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ABSTRACT

Community search in heterogeneous information networks (HINs)
often neglects temporal dynamics, yielding structures that poorly
reflect real-world interactions. We introduce the Temporal HIN
Community Search (THCS) problem and propose a novel (k, Ty, Ps)-
core model that captures both structural cohesiveness and temporal
relevance. Our model uses a time span constraint § to ensure inter-
action recency and a query interval T;, for flexible temporal explo-
ration, filtering irrelevant connections while preserving structural
density. We develop two efficient online algorithms—Center-based
Sliding Window search and Incremental Center Expansion—that ex-
ploit meta-path symmetry and dynamic connectivity tracking. For
frequent queries, we design a Temporal HIN Core Interval-Index
(TCI-Index), organising minimal core intervals hierarchically with
innovative compression techniques. Experiments on real-world
datasets show our methods significantly outperform baselines, find-
ing temporally meaningful communities with high efficiency.
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1 INTRODUCTION

Community search (CS) in networks aims to find cohesively con-
nected groups. While extensively studied in homogeneous net-
works, the problem becomes more complex in heterogeneous in-
formation networks (HINs) where multiple entity and relation-
ship types exist. In HINs, meta-path based approaches [29] es-
tablish connections between same-type vertices that are seman-
tically related, enabling classical community models (e.g., k-core,
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k-truss) to be extended for HIN community search [5, 6, 9, 36].
These models have been successfully applied in various domains
such as patent networks, e-commerce platforms, and bibliographic
databases [2, 11, 2628, 38, 42].

Although many HIN community models exist, they operate pri-
marily in a static setting, disregarding the temporal evolution of
interactions. In real-world applications, relationships evolve over
time, and failing to incorporate temporal constraints can lead to
the inclusion of outdated or irrelevant connections in detected com-
munities. While temporal community search has been studied in
homogeneous graphs [15, 17, 19], enforcing both structural density
and temporal proximity, these approaches focus on direct edge
connections and fail to address the multi-relational nature of HINs.
Extending Temporal Constraints to HINs. In this work, we
focus on the popular (k,P)-core [6] approach. It uses a meta-
path P to establish $-neighbors over same-type nodes, forming
a derived homogeneous graph Gp where each node must have at
least k $-neighbors for structural cohesiveness. For temporal HINs
(THINSs) with timestamped edges, simply enforcing a time window
on (k, P)-core creates challenges. Since P-neighbor spans vary
dramatically—from short durations to periods as long as the overall
community window—it fails to capture connection-level temporal
proximity. Alternatively, enforcing short spans on each $-neighbor
pair may result in communities spanning excessively long periods,
compromising overall temporal proximity.

To secure P-neighbor proximity, community proximity, apart
from community cohesiveness, we adapt (k, P)-core to (k, Ty, Ps)-
core as follows:

Temporal Proximity aware P -neighbor (Ps-neighbor): We intro-

duce a new parameter § to limit the maximum length of the span
of the P-neighbor. This ensures the temporal proximity at the
neighbor-level.

Community Cohesiveness: Similar to (k, P)-core, we adopt the

minimum degree constraint k for structural cohesiveness, but apply
it to valid Ps-neighbors.
Community-Wide Temporal Proximity: We introduce another tem-

poral parameter, the query time window T, to limit the overall tem-
poral span of the community and ensure it reflects users’ specific
periods of interest.

(k, Ty, Ps)-core has many real-world applications, below are two
examples:
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Figure 1: A THIN of DBLP (a), its schema (b), and the derived
graph with connection intervals (c).

Temporal
Communities T 0 Emaz
@ Gy [1,10]
" ‘ C, 1.10]
@ @ @ Cs [4,10] 4 3

Figure 2: Illustration of (k,

N oW
NS

Ty, Ps)-cores with varying settings.

ExaMmpLE 1.1. Figure 1 illustrates an example THIN from DBLP,
with four node types: author (A), paper (P), venue (V ), and keyword
(K), and their relationships as shown in the schema (Figure 1(b)). Edges
represent relationships, with timestamps indicating the interaction
times (for simplicity, we index calendar years to integers). Consider
the meta-path APKPA, which identifies authors publishing with com-
mon keywords. In THINS, such connections require time to form—the
connection between a; and as requires three years, while as and ag
requires six years. Figure 1(c) shows the derived graph Gp, where
connections may consist of multiple instances with different intervals.

For (k, Ty, Ps)-core search, T, defines the period of interest, & en-
sures that research interest convergence occurs within a narrow time-
frame, and k guarantees connection intensity. Figure 2 demonstrates
this flexibility: with Ty = [1,10] and 8 = 3, we find a 4-core commu-
nity C; where all meta-path instances satisfy the § constraint. When
d is reduced to 2, some instances become invalid, yielding a maximum
2-core community C,.

ExAMPLE 1.2. A Real-World Application. Our model is well-suited
for identifying high-risk groups in disease spread modeling. Consider
a trajectory network where the meta-path P = Person-Location-Person
connects individuals who visited the same location. A (k, Ty Ps)-core
community represents a group with significant transmission potential.
Here, § captures the virus’s viability window (e.g., within 2 hours),
ensuring connections are temporally relevant for transmission. The
query interval T, allows epidemiologists to focus on a specific outbreak
phase, such as the critical first week. The parameter k quantifies the
transmission risk, requiring each person to have at least k potential
exposure links to others within the same community. This identifies not
Jjust isolated pairs, but dense communities where the higher number
of contacts elevates the overall risk and potential for rapid disease
propagation.

Technical Challenges and Our Approaches. These modeling
requirements introduce substantial computational challenges. Un-
like static approaches that confirm meta-path existence, temporal
constraints demand a much finer-grained evaluation as multiple
meta-path instances can connect the same target node pairs, each

(c) Authors with common keywords papers
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with a unique formation interval. Consequently, the search space
for valid connections becomes vast, rendering a naive enumeration
of all meta-path instances computationally infeasible.

To address this challenge, we develop efficient online algorithms.
Our Center-based Sliding Window search leverages meta-path sym-
metry. Building on this, our Incremental Center Expansion method
incorporates an Incremental Connectivity Tracker that efficiently
maintains and updates neighborhood relationships as the temporal
window slides, offering significant performance gains. These are
evaluated against a Baseline Sliding Window algorithm.

To support frequent user searches efficiently, we also develop
a novel index-based solution, the THIN Core Interval-Index (TCI-
Index). While prior work like the PHC-Index by Yu et al. [37] effec-
tively handles historical k-core queries in temporal homogeneous
graphs by recording valid time intervals for node coreness, extend-
ing this to THINs presents significant hurdles. The primary chal-
lenge lies in the complexity introduced by meta-paths: instead of di-
rect timestamped edges, we must evaluate -constrained multi-edge
meta-path instances. This makes determining valid time intervals
for core membership under our (k, T, Ps)-core definition far more
intricate. Our TCI-Index tackles this by first efficiently identifying
time intervals where meta-path based neighborhoods are valid un-
der the § constraint, and then determining the minimal intervals
where nodes satisfy the k-core property with respect to these tem-
porally valid HIN connections. By organizing these findings into an
interval-based framework and employing compression techniques,
the TCI-Index enables rapid retrieval of (k, Ty Ps)-cores without
redundant computations.

