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Abstract

Existing community search methods heavily rely on la-
beled data or predefined structures, thus fail to capture ob-
scure and dynamic community boundaries in open-world
heterogeneous networks, leading to poor adaptability. They
also ignore modeling behavioral patterns, resulting in poor
search performance. To solve the above issues, this work for-
mally defines the unsupervised behavior-driven community
search problem for heterogeneous graphs and designs dual-
view Contrastive Learning-based Unsupervised framework
for Heterogeneous graph Community Search (CLUHCS).
CLUHCS designs a relation view to encode local commu-
nity cohesion and a meta-path view to capture global behav-
ior semantics. By using PathSim averaging strategy to gener-
ate positive samples and self-supervised signals, we can com-
pletely eliminate label dependency. Then, contrastive train-
ing is leveraged to automatically learn community represen-
tations and solve the open community boundary ambiguity
challenge. Furthermore, by capturing behavior patterns, the
meta-path behavior modeling flexibly characterizes the for-
mation mechanism of heterogeneous communities. Exper-
iments on three datasets verify the effectiveness and effi-
ciency of CLUHCS. CLUHCS significantly improves F1-
score by 52.7% over the supervised baseline FCS-HGNN and
by 41.5% over the unsupervised method TransZero.

Code and data — https://github.com/linfrg/CLUHCS.

Introduction

Heterogeneous graphs, with their richer semantics and
complex relationships compared to homogeneous graphs,
contain more valuable community structures. Community
search on such graphs, which aims to find a cohesive sub-
graph containing query nodes, is a critical task with appli-
cations in recommendation systems, fraud detection, gene
function prediction (Zhao et al. 2022; Li et al. 2022a), and
knowledge graph link prediction (Li et al. 2022b).
Traditional community search methods use predefined
models to represent community structures, eliminating the
need for labeled data and enabling generalization to un-
known communities. However, these models impose strict
topological constraints, leading to “’structural rigidity” (Xie
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et al. 2024), while actual communities may not match such
theoretical conditions. For example, k-core methods (Sozio
and Gionis 2010; Fang et al. 2020) mandate that each
node’s degree must be at least k, which is often unsuitable
for boundary nodes in real-world communities. To address
this issue, recent research introduces learning-based search
methods that alleviate dependency on rigid predefined mod-
els. For example, TransZero (Wang et al. 2024a) implements
self-supervised community search in homogeneous graphs
via pre-trained graph Transformers.

However, learning-based community search on heteroge-
neous graphs faces two fundamental limitations in open-
world scenarios. The first is excessive reliance on annotated
data. High-quality community labels are scarce since the
community boundaries are too obscure and dynamic to cap-
ture, while existing methods exacerbate this through rigid
supervision. For instance, FCS-HGNN (Chen et al. 2024) re-
quires full community labels for training, and MK-HGNN’s
self-training strategy (Li et al. 2024) still demands initial an-
notations. Such dependency severely impairs generalization
to unseen real-world communities. Therefore, we present a
contrastive learning framework to eliminate the dependency
on labeled data. The second is neglecting of behavioral pat-
terns, leading to poor community search performance. Cur-
rent approaches focus narrowly on local structural and at-
tribute features via GNNs, such as QDGNN (Jiang et al.
2022), but inherent defects like over-smoothing prevent
them from capturing global behavioral semantics. Namely,
they fail to model the consistent behavior patterns that the
community members follow to form their community. Re-
cent community search methods (Jiang et al. 2022; Zhou
et al. 2023) enumerate all the possible meta-paths without
differentiating the behavior semantics that different meta-
paths carry. They find indistinguishable meta-path neighbors
for further searching of a specific community. This leads
to free-rider effect that the nodes irrelevant to query nodes
could be included in the target community. Furthermore, a
deeper analysis of how behavioral patterns themselves influ-
ence and shape high-level network structures (e.g., commu-
nities) is still lacking. Therefore, we aim to design a meta-
path Transformer and PathSim-based approach to model the
community behavioral patterns. The core objective is to an-
alyze how different types of behavioral patterns drive and
influence community formation in heterogeneous networks.



To overcome the above challenges, we propose a novel
problem, called Unsupervised Behavior-driven Heteroge-
neous Community Search (UBHCS) problem. Then, we pro-
pose the first unsupervised framework that eliminates label
dependency through contrastive self-supervision and discov-
ers behavior-aware communities via meta-path modeling.

