rule 2. When |R| =17 and |cov((R\ {Ruin}) U{H})| >
(14 Dlcov(R)], R = (R\ { Rpin}) U {H};

Obviously, Rule 1 is self-explanatory. For Rule 2, we
only update set R when the coverage increases is not less
than ! times before the update. Consequently, the two
rules can guarantee that R has an approximate ratio of
according to [16].

Basic Update Method. For updating set R, a basic method
is to traverse vertices and timestamps in H and R. The basic
method needs O(nr? - |T|) time to get R, and O(nr - |T))
time to get cov(R) or cov((R\ {Rmin}) U {H}). Thereby, the
time complexity of the basic update method is O(nr? - |T|).
Unfortunately, our search algorithm may need to update R
frequently (see Section 4.2), thus using this basic method is
time consuming. To reduce the complexity of the update
procedure and to boost algorithm design in Section 4.2, we
convert Rule 2 into the following rule:

Rule 2'. When j,;/€| =7 and |[A(H,(R\ {Rnin}) U{H})| >
|A(Ryin, R)| + 2 (R { R }) U {H};

Effective Update Method W1th this new rule, we propose an
effective algorithm with two indexes to execute the update,
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which is outlined in Algorithm 3. Algorithm 3 maintains dic-
tionary A and B. For each entry of A, the key is a pair (v, 1)
and the value is A(v,t) = {(Gs,I) € R|v € S,t € I}. For each
entry of B, the key is an integer ¢ and the valueis B(i) = {R €
R||A(R,R)| = i}. Clearly, R, can be got from B in constant
time by indexing the smallest key of B. In Line 1-2, the algo-
rithm executes the Rule 1. Rule 2’ is executed in Line 3-6. In
Algorithm 3, Pcov(H, R) is used to compute the private cover-
age of H in (R\ {Rn}) U{H}, which can be divided into
two parts. One part is not covered by R (Line 9-11), and the
other is only covered by H (Line 12-13). For operation
Add(R, H), if (v,t) is not a key in A, the algorithm initializes
A(v,t) = {H} and |A(H,R)| is increased by 1 due to (v,1) is
only covered by H (Line 17-19). If (v, t) is a key in A and only
covered by a single maximal lasting (k,o)-core R, the algo-
rithm updates B in Line 21-22 since (v,t) will not be covered
only by R after inserting H. In the same way, Delete(R)
removes R,,;, from R and B (Line 25). Meanwhile, the proce-
dure updates dictionary A and B accordingly (Line 26-32).

Algorithm 3. Update(R, H, 1)

Input: The candidate result R, a mew maximal lasting
(k,0)-core H and a parameter r
Output: The updated result R

1 if |[R| < rthen

2 Add(R, H)
else
3 [eov(R)| = |A]
4 if Peov(H,R) > |A(Rpin, R)| + 2% then
5 Delete(R)
6 Add(R, H)

Procedure Pcov(H,R)
7 count «— 0 and obtain R,,;, from B
8 forwv,t € H do
9 if (v,t) ¢ Athen

10 count «— count + 1
11 continue
12 ifv,t € Ry and |A(v,t)| = 1 then
13 count < count + 1
14 return count
Procedure Add(R, H)

15 add H into R and |A(H,R)| — 0
16 forwv,t € H do
17 if (v,t) ¢ A then
18 A(v,t) ={H}and |A(H,R)| < |A(H,R)| + 1
19 continue
20 if |[A(v,t)| = 1and A(v,t) = {R} then
21 move Rin B from B(|A(R,R)|) to B|A(R,R)| — 1)
22 AR, R)| — |A(R,R)| — 1
23  insert H into A(v,t)
24 insert H into B based |A(H,R)|

Procedure Delete(R)
25 obtain R,,;, from B and remove R,,;, from R and B
26 forwv,t € R, do
27  remove R,,;, from A(v,t)

if [A(v,t)| = 1and A(v,t) = {R} then

28 move Rin B from B(|A(R,R)|) to B(|A(R,R)| + 1)
29 IA(R,R)| — |A(R,R)| +1

30 continue
31 if |A(v,t)| = 0 then
32 remove (v, t) from A

IEEE TRANSACTIONS ON BIG DATA, VOL. 8, NO. 6, NOVEMBER/DECEMBER 2022

Fig. 3. lllustration for DFS-based search algorithm.

Theorem 4. The time complexity of Algorithm 3 is O(max
{VE)] - LH)] NV (Riin)| - [ (Riin)[}), in which V(H) and
I(H) (resp. V(Ryin) and I(R,yi)) are the vertices and interval
of H (resp. Ryin).

Proof. Since an entry can be deleted from or inserted to a
dictionary in constant time. Thereby, the time complexity
of Peov(H,R), Add(R,H) and Delete(R) are O(|V(H)| -
[I(H)]), O(V(H)|-[I(H)]) and O(V(Bypin)| - | (Rmin)|)
respectively. So, the time complexity of Algorithm 3 is
O(max{|V(H)| - [L(H)[, |V (Rin)| - (Romin)[})- y

Remark 2. Clearly, Algorithm 3 is theoretically less time com-
plexity than the previous basic update method, and we have
also verified it experimentally in Section 5.

4.2 The DFS-Based Search Algorithm

The high-level insight of the search algorithm is to generate
new maximal lasting (k,o) -cores in depth-first manner,
that is, to explore the timestamp as far as possible along
each search branch before backtracking. Fig. 3 illustrates
the insight, root node represents the reduced temporal
graph by Algorithm 5 in Section 4.3 and each of the remain-
ing tree nodes is a search space (5, I'), in which S represents
the candidate vertices and I refers to the search interval.
The search order of the algorithm is to execute search
branch 1 first, then execute search branch 2 after comple-
tion, and so on. Before describing the DFS-based search
algorithm in detail, we design three powerful pruning tech-
niques: candidate vertex pruning, early termination and
checking maximal.

Definition 8. (Lasting (k,o)-Interval of Node) For temporal
graph G, parameter k and o and node u, interval I is called a
lasting ((k, o)-interval of u if |I| > o and dg,(u) > k for any
t € I. Furthermore, we let LI(u) be all lasting ((k, o)-intervals
of u.

