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ABSTRACT

Community search has aroused widespread interest in the past
decades. Among existing solutions, the learning-based models ex-
hibit outstanding performance in terms of accuracy by leveraging
labels to 1) train the model for community score learning, and 2)
select the optimal threshold for community identification. However,
labeled data are not always available in real-world scenarios. To
address this notable limitation of learning-based models, we pro-
pose a pre-trained graph Transformer based community search
framework that uses Zero label (i.e., unsupervised), termed Tran-
sZero. TransZero has two key phases, i.e., the offline pre-training
phase and the online search phase. Specifically, in the offline pre-
training phase, we design an efficient and effective community
search graph transformer (CSGphormer) to learn node represen-
tation. To pre-train CSGphormer without the usage of labels, we
introduce two self-supervised losses, i.e., personalization loss and
link loss, motivated by the inherent uniqueness of node and graph
topology, respectively. In the online search phase, with the repre-
sentation learned by the pre-trained CSGphormer, we compute the
community score without using labels by measuring the similar-
ity of representations between the query nodes and the nodes in
the graph. To free the framework from the usage of a label-based
threshold, we define a new function named expected score gain
to guide the community identification process. Furthermore, we
propose two efficient and effective algorithms for the community
identification process that run without the usage of labels. Exten-
sive experiments over 10 public datasets illustrate the superior
performance of TransZero regarding both accuracy and efficiency.
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Method Label  Structure Backbone Loss
cthods Free? Flexibility? Model Function

CST [18] v X k-core -

EquiTruss [2] v X k-truss -

MKECS [3] v X k-ECC -

CTC [29] v X k-truss -

OD-GNN [30] X v GNN Binary Cross Entropy

COCLEP [33] X v GNN Contrastive Loss
Graph Contrastive Loss

TransZero (our) 4 4 Transformer & Generative Loss

Table 1: Characteristics comparison among CS methods

1 INTRODUCTION

Graphs play a prominent role in modeling relationships between
entities in a system and are applied across diverse domains such
as social networks [10, 43], biology networks [38, 44] and finance
networks [9, 14, 48]. As a fundamental problem in graph analytics,
community search (CS) [21] has aroused widespread interest in the
past decades. Given a set of query nodes, CS aims to find a query-
dependent subgraph, with the resultant subgraph, also referred to
as a community, manifesting as a densely intra-connected structure.
CS is also relevant and widely applied for tasks in real-world appli-
cations, such as friend recommendation in social networks [15, 16],
fraud detection in e-commerce platforms [34, 51] and protein com-
plex identification [21, 36]. Given the importance and widespread
applications of CS, a set of algorithms are proposed, which include
the traditional CS algorithms [2, 11, 18, 27, 28, 42] and learning-
based CS models [24, 30, 33].

As summarized in Table 1 and in the recent survey paper [21],
most of existing traditional CS algorithms characterize the commu-
nity structure by specific subgraph cohesiveness models such as
k-core [18, 42], k-truss [2, 28, 29] and k-edge connected component
(k-ECC) [3, 11, 27], and thus suffer from the limitation known as
structure inflexibility [24, 30, 33]. These fixed subgraph models im-
pose rigid constraints on the topological structure of communities,
making it difficult for real-world communities to meet such inflexi-
ble constraints. For example, methods based on k-core require every
node in the found community to have a degree larger than or equal
to k, which may not be met by real-world communities, particularly
for nodes located at the boundary of the community.

Recently, learning-based approaches such as QD-GNN [30] and
COCLEP [33] are emerging in this field due to their outstanding
performance in terms of accuracy. As illustrated in Figure 1(a) and
Figure 1(b), QD-GNN trains a feature-aggregation model in a super-
vised manner where all nodes from the ground-truth community
are used for training, and COCLEP trains a feature-aggregation
model in a semi-supervised manner where only a subset nodes from
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(a) QD-GNN (Supervised)

the ground-truth community is used for training. By incorporating
meticulous framework design and leveraging ground-truth infor-
mation, both QD-GNN and COCLEP can effectively alleviate the
limitation of structure inflexibility encountered by traditional CS al-
gorithms, and thus demonstrate state-of-the-art performance in the
supervised and semi-supervised settings, respectively. In a nutshell,
they both employ a two-stage framework, consisting of an offline
training phase and an online search phase, and rely on the labels
to 1) train the neural network for community score learning where
the community score reflects the membership of the corresponding
node w.r.t. the query, and 2) select the optimal threshold from the
labeled validation set for community identification.