Specifically, as shown in Figure 1, we construct a dual-
view contrastive learning framework comprising four mod-
ules. First, the type-aware feature mapping module projects
features of different node types into a shared space. Then,
the relation-aware GNN module dynamically considers the
contribution of various relations in the heterogeneous graph
from the relation view. It aggregates local neighborhood in-
formation to produce nodes’ local feature embeddings. Fur-
thermore, the meta-path transformer module expands the re-
ceptive field via K-hop neighbors and generates token se-
quences from the meta-path view. After passing through
a graph transformer, it applies token-level and semantic-
level attention to produce nodes’ global feature embeddings.
Later, the contrastive learner measures node community fea-
ture similarity by using the meta-path averaged PathSim
metric, which models the nodes’ behavior. Meanwhile, we
propose a positive sampling strategy. By intra-view and
inter-view learning, this strategy can help the model auto-
matically capture community features and identify the dy-
namic community boundaries.

In this paper, the first contribution is proposing the first
unsupervised contrastive learning framework for heteroge-
neous community search, which eliminates labeled data de-
pendency while adapting to dynamic community bound-
aries. Another contribution is that we design a meta-path
average PathSim-based positive sampling strategy that cap-
tures the community’s behavioral patterns through multi-
path semantic fusion. While meta-paths have been used for
feature extraction, we propose a PathSim-Averaging strat-
egy that repurposes them to generate self-supervised sig-
nal for contrastive learning. This paradigm shift differs from
passive feature propagation in GNNs and supervised meta-
path weighting schemes. Finally, we empirically validate
CLUHCS against state-of-the-art baselines on 3 datasets.
Experimental results demonstrate that CLUHCS outper-
forms baseline methods across all metrics.

Related Work

Traditional Community Search. Traditional community
search identifies cohesive subgraphs using predefined struc-
tural models such as k-core and k-truss (Sozio and Gionis
2010; Fang et al. 2020). While methods like D-core (Fang
et al. 2018), EquiTruss (Akbas and Zhao 2017), and CSRTI
(Xie et al. 2024) efficiently find dense subgraphs in ho-
mogeneous graphs, they face two main limitations: struc-
tural rigidity, which excludes communities that violate strict
topologies, and the assumption of homogeneity, overlook-
ing node and edge heterogeneity. Extensions incorporating
meta-paths (Jiang et al. 2022; Liu et al. 2024; Fang et al.
2020) attempt to address heterogeneity but neglect consis-
tent behavioral semantics. They also fail to capture behav-
ioral coherence and lack flexibility, as they rely on static or
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manually tuned metrics. Our CLUHCS overcomes these is-
sues by replacing rigid, handcrafted metrics with contrastive
behavior similarity learning, enabling adaptive, semantic-
aware community search.

Learning-based Community Search. Learning-based
methods address structural rigidity, falling into two main
categories. Homogeneous graph methods explore data-
driven search, with early supervised models like ICS-GNN
(Gao et al. 2021) and IACS (Fang et al. 2024) suffering
from annotation dependence and retraining cost. Semi-
supervised methods like COCLEP (Li et al. 2023), and the
self-supervised models like TransZero (Wang et al. 2024a)
and CSFormer (Wang et al. 2024c) still rely on labels, lim-
iting their applicability in annotation-scarce environments.
COCLEP and TransZero are all for homogeneous graph
while heterogeneous graph methods remain under-explored.
FCS-HGNN (Chen et al. 2024) fuses multi-relational
signals without meta-path constraints, while MK (Li et al.
2024) combines attributes and structure via meta-paths but
limits fixed community sizes. ALICE (Wang et al. 2024b)
extracts candidate subgraph by GNN-based ConNet. All
these methods depend on supervision, constraining their
generalization. Our CLUHCS framework removes supervi-
sion requirements and preserves structural adaptability with
a significant advancement in community search.
Heterogeneous Graph Representation Learning. Hetero-
geneous graph representation learning aims to embed multi-
typed nodes and edges into unified spaces. Existing meth-
ods fall into shallow and deep categories. Shallow models
like metapath2vec (Dong, Chawla, and Swami 2017) and
HIN2Vec (Fu, Lee, and Lei 2017) use meta-paths with ran-
dom walks or proximity constraints, limited in modeling
complex interactions. Deep models such as HGT (Hu et al.
2020) and R-GCNs (Schlichtkrull et al. 2018) directly cap-
ture heterogeneity but risk semantic confusion, while meta-
path-based techniques like HAN (Wang et al. 2019), Se-
HGNN (Yang et al. 2023), and BPHGNN (Fu et al. 2023)
aggregate semantically relevant neighbors. HGMS (Wang
et al. 2025) leverages multi-view self-expression for con-
trastive learning. However, these supervised methods face
three limitations, (1) limited behavioral analysis; (2) heavy
reliance on labels or pretext tasks without applicability in
open-world scenarios; (3) task-method misalignment, i.e.,
general objectives like node classification or link prediction
do not effectively optimize community-coherent representa-
tions. Our CLUHCS method uses meta-path behavior mod-
eling and self-supervised dual-view learning, offering a flex-
ible and effective community search solution.