Based on Definition 8, we propose the following lemma
for pruning some unqualified candidate vertices.

Lemma 1. (Candidate Vertex Pruning) For any search space
(S, I), we can safely prune vertex u from S without losing any
lasting (k,o)-core in I if I is not included in any interval of
LI(u).

Proof. By Definition 8, there is time ¢ € I such that d¢, (u) <
kif I is not included in any interval of LI(u). Thus, u can-
not be included in any lasting (k, 0)-core in I according to
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Definition 4. Consequently, u is removed from S without
loss of accuracy. ]

The DFS-based search also has the following powerful
advantage: if the current search space cannot generate a
lasting (k,o0)-core or is unlikely to improve the coverage
quality according to Rule 2/, we can safely prune the whole
search space. We state the advantage as follows.

Algorithm 4. TopLC(G, k, o, 1)

Input: Temporal graph G(V, €, T) and three parameters k, o
and r

Output: The diversified top-r lasting (k, o)-cores of G

(Gp, LI) <« Reduction(G, k,o)

1
2 R0, flag—10
3 fori=1to|7Tp|—o+1then
4 Search(P,[i,i+ o —1], flag)
5 return R
Procedure Search(S, [ts, t], flag)
6 D10
7 foru € Sdo
8 if [ty,t.] is not included in any interval of L1(u) then
9 D.push(u)
10 S— S\ D
11 if [R| = rand |S|(|Tp| — t, +1) < [A(Rpin, R)| + R

then
12  return
13 if C¥([t,, t]) = 0 then
14 return
15 if flag = () then
16 flag.push(CE([ts, te])

else
17 H=flag.pop()
18  if H is maximal by Lemma 3 then
19 Update(R, H, r)
20 flag.push(CE([ts t.])
21 if t, = |7 p| then
22 return
23 else

Search(S, [ts, tc + 1], flag)

Lemma 2. (Early Termination) For any search space (S, [ts,t.]),
we can safely prune the whole search space if it satisfies one of the
following conditions: (1) C%([ts,t.])) =0; (2) |R|=r and
ST Pl =t +1) < |ARmin, R)] + 25

Proof. The first condition is obvious. For any lasting
(k,o0)-core H of descendants of (S, [ts,t.]), |A(H,(R\
{Rmi'n}) U {H})| < |S|(|TP| -t + 1)' TherebY/ |A(H7 (R\
{Roin}) U {H})| < |A(Rpin, R)| + £2®L Consequently,
by Rule 2/, we can safely prune the whole search space
due to none of the descendants of (S, [ts,t.]) can be

included in our DLCP. O

Recall that in Algorithm 2, we check the maximality of
Definition 5 based on all lasting (k, o)-cores. The time com-
plexity increases with the number of all lasting (k, o)-cores.
However, our search algorithm doesn’t enumerate all last-
ing (k,o)-cores in advance. Thus, one significant challenge
in implement DFS-based search algorithm is how to check
maximality without enumerating all lasting (k,o)-cores.
Fortunately, we can effectively check maximality based on
the following observation.
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Algorithm 5. Reduction(G, k, o)

Input: Temporal graph G(V, €, T) and two parameters k, o
Output: The reduced temporal graph

1 Let G¢ = (C, E¢) be the maximal k-core of de-temporal
graph G of G

2Q«0,D+—0and LI « [0]

3 forve Cdo

4 count « 0

5 fort«—1:|7¢|do

6 di(v) — [No()NC]

7 if d;(v) > k then

8

9

0

1

count = count + 1 and continue
Q.push((v,t)) and d;(v) =0

1 if count < o then

1 Q.push((v,t1)) and dy, (v) =0, t; € [t — count : t — 1]
else

12 LI(v) = LI(v) U{[t — count,t — 1]}

13 count « 0

14 while Q # 0 do
15  (v,t) — Q.pop() and D = DU {(v,t)}
16  foru € Ng,(v) N Cand di(u) # 0 do
17 di(u) = dp(u) — 1
18 if d;(u) < kthen
19 UpdateLasting(LI(u),t)
20 return (Go \ D, L1)
Procedure UpdateLasting(LI(u),t)
21 Q.push((u,t)), di(u) =0
22 Let(s,e) € LI(u)and s <t <e
23 LI(u) = LI(u)\{[s, €]}
24 ift — s > o then
25 LI(u)= LI(u)U{[s,t—1]}
else
26 Q.push((u,t1)) and di, (u) =0,t; € [s : ¢ — 1]
27 if e — t > o then
28 LI(u)=LI(u)U{[t+1,¢]}
else
29 Q.push((u,ty)) and d;,(u) = 0,ts € [t +1: ¢]

Observation 1. A search space cannot be contained by another
search space in the subsequent search branch, but it can be con-
tained by its descendants.

Lemma 3 (Checking Maximal). Given a lasting (k,o)-core
(Gs, [ts, te]), (Gs, [ts, te]) is maximal if (i) S # V(R), in which
R is the lasting (k,o)-core Qenerated by the search space
(S, [ts, te + 1]); (i1) (G, [ts, te]) is maximal in R.

Proof. According to Observation 1, it is only necessary to
pay attention to the descendants of (S, [t,,t.]) and the ele-
ments in R when doing the maximal check on a lasting
(k,0)-core (Gsg,[ts,tc]). Thus, we can safely claim that
(Gg, [ts, te]) is maximal if conditions (1) and (2) hold. O

With these powerful pruning techniques, we introduce
an efficient algorithm TopLC, which is sketched in Algo-
rithm 4, to implement the DFS-based search. Concretely, the
algorithm first applies Algorithm 5 to reduce some unquali-
fied nodes and obtain all lasting ((k,o)-intervals of each
node in Line 1 (more detail in Section 4.3). And then
the algorithm initializes the candidate result set R and a
flag (Line 2). Note that the flag is used to test whether the
element in flag is maximal by Lemma 3. Subsequently, the
algorithm performs depth-first search by starting each
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search branch with the shortest interval (Line 3-4). Finally,
the algorithm outputs R as the diversified top-r lasting
(k,o)-cores of G.