Motivations. While learning-based approaches demonstrate phe-
nomenal performance, a notable limitation of current learning-
based methods is their dependence on ground-truth communities.
Ground-truth communities are often unavailable or of low quality
in real-world scenarios. Additionally, the excessive dependence on
ground-truth communities makes it challenging for QD-GNN to
generalize and predict unseen communities, as evaluated in Sec-
tion 6. On the other hand, traditional CS algorithms operate without
ground-truth communities and thus demonstrate good generaliza-
tion abilities to discover unseen communities. Therefore, a natural
and promising idea is to develop a learning-based method that inher-
its the favorable properties of learning-based approaches, including
flexible community structures, strong expressive capabilities and
outstanding performance, and simultaneously combines the ad-
vantages of traditional CS algorithms, such as operating without
ground-truth communities and demonstrating good generalization
ability. Hence, in this paper, we aim to design an efficient and ef-
fective learning-based approach for CS that runs without using
ground-truth communities. The challenges are mainly two-folds:
1) Challenge I: effectively learning the community score for each
query without using labels, and 2) Challenge II: adaptively identify-
ing the community without label-based optimal threshold.

One promising direction for community score learning without
using labels is to use some unsupervised frameworks. However, the
objective of existing unsupervised frameworks is incompatible with
the task of community score learning, and existing works of CS can-
not be easily extended to support unsupervised community score
learning. Moreover, most of the existing unsupervised frameworks
utilize message-passing-based Graph Neural Networks (GNNs) as
the backbone. This choice inherently introduces challenges of the
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Figure 1: Framework comparisons of learning-based methods
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over-smoothing problem [12] and over-squashing problem [5] with
the increment of model depth, consequently limiting their potential
capability for graph representation learning as highlighted in [13].
Therefore, designing a community score learning method that op-
erates without using labels presents a considerable challenge.

One direct approach for community identification without using
labels is to assign a fixed hyper-parameter as the threshold directly.
However, as demonstrated in the evaluation conducted in [30],
utilizing different fixed thresholds can result in a maximum decrease
of ~40% in the accuracy measured by the F1-score. Furthermore, the
optimal threshold may vary across different datasets and different
similarity metrics. Another promising approach is to select nodes
with the top-K highest community scores. However, the size of
real-world communities can differ significantly within one graph
and across different graphs. It is hard to utilize one fixed size that
suits all the communities. Therefore, it is challenging to design a
community identification method that runs without using labels.

Our approaches. Driven by the aforementioned challenges, we
propose a new pre-trained graph Transformer based community
search framework that uses Zero label (i.e., unsupervised), termed
TransZero. The overall illustration is in Figure 1(c). TransZero also
contains two phases, i.e., the offline pre-training phase and the on-
line search phase. The offline pre-training phase pre-trains the com-
munity search graph transformer (CSGphormer) designed specifi-
cally for CS, and the online search phase contains two key compo-
nents, i.e., community score computation module and community
identification with expected score gain (IESG) solver module.

To address Challenge I, we introduce a two-step methodology
that incorporates both the offline pre-training phase and the on-
line community score computation module to obtain the commu-
nity score without using labels. First of all, we pre-train the CSG-
phormer in the offline pre-training phase. Subsequently, we calcu-
late the community score in the community score computation mod-
ule by measuring the similarity between the representation of the
query and the representation of each node within the graph where
the representation is inferred by the learned CSGphormer. Specif-
ically, we propose CSGphormer motivated by NAGphormer [13],
the existing state-of-the-art graph transformer. NAGphormer with
other graph transformers have shown effectiveness for mitigating
the over-smoothing and over-squashing problems [13, 49, 54]. To
pre-train CSGphormer without using labels, we introduce two self-
supervised losses designed specifically for CS, i.e., personalization




loss and link loss, motivated by the inherent uniqueness of each
node and graph topology, respectively. It combines the contrast-
based self-supervised learning (i.e., personalization loss) [31, 53] and
the generation-based self-supervised learning (i.e., link loss) [35, 45]
to achieve better performance.