Contributions. Our key contributions are summarized as follows:

We formally define the (k, Ty, Ps)-core model for THINS, intro-
ducing a novel framework that integrates structural cohesiveness
with temporal proximity constraints, addressing the community
search problem in THING. (Section 2)
We develop efficient online search algorithms, that exploit meta-
path symmetry and Incremental Connectivity Tracker to dynam-
ically maintain temporal neighborhoods, demonstrating superior
performance. (Section 3)
We introduce a compact TCI-Index that organizes minimal tem-
poral intervals in a hierarchical structure, enabling fast commu-
nity retrieval for varying temporal and structural parameters.
(Sections 4 & 5)

We conduct extensive experiments on real-world datasets to
evaluate the efficiency of searching methods and effectiveness
of our proposed model. (Section 6)

2 PRELIMINARIES AND PROBLEM
DEFINITION

We list frequently used notations in Table 1.

2.1 Preliminaries
Firstly, we introduce the concept of heterogeneous information

networks (HIN), which serves as the foundation for our temporal
model.

Definition 2.1 (HIN). A Heterogeneous Information Network
(HIN) is defined as a directed graph H = (V, E, ¢, /), where V and E
denote the sets of nodes and edges, respectively. Besides, two type



Table 1: Notation

Symbol Description

H, Hr THIN and its subgraph in interval T

V. ET Sets of nodes, edges and timestamps

o,y Node/edge type mapping functions

A, R Sets of node/edge types

P, Phaif> p Meta-path, half meta-path, meta-path instance
Ty=[gs.qel. T,  Query/Meta-path instance time interval

d, k Time span and core number constraints

Gpg Derived target node graph under constraints
mni, mciy Minimal neighbor/core intervals

mapping functions ¢ : V— A and ¢ : E — R indicate the sets of
types of nodes and edges, satisfying |A| + |R] > 2.

An HIN follows a meta template called a network schema, which
is a directed graph defined over node types A and edge types R.
As shown in Figure 1(b) is the network schema for the academic
network, which defines all the allowable edge types between node
types. Note that in the network schema, if an edge type R exists
between node type A and B (i.e. ARB), the inverse relation BR™1A
naturally holds.

Definition 2.2 (Meta Path). A meta path % is a path defined on

R
the network schema, denoted as A; & A, i N Ajs1, where
lis the length of P, A; € Aand R; e R(1 <i< ).

For simplicity, we also denote # as an ordered set in forms of
(A1, Az, ..., Al41). We call a meta-path # a symmetric path if it is
identical to its reverse path P-1 For example, in Figure 1(c), a meta-
path APV PA is symmetric. In this paper, we focus on symmetric $.
Below, when referring to a meta-path P, # is symmetric.

We call a path p = (a; — a;... = aj41) an instance of P, if
Vi € [1,1 + 1], node a; and edge e; = (a;, aj+1), satisfy ¢(a;) = A;
and ¥(e;) = R;. If two nodes u, v are endpoints of any instance of
P, we say nodes u and v are P-neighbours, and we call the type
of u (and v) the target type. Two nodes are called -connected if
there is a chain of target type nodes between them so that adjacent
nodes are P-neighbours. Then, we present the widely used HIN
community model:

Definition 2.3 ((k, P)-core). Given an HIN H, an integer k, and a
symmetric meta-path P, the (k, P)-core is a maximal set S of target
type nodes that are $-connected with each other, such that each
node in S has at least k $-neighbors also in S.

2.2 Problem Definition

We now extend the concept of (k, P)-core to temporal settings.

Definition 2.4 (Temporal HIN H). A temporal HIN (THIN) ex-
tends a HIN by associating each edge e € E with a timestamp ¢t € 7,
where 7 is the set of all possible timestamps. A THIN is denoted
by H.

Given H and a time interval T = [, t.], Hr denotes the sub-
graph induced by the edges whose timestamps lie within T, along
with the corresponding incident nodes. Hr is considered a static
HIN obtained by discarding temporal information on edges.

5742

Given H and a meta-path P, each instance p of P is associ-
ated with a set of timestamped edges, forming a time interval
Ty = [tmin(p); tmax(p)], where the interval length is defined as
|Ty| = tmax () — tmin(p). In order to explore the connections over
target vertices that are both structurally and temporally close, we
introduce the definition of Ps-instance and Ps-connected as below:

Definition 2.5 (Ps-instance). Given a THIN H and a meta-path
P, an instance p of P is called a Ps-instance, if |T,| < 5. Any pair
of u,v (u # v) of target type connected by at least one Ps-instance
is called Ps-neighbors.

Definition 2.6 (Ps-connected). Given a THIN H, a meta-path
P, and a time constraint §, two nodes u and v of the target type
are said to be Ps-connected if there exists a sequence of nodes
(ny, n, ..., ni) of the target type, where ny = u and ny = v, and a
corresponding sequence of Ps-instances (p1,2, P23, ..., Pk—1,k) Such
that p;;+1 (1 < i < k) connects (n;, nj+1).

Intuitively, Ps-connection describes that u and v are connected
through a series of intermediate nodes via meta-path instances,
where each step maintains a time span constraint §. We denote by
Ggp, the derived homogeneous graph where vertices are nodes of
the target type from H, and an edge exists between two vertices
if and only if they are Ps-neighbors in H. We use Gp when § is
unspecified. For example, Figure 1(c) shows the derived Gp based
on the THIN from Figure 1(a). In this example, a; and a4 are (4, P)-
connected via a3, where a; and a3 are (0, #)-neighbors, and a3 and
ag are (4, P)-neighbors.

Definition 2.7 ((k, Ty, Ps)-core). Given a THIN H, an integer k,
a meta-path P, a time span §, and a time interval T, = [¢s, ¢], a
(k, Ty, Ps)-core is a maximal set S of nodes with the target type,
satisfying:

(1) Vo € S, v has at least k Ps-neighbors in S.

(2) V Ps-neighbors (u,v) € S, 3p connecting (u,v), s.t. T, C Ty;
(3) Yu,v € S, u and v are Pgs-connected.

This definition captures the dual objectives of temporal closeness
and structural connectivity, ensuring that nodes within a (k, Ty Ps)-
core are not only densely connected but also interact within a
constrained time span. Now we formally define the Temporal HIN
Community Search (THCS) problem as follows.

ProBLEM 1 (THIN COMMUNITY SEARCH). Given a THIN‘H, an
integer k, a symmetric meta-path P, a time span constraint §, and a
query time interval Ty, the goal is to identify all (k, Ty, Ps)-cores.

Building on Figure 2, our (k, Ty, Ps)-core model enables system-
atic community discovery. For instance, with the derived author
connection graph in Figure 1(c), different parameter combinations
yield different communities as demonstrated in Figure 2. The flexi-
bility in adjusting 6, T, and k allows analysts to explore various
community patterns based on their specific temporal and structural
requirements.