For the Procedure Search, it first checks whether each node
in S should be preserved by Lemma 1 (Line 6-9). And then the
algorithm invokes Lemma 2 to determine whether prune the
current search space (Line 11-20). If it is, the algorithm jumps
to next search branch (Line 11-14). Otherwise, in Line 15-20,
the algorithm invokes Lemma 3 to execute the maximal check
and calls Algorithm 3 to update R. In Line 21-23, the algo-
rithm extends the current search interval into next search
space. Clearly, Algorithm 4 performs a DFS-based enumera-
tion search with some update rules in Section 4.1. Thereby, it
can derive correctly DLCP based on the correctness of above
three pruning techniques and Algorithm 5, which is stated in
Section 4.3.

4.3 Temporal Graph Reduction
In this subsection, we design a temporal graph reduction
algorithm to implement Line 1 of Algorithm 4.

Lemma 4 (Temporal Graph Reduction). For a vertex u, let
T, ={tldg,(u) < k} and T} ={I|dg,(u) > k,t € I}. We
can safely prune w at any timestamp t € T, and within I €
T such that |I| < o.

By Definition 4, we know the lemma is clearly true. Intui-
tively, 7, and 7! are used to prune some unqualified verti-
ces with low degrees and short durations respectively.
Meanwhile, we also know LI(u) = {I € T/||I| > o} accord-
ing to Definition 8. Thus, we design Algorlthm 5 toimplement
Lemma 4 and get all lasting (k, o)-intervals of each node.

Concretely, Algorithm 5 first computes the maximal
k-core of G (Line 1) and initializes queue @) to maintain all
(v,t) that means v need to be deleted at time ¢ by Lemma 4
and set D to collect deleted pair (v, t) (Line 2). Subsequently,
in Line 4-13, the algorithm checks whether each (v, t) should
be deleted and obtains temporary LI(v). And then, the
algorithm processes iteratively pair (v, t) in Q) to reduce more
unqualified nodes and update LI(v) (Line 14-19 and Line 21-
29). Finally, the algorithm returns the reduced temporal
graph and all lasting (k, o)-intervals of each node (Line 20).

The following example illustrates the whole procedure of
DFS-based search algorithm.

Example 4. Reconsider temporal graph G in Fig. 1a. We
assume that k = 2, 0 = 2 and r=3. Algorithm 4 first recalls
Algorithm 5 to obtain Gp and LI. In particular, by Line 3-
13 of Algorithm 5, a is pruned at time 4 and 5 due to its
low degrees and short duration according to Lemma 4.
Similarly, b and d are pruned at time 5 and 1, respectively.
Algorithm 5 further processes iteratively the previous
deletion vertices and updates LI. Consequently, f and e
are both pruned at time 1. Meanwhile, we obtain LI(a) =
(1.3}, LIb) = {[1,3]}, LI(e) = {[1.5)}, LI(d) = {[2,5]},
LI(e) ={[2,5]}, LI(f) = {[2,5]}. Then, Algorithm 4 exe-
cutes depth-first search as illustrated in Fig. 3. The search
space ({a,b,c,d, e, f},[1,3],0) is processed first. Since [1,3]
is not included in any interval of LI(d), LI(e) or LI(f), d,
e and f are pruned by Lemma 1. And then the search
space passes the early termination as stated in Lemma 2
and is pushed in flag for later maximal checking.
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Subsequently, it extends the current search space ({a,b,
c},[1,3], C"ab 3]) into next search space ({a, b, c}, [1,4],
Cfab(,}[l 3f P}or search space ({a,b,c},[1,4],CY, , 4[1,3]),
since [1,4] is not included in any interval oé LI(a) or
LI(b), a and b are pruned by Lemma 1 and the search
space cannot pass the early termination, resulting in that
the search branch is cut off and jumps to next search
branch. Subsequently, the search space ({a,b,c, d,e, f},
[2,4], C{abt}[ 3]) is processed. Since [2,4] is not included
in any interval of LI(a) or LI(b), a and b are pruned by
Lemma 1. And then the search space passes the early ter-
mination and the element C{a by 11, 3] In flag also passes
maximal checking by Lemma 3, resulting in that
C’{a b1, 3] can be used to update R by executing Algo-
rithm 3. For the remaining search space, we use the same
procedure, and we will obtain the diversified top-3 last-

lng (2,2)-cores: {C{a b,c} [1’ 3]’ C?u,d,c}[ } C{a‘b.(,dit,f} [ ]}

5 EXPERIMENTAL EVALUATION

Here, we conduce extensive experiments for evaluating the
efficiency and effectiveness of our proposed solutions. All
experiments are conducted on a server with an Intel Xeon
2.50GHZ CPU and 32GB memory running Ubuntu 18.04.

5.1 Experimental Setup
Datasets. Six real-world datasets' with different types are used
in our experiments. Lkml and Enron are communication net-
works that appear in Linux kernel mailing list and Enron com-
pany respectively, in which vertices represent users while
edge (u, v, t) signifies that u sent v a message at time ¢. Last is a
co-listening network that appears in the Last.fm streaming
platform. DBLP is a scientific collaboration network, in which
vertices represent authors and each temporal edge (u,v,t)
refers to the authors v and v coauthored a publication at time
t. Wiki is a network showing that users edit the same page at
the same timestamp. Epin is a co-rating network, where the
timestamps of each edge represent when the two users co-
rated one common item together. In our experiments, the self-
loops are deleted and the directed temporal graphs are con-
verted into undirected temporal graphs. In a nutshell, the sta-
tistical information of datasets are exhibited in Table 2.
Parameters. Our model involves three parameters: o (the
parameter of time duration), & (the parameter of k-core) and
r (the parameter of diversification). Let p and ¢ be the per-
centage of nodes and temporal edges of original graph
respectively for testing the scalability of our algorithms. The
default values and ranges of parameters are exhibited in
Table 3. Unless otherwise stated, we set the default values
of other parameters when changing a parameter.

5.2 Efficiency Evaluation

We implement five different algorithms to test the efficiency
of the proposed algorithms: Naive, Enum, GreLC, TopLC
and TopLC-B. Naive and Enum are used to enumerate all
maximal lasting (k, o')-cores by applying the naive approach
discussed in Section 3.1 and Algorithm 2 respectively. GreLC
and TopLC are used to identify diversified top-r lasting
(k,o0)-cores by applying Algorithms 1 and 4 respectively.