The Method
Problem Definition

Let HG = (V,&E,T,R,X,p,1) be the given heteroge-
neous graph, where V and £ denote the node set and edge
set, X represents node attributes, 7 and R are node-type set
and edge-type set satisfying | 7| 4+ |R| > 2. We define node
and edge type mapping functions, namely ¢ : V — 7T as-
signs types to vertices, while ¢ : £ — R categorizes edges.

A meta-path ¢ in a heterogeneous graph describes the as-



sociation between nodes or basic behavior patterns, formally

defined as ¢ : Ty EizN T2 EiZNELN Ti+1, signifying a
composite relation R = Ry o Ry o - -- o R; between node
types 77 and 7;41, where o denotes the relation composition
operator and [ represents the meta-path length.

Definition 1 (Meta-Path Average PathSim.) Given a node
v, meta-path set ®, and neighbor u € U¢6¢N;(v), where

N, g (v) is the set of k-hop neighbors of v under a meta-path

¢, the meta-path average PathSim PS(v, ) (Sunetal. 2011)
serves as self-supervised signal for contrastive learning:

_ 1 2X|{pv—>u‘Pv—>u|_¢}‘
PS(v,u) = [o] 2gca {Po—vlPvsoF S+ PussulPusal 3]

where p,_,,, F ¢ means p,_,, is the path instance of meta-
path ¢. Our meta-path averaging strategy can generate self-
supervised signals without label dependency.

Definition 2 (Target Type Community.) Given a set of
query nodes V; of type T}, in HG, the target type node set
Vr, € V comprises all nodes sharing type Tj;. Nodes of
auxiliary types Taiq = T\{Iy} serve solely as structural
and semantic context during community search. Crucially,
the output community only contains nodes from Vr, , while
auxiliary nodes are excluded from output communities.
Definition 3 (Single Node Community Score.) Given a
HG, a query node set V; C Vr,, and learned embeddings
Z = {z, € R%v € Vr,}, the single node community score
for node v € Vr, is(Wang et al. 2024a):

szq,.
S = i Lgeev, 030 %0) = 07 Loy, TllTon s
This score quantifies the behavioral consistency between v
and the query nodes, where ||-||2 denotes the l5-norm. Higher
s, means stronger alignment with the community structure.
Definition 4 (UBHCS Problem.) Given a heterogeneous
graph HG=(V,E,T,R,X,p,1) and a query node set V, C
Vr, of target type T, the goal of UBHCS is to find the con-
nected community C;, C Vr, containing V,, that maximizes
the Expected Score Gain (ESG) (Wang et al. 2024a),

argmax ESG(C,)=argmax @ (Zvecq 58y — u|Cq|>

where p = W is the global score mean, ss,, is the ag-

gregate similarity between the embeddings of v and query
nodes, both of which encode their behavior semantics. w €
[0, 1] controls community cohesion. Crucially, the goal is
reached with no community supervision, using only graph
structural and node behavioral signals. We chose ESG be-
cause it evaluates communities using embeddings, aligning
well with our unsupervised objective.

Framework of Unsupervised Heterogeneous
Community Search

We propose CLUHCS (Contrastive Learning-based Unsu-
pervised Heterogeneous Community Search) framework,
the first unsupervised framework for community search in
heterogeneous graphs. As shown in Figure 1, CLUHCS
comprises four key components, i.e., Type-Aware Feature
Mapping Module, Relation-Aware GNN Module, Meta-Path
Transformer Module, and Contrastive Learner.

Particularly, unlike generic contrastive learning, our dual-
view architecture is purpose-built for community search.

16024

The relation view preserves local community cohesion and
the meta-path view captures global behavioral semantics.
This joint design directly tackles the open boundary ambi-
guity challenge. CLUHCS eliminates label dependency via
self-supervised contrastive training and captures behavioral
patterns by PathSim metric. The trained model M generates
node embeddings Z = M(HG). For query V,, the commu-
nity C, = F(HG, V,, M) is obtained by maximizing ESG.