3 ONLINE QUERY
3.1 Center-based Sliding Window

A naive THCS solution enumerates all meta-path instances, verify-
ing each against the § constraint. This exhaustive check of instances,



which can have varying time spans, leads to exponential complexity.
To overcome this, we handle the query interval T, = [gs, g.] based
on its length relative to §. If |T,| < &, all meta-path instances in
Hr, are 5-valid, simplifying to standard (k, #)-core search. Oth-
erwise (|Ty| > J), we use a sliding window approach, processing
subgraphs H, induced by windows A = [t,t + §] that slide from
qs to ge — 8 + 1. In each H,, instances inherently satisfy §. The
challenge is then efficiently finding $s-neighbors per window, as
naive searches from all target nodes cause redundant computations
over shared paths.

In HINs, symmetric meta-paths are characterized by a structure
that is symmetric around a central node type. This structural sym-
metry allows us to reformulate Ps-neighbor search as a problem
of connectivity via center nodes.

Observation 1 (Center Node Connectivity). Two target nodes are
Ps-neighbors in a symmetric meta-path if and only if they share at
least one common center node.

For example, in APVPA, the venue type V is the center, with
symmetric author-paper patterns on both sides. Instead of searching
from each target node, we group target nodes by shared center
nodes. This approach halves the search depth and avoids redundant
traversal, as any $s-neighbor relation must pass through a center
node. Once centers are identified, forming neighbor pairs reduces
to combining target nodes connected to the same center.

A symmetric meta-path # of length I, with target type A; and
center type A., comprises two symmetric half meta-paths of length
1/2. The center-based expansion strategy (Algorithm 1) searches
along the half meta-path from A, outwards to A;. For each window
A, Algorithm 1 identifies all center nodes, expands outwards to
find reachable target nodes, and stores these connections in cnt.
The DeltaPNbrs procedure (Algorithm 2) then constructs Gp, by
adding edges between target nodes sharing common centers. After
all windows, k-core decomposition yields the final (k, T, Ps)-core.

The time complexity of Algorithm 1 is bounded by O(|Tg]| - [V] -
|E|), where |V| and |E| are the total number of nodes and edges in
the temporal HIN H, respectively. For each of up to |T,| windows,
the algorithm performs an expansion from each center node, which
takes up to O(|E|) time. Since the number of center nodes n, is
bounded by |V|, the cost per window is up to O(|V| - |E|). The costs
of DeltaPNbrs and k-core decomposition are dominated by this
expansion complexity.

3.2 Incremental Center Expansion Algorithm

Instead of recomputing full connectivity from scratch per window,
we perform incremental updates as the window slides. Specifically,
as edges expire and new ones appear, we adjust only the local
A1-A. connectivity directly affected by each insertion or deletion,
thereby avoiding redundant computations across overlapping win-
dows. Consider the half meta-path Ppqr = (A, ..., Ac). When an
edge (u,v) is inserted or removed from H (assuming u is closer to
A; and v to A,), the key question is: how does this local modifica-
tion affect connectivity between A; and A.? We have the following
observations:

Let A} denote the set of A;-type nodes reachable from u, and A7
denote the set of A.-type nodes reachable from v. When inserting
an edge (u,0), for any pair (a;,a.) € A} x A?, we can establish
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Algorithm 1: Center-based Sliding Window (CSW)
Input: H, k, T, = [gs. ¢e], P, 8
Output: The (k, Ty, Ps)-core R
1 Gps «— 0;
2 fort € [gs,qe — 5+ 1] do
A « [t,t + 5]; Induce Hy; cnt «— 0;
for each center node ¢ € Hy do
S {c}h
for j «— I/2 down to1do
L « 0,
for each nodeu € S do
for each neighborv € Ny, (u) do
if (v, u) matches the j-th edge type of P
L then L.add(v) ;
S« 1L

11

12

| cnt[c] « S;
B DeltaPNbrs(cnt, Gp,) ;

14 R « k-core decomposition of Gpg;

13

15 return R;

Algorithm 2: DeltaPNbrs(cnt, Gp,)

1 for each center node c € cnt do
for each pair (ay, a}) where ay, a; € cnt[c] (a; # a}) do
if (ay,a}) ¢ Gp, then

L L Add edge (ay, a}) to graph Gpy;
a connection. If these nodes were not previously connected, this
creates a new path; if they were already connected, adding an-
other path is idempotent and does not affect existing connectivity.
However, when removing an edge (u,v), we cannot simply remove
all connections in A} X AZ, as alternative paths may still connect
them. Each potentially affected pair (ay, a.) requires verification
to determine if other valid paths remain. This asymmetry between
insertion and deletion operations necessitates careful tracking of
path counts rather than just binary connectivity.
Incremental Connectivity Tracker (ICT). To maintain the Ps-
connectivity efficiently, we introduce the Incremental Connectivity
Tracker (ICT), which tracks path propagation between A; and A..

Specifically, for each node a; (1 < i <[/2) along the half meta-path
Phatf, ICT maintains:

2
3
4

Fo:Aix A, —> Z7,

where Fc(aj, a;) records the number of valid paths from g; to a,.
The path count Fc(a;, a.) at an intermediate node a; (where A; is
not the center type A.) accumulates from its A;,1-type neighbors

N (a;) as follows:

ai+1€N(a;)

Fe(aisac) = Fc(aiv, ac). (1
This is because paths from a; to a. must traverse an a;+1 € N'(a;),

each contributing its Fc(aj+1,a.) independently. This property



Figure 3: An example of ICT

holds for any 1 < i < /2, forming a recursive propagation mech-
anism from A, back to A;. It ensures that (a;, a;) connectivity is
maintained as long as at least one intermediate path exists. Re-
moving an edge (a;, a;+1) does not necessarily disconnect the pair
if alternative paths contribute to Fc(ay, ac). Therefore, we track
Fc(a;, a.) and propagate updates along Py

Incremental Update Mechanism. For an edge (a;,ai41) (1 <
i <1/2 - 1) along Py, ICT updates connectivity by propagating
changes from a; toward A; via depth-first traversal along P}:all - For
each intermediate node a; reachable from a; where 1 < j < i, ICT
cumulatively updates its connectivity: when inserting (deleting)
edge (a;, ai11), each visited a; increases (decreases) its path count
to centers by Fc(aj41, ac) for all a. € Ag*!.

As updates propagate backward toward A;, connectivity be-
tween A; and A, is determined by examining Fc(as, a.): transitions
from 0 to positive indicate new connections; transitions to 0 in-
dicate removals. For example in Figure 3, removing edge (y;, z1)
causes Fc(ay, ¢1) to become 0, while inserting (x3, y3) establishes
FC((I3, Cl) =1.

ICT only stores active connections, discarding zero-valued en-
tries. The worst-case storage complexity is Zf/: 21 n; - ne, but in prac-
tice, sparse connectivity makes ICT space-efficient.

We present our advanced online algorithm, Incremental Center
Expansion (ICE), in Algorithm 3, which integrates center-based
expansion with incremental connectivity tracking to efficiently
maintain Ps-neighbors over sliding windows. The algorithm begins
with an initialization phase, constructing complete connectivity
information (Fc and cnt) for the first window using full center-based
expansion (lines 1-7). In the incremental update phase, as the
window slides forward, ICE identifies expiring and entering edges
(lines 8-15). Instead of recomputing from scratch, it propagates
connectivity changes for each edge insertion and deletion using the
ICT mechanism described above. After each update, ‘DeltaPNbrs*
(Algorithm 2) updates Gp. Finally, the (k, Ty, Ps)-core is extracted
using standard k-core decomposition.