To solve Challenge II, we introduce a new function named ex-
pected score gain and formulate the problem of community identi-
fication as the problem of community Identification with Expected
Score Gain (IESG). Specifically, the community score reflects the
likelihood of a node being included in the community, and the ob-
jective is to identify a community where nodes exhibit high scores.
QD-GNN and COCLEP use a label-based threshold to define high
scores. To eliminate reliance on labels, we define expected score
gain. Community scores that maximize the expected score gain
are considered high. Motivated by modularity [32, 40] which is a
classical metric for community cohesiveness, the expected score
gain calculates the sum of node scores within the community minus
the sum of expected scores if nodes are chosen randomly. A higher
expected score gain value indicates a potentially better community.
Based on this new function and inspired by the cohesive nature of
communities and the query-dependent property of CS, IESG aims
to find a connected subgraph that includes the query while having
the maximum expected score gain value. Furthermore, we prove
that the IESG is NP-hard and APX-hard, indicating that it cannot be
solved in polynomial time and is inapproximable within any con-
stant factor in polynomial time. Therefore, we design two heuristic
algorithms, i.e., Local Search and Global Search to effectively and
efficiently identify promising communities without using labels.

Contributions. The main contributions are as follows:

e We propose a new learning-based CS framework TransZero that
runs without using ground-truth communities. It contains the
offline pre-training phase and the online search phase.

o In the offline pre-training phase, we design an efficient graph
transformer CSGphormer for CS. Two self-supervised losses in-
cluding the personalization loss and link loss are utilized to
pre-train CSGphormer without using labels.

o In the online search phase, the score computation module first
obtains the community score by measuring the similarity of the
learned representation. Based on the new proposed expected
score gain function, we model community identification as IESG,
and propose two efficient and effective algorithms, i.e., Local
Search and Global Search, to find promising communities.

o Experiments across 10 public datasets highlight the superiority
of TransZero regarding both accuracy and efficiency. Under the
hybrid training setting, TransZero that does not use labels even
outperforms COCLEP and QD-GNN which rely on labels with an
average F1-score improvement of 10.01% and 5.91%, respectively.
Regarding offline training efficiency, TransZero achieves an av-
erage speedup of 122.39x and 118.22X compared to COCLEP
and QD-GNN, respectively. Regarding online search efficiency,
TransZero achieves an average speedup of 10.02X and 26.77x
compared to COCLEP and QD-GNN, respectively.

2 PRELIMINARIES

In this section, we give relevant preliminaries and the introduction
of state-of-the-art models for CS. The frequently used symbols are
summarized in Table 2.

Table 2: Symbols and Descriptions

Notation Description

G(V,E) an undirected graph

X, A feature matrix and adjacency matrix

q="Vq the query with node set V;

Cq,Cq the ground-truth/predicted community of ¢
f 7() neural network model with parameters

S e RV community score vector

Vi\V, nodes in V; but not V5

2.1 Problem Statement

We follow the typical setting of the general community search
problem and focus on the undirected graph G(V, E) where V is
the node set and E C V X V is the edge set. We use |V| and |E| to
denote the cardinality of V and E, respectively. The feature matrix
is denoted as X € RIVI*? where d is the dimension of the feature.
A e RIVIXIVl js the adjacency matrix where A;; = 1 indicates the
link between node v; and node v;. S € RIVl is used to denote the
community score vector. We use q and V; interchangeably to denote
the query node set. Cq and éq are utilized to denote the ground-
truth community and the predicted community w.r.t. q. Next, we
give the formal definition of community search.

DEFINITION 1. (Community Search [30, 33]). Given a data graph
G(V,E) and query q, the task of Community Search (CS) aims to
identify a query-dependent connected subgraph (i.e., community) Cq
where nodes in the found community are densely intra-connected.

2.2 State-of-the-art

The state-of-the-art learning-based CS models employ a framework
comprising the offline training phase and the online search phase.

Offline Training. QD-GNN models the problem of CS as binary
node classification. Specifically, given a data graph G and a training
dataset Dyrain = {qi, Cy; }lg"‘”"l containing a set of queries and
the corresponding ground-truth communities, QD-GNN proposes
a neural network model, denoted as M, which takes the query,
adjacency matrix and features as inputs and outputs a community
score vector Sq € RIVI. This vector indicates the membership
likelihood of each node in the predicted community.