Type-Aware Feature Mapping. This module aims to re-
solve feature heterogeneity across types and preserve type
semantics in embedding space. For node v € V of type
p(v) = t, we project features to a type-consistent space
hy, = o(Wy -z, +b;), where W, is a type-specific projection
matrix, x, is initial feature embedding, h, is the projected
embedding in sharing space.

Relation-Aware GNN Module. This module takes node
embeddings after feature mapping as input and outputs the
local feature embedding for the target type nodes. This mod-
ule aggregates neighborhood information while weighting
edge relations dynamically from the relation view as fol-
lows: hl, =0 (3 ep, ab W'HET + WIRLTY), where al,
= softmax(MLP (h!1||h! 1 |e,y)) adaptively weights rela-
tion r,,’s contribution, and e,,, is the feature vector of the
edge (v, u). We stack all target type nodes embedding and
get a feature matrix Z™¥ € R™*?, n is the number of the
target type nodes, d is the feature dimension.

Meta-Path Transformer Module. This module models
the semantic and structural information. It captures both the
long-range dependencies along specific meta-path and the
diverse semantic information across different meta-paths. As
illustrated in Figure 1, the module operates through four key
stages: (1) Meta-path aware Token Generation, (2) Meta-
path specific Transformer Encoding, (3) Token-level Atten-
tion, and (4) Semantic-level Attention.

(1) Meta-Path Aware Token Generation: To enable
Transformer to handle graphs, a given node’s and its neigh-
bors’ representations are converted into token sequences.
For node v, meta-path ¢, and maximum hop count K, we
generate a sequence of tokens representing the node and its
neighbors at different hops under ¢. Specifically, the k-hop
token (k = 0,1,2,..., K) for all target nodes is obtained
by aggregating features from their k-hop neighbors N qf(v)
(where k=0 corresponds to the node itself). This aggregation
is efficiently computed for the graph by using the normalized
adjacency matrix based on the meta-path based adjacency:

Xk =(Ag)kH, (k=0,1,2,...,K)

where (Agy = D~/2A,D~'/?) is the normalized adjacency
matrix for meta-path ¢. A, is the original adjacency ma-
trix induced by ¢, D is the corresponding degree matrix,
H € R™*4 is the initial node feature matrix, and X fg rep-
resents the k-hop token matrix for the target node type. The
token sequence for node v under meta-path ¢ is then Sy , =
[ng; X (},)U; X ffv] This strategy effectively integrates
both node features and multi-hop behavioral semantics spe-
cific to the meta-path ¢. For the meta-path set &, we ob-
tain the collection of token sequences So = {S,|V¢ € @},
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Figure 1: Illustration of the CLUHCS framework. (1) Step 1. Type-Aware Feature Mapping: Projects heterogeneous node
features into type-consistent latent space via W;. (2) Step 2. Dual-View Encoding: Relation View aggregates local neighbor-
hoods with dynamic edge weighting, while Meta-Path View captures global behaviors via multi-hop path attention. (3) Step
3. PathSim-Average Sampling: Generates self-supervised signals by fusing multi-path similarities. (4) Step 4. Contrastive
Learner: Aligns local / global views by L. (5) Step 5. Community Search: Outputs C; by maximizing ESG.

where Sy = [X0; X};...; X [].

(2) Meta-path Specific Transformer Encoding: Each
token sequence Sy, is independently fed into a dedicated
Transformer encoder with L;,, layers. The Transformer en-
coder captures complex interactions and dependencies be-
tween tokens at different hops within the same meta-path
sequence. The encoder output for Sy ,, is an enhanced token
representation matrix Z ,, € RE+1)*4 and each row cor-
responds to a contextualized representation of a hop token.

(3) Token-level Attention: Not all hop tokens contribute
equally to the final node representation under a specific
meta-path. To dynamically learn the importance of each hop
relative to the node itself (the 0-hop token), we apply a
token-level attention mechanism (Chen et al. 2023):
eXP((Z¢ 1)”Z¢ u)Wq?m)

ak == 7
v SR exn((29, 1125 )WL)
where a’; ., represents the attention weight of the £-hop to-

ken for node v under meta-path ¢, Z éfm denotes the k-hop

token of node v under meta-path ¢, and Wy, € R1*24
is the learnable weight vector, and || denotes concatenation.
The node representation under meta-path ¢ is then fused as:
Z¢7’U = Zg,v + E?:l ag,vzg,v

This step produces a meta-path specific node embedding
Zpw € R that integrates information from relevant hops.