The time complexity of the ICE algorithm is bounded by O(|E|?).
The initialization phase performs expansion from n, center nodes,
taking up to O(n, - |E|) time. In the incremental phase, each edge is
processed at most twice (insertion and deletion). The propagation
for each edge update involves a search from the edge’s endpoint
towards the target nodes and ICT updates, which takes up to O(|E|)
time. Since n. is bounded by |V| and the number of processed

edges is bounded by |E|, the total complexity is bounded by O(|E|?)
(usually |V| is smaller than |E|).

Algorithm 3: Incremental Center Expansion (ICE)
Input: H, k, Ty = [¢5,qe], P, 6
Output: The (k, T, Ps)-core R

1 Gp; «— 0; Fc « 0; cnt « 0;

2 A « [gs, qs + 6]; induce H) from H;
// Initial expansion on the first window

3 foreach center node ¢ in Hy do

// half-path expansion from center node to A;
4 Perform BFS along Pp,;r from ¢ towards A;-type nodes;
5 Update Fc (-, ¢) by Eq. (1);

6 cnt[c] « all A;-type nodes u with Fe(u, c) > 0;

7 DeltaPNbrs(cnt, Gp,);

8 fort « g5 to (g, —5—1) do

9 Egel < {e € & | timestamp(e) = t};

10 foreach edge e = (u,v) in Ege] do

11 L Propagate path count changes for deletion via ICT;
12 Eins < {e € & | timestamp(e) =t + 5 + 1};

13 foreach edge e = (u,v) in Eiys do

14 L Propagate path count changes for insertion via ICT;

15 DeltaPNbrs(cnt, Gp,);

16 R « k-core decomposition of Gp,;
7 return R;

-

4 THIN CORE INDEX

While online algorithms offer speed, frequent user searches can lead
to significant computational overhead, especially when users re-
peatedly query the same time periods. To enhance query efficiency,
with a given meta-path #, we construct the THIN Core Interval-
Index (TCI-Index), designed for storing and efficiently retrieving
(k, Tg, Ps)-core information. Our indexing approach addresses the
complex interplay between three parameters: the temporal con-
straint &, the query time interval T, = [qs, ¢.], and the core number
k. By capturing the minimal necessary temporal information, our in-
dex efficiently integrates these parameters to support fast querying.
By leveraging the hierarchical nature of k-core and containment
relationships between temporal intervals, our index organizes in-
formation in a highly compact manner, enabling direct access to
relevant intervals without computationally intensive calculations.

4.1 Building on Minimal Intervals

As illustrated in Figure 1(c), connections between authors through
meta-paths can generate multiple time intervals on each edge, rep-
resenting distinct interaction periods. However, not all intervals
are necessary for determining community candidature.

Observation 2 (Interval Dominance). Given two intervals I; =
[s1,e1] and I, = [sy, e2], if I, C I (i.e., s; < sp and e; > e), then for
any time constraint J, if nodes are Ps-neighbors in I, they are also
Ps-neighbors in I.



This observation allows us to focus on the smallest intervals that
fully characterize temporal relationships (shown as red intervals in
Figure 1(c)), leading to our first key concept:

Definition 4.1 (Minimal $-Neighbor Interval (MNI)). For two
nodes u and v connected via meta-path #, an interval I is their
minimal P-neighbor interval (mni) if: (1) u and v are P-neighbors
throughout I, and (2) no smaller interval I’ C I satisfies condi-
tion (1).

The key contribution of the MNT concept is its role in bridging
the fundamental gap between direct edge connectivity in traditional
temporal graphs and meta-path-based connectivity in THINs. Un-
like existing approaches where core times can be derived directly
from edges, our method first requires identifying these essential
meta-path connections as a critical preprocessing step.

Given an mni between nodes u and v:

o The span of mni determines the minimum § required: u and
v can be Ps-neighbors only if § > |mni|

o The interval must fit within Tg: the mni contributes to con-
nectivity only if mni C T,

By identifying these minimal intervals, we transform complex
meta-path connectivity into a tractable interval-based record, en-
abling us to efficiently build higher-level core intervals rather than
compute directly from the raw THIN structure. With mnis serv-
ing as the foundation for temporal relationships between target
node pairs, we now integrate the third parameter—core number
k—by examining how multiple mnis collectively contribute to form-
ing (k, Ty, Ps)-cores. This leads us to define intervals where nodes
maintain reachable core membership:

Definition 4.2 (Minimal (k, ?)-Core Interval (MCI)). For a node
v, an interval I is its minimal (k, $)-core interval of k (mciy) if: (1)
visina (k,P)-core in I, and (2) no smaller interval I’ C I satisfies
condition (1). We denote the set of all mcis for v of k as Cy (v).

Crucially, the length of an mci; must not exceed J to preserve a
(k, Ty, Ps)-core property. While mnis establish valid neighborhood
relations within I, the span of mcij determines whether the node
maintains core membership under the temporal constraint §. Hence,
the mci concept naturally unifies k, §, and T, in a single framework,
which we leverage to construct our index structure.

LEMMA 4.1 (CoRE MEMBERSHIP VIA MCI). A node v belongs to a
(k, Ty, Ps)-core if and only if there exists an mciy € Cy(v) such that:
(i) meix C Ty and (ii) the span of mciy is at most J.

The strategy to efficiently identify these MCIs and ensure they
satisfy the minimality condition is detailed in Section 5. This is
achieved implicitly during our incremental index construction,
avoiding explicit sub-interval comparisons.

4.2 A Compact Index Structure

Building on the node information of mcis in C, The THIN Core
Interval-Index (TCI-Index) T is an inverted index layered by core
number k. Each layer corresponds to a distinct k value and contains
multiple Core Interval Blocks (CI-Blocks) CI keyed by mci = [ts, t.]
sorted by the start time ¢, then by the end time t.. Each Core
Interval Block owns:
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e CI.T = [ts,t.]: The minimal core interval (mci).
e CI.V;: The set of nodes S for which this interval is one of
their mcis, i.e., Yo € S, mci € Ci(v)
However, storing each node for all its mcis can lead to large index
sizes in practice. Two properties of mcis make this challenging:

PROPERTY 4.2 (MULTIPLICITY). Multiple mcis may exist for the
same node v and core number k, representing different temporal in-
tervals of core membership. These intervals may overlap but cannot
strictly contain one another.

PROPERTY 4.3 (COMPLETENESS). mcis fully capture all (k, P)-core
intervals: a nodev is in a (k, P)-core during interval I if and only if
there exists at least one mciy € Cx(v) such that mci; C 1.

The multiplicity property implies that we need to handle multi-
ple mcis for each node and core number, while the completeness
property requires capturing all such intervals. For example, in Fig-
ure 4(a), node a3 appears in three CI-Blocks with k = 2, one CI-Block
with k = 3, and one CI-Block with k = 4. Storing the same nodes
in each CI-Block is both redundant and inefficient as the network
grows. To reduce storage overhead, we leverage the nested nature
of time-expanded cores:

LEMMA 4.4 (TIME NESTING). IfI C I, then the core number of I
is no less than that of I for the same node v.