1. All datasets can be accessed from http://konect.unikoblenz.de/
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TABLE 1 TABLE 3

Summary of Notations Parameter Setting
Symbol  Definition Parameter Range Default Value
g, Gs a temporal graph and its temporal subgraph o 2,3,4,5,6 3
V,E T  thenode set, temporal edge set and time domain of G k 3,4,5,6,7 4
G, Gy the de-temporal graph of G, a subgraph of G r 5,10, 15, 20, 25 10
Sup(Gyg) time support set of Gy in Definition 1 P 20%, 40%, 60%, 80%, 100% 100%
I-(Gs) o-lasting support set of Gg in Definition 2 q 20%, 40%, 60%, 80%, 100% 100%
k,o,r the parameters used in our model
LC%(G)  the set of maximal lasting (k, o)-cores of G
cov(R)  the cover of R in Definition 6 ' ' ' '
LI(u) all lasting ((k, o)-intervals of  in Definition 8 Exp-:3 Running Time of TopLC With Varying Parameters.

TopLC-B is the TopLC algorithm with the basic update
method stated in Section 4.1. Since no existing work mines
diversified top-r lasting (k, o)-cores from temporal networks,
we use Naive and GreLC as baselines for efficiency testing.
The experimental results are reported as follows.

Exp-1: Running Time of Naive and Enwm. In this experi-
ment, we report the running time of enumerating all maximal
lasting (k, o)-cores. Specifically, we report the running time of
Naive and Enum with default parameters on all datasets.
Other parameters can obtain similar trends. By Fig. 5, the run-
ning time of the Enum is 1-3 orders of magnitude faster than
the Naive on all datasets. For instance, Enum takes 89864
milliseconds to enumerate all maximal lasting (k,o)-cores
from DBLP dataset, while Naive takes 5231769 milliseconds.
These results demonstrate that Corollary 1 applied in Enum
can indeed reduce the computational cost.

Exp-2: Running Time of Various DLCP Mining Algorithms.
Fig. 6 illustrates the efficiency of various D LC'P mining algo-
rithms with default parameters on all datasets. Clearly,
TopLC — Bis consistently faster than GreLC on all datasets.
For instance, TopLC — B takes 22521 milliseconds to mine
DLCP from DBLP dataset, while GreLC takes 109421 milli-
seconds. These results indicate our proposed pruning techni-
ques in Section 4.3 are very effective in practice. Moreover,
TopLC' is more efficient than TopLC' — B on all datasets. For
instance, TopLC' only takes 6042 milliseconds to identify
DLCP from DBLP dataset. These results are consistent with
the theoretical analysis in Section 4.1. However, we also
observe that TopLC, TopLC — B and GreLC have similar
running time on Last, Wiki and Epin. The reason for this phe-
nomenon can be explained as follows. These three datasets
are interactive frequently, that is, the topology of each data-
set changes significantly from one timestamp to another.
Thereby, they have fewer maximal lasting (k,o)-cores,
resulting in that the optimization strategies in TopLC are
greatly discounted.

TABLE 2

Datasets
Dataset n = |V| m = || 7] m=|E| U
Lkml 26,885 328,092 98 159,996 1 Month
Enron 86,803 498,994 49 296,831 1 Month
Last 992 4,432951 77 369,973 27 Day
DBLP 1,824,701 11,865,584 80 8,344,615 1 Year
Wiki 298,386 18,086,734 101 10,519,921 56 Day
Epin 109,757 33,412,111 25 24,994,363 21 Day

TU is the time unit for each snapshot.

Because TopLC is faster than the other algorithms, we only
report the effect of different parameters on the efficiency of
TopLC' in this experiment. Figs. 4a and 4b illustrate the
results with varying & and o on all datasets. As we have
seen, the running time decreases with increasing k or o.
Because the performance of pruning candidate vertices and
early termination is improved with increasing k or o, more
vertices or search spaces are pruned. Fig. 4c reports the
results with varying r. Differently, the running time of
TopLC remains quite stable with varying r on all datasets.
Because the number of maximal lasting (k,o)-cores is
unchange even for a large r, resulting in that the number of
search spaces does not change with . Thereby, the TopLC'is
insensitive to parameter r. It further proves that iTopLC' is
more efficient than the greedy algorithm GreLC.

Exp-4: Coverage Quality of GreLC' and TopLC With Varying
Parameters. We report the coverage quality of GreLC and
TopLC with varying parameters on Enron and DBLP in Fig. 7.
Note that we do not consider the effect of r on the coverage
quality, because the bigger r is, the better the quality is accord-
ing to Definition 7. The other datasets can also observe similar
trends. As can be seen, the coverage quality obtained by
GreLC and TopLC are almost equal. It further demonstrates
the approximation ratios of TopLC and GreLC are also almost
equal in practice. As expected, the coverage decreases with an
increasing k or o. Because with a larger k or o, the restriction
of maximal lasting (k,o)-core will be stronger, resulting in
that the coverage of DLCP decreases with increasing & or o.

Exp-5: Scalability Testing. The larger dataset Epin is chosen
to evaluate the scalability of GreLC and TopLC under default
parameter. Concretely, we generate five temporal subgraphs
by varying parameter p and q as stated in Table 3 (i.e., ran-
domly choosing 20-100 percent nodes or temporal edges from
the Epin). Subsequently, we test the running time of GreLC
and TopLC on these temporal subgraphs. As Fig. 8 illustrates,
GreLC and TopLC scales near liner with respect to the size of
the temporal subgraphs. Consequently, our algorithms can
handle large real-world temporal networks.

5.3 Effectiveness Evaluation
For testing the effectiveness, we compare our model against
four baseline models: Kcore, DivClique [20], TDense [7] and
Pcore [10]. The Kcore is a conventional cohesive subgraph
model that applies the peeling algorithm [21] to compute
the maximal k-core from the de-temporal graph G. The
DivClique, TDense and Pcore are state-of-the-art temporal
cohesive subgraph models (see Section 6 for details).
Effectiveness Metrics. Most well-known effectiveness met-
rics (e.g., conductance or density) only consider structural

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on January 23,2024 at 05:58:57 UTC from IEEE Xplore. Restrictions apply.