(4) Semantic-level Attention: Different meta-paths rep-
resent distinct behavioral patterns and semantics. To learn
the importance of a meta-path ¢ € & for final node repre-
sentation, we employ a semantic-level attention mechanism:

ﬁd) _ exp(dy tanh(Wy zg o))
v E¢>’e¢>e"p(§¢’ tanh(W(b/zd,/,v))

where §, € R% and W, € R?%*4 are learnable parameters.
The global meta-path view embedding Z"V for node v is ob-
tained by aggregating the meta- path embeddings weighted
by their learned importance, 2/ = Y bED Bevzpw. Col-
lecting embeddings for all target nodes yields the meta-path
view representation matrix Z"v € R"¥<,
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Contrastive Learner with PathSim-Averaged Sampling.
To enable unsupervised community feature learning, we
design a dual-view contrastive learner that generates self-
supervision signals through meta-path behavioral consen-
sus. Unlike supervised methods (Li et al. 2023) that require
explicit community annotations, our key insight recognizes
that nodes sharing high behavioral similarity under meta-
paths likely belong to the same community. It motivates the
design of meta-path averaged PathSim Sampling strategy.
Namely, Vv € V, we compute its multi-path fused similar-
ity with 1-hop neighbors u € UgcalV, (;(v) as Definition 1.
Specifically, the average PathSim sq.4(v, u) between v and
its neighbor v is computed over all meta-paths ¢ € ®. Each
neighbor w satisfying sq.4(v, u) > p (a predefined thresh-
old) is added into v’s positive sample set pos(v). Existing
methods compute meta-path similarities as node features,
while our method reformulates PathSim as positive sample
selectors. The strategy effectively identifies nodes with sim-
ilar community contexts or behavioral pattern, simulating
community annotations crucial for self-supervised training.
The key novelty of our method is using PathSim’s distribu-
tion to quantify community behavior for sampling, because
its symmetric, type-specific similarity can natively capture
the behavioral consistency our method requires.

To align the dual-view representations for effective com-
parison, we project both embeddings into a shared con-
trastive space by using a learnable transformation:

2,200 Wproj 20" + bprog)s 20" =0t(Wproj 25" + byroj)
Then, we yield the projected embeddings 2", 2"V € R™*9,

Subsequently, intra-view learning enforces behavioral
consistency between v and its positives pos(v) within each
view while promoting separation from negatives. For a view
v € {rv, hv}, the loss for v is:

¥ _ 1

‘Cmtrd( ) - [pos(v)] ZuEpos(v) IOg >

where 7 is a temperature parameter.
Crucially, inter-view learning captures cross-view con-

exp(cos(Z),z.)/T)
cv exp(cos(2y,2)/T)




sistency by treating the projection 27V and z"* (where u €
pos(v)) as a positive pair, while contrasting against nega-
tives from other nodes. The loss for node v is:

Einter(v) = E [I (Z;';'U’ EZ’U) +1 (ZLLU’ ZZ'U
uEpos(v)
where the contrastive term I (a, b) for any pair is defined as:
exp(cos(a,b) /T
1 (CL, b) - IOg >iev elj((p((:(()i(a),/zt—y)”)/T)
with 7y, denoting the view of b (i.e., 7v or hv).

Then, the total self-supervised loss £ combines intra-
view and inter-view losses across all nodes:

L= ﬁ >vev (% (‘C’iTI:L’ra(v) + £iTt}ra(U)) + )‘Einter(v))
where \ balances the inter-view importance.

Furthermore, we leverage the inherent alignment between
views by treating different view projections of the same node
v as a natural positive pair, defined by an unsupervised loss:

Lu= gy Soey [ (Z7207) +1 (20, 227)]

To sum up, the final contrastive objective combines these
components to jointly optimize behavioral consistency and
view alignment for community coherence, denoted as,

L=L,+ aﬁ > ver Lu(v)
where « controls the alignment weight. This loss jointly op-
timizes community-aware node similarity within and across
views while preserving their intrinsic correspondence.

As aresult, the contrastive learner eliminates label depen-
dency while capturing community structures through meta-
path behavioral patterns, which is the key innovation for en-
abling unsupervised community search.