As interval I’ grows, it can encompass more minimal neighbor
intervals (mnis), establishing additional valid meta-path connec-
tions that potentially raise v’s core membership. Hence, a node v
that achieves a higher core number k’ in a larger interval I’ typ-
ically maintains a lower core number k in some smaller interval
I c I'. For example, in Figure 4(a), nodes ay, az, as are in a 2-core at
[1,1] and a 4-core at [1, 4].

The multiplicity property also implies that the same connected
component may appear in multiple CI-Blocks with non-overlapping
mcis at the same core number k. Rather than repeatedly storing
these node sets, we maintain a single copy and have each relevant
CI-Block point to it. We propose two types of compression in our
index:

(1) Vertical: In T, we link CI-Blocks with higher k values to the
lower k CI-Blocks that store a subgraph of their components,
retaining only incremental nodes.

(2) Horizontal: At T[k;,;,], we extract frequently appearing con-
nected components and store them in a separate block, with
those CI-Blocks pointing to this shared representation.

These compression techniques create a space-efficient index
structure that preserves both connectivity information and tempo-
ral evolution of core numbers. Without compression, the TCI-Index
would require O(|V| - |C| - kmax) space, where |V| is the number
of nodes, |C| is the average number of mcis per node, and kpqx is
the maximum core number. With vertical compression, higher-k
CI-Blocks store only incremental nodes and pointers to lower-k
blocks, exploiting the hierarchical nature where k-core components
typically grow or merge as windows expand. This reduces index
size by a factor proportional to the overlap ratio between k-core
components, which is typically significant in real-world networks.

Figure 4 illustrates our TCI-Index, where CI-Blocks are orga-
nized by k, then t, t.. For example, retrieving the 4-core for [1, 4]
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Figure 4: TCI-Index structure with vertical compression.

(red) gets {as, as} from the k = 4, [1,4] CI-Block, and {ay, az, a3}
via a pointer from the k = 2, [1, 1] CI-Block. This shows vertical
compression ensuring efficient storage and complete retrieval via
shared components.

4.3 Query Algorithm

Given a meta-path # and query parameters (k, Ty, §), our task is to
identify all nodes belonging to (k, T, Ps)-cores within the query
window. The TCI-Index’s hierarchical structure enables efficient
query processing through three key observations:

Observation 3 (Core Hierarchy). If nodes form a connected k’-
core (k’ > k) in interval I, they must also form a connected k-core
in I. By following our index’s pointer structure from higher to lower
core layers, we avoid redundant processing of the same connected
components.

Observation 4 (Temporal Filtration). For any CI-Block CI to
contribute to a (k, Ty, Ps)-core, it must satisfy both containment
(CLT € Ty) and span (|CI.T| < J) constraints simultaneously.

These observations lead to an efficient two-phase query strategy:
(1) Core-Layer Processing: Starting from the highest core
number k,,x, we examine each core layer k/ > k in de-
scending order. For each layer, we identify CI-Blocks whose
intervals satisfy both temporal constraints.
Component Assembly: For each qualifying CI-Block, we
follow the pointer structure to retrieve its complete node set
by collecting linked subgraphs from lower core layers, effec-
tively reconstructing the full temporal community without
redundant storage access.

Algorithm 4: TCI-Query

Input: Tp, k, Ty, P, 6

Output: Set of nodes in (k, Ty, Ps)-cores
1 result « 0;
2 for each core number k’ from ky,qx down to k do
for each CI € Tp k'] do

if CI.T C T; and |CI.T| < § then
result «— result U all nodes in CI and its
L referenced CI-Blocks;

s return result;

3
4
5

For each qualifying CI-Block, all nodes are assembled by re-
cursively following compression pointers to lower-k CI-Blocks,
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(2)

Figure 5: Index Construction Process

ensuring the complete result set is retrieved without redundancy.
The recursive collection of nodes via compression pointers ensures
that all relevant nodes are included, even when components are
shared across multiple CI-Blocks due to vertical compression.

Algorithm 4 outlines the query process. We iterate through each
core layer k’, identifying all qualifying CI-Blocks within the query
window. For each CI-Block, we collect the connected components
in the current and lower core layers, assembling the complete
(k, Ty, Ps)-core structure. The time complexity of the query algo-
rithm is at most O(kax - (Tg — & + 1)), where kyqx is the maximum
core number in the network, and (T, — § + 1) is the number of
possible query intervals.

5 INDEX CONSTRUCTION

To construct the TCI-Index, we must first identify all mnis between
node pairs, forming the basis for computing £s-neighborhoods and
core numbers. Like mcis, mnis exhibit both Multiplicity and Com-
pleteness, requiring systematic exploration of all possible temporal
intervals, which makes TCI-Index construction considerably more
complex than PHC-Index.

5.1 Incremental Window Expansion

While our online algorithm employs a sliding window approach
handling both edge additions and deletions, for index construction
we adopt a more efficient incremental window expansion strategy.
This choice is motivated by a key observation: when expanding
temporal windows, adding new $-neighbors is an unharmful op-
eration requiring only simple meta-path verification. In contrast,
when shrinking windows, determining if a $-neighbor relation-
ship breaks requires maintaining path counts, which incurs sig-
nificant storage overhead for large graphs. Although prior work
has shown efficient core maintenance for edge deletions in simple
graphs [16, 24, 39], the meta-path search in THINs is computa-
tionally more expensive than core decomposition [6, 7]. Therefore,
window expansion avoids the complexity of tracking meta-path
counts during edge deletions, making it more suitable for large-scale
index construction.

Our approach leverages the monotonic nature of core numbers
with respect to temporal expansion:



LEMMA 5.1 (CORE MONOTONICITY). For a fixed starting time ts,
as we expand the window from [ts, t.] to [, te + 1], core number of
a node can only increase or remain unchanged as new edges enter the
window.

For example, in Figure 5, when expanding the window from
[1,1] to [1,4], the core number of nodes {ay, az, a3} and {ay4, as}
increases from 2 to 4 and 0 to 4, respectively, as new edges are
added. When the window expands to [1, 10], the core number of
node ag rises from 0 to 3, while the core number of {ay, ..., as}
remains unchanged at 4.

For each starting timestamp t;, we incrementally expand t, while
tracking new mnis and resulting core number changes. When updat-
ing core number at each step, we identify connected components
within each core layer. When the core number of a node v first
reaches or changes to k’ precisely at time t,, we record the interval
and component identifier:

C (v) [te] = (£, comp_id) @

The recorded interval [, .| is a Minimal (k’, P)-Core Interval
(MCI) per Definition 4.2. Minimality is ensured through our con-
struction strategy: when processing subsequent starting times, if
a later t; > t; also produces core number k’ at the same ¢,, we
overwrite t; with t]. Since [t],t.] C [ts,t.], this automatic re-
placement guarantees we maintain only minimal intervals ending
at t,. For example, in Figure 5, if processing with t; = 1 yields
an MCI Cy (a)[10] = (1,id;), and later processing with t; = 4
also results in a¢ being a k’-core in [4, 10], the entry updates to
Cir (a6)[10] = (4,1dy), reflecting the minimal interval. This direct
relationship between MNI discovery and MCI updates makes our
incremental approach both efficient and theoretically sound.