1546

IEEE TRANSACTIONS ON BIG DATA, VOL. 8, NO. 6, NOVEMBER/DECEMBER 2022

1M+ M 1M,

E E E

[0] [0] [0}

£ 10k~ £ 10k £ 10k

2 1 2 1 £ g—8—g—¢4—9

c o c

S 5 5

& 100 & 100 Lkml —@— Enron ——Last @ 100 Lkm| —@~ Enron —c—Last
E:Lkml-.—Enron-‘-Last DBLP ~<@)- Wiki <@~ Epin E:DBTP+\7VT;?—<— E;if\

101t DBI:P—*V'Viki —4—'Epin ' 10+— . . . . 10+— T T v T
3 4 5 6 7 2 3 4 5 6 5 10 15 20 25
(a) Vary k (b) Vary o (c) Vary r
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information but temporal attributes. Fortunately, there are
two goodness metrics, burstiness [14] and temporal condu-
ctance [22], which can measure the average density and the
temporal separability of a single temporal subgraph respe-
ctively. Let R = {(S1,11), (52, I2),...,(S;,I;)} be a set of
temporal subgraphs, we generalize above two metrics to
accommodate our top-k problem as follows.

Average burstiness (AB) calculates the density of the
internal structure of the temporal subgraphs. That is,
good temporal cohesive subgraphs should be densely con-

nected by internal structure. Formally, AB(R) = o
v tyeeives.ier Y ABR) = [Lisiper
SISO /T
verage temporal conductance (ATC) measures the sep-

arability of temporal subgraphs, that is good temporal
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cohesive subgraphs well-separated from the rest of the
graph. Formally, ATC(R) = (S s, 1, e wmfiars, 1) sl tvs )/ i
which cut(S,I) = |[{(u,v,t) € Elu e S,v e V\ S,t € I}| and
vol(S,1) = > ues D rer day (u)-

Intuitively, the larger AB(R) is, the denser R is in the
whole temporal extent. In a similar way, the smaller
ATC(R) is, the farther away R is from the rest of the graph.

Exp-6: Effectiveness of Kcore, DivClique, TDense, Pcore and
DLCP. In this experiment, we report the effectiveness of the
temporal subgraphs detected using different models under
with their default parameters on all datasets. The other
parameters can also observe similar results. According to
Table 4, we see that the best scores are achieved by our model
on all datasets except for Lkml in terms of ATC metric. The
result indicates our model is more capable of preserving tem-
poral separability than other baseline models. On the other
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TABLE 4
Effectiveness of Kcore, DivClique, TDense, Pcore, and DLCP
Lkml Enron Last DBLP Wiki Epin
AB  Kcore 0% 10° 011 1077 107° 1074
DivClique  0.01 0.03 074 10 048 035
TDense 0.68 023 085 015 0.59 0.63
Peore 0.02 001 034 1072 023 0.19
DLCP 0.48 0.07 077 001 034 0.51
ATC Kcore 0.40 0.61 1 0.63 096 0.86
DivClique  0.99 098 097 085 099 094
TDense 0.93 085 096 072 087 0.89
Peore 0.82 069 061 068 098 0.89
DLCP 0.76 060 056 056 0.67 0.74

The best result in each model is highlighted in bold.

hand, the TDense is better than other models in terms of AB
metric (but the T'Dense has poor ATC metric), and our model
is runner-up and slightly weaker than T'Dense. This is because
that TDense obtains the subgraphs with maximum total den-
sity, which is proportional to the AB metric. More generally,
DivClique and Pcore outperform Kcore w.r.t AB metric, while
they are worse than Kcore in terms of the ATC metric. The
reason is that the DivClique and Pcore consider the temporal
dimension of the graphs, so these subgraphs are more dense
in the whole temporal extent. In a nutshell, this experiment
indicates our model can find much denser and more separa-
ble sub-graphs in terms of temporal feature than the baselines.

Exp-7: Effectiveness of DLCP With Varying Parameters on
Epin. Fig. 9 illustrates the effectiveness of our DLCP model
on Epin dataset by varying k& or o with r = 10. The other
datasets can also obtain similar results. By Fig. 9a, AB
increases with an increasing k. Because the structural cohe-
siveness of lasting (k,o)-core is improved with a larger k,
these subgraphs are more dense. Since k does not affect the
temporal separability, ATC is stable with increasing k. As
seen in Fig. 9b, AB increases while ATC decreases with an
increasing o. Because with a larger o, the time duration of
lasting (k,o0)-core will be stronger, these subgraphs are
more dense and far away from the rest of the graph.

Exp-8: Case Study on DBLP. Fig. 10 visualizes the top-2 tem-
poral cohesive subgraphs containing node Prof. Jiawei Han
detected by our model on DBLP datasets with k£ = 3 and o=3.
Note that the cohesive subgraph identified by Kcore” contains
1225183 authors that come from diverse research domains
and their cooperation was intermittent rather than lasting.
This results indicate that Kcore is ineffective to identify lasting
cohesive subgraphs. However, as shown in Fig. 10, our model
can identify lasting cohesive subgraphs from a temporal net-
work. For example, in Fig. 10a, the cohesive subgraph
obtained by our model is a stable research team, because all
researchers in this cohesive subgraph collaborate closely and
lastly with Prof. Jiawei Han from 2009 to 2011. Additionally,
we also look at the homepage of Prof. Jiawei Han (https://
hanj.cs.illinois.edu/), and find that other authors in Fig. 10a
are indeed Han’s academic partners during 2009-2011. Simi-
lar results can also be seen in Fig. 10b, in which other authors
are Han’s students during 2014-2016. These results indicate

2. We do not visualize this cohesive subgraph due to it is too large to
show in a figure
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that our model can indeed identify lasting cohesive sub-
graphs from a temporal network.

6 RELATED WORK

Identifying diversified lasting cohesive subgraphs from
temporal networks is a novel problem that has not been
adequately investigated in literature.