1
2[pos(0)]

Model Training and Community Search Algorithm

Training Dynamics and Unsupervised Optimization.
CLUHCS undergoes end-to-end optimization through dual-
view contrastive learning, eliminating dependency on com-
munity labels by using self-supervised signals derived from
meta-path behavioral patterns. During training, heteroge-
neous features are first projected into a type-consistent la-
tent space via parametric mapping. The relation-aware GNN
then encodes local structural proximity, while the meta-path
Transformer captures global behavioral semantics by hier-
archical attention over multi-hop neighbors. Our core inno-
vation lies in the contrastive learner’s use of meta-path av-
eraged PathSim similarity to generate positive samples, ef-
fectively simulating community signals without supervision.
The unified loss £ optimizes all parameters via gradient
descent, exhibiting two key characteristics. First, synchro-
nized parameter updates ensure feature consistency across
views. Second, the convergence stabilizes when PathSim-
based samples have high similarity in the contrastive space.
This alignment confirms robust community feature extrac-
tion. After training and optimization, the output is model M.
Behavior-Aware Community Search. Upon convergence,
the trained model M generates behavior-aware embedding
Z = M(HGQG) that encodes intrinsic community structures.
For query V,, the search algorithm computes community
scores s, by Definition 3, quantifying behavioral similar-
ity to the query set. After initializing Cy as Vj,, the solution
expands iteratively by greedy ESG maximization:

v*=arg maxAESG(v)=arg max(ESG(C; Uv) —ESG(Cy))

veN(Cq) veN(Cq)
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where A/(C,) denotes the set of unvisited nodes that are con-
nected to any node in the set C, through any meta-path.

Our algorithm advances prior works from three aspects.
First, we overcome limitations of homogeneous methods
by adapting to heterogeneous behavioral patterns via meta-
path fused embeddings. Second, by w-adjusted penalization
without predefined size constraints, we realize open-world
granularity control. Third, we use PathSim-based positive
sampling strategy to learn self-supervised signals and inject
community features into node embeddings. It ensures effec-
tive behaviorally-cohesive community search.

Complexity Analysis
The computational complexity of CLUHCS is analyzed
across training and search phases. Let |V| and |€| be the
node and edge counts. d is the embedding dimension, n =
|Vr,| is the target node size, and |®| is the meta-path num-
ber. During training, each epoch has four primary opera-
tions. Feature mapping costs O(|V|d?) time due to type-
specific projections. The relation-aware GNN module costs
O(Ly(|V| + |€])d?) time (L, is the GNN layer number)
for neighborhood aggregation, while the meta-path Trans-
former demands O (n|®|L;,, Kd?) time (Ly,, is the Trans-
former layer number) for behavioral pattern encoding. The
contrastive learner costs O(n?Mad) time where M denotes
average meta-path neighbors. Thus, the training time com-
plexity over ¢ epochs is O(¢-((|V|+|E|+n|®|)d* +n>Md)).
For community search, there are three sequential steps.
Embedding inference first generates behavior-aware repre-
sentations in O(|(V)| + n|®|d?) time. Community scoring
then computes node-query similarities in O(|V,|nd) time,
although this becomes negligible as |V;| < n. Finally,
greedy expansion with heap-based optimization performs
community growth in O(n? logn) time. The overall search
complexity thus reduces to O((|V| + n|®|)d? + n?logn).

Experiments
Experimental Setup

Datasets. We use three commonly-used real-life heteroge-
neous datasets(Tablel). ACM (Yu et al. 2024) models aca-
demic publications with three node types: paper, author, and
subject. Here, paper serve as target node type. DBLP (Fu
et al. 2020) captures computer science publications through
four node types: authors, papers, conferences, and terms, tar-
geting authors. IMDB (Fu et al. 2020) shows film network
with movie, actor, and director nodes, targeting movies.

Dataset Node number Edge number | Meta-path | Average degree
paper(P):4019 A

ACM | author(A):7167 PPf\s'-ﬁ)ﬁ? E,‘;PP 3.1
subject(S):60 :
a”‘hozg?_){jg% P-A:19645 APA

DBLP cg?llf)':enc-e (20 | PT8S810 | APCPA 9.2
term(T): 7723 P-C:14329 APTPA
movie(M):4278 .

IMDB | director(D):2081 I\IXI_ fﬁ 2287288 MSM 2.9
actor(A):5257 :

Table 1: Dataset Summary.