Bidirectional Search and Matrix Updates. When a new tem-
poral edge (u, v, t,) is inserted into H during window expansion, it
may establish new Ps-connections between target nodes. Unlike
our online algorithm that maintains detailed path counters for both
additions and deletions, for index construction we only need to
identify new connections. We leverage the symmetric structure of
meta-paths through a bidirectional search strategy:

Backward search Forward search

(u,0)

This approach splits the half meta-path search: backward from
u to find target-type nodes (A;), and forward from v to find center-
type nodes (A.). When new target-center pairs (ay, a.) are found,
we can immediately determine that all target nodes previously
connected to ¢ are now neighbors of a, and vice versa. Forwards and
backwards searches are performed independently, and the resulting
target-center pairs are combined to form the new connections.

To efficiently manage these connections, we maintain a sparse
Boolean matrix M;. € {0, 1}1V1XIVel where entry M, [i,j] = 1
indicates a valid meta-path between target node i and center node
Jj. The target node adjacency matrix is then derived as:

At = Mye M;TC

Center nodes

Target nodes

®)

For computational efficiency when new connections AM;, are
discovered, we compute only the incremental updates:

AAge = (AMye - ML) + (Mye - AM]) ()
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Algorithm 5: TCI-Index Construction
Input: H,P, time range [0, T]
Output: TCI-Index T

1 C, T« 0,0
2 for each starting time t; from 0 to T do
M;. « initialize empty target-center connection matrix;
Grp — 0;
for each end time t, fromt; toT do
// Process new edges at time t,
for each edge (u,v,t.) in H do

L AM;. < BidirectionalSearch((u, v, t.), P);
Update M;. and compute AA;;;
Gp add edges {(i, j) | AAu[i, j] # 0};
Update core number on Ggp;

3
4

5

10
1 for each node v whose core number changed to k' do

comp_id < component ID of v in k’-core;
Cr (0) [te] « (ts, comp_id);

// Build hierarchical index structure

for each core number k from kp,qx down to1 do

for each CI € T[k] do
L CI.T « mci for distinct mcis;

18 return TCI-Index T;

12

13

14
15
16

CI.V; « group v by comp_id;

17

Using compressed sparse row storage and limiting computa-
tion to affected submatrices, this approach enables efficient parallel
processing on sparse matrices. With the updated adjacency informa-
tion, we perform incremental core number updates as the temporal
window expands, recording mcis whenever the core number of a
node increases.

5.2 MCI Organization and Index Finalization

Algorithm 5 summarizes our complete index construction process.
For each starting time t;, we incrementally extend the window
to all possible end times t,, updating target-center connections
and core numbers. When the core number of a node v changes,
we record current f5, t, as mcix(v) along with its component ID.
After processing all temporal windows, we organize these mcis into
our hierarchical structure by grouping nodes with the same core
number k and component comp_id for each minimal interval [#;, f.],
creating entries of the form Index[k][ts, t.] = {v | Cr(v)[te] =
(ts, comp_id)}. These CI-Blocks are sorted primarily by start time
t; and secondarily by end time ¢, to support efficient temporal
queries. We then apply the vertical and horizontal compression
techniques described in Section 4 to reduce storage requirements
while preserving the connectivity information across core layers.

The time complexity of our index construction is dominated
by three operations: bidirectional meta-path search (O(T - |E|
d''/21)), incremental core maintenance (O(T? - |AV| - d) where
|AV] is the average number of affected nodes per update), and
index organization (O(|V| - T - kmax)). Overall, the complexity is
O(T - |E| -d"™21 + T2 . |AV|-d +|V| - T - kmax), typically dominated



by meta-path search due to the exponential factor d'*/21 and the
sparsity of real-world networks where |[AV| <« |V]|.

5.3 Incremental Index Updates

Our index construction strategy naturally supports incremental
updates when new edges arrive, which follows the incremental win-
dow expansion paradigm. For sparse insertions involving a limited
number of edges, systematic reconstruction becomes computation-
ally inefficient, as the impact of new edges is typically localized to
specific temporal windows and graph regions.

The update process involves identifying new #-neighbor rela-
tionships triggered by the insertion and then performing localized
core updates on the affected temporal intervals. Specifically, when
anew edge (u, v, tpey) is inserted into H, we first identify any new
target-center connections. These connections may establish new
P-neighbor relationships and their corresponding valid temporal
intervals. For each affected interval, we update its derived graph by
inserting the newly formed #-neighbor edges and then perform a
localized core update. If a node’s core number increases to k’, this
suggests a new minimal core interval (MCI) has formed at level k’.
We then check the TCI-Index for an existing MCI at level k’ that
contains this new interval. If such a containing interval is found,
we add the affected node to its corresponding CI-Block. Otherwise,
we create a new MCI entry for the new interval and its associated
node set. This ensures that updates are confined to the affected
graph regions and temporal windows as much as we can.

6 EXPERIMENTS

We conduct extensive experiments to evaluate the performance of
our THIN community search methods. Our evaluation encompasses
three online algorithms and an index-based query method. The
online algorithms include: (1) a baseline (Base) approach that applies
standard meta-path traversal within each temporal slice of a sliding
window; (2) our Center-based Sliding Window search (CSW); and
(3) our Incremental Center-based Expansion method (ICE). We also
assess our index-based query TCI-Q (Algorithm 4). We adopt Base
as a fundamental reference and ablation point to quantify the gains
of center-based expansion (CSW) and incremental maintenance
(ICE). Base adapts the FastBCore algorithm [6] within a sliding-
window framework for temporal HIN community search. FastBCore
efficiently computes (k, )-cores by performing depth-first search
along the entire $ with labelling to avoid redundant traversals. The
complexity of Base is O(|Ty| - n; - |E|), where n; is the number of
target nodes. We also evaluate our index construction approach
and assess the effectiveness of our model against traditional (k, P)-
core. All experiments run on a Windows machine with an Intel
E5-2680, 2.70 GHz and 192GB RAM.

6.1 Setup

Datasets. We employ four real-world networks from diverse do-
mains: IMDB (movie database with user ratings and reviews), Trip
(trajectory network of for-hire vehicles in New York City), DBLP
(bibliographic network with authors, papers, venues, and keywords),
and Yelp (business reviews with user interactions). Table 2 summa-
rizes these datasets, including the number of nodes (|V|), edges
(I&]), node types (|A|), relation types (|R[), distinct timestamps
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Table 2: Dataset Statistics

Dataset |V| |&] [Al | IR | IT] | |P]
IMDB 17,492 234,615 5 4 277 12
DBLP 1,223,635 | 2,607,149 4 3 65 11
Trip 7,834 1,689,218 17 72 | 9337 | 20
Yelp 1,624,358 | 4,195,932 7 14 850 20

(IT]), and meta-paths (|P]). The temporal granularity varies across
datasets: IMDB and Yelp contain 277 months and 850 weeks respec-
tively, DBLP uses yearly granularity (65 years), and Trip records
9337 hours. These granularities are chosen to reflect the natural
recording frequency of events in each domain (e.g., yearly publi-
cations in DBLP, hourly vehicle movements in Trip) and to eval-
uate our methods across diverse temporal scales. Following prior
work, we use meta-paths of length at most 4 on IMDB and DBLP,
and for Trip and Yelp, we generate 20 meta-paths due to their
complex schema with length at most 6 [6, 7, 12]. For instance,
these include paths like Author-Paper-Topic-Paper-Author in DBLP
to find authors working on similar topics, User-Review-Movie-
Review-User in IMDB for users reviewing the same movies, or
Taxi-PickupLocation-DropoffLocation-Taxi in Trip to connect taxis
serving similar routes.