Sq = M(Vy, A X)

And then, the Binary Cross Entropy (BCE) function is used to
measure the BCE between Sq and the ground-truth vector Yq. Yy j =
1if and only ifv; € Cq. Here, Yy ; is the j-th bit of Yy.

A4

1
£= 3 i Z — (YgilogSq,i + (1 Yg;:) log (1 - Sq:))
qutrain i=1

The parameters of the model are updated by gradient descent
to minimize the loss between the predicted community score and
the ground-truth vector. It is worth noting that the loss function
employed in COCLEP differs from the aforementioned loss. CO-
CLEP employs contrastive learning and focuses on enhancing the
prediction performance for the selected positive candidates. How-
ever, both QD-GNN and COCLEP employ ground-truth information
within their respective loss functions for model training.
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Figure 2: Illustration of the offline pre-training phase

Following the model training, both QD-GNN and COCLEP de-
termine the optimal parameters, particularly the community score
threshold, by evaluating the validation set. Note that, the validation
set also contains the ground-truth information.

Online search. The learned model and the selected optimal thresh-
old from the offline training phase are utilized in the online search
phase. Specifically, it first calculates the community score by the
model inference. To identify the final community, QD-GNN pro-
poses a Constrained Breadth-First Search algorithm in [30] which
requires the label-based threshold as input. It expands outward and
selects neighbors with a community score larger than the threshold.

3 OFFLINE PRE-TRAINING PHASE

Motivation. Given a graph with feature matrix X and adjacency
matrix A, the objective of pre-training for CS is to learn a generic
encoder that can encode the community information and the graph
topology into the latent space. As we focus on the unsupervised
CS, we resort to self-supervised learning which is an important
category of unsupervised learning. Specifically, we consider both
the generation-based self-supervised learning and the contrast-
based self-supervised learning to achieve a better performance [37].

3.1 Overview

The overall architecture of the offline pre-training phase is illus-
trated in Figure 2. Given a data graph, an augmented subgraph
sampler is applied to generate the corresponding community-level
subgraph. It aims to generate new data with maximum consistent
features from different views w.r.t. a node in the graph as positive
samples and is used for contrastive training. Then, the augmented
subgraph is sent into a graph encoder (CSGphormer in our proposed
TransZero) to extract the latent features that encode the community
information and graph topology. The graph encoder outputs both
the node-level representation and community-level representation.
The learned representations are used for loss computation which
includes the personalization loss and the link loss. The obtained
loss is back-propagated to update the parameters in CSGphormer.

3.2 Augmented Subgraph Sampler

Motivation. The contrast-based self-supervised learning is based
on the augmented subgraphs. COCLEP, an existing state-of-the-art
semi-supervised CS model, constructs the augmented subgraphs
by incorporating the ground-truth positive samples and their K-
hop neighbors, where K is a fixed value. However, it is intuitive
that various central nodes should have different neighborhood
distances, necessitating a personalized selection of different hops
for different nodes. To address this, we employ conductance [6, 47],

a well-established measure of community cohesiveness, to enhance
the choice of hops. The definition of conductance is as follows:

DEeFINITION 2. (Conductance [6, 47]). Given a graph G(V,E) and
a community C, the conductance of C is defined as:

le(C.O)

®G.0 = dz)

1)
where C = V\C is complement of C. e(C,C) is the edges between
nodes in C and nodes in C. dc is the sum of degrees of the nodes in C.

Conductance measures the fraction of the total edge volume
that points outside the community. A smaller conductance means
a higher ratio of information can be used for pre-training. Based
on conductance, we choose the subgraph induced by the K-hop
neighbors of the query nodes that has the lowest conductance
value as the augmented subgraph. It’s important to note that this
approach allows us to obtain the augmented subgraph adaptively,
without requiring a pre-set value for K. To strike a balance between
search space and personalization, we set the upper limit for K as 5
as suggested by the experimental results.

ExAMPLE 1. Given the data graph as in Figure 1 and node 1, its
1-hop induced subgraph has nodes 1, 2 and 3. Thus, the conductance of
the 1-hop induced subgraph is % = 0.143. Similarly, the conductance
of the 2-hop induced subgraph is % = 0.333. Thus, I-hop induced
subgraph is selected as the augmented subgraph.