Compared Methods. We compare our approach against
three state-of-the-art methods representing key paradigm.
(1) FCS-HGNN(Chen et al. 2024) is a learning-based
method using multi-view extraction and semantic atten-
tion. (2) WC-index(Sun et al. 2022) serves as a traditional
homogeneous baseline with a two-tier index and refine-
ment. (3) TransZero(Wang et al. 2024a) is an unsupervised
method employing pre-trained graph Transformers with of-
fline learning and only similarity search. WC-index and
TransZero should be adapted to heterogeneous setting via
meta-path projection. The baselines cover key methodolog-
ical categories (learning-based, index-driven, unsupervised)
and handle both homogeneous and heterogeneous settings.

Metrics. We mainly adopt Precision, Recall, Fl-score,
and Jaccard similarity that are commonly used.

Implementation Details. PyTorch 2.1.0 with DGL 2.4.0
on an Ubuntu 22.04 system is adopted, with an NVIDIA
RTX 4090 GPU and Intel Xeon Gold 6430 CPU. The GNN
contains 2 layers while the Transformer uses 4 layers with
8 multi-head attention units. The embedding dimension is
fixed at 64 across all datasets. Key hyperparameters includ-
ing hop count K € [1,7] (step 1), ESG granularity con-
trol w € [0, 1] (step 0.1), and PathSim sampling threshold
u € [0.1,1] (step 0.1), are tuned via grid search, with opti-
mal values selected per dataset. All experiments execute 40
times and compute the average. To assess the robustness of
our model, we initialize five independent models with vary-
ing random seeds. The observed standard deviations analysis
results demonstrate exceptional model stability.

Experiment Design. We design four experiments to eval-
uate the effectiveness and efficiency of our CLUHCS model.

1. Performance Comparison Experiments. We evalu-
ate the performance of CLUHCS against three baselines.
For supervised FCS-HGNN baseline, we implement three
query strategies (the split of train/validation/test is 3:1:5).
(1) Inductive (FCS-HGNN-I): Communities are divided
roughly in 1:1 ratio. Train/val queries come from training set
while test queries are from unseen test set. This setup evalu-
ates generalization. (2) Transduction (FCS-HGNN-T): All
queries are sampled from full community pool (full expo-
sure). (3) Hybrid (FCS-HGNN-H): Communities are split
roughly in 1:1 ratio. Train/val queries come from training set
while test queries are from all communities. This setup sim-
ulates partial-knowledge deployment. WC-index and Tran-
sZero are evaluated by using meta-path projections to rele-
vant node types without requiring specialized training split.

2. Ablation Experiments. To quantify component con-
tributions, CLUHCS-A replaces selective positive sampling
with all meta-path neighbors, and CLUHCS-Z eliminates
positive sampling entirely. We further ablate the dual-
view framework via CLUHCS-MP (no meta-path view) and
CLUHCS-Rel (no relation view), isolating the complemen-
tary value of structural semantics versus direct interactions.
A search-layer ablation is also discussed.

3. Parameter Sensitivity Analysis. CLUHCS’s hyperpa-
rameter sensitivity of four critical parameters is evaluated:
the hop number K that governs neighbor aggregation scope,
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Figure 2: Performance comparison of different methods.

the sampling threshold y controlling positive sample selec-
tion, and the expected score parameter w balancing commu-
nity cohesion. It provides crucial insights into model robust-
ness and guides configuration.

4. Efficiency Evaluation Experiment. We rigorously
evaluate time efficiency against competitors, measuring both
training time and online search latency. Since WC-index
lacks trainable components, only its search efficiency is as-
sessed, demonstrating CLUHCS’s deployment viability.

Experimental Results

Performance Comparison. In Figure 2, CLUHCS con-
sistently outperforms all baselines on 3 datasets in F1-score
and Jaccard similarity, with particularly substantial improve-
ments on ACM and DBLP. For example, CLUHCS signifi-
cantly improves Fl-score by 52.7% over the unsupervised
FCS-HGNN-T and by 41.5% over supervised TransZero. It
is due to two key designs of CLUHCS. One is meta-path fil-
tering strategy which excludes irrelevant nodes and boosts
precision. The other is contrastive learning which identifies
boundary nodes and maintains competitive recall. It proves
our framework advances unsupervised community search
instead of merely applying existing ML tools.