Parameters. The default setting for k is 8. The default values for
6 and T, are 5% and 15% of the entire timeline span, respectively.
Query results are averaged over 20 random query intervals Tg. In
our experiments varying k, we explore the range [4, 20], which
is a common setting in related HIN community search and core
decomposition literature [6, 12, 13, 36].

6.2 Query Performance

Efficiency with varying parameters. We evaluate the efficiency
of our online methods Base, CSW, ICE and index-based query TCI-
Q by measuring the average query processing time. We vary ¢ from
2% to 12%, query interval length T, from 5% to 25% of the timeline
span, and k from 4 to 20. Results are presented in Figures 6, 7, and
8. CSW consistently outperforms Base due to optimized meta-path
search, while ICE achieves substantial further speedups, often by
one to two orders of magnitude. The index-based TCI-Q demon-
strates superior efficiency over all online methods. With increasing
d, processing times for DBLP and Yelp generally increase as the
relaxed temporal constraint broadens the meta-path search space.
For TCI-Q, larger § means more intervals satisfy query conditions,
increasing lookup time. Interestingly, for IMDB and Trip—datasets
characterized by lower temporal density (i.e., fewer edges per times-
tamp)—online methods become faster as § increases. This is because
the benefit of reducing the total number of window shifts outweighs
the moderately increased cost per window, highlighting that the
number of shifts is the dominant performance factor for these
temporally fine-grained datasets. As T; expands, processing times
grow proportionally with the search space; this is evident in DBLP
where execution times for Base and CSW increase over 15 times
as |T,| goes from 5% to 25%, partially due to early publication data
sparsity. When k increases, online algorithms maintain stable per-
formance since core decomposition complexity remains constant,



1 T T T T T I FT T T T T I
ICEo TCI-Q &

E Base x CSW O ICE © TCI-Q & E 103 % Base x CSW O ICE © TCI-Q 100 | Base x  CSW O
o L o 3 E E R
0 F s 3 E E 10! ¥ h - e-8--6--o
= E 10% N 1
2 I ] 2 z 100 E z PO °
S oreeeans 4 g A E I o
g F 3 £ E £ F 3 £ 0
=) F E =) o F =) F . A 1 & 100 F 3
F ] 10° o b e F N
107 = E E _a— E F _a— B
E E T N Fo~ E N s 1
F P 07 F 1 0! b a i
103 s R o bt 1072 T T I S N E o7 1 1 1 0 3
0 2 4 6 8 10 12 14 2 4 6 8 10 12 14 2 4 6 8 10 12 14 0 2 4 6 8 100 12 14
3 (%) 3 (%) 3 (%) 3 (%)
(2) IMDB (b) Trip (c) DBLP (d) Yelp
Figure 6: Effect of varying § on query runtime
0 T T T3 10 F——T—T 7 F T T T T T 1 T _ T T T 1 ]
E Baex CSWa@ ICEo TCI-QA J F Baex CSW@ ICE© TCI-Q [ Basex CSWam ICEo TCI-Qa J [ Basex CSW8  ICE0 TCkQ & |
[ 1 107 € 10" E %78
10° = F 3 E E
~ 0 E - E ] ~ F o]
% -1 ] i 1 i f 10° = f -
gV F E £ 0FE £ 2 E £ E
(= E E E N = F 1 = F . ]
L 1 10’ o L ] [ o et ]
0 F 3 0 b e —ama 107! LT E
F PSR S E [ ] F ke E
B N s s R A P N R R R B 10 I R B B w7
0 5 10 15 20 25 30 10 15 20 25 30 10 15 20 25 30 0 5 10 15 20 25 30
IT ) (%) Tyl (%) Tyl (%) Tyl (%)
(a) IMDB (b) Trip (c) DBLP (d) Yelp
Figure 7: Effect of varying |T,| on query runtime
q
10' E T T T 1 ] 3000 = T T T 3000 = T T T
F E ' Base x CSWa_ ICEo TCI-Q & TCI-Const H TCI-Const £
F ] 100w 3 4000
[ ] E E 4000 |- -
2 g E 2 , [ eemmmemgne ] Z 3000 )
o F 7 2 10 E 2 =1 3000 [~ -
'E [ ] E F E E 2000 E
-1 — o a R - —]
0 e . o L . ] 1000 2000
b Ty Fo o s o 1000 \ ! ! !
0 4 8 12 16 20 24 0 4 8 12 16 20 24 20 40 60 80 100 20 40 60 80 100
k k Varying Time (%) Varying Sample (%)
(b) DBLP (d) Yelp (a) DBLP (b) DBLP
Figure 8: Effect of varying k on query runtime Figure 10: Index construction time
3 Csw é Ik G»‘ 1 o 3 s = e -é ‘ ]
oL B 1 3 i - E fewer windows need processing. When T increases from 5% to
P: s o 1 25%, both algorithms visit more edges, but ICE maintains its sig-
[ [ ] & 10° | = . . .
= i 2 E nificant advantage. This confirms that ICE’s incremental approach
3* E E I* I 1
E E s 60--G-° | effectively avoids redundant computation between overlapping
[ 0-0-0- 1 L -e-" i .
wE ? ?— -9 3 il @ ?— Lo windows.
0 2 4 6 8 10 12 14 0 5 10 ]T’ ‘ 20 25 30
Varying 8 (%) Varying [T| (%) .
(a) IMDB (b) IMDB 6.3 Index Evaluation

Figure 9: Number of edges visited

while index-based query time decreases as higher core constraints
filter out more intervals.

Edge Traversal Analysis. Figure 9 compares the number of
edges visited by CSW and ICE on the IMDB dataset as § and Ty
vary. ICE consistently visits significantly fewer edges than CSW,
demonstrating the effectiveness of incremental maintenance. As §
increases from 2% to 12%, CSW'’s edge visits increase dramatically
due to larger window sizes, while ICE’s visits actually decrease as
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Index Construction. We evaluate index construction time on the
DBLP dataset using two scaling approaches, as shown in Figure 10.
In Figure 10(a), we vary temporal coverage from 20% to 100% of the
timeline. The construction time increases quadratically, confirming
the O(T?) complexity of our window expansion approach. In Fig-
ure 10(b), we fix the full timeline but vary the data sample size from
20% to 100%, observing a more gradual increase. This difference
in scaling behavior occurs because: (1) recent DBLP data is denser,
requiring more computation per window; and (2) the quadratic
relationship between construction time and temporal range makes
the algorithm sensitive to the number of timestamps rather than
the data volume.
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Index Size. Figure 11 compares the index sizes across all datasets,
showing both original (Ori) data size and index size before (TCI)
and after compression (Com). The impact of temporal granularity
is evident: DBLP with its coarse yearly granularity has an index-
to-data ratio of approximately 23:1, while Trip with fine-grained
hourly timestamps has only about 1.5:1. Our compression tech-
niques demonstrate significant effectiveness, reducing index size
by approximately 27% to 59% across datasets. The compression is
most effective on DBLP due to its higher density of overlapping k-
cores across different time intervals, while achieving moderate but
meaningful reductions on datasets with finer temporal granularity.