Cohesive Subgraph Mining. Retrieving cohesive subgraphs
on static networks is to seek subgraphs such that the vertices
in the subgraph are connected densely, which has been well
investigated in past decades [11]. Notable models include
densest subgraph [23], [24], clique [25], [26], quasi-clique [27],
[28], k-truss [29], [30], k-core [15], [31], and more. For example,
Epastoet al. [23] studied densest subgraph on large and highly
dynamic networks, where the edges are deleted uniformly
and added adversely. Yuan et al. [25] investigated diversified
cliques problem, which is to identify k£ maximal cliques so as
to maximize vertex coverage. Boden et al. [27] investigated
y-quasi-clique on multi-layer attributed graphs. Zhang et al.
[29] adopted the k-truss to model the engagement and tie
strength of social networks, and investigated the anchored
k-truss problem that is to preventing network unraveling by
fixed some critical users. The model of k-core [15] is the closest
to our work. The core decomposition has been widely investi-
gated [31] with the applications in social networks, visualiza-
tion, software engineering, and so forth. Furthermore,
cohesive subgraphs are also central to many high-impact
applications, including user engagement [18], influence eval-
uation [19] and community search [17].

Temporal Graph Analyzing. Temporal graph analysis has
recently emerged as an important research filed ranging from
computer science and bioscience to physics and mathematics
[1], [2], [3]. In the literature, some classical graph analysis
problems have been extended to temporal graphs, such as
reachability and shortest path queries [4], [5], motifs mining
[8] and minimum spanning tree [32]. Our work is also related
to temporal cohesive subgraph mining, which has been dis-
cussed with different disciplines [6], [7], [10], [12], [14], [20],

(a) 2009-2011

Fig. 10. Case study on DBLP.
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[33]. For example, [12] modeled a dense temporal subgraph so
as to maximize the sum of edge weights from a special tempo-
ral graph with unchanged topology but changing edge
weights over time. Li ef al. [10] explored persistent communi-
ties, a k-core structure in any #-length subinterval during a
given interval. Chu et al. [14] studied burst communities,
where the community aggregates its average degree at the
fastest speed. Galimberti ef al. [33] proposed the span-core
model for core decomposition on temporal graphs. Qin
et al. [6] proposed an interesting temporal model, called
periodic cliques, for characterizing the periodic behavior of
cohesive subgraphs. Yang et al. [20] investigated the diversi-
fied y-denses on temporal graphs and devised a divide-
and-conquer algorithm framework with some powerful
pruning strategies. y-dense maintains a y-quasi-clique struc-
ture in any timestamp in a given time interval, but their inter-
link structures may be different from one timestamp to
another. Thus, the y-dense cannot model the lasting of a cohe-
sive subgraph. Rozenshtein et al. [7] extended the traditional
densest subgraph [23], [24] to temporal networks for model-
ing the timelines of events. Specifically, they split the whole
time domain into k£ non-overlapping intervals, such that the
intervals span subgraphs with maximum total density. Again,
their method also cannot capture the lasting of a cohesive
subgraph. Unlike these literatures, our work is to study the
diversification and lasting of cohesive subgraphs on temporal
networks.

Lasting Pattern Discovering. To our knowledge, there are
only few studies on lasting patterns [34], [35], [36], [37]. In
spatio-temporal networks, convoy pattern (e.g., a group of
people moving together for at least o consecutive time-
stamps) can be regraded as a lasting pattern [37]. In dynamic
sensor networks, the lasting connected component can serve
as a backbone for convenient message transmission [35].
Ahmed et al. [34] proposed a stable subgraph model such
that the detected subgraph is unchanged during a certain
time period. However, their work did not consider the cohe-
siveness of the stable subgraph. So, Liu et al. [36] devised a
stochastic algorithm framework to extract a single cohesive
subgraph on dynamic networks such that the subgraph has
the highest accumulated density and long-lasting. Although
the model is similar to our lasting (k, o)-core, it is a probabi-
listic subgraph model that characterizes the edge appearance
with probability in a dynamic network. It extracted only a
cohesive subgraph (i.e., it did not consider the diversification
of results). Consequently, these approaches cannot directly
detect diversified top-r lasting (k, o')-cores.

Diversified Top-r Searching. The goal of this problem is
to identify the top-r results that are most related to user-
initiated queries in consideration of diversity [38]. In litera-
ture, some specific problems have been studied, such as
skyline query [39], keyword search [40], document retrieval
[41], [42], pattern matching [43], ranking [44], maximal
clique [45], coherent core [46] and (k,r)-core [47] by
taking diversification into consideration. However, these
approaches only consider the structure or keyword but the
temporal nature of a subgraph. Moreover, it is not clear
how the techniques can be applied to solve our proposed
diversified top-r lasting (k, o)-cores. Thus, to the best of our
knowledge, we are the first to combine lasting pattern into

diversified top-r searchin.
Authorized license!
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7 CONCLUSION AND FUTURE WORK

In this paper, we are the first to systematically propose a
novel diversified top-r lasting (k, o)-cores to model both the
diversification and the time duration of cohesive subgraphs
on temporal graphs. And then we demonstrate that our
problem is NP-hard. Subsequently, a greedy algorithm
GreLC with (1 — 1/e) approximation ratio and a DFS-based
search algorithm TopLC with 1/4 approximation ratio are
proposed to effectively tackle our problem. Finally, our com-
prehensive experiments illustrate the efficiency, scalability
and effectiveness of our solutions.

There are some interesting further directions. (1) Adopt-
ing others possible models (e.g., clique, k-truss or densest
subgraph) to model the lasting cohesive subgraph on tem-
poral graphs. (2) Considering online temporal cohesive sub-
graph search problem on big temporal networks, which is
more personalized by inputting given query seeds.

ACKNOWLEDGMENTS

This work was supported by the National Key Research &
Development Program of China under Grant 2018YFB1004002
and NSFC under Grants 61672255 and 61932004.

REFERENCES

[1] P. Holme, “Modern temporal network theory: A colloquium,”
Eur. Physical ]. B, vol. 88, no. 9, pp. 1-30, 2015.

[2] P. Rozenshtein and A. Gionis, “Mining temporal networks,” in
Proc. 25th ACM SIGKDD Int. Conf. Knowl. Discov. Data Mining,
2019, pp. 3225-3226.