In addition, despite achieving higher recall (reaching re-
call=1.0 on DBLP), FCS-HGNN-I and FCS-HGNN-T ex-
hibit significantly lower precision due to their tendency
to return overly large communities. While these commu-
nities cover most target nodes, they include excessive ir-
relevant nodes, resulting in substantially lower F1 scores
than CLUHCS, which achieves an optimal precision-recall
balance. FCS-HGNN-T’s performance is higher than FCS-
HGNN-I/H and the reason would be its inherent limitation
of dependence on known community structures and poor
generalization. TransZero’s underperformance validates the
necessity of explicit heterogeneous information modeling.
These results demonstrate CLUHCS’s efficacy as an unsu-
pervised solution for high-accuracy community search.

Ablation Experiment. As shown in Figure 3, CLUHCS
outperforms all ablated variants on ACM and DBLP. On
IMDB, it matches CLUHCS-A while surpassing other vari-
ants. The performance degradation of CLUHCS-Z across all
datasets and metrics confirms that meta-path neighbors pro-
vide essential self-supervision for community characteris-
tics. CLUHCS-A’s inferior results on ACM/DBLP demon-
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strate that unfiltered meta-path neighbors introduce harmful
noise, validating our PathSim-based positive sampling se-
lection. Notably, CLUHCS-A achieves comparable perfor-
mance to CLUHCS on IMDB, since its meta-path neighbors
inherently exhibit that low noise and uniform community
characteristics require no selective filtering.
CLUHCS-MP’s consistent underperformance validates
the necessity of meta-path view, while CLUHCS-Rel’s de-
ficiencies confirm the importance of relational view. These
results collectively demonstrate the complementary value of
both views. In addition, in a search-layer ablation with fixed
embeddings, ESG proved optimal by balancing quality and
scale. Conversely, clustering and top-k search methods im-
proved with larger granularity (fewer clusters or higher k).

Efficiency Analysis. In Figure 4, CLUHCS achieves supe-
rior training efficiency. CLUHCS completes training within
one minute on all datasets, while FCS-HGNN and Tran-
sZero consume double time on ACM and DBLP. Though
longer than TransZero on IMDB, CLUHCS remains com-
petitive with consistent sub-minute performance.

All learning-based methods achieve sub-second search la-
tency. FCS-HGNN exhibits the fastest performance by elim-
inating explicit similarity computations, while CLUHCS
and TransZero show comparable efficiency despite requiring
pairwise node-query similarity measurements. Conversely,
traditional WC-index incurs high search latency, particularly
on dense DBLP networks. It highlights the practical superi-
ority of learning-based methods for real-time applications.

Parameter Sensitivity Analysis. CLUHCS exhibits ro-
bust yet dataset-dependent performance across key param-
eters. For neighborhood hops(K) in Figure 5(a)-(c), ACM
and DBLP display significant sensitivity due to their strong
reliance on meta-path view features, aligning with ablation
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Figure 5: Performance on different parameter values.

results that meta-path removal caused substantial F1/Jaccard
decrease. In contrast, IMDB shows minimal fluctuation as
its meta-path view contributes marginally. Optimal values
are K=6 (ACM), K=4 (DBLP), and K=7 (IMDB).

Sampling threshold j controls neighbor selection rigor,
where higher © enforces stricter similarity. As shown in Fig-
ure 5(d)-(f), the analysis reveals that ACM uniquely achieves
peak performance at ;1=0.8, confirming that tight similarity
thresholds yield highly accurate communities. Conversely,
DBLP and IMDB perform optimally at p=0.1, reflecting
their tolerance to noisier neighbors. This performance varia-
tion indicates that optimal p adapts to dataset characteristics.

Parameter w controls community cohesiveness, where
higher values yield smaller, tighter communities. In Fig-
ure 5(g)-(i), the performance establishes a precision-recall
tradeoff, i.e., increasing w elevates precision but reduces re-
call. On ACM and IMDB, F1 and Jaccard decline with w,
indicating ground-truth communities favor loose structures.
Conversely, DBLP exhibits an inverse U-curve peaking at
w=0.5. It is because insufficient cohesion admits irrelevant
nodes (low precision). It proves moderate cohesion can op-
timize performance for fine-grained communities.

Conclusion

In this paper, we propose CLUHCS, a contrastive learn-
ing enabled unsupervised heterogeneous community search
method. It resolves obscure community boundaries and la-
bel dependency by discovering behavior-driven communi-
ties in open-world networks. This capability stems from
joint modeling of local structural semantics (relation-aware
GNN) and global behavioral dynamics (meta-path Trans-
formers), where PathSim-based positive sampling gener-
ates self-supervised behavioral signals for robust community
characterization. Experiments validate superior performance
over state-of-the-art baselines.
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