Index Updates and Scalability. We evaluate incremental in-
dex maintenance by simulating edge insertions on IMDB and Yelp
datasets. We compare two update strategies: (i) System, following
the original window-expansion procedure used during full index
construction; and (ii) Local, which performs targeted updates on
only the affected temporal windows and graph regions as described
in Section 5.3. To comprehensively evaluate the update perfor-
mance, we consider four edge selection strategies: Sparse (both
edge endpoints in lower 50% degree range), Dense (both in upper
50%), Random (no constraints), and Half (insertions on an index
built with half the timeline). Results in Figure 13 demonstrate that
Local is consistently faster across all settings, while speedup gaps
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members

are more pronounced on sparse datasets like Yelp, where Local
updates affect fewer windows. Higher-degree edge insertions incur
higher costs due to more affected $-neighbors and larger update
regions. Half performs best due to shorter temporal coverage.

In terms of scalability, we evaluate index size on the Yelp dataset
using two sampling approaches: temporal sampling and data sam-
pling, with results shown in Figure 12. With 20% temporal coverage,
the index is 19.21MB, expanding to 2026.82MB at full coverage. Simi-
larly, with 20% data sampling, the index starts at 9.43MB and reaches
1077.01MB at 80% sampling.

Timestamp Granularity Analysis. Figure 14 examines vary-
ing temporal granularity on the Yelp dataset from 3-day to 30-day
periods. Figure 14(a) demonstrates that finer granularities increase
runtimes for online algorithms due to more discrete timestamps,
with ICE consistently outperforming CSW. Figure 14(b) shows finer
granularities significantly increase TCI-Index construction time
and size due to more temporal intervals and k-core states. These
results confirm that performance and storage requirements are
directly linked to temporal resolution.

6.4 Effectiveness Evaluation

Temporal Cohesiveness. Figure 15 illustrates the temporal co-
hesiveness of communities discovered by our (k, Ty, Ps)-core com-
pared to traditional (k, $)-core. We measure the average temporal
distance between community members with varying k, where lower
values indicate stronger temporal connections. We randomly sam-
ple 10,000 pairs of community members and calculate their average
time gap in community candidature. Using default values for § and
T, in our approach (with (k,P)-core using 6 = T;), our experi-
ments show that -constrained communities maintain significantly
tighter temporal bonds than the structure-only approach. As we
pioneer the (k, T, Ps)-core model for temporal HIN communities,
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our comparison with the non-temporal (k, P)-core foundationally
validates its temporal effectiveness. Future work can build on this
by exploring nuanced temporal metrics and comparisons with other
emergent temporal HIN community models.

Core Distribution. Figure 16 compares the distribution of core
numbers in communities discovered by our (k, T, Ps)-core ap-
proach versus traditional (k, P)-core. Our method produces a sig-
nificantly more concentrated core distribution, filtering out loosely
connected nodes. This filtering effect is particularly pronounced in
fine-grained temporal datasets like Yelp, where long-range tempo-
ral interactions that don’t represent meaningful communities are
successfully eliminated.

Case Study. To demonstrate our model’s effectiveness over
(k,P)-core, we present a case study on DBLP with k = 2 and
P = APKPA over 10 database-related keywords. With parame-
ters T, = [2008,2018] and § = 2, our temporal model filters the
community from 61 to 28 authors. As shown in Figure 17, the result-
ing temporal community (right) is significantly more concentrated
than its non-temporal counterpart (left). This illustrates how tem-
poral constraints effectively prune temporally-distant connections,
revealing a core of authors with more cohesive and temporally-
aligned research interests.

7 RELATED WORKS

Community Search in HINs. Community search has been exten-
sively studied using various cohesive models, including k-core [4,
14], k-truss [10, 21], k-clique [3, 25], conductance [1, 18, 35], con-
nectivity [23, 32] and so on. When extending to HINs, researchers
have leveraged meta-paths [29] to search for communities among
same-type nodes. Fang et al. [6] introduced the (k, )-core model,
requiring each node to have at least k neighbors via a meta-path %,
later refining this with additional constraints [5]. Guo et al. [7] en-
hanced scalability through sparse matrix multiplication techniques
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for (k, P)-core decomposition. Other cohesive models include Yang
et al’s [36] (k, P)-truss model, requiring each edge to be supported
by k — 2 meta-triangles, and Hu et al’s [9] (k, P)-clique model for
higher-order cohesiveness. Recent specialized approaches include
relational communities utilizing multiple paths [12], star-schema
communities centered around key entities [13], and influential com-
munities maximizing propagation impact [41]. Despite these ad-
vances, all these models operate in static environments, overlooking
the crucial temporal dynamics of real-world interactions.
Temporal Community Search. Temporal community search got
its prevalence in recent years, with many works exploring the
communities in temporal environments. A prominent direction
focuses on querying historical cores in temporal networks. Early
works [17, 31, 33] focused on fundamental techniques for core de-
composition and maintenance in temporal networks, addressing
computational challenges as graph structures evolve over time.
Yang et al.[34] extended this with the TCQ problem, finding dis-
tinct k-cores in time subintervals using their Tightest Time Inter-
val concept. Zhong et al. [40] further generalized the approach
with Temporal (k, X)-Core Queries supporting user-defined metrics
like community size or interaction frequency. Beyond core-based
models, researchers have explored span-constrained triangles [8],
periodic community patterns [22], and query-centered temporal
search [20]. While some works have examined community evo-
lution in dynamic heterogeneous networks [30], they typically
treat temporality as discrete snapshots rather than continuous con-
straints. Most temporal community models focus on homogeneous
networks with direct edge-based connections. While their flexible
temporal query designs were inspirational for our approach, they
fail to address the unique challenges of heterogeneous networks
where communities form through meta-paths spanning multiple
edges. This gap highlights the need for our model that bridges these
two streams by developing a unified framework that addresses both
heterogeneous structure and temporal dynamics.

8 CONCLUSION

In this work, we introduced the Temporal Heterogeneous Informa-
tion Network Community Search (THCS) problem, which extends
traditional approaches by incorporating temporal constraints. Our
(k, T, Ps)-core model ensures communities are both structurally
cohesive and temporally meaningful. We proposed two solutions:
online algorithms (our Center-based Sliding Window and Incremen-
tal Center Expansion using meta-path symmetry and dynamic track-
ing) and the TCI-Index with novel compression for frequent queries.
Extensive experiments demonstrated that our methods effectively
reduce index size while maintaining query performance, identi-
fying communities with tighter temporal bonds than traditional
approaches. Future work includes incremental index maintenance,
parallel processing techniques, and supporting more complex tem-
poral patterns for domain-specific applications.
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