[3] Y.Wang, Y. Yuan, Y. Ma, and G. Wang, “Time-dependent graphs:
Definitions, applications, and algorithms,” Data Sci. Eng., vol. 4,
pp- 352-366, 2019

[4] H. Wu, Y. Huang, ]J. Cheng, J. Li, and Y. Ke, “Reachability and
time-based path queries in temporal graphs,” in Proc. IEEE 32nd
Int. Conf. Data Eng., 2016, pp. 145-156.

[5] H.Wu, ]. Cheng, S. Huang, Y. Ke, Y. Lu, and Y. Xu, “Path prob-
lems in temporal graphs,” Proc. VLDB Endowment, vol. 7, no. 9,
pp- 721-732, 2014.

[6] H.Qin, R. Li, G. Wang, L. Qin, Y. Cheng, and Y. Yuan, “Mining
periodic cliques in temporal networks,” in Proc. IEEE 35th Int.
Conf. Data Eng., 2019, pp. 1130-1141.

[7]1 P. Rozenshtein, F. Bonchi, A. Gionis, M. Sozio, and N. Tatti,
“Finding events in temporal networks: Segmentation meets dens-
est-subgraph discovery,” in Proc. IEEE Int. Conf. Data Mining,
2018, pp. 397-406.

[8] R. Kumar and T. Calders, “2SCENT: An efficient algorithm to
enumerate all simple temporal cycles,” Proc. VLDB Endowment,
vol. 11, no. 11, pp. 1441-1453, 2018

[91 L W.Taylor et al., “Dynamic modularity in protein interaction net-

works predicts breast cancer outcome,” Nat. Biotechnol., vol. 27,

no. 2, pp. 199-204, 2009.

R. Li, J. Su, L. Qin, J. X. Yu, and Q. Dai, “Persistent community

search in temporal networks,” in Proc. IEEE 35th Int. Conf. Data

Eng., 2018, pp. 797-808.

L. Chang and L. Qin, “Cohesive subgraph computation over large

sparse graphs,” in Proc. IEEE 35th Int. Conf. Data Eng., 2019,

pp- 2068-2071.

S. Ma, R. Hu, L. Wang, X. Lin, and J. Huai, “Fast computation of

dense temporal subgraphs,” in Proc. IEEE 35th Int. Conf. Data

Eng., 2017, pp. 361-372.

H. Wu et al., “Core decomposition in large temporal graphs,” in

Proc. Int. Conf. Big Data, 2015, pp. 649-658.

L. Chu, Y. Zhang, Y. Yang, L. Wang, and ]. Pei, “Online density

bursting subgraph detection from temporal graphs,” Proc. VLDB

Endowment, vol. 12, no. 13, pp. 2353-2365, 2019.

S. B. Seidman, “Network structure and minimum degree,” Soc.

Netw., vol. 5, no. 3, pp. 269-287, 1983.

G. Ausiello, N. Boria, A. Giannakos, G. Lucarelli, and V. T. Paschos,

“Online maximum k-coverage,” Discrete Appl. Math., vol. 160,

no. 13-14, pp. 1901-1913, 2012

[10]

[11]

[12]

[13]

[14]

[15]

[16]

use limited to: éI.EIJING INSTITUTE OF TECHNOLOGY. Downloaded on January 23,2024 at 05:58:57 UTC from IEEE Xplore. Restrictions apply.



LIN ET AL.: MINING DIVERSIFIED TOP-R LASTING COHESIVE SUBGRAPHS ON TEMPORAL NETWORKS

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

M. Sozio and A. Gionis, “The community-search problem and how
to plan a successful cocktail party,” in Proc. 16th ACM SIGKDD Int.
Conf. Knowl. Discovery Data Mining, 2010, pp. 939-948.

K. Bhawalkar, J. M. Kleinberg, K. Lewi, T. Roughgarden, and
A. Sharma, “Preventing unraveling in social networks: The
anchored k-core problem,” SIAM ]. Discrete Math., vol. 29, no. 3,
pp. 1452-1475,2015.

M. Kitsak et al., “Identification of influential spreaders in complex
networks,” Nat. Phys., vol. 6, no. 11, pp. 888-893, 2010.

Y. Yang, D. Yan, H. Wu, J. Cheng, S. Zhou, and J. C. S. Luij,
“Diversified temporal subgraph pattern mining,” in Proc. 16th
ACM SIGKDD 1Int. Conf. Knowl. Discovery Data Mining, 2016,
pp- 1965-1974.

V. Batagelj and M. Zaversnik, “An O(m) algorithm for cores
decomposition of networks,” CoRR, vol. cs.DS/0310049, 2003.

D. J. DiTursi, G. Ghosh, and P. Bogdanov, “Local community
detection in dynamic networks,” in Proc. IEEE Int. Conf. Data Min-
ing, 2017, pp. 847-852.

A. Epasto, S. Lattanzi, and M. Sozio, “Efficient densest subgraph
computation in evolving graphs,” in Proc. 24th Int. Conf. World
Wide Web, 2015, pp. 300-310.

Y. Fang, K. Yu, R. Cheng, L. V. S. Lakshmanan, and X. Lin,
“Efficient algorithms for densest subgraph discovery,” Proc.
VLDB Endowment, vol. 12, no. 11, pp. 1719-1732, 2019.

L. Yuan, L. Qin, X. Lin, L. Chang, and W. Zhang, “Diversified top-
k clique search,” in Proc. IEEE 35th Int. Conf. Data Eng., 2015,
pp. 387-398.

L. Chang, “Efficient maximum clique computation over large
sparse graphs,” in Proc. 16th ACM SIGKDD Int. Conf. Knowl. Dis-
covery Data Mining, 2019, pp. 529-538.

B. Boden, S. Giinnemann, H. Hoffmann, and T. Seidl, “MiMAG:
Mining coherent subgraphs in multi-layer graphs with edge
labels,” Knowl. Inf. Syst., vol. 50, no. 2, pp. 417-446, 2017.

C. E. Tsourakakis, F. Bonchi, A. Gionis, F. Gullo, and M. A. Tsiarli,
“Denser than the densest subgraph: extracting optimal quasi-cli-
ques with quality guarantees,” in Proc. 16th ACM SIGKDD Int.
Conf. Knowl. Discovery Data Mining, 2013, pp. 104-112.

F. Zhang, Y. Zhang, L. Qin, W. Zhang, and X. Lin, “Efficiently
reinforcing social networks over user engagement and tie
strength,” in Proc. IEEE 35th Int. Conf. Data Eng., 2018, pp. 557-568.
Y. Zhang and J. X. Yu, “Unboundedness and efficiency of truss
maintenance in evolving graphs,” in Proc. Int. Conf. Manage. Data,
2019, pp. 1024-1041.

F. Bonchi, A. Khan, and L. Severini, “Distance-generalized core
decomposition,” in Proc. Int. Conf. Manage. Data, 2019, pp. 1006—
1023.

S. Huang, A. W. Fu, and R. Liu, “Minimum spanning trees in tem-
poral graphs,” in Proc. ACM SIGMOD Int. Conf. Manage. Data,
2015, pp. 419-430.

E. Galimberti, A. Barrat, F. Bonchi, C. Cattuto, and F. Gullo,
“Mining (maximal) span-cores from temporal networks,” in Proc.
27th ACM Int. Conf. Inf. Knowl. Manage., 2018, pp. 107-116.

R. Ahmed and G. Karypis, “Algorithms for mining the evolution
of conserved relational states in dynamic networks,” in Proc. IEEE
Int. Conf. Data Mining, 2011, pp. 1-10.

F. Kuhn, N. A. Lynch, and R. Oshman, “Distributed computation
in dynamic networks,” in Proc. 42nd ACM Symp. Theory Comput.,
2010, pp. 513-522.

X. Liu, T. Ge, and Y. Wu, “Finding densest lasting subgraphs in
dynamic graphs: A stochastic approach,” in Proc. IEEE 35th Int.
Conf. Data Eng., 2019, pp. 782-793.

F. Orakzai, T. Calders, and T. B. Pedersen, “k/2hop: Fast mining
of convoy patterns with effective pruning,” Proc. VLDB Endow-
ment, vol. 12, no. 9, pp. 948-960, 2019.

M. Drosou and E. Pitoura, “Search result diversification,”
SIGMOD Record, vol. 39, no. 1, pp. 41-47, 2010.

X. Lin, Y. Yuan, Q. Zhang, and Y. Zhang, “Selecting stars: The k
most representative skyline operator,” in Proc. IEEE 35th Int. Conf.
Data Eng., 2007, pp. 86-95.

E. Demidova, P. Fankhauser, X. Zhou, and W. Nejd], “DivQ: Diversi-
fication for keyword search over structured databases,” in Proc. 33rd
Int. ACM SIGIR Conf. Res. Develop. Inf. Retrieval, 2010, pp. 331-338.

R. Agrawal, S. Gollapudi, A. Halverson, and S. Ieong,
“Diversifying search results,” in Proc. 2nd ACM Int. Conf. Web
Search Data Mining, 2009, pp. 5-14.

A. Angel and N. Koudas, “Efficient diversity-aware search,” in
Proc. ACM SIGMOD Int. Conf. Manage. Data, 2011, pp. 781-792.

[43]

[44]
[45]

[46]

[47]

1549

W. Fan, X. Wang, and Y. Wu, “Diversified top-k graph pattern
matching,” Proc. VLDB Endowment, vol. 6, no. 13, pp. 1510-1521,
2013.

R. Li and J. X. Yu, “Scalable diversified ranking on large graphs,”
IEEE Trans. Knowl. Data Eng., vol. 25, no. 9, pp. 2133-2146, Sep. 2013.
L. Yuan, L. Qin, X. Lin, L. Chang, and W. Zhang, “Diversified top-
k clique search,” VLDB J., vol. 25, no. 2, pp. 171-196, 2016.

R. Zhu, Z. Zou, and J. Li, “Fast diversified coherent core search on
multi-layer graphs,” VLDB |., vol. 28, no. 4, pp. 597-622, 2019.

F. Zhang, X. Lin, Y. Zhang, L. Qin, and W. Zhang, “Efficient com-
munity discovery with user engagement and similarity,” VLDB J.,
vol. 28, no. 6, pp. 987-1012, 2019.

Longlong Lin is currently working toward the
PhD degree from the HuaZhong University of Sci-
ence and Technique, China. His current research
interests include social network analysis and tem-
poral network mining.

Pingpeng Yuan received the PhD degree in
computer science from Zhejiang University. He is
currently a professor with the School of Computer
Science and Technology, Huazhong University of
Science and Technology. His research interests
include databases, knowledge representation
and reasoning, and NLP, with a focus on high per-
formance computing. During exploring his
research, he implements systems and innovative
applications in addition to investigating theoretical
solutions and algorithmic design. He is also the

principle developer in multiple system prototypes, including TripleBit,
PathGraph, and SemreX.

Rong-Hua Li received the PhD degree from the
Chinese University of Hong Kong, in 2013. He is
currently a professor with the Beijing Institute of
Technology, Beijing, China. His research interests
include graph data management and mining,
social network analysis, graph computation sys-
tems, and graph-based machine learning.

Hai Jin (Fellow, IEEE) received the PhD degree in
computer engineering from the Huazhong Univer-
sity of Science and Technology, in 1994. He is cur-
rently a Cheung Kung Scholars chair professor of
computer science and engineering, Huazhong Uni-
versity of Science and Technology. In 1996, he was
awarded a German Academic Exchange Service
fellowship to visit the Technical University of Chem-
nitz in Germany. He worked with the University of
Hong Kong between 1998 and 2000, and as a visit-
ing scholar with the University of Southern

California between 1999 and 2000. He was awarded Excellent Youth
Award from the National Science Foundation of China in 2001. He is the
chief scientist of ChinaGrid, the largest grid computing project in China,
and the chief scientists of National 973 Basic Research Program Project of
Virtualization Technology of Computing System, and Cloud Security. He is
a CCF fellow, and a member of the ACM. He has coauthored 22 books and
published more than 700 research papers. His research interests include
computer architecture, virtualization technology, cluster computing and
cloud computing, peer-to-peer computing, network storage, and network
security.

> For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on January 23,2024 at 05:58:57 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