3.3 CSGphormer Architecture

Motivation. The graph encoder used in the pre-training phase in-
puts the augmented subgraph and outputs both the node-level and
the community-level representations. A direct way is to use GNNs
to learn the node-level representation and use a graph pooling op-
erator to aggregate the node-level representations into community-
level representations. However, GNNs possess inherent limitations
such as over-smoothing [12] and over-squashing [5] issues, which
hinder the full potential of GNNs for representation learning. On the
other hand, transformers have been recently introduced for graph
analytics due to their effectiveness in addressing over-smoothing
and over-squashing issues [13], resulting in a strong representation
learning capacity. Many graph transformer models are proposed
such as Graphormer [49] and Gophormer [54].

Here, we follow the state-of-the-art graph transformer NAG-
phormer [13] and propose CSGphormer. NAGphormer is the state-
of-the-art graph transformer with high efficiency. NAGphormer
treats each hop as one token in a sequence and uses a transformer
to model the correlation among different hops and learn the node
representation. CSGphormer has three key distinctions from NAG-
phormer. Firstly, NAGphormer primarily targets supervised learn-
ing, while CSGphormer focuses on unsupervised learning. Secondly,
unlike the fixed value of K used for K-hop neighbors in NAG-
phormer, we employ the conductance to dynamically determine
the value of K. Thirdly, CSGphormer outputs both the node-level
and the community-level representations while NAGphormer just
outputs the node-level representation.

The architecture of CSGphormer is illustrated in Figure 3, and the
forward propagation of CSGphormer is summarized in Algorithm 1.
Specifically, we propagate the feature matrix X from 1 to K times



i Representation a%

o [Reniorbd Revdow ]
i i 1

Transformer Encoder

Feed
Forward |
Network 1

Encoder Multi-Head |
Transformer Encoder Attention |

Transformer Encoder

(T

Input

! Tokenize Bmbeddings

TTokcnO TTok enl ?Tokcn ?Tuk en3

i khop gxro%o
! neighbors

! Augmented
E Subgraph

Figure 3: Architecture of CSGphormer

Attention
Layer

to obtain the token sequence X = {°x, 1X,---, KX}. Here, °X =
X € R™ s the original feature matrix. KX € R™? s the k-
hop neighborhood matrix and is computed by kx = AkX. Here,
A=D"7AD"% is the normalized adjacency matrix. D is the degree
matrix of A where D(i,i) = ;’:1 A, j). Xo = {O%p, -+, Kxp}is
the aggregated neighborhood sequence of node v.

Then, the obtained sequence matrix X, € RE+D)Xd jq sent into
df,?): HZ(,O) = X,W, where
. Next, HzEO) is sent for L layers of the trans-
former encoder. The transformer encoder contains three important
sub-structures, i.e. Positional Encoding, Multi-Head Attention and
Feed Forward Network. Specifically, given an input embedding H,, ()
in layer /, the position encoding of the sequence P is added to the
input embedding first Hzgl) = Hz(,l) + P, asin [13].

After that, HZEI) is sent to the multi-head attention layer (MHA):

a learnable linear projection W € R%*
HY e RK+)xdy

MHA(HZEI)) = Concat(heady, - - - , heady,)W°

where head; = Attention(Higl)Wiq, HZEI)Wik, HZ(,I)Wi”)

OKT ()
and Attention(Q, K, V) = softmax(——)V
d(l+1)
m
Here. W9 ¢ RAwWxdw™ wk ¢ pdwxda” o ¢ pdw xdy™
* > i » W, ,

(I+1) (I+1)
Rhdm " Xdm"" are all learnable weights to project HZ(,I) into

WO
different matrices.

The output of the multi-head self-attention layer is added to
the original input embedding followed by a layer normalization
(LN) [8]. A position-wise feed-forward network (FFN) is applied to
each position separately and identically. The FFN consists of two

linear layers with a GELU [26] non-linearity:

Y = MHAN@ED)) + B

®)
H*Y = rENENHET)) + BT

After the L layers of the transformer encoder, we can obtain

c R(K+1)><df,f)

the latent representation HZ(,L) of node v which

(L)
contain the center node token Z2°%¢ = onEL) € R%m" and the latent

representation of the neighborhood tokens {1HZ§L), e KHZEL) }.

Algorithm 1: Forward Propagation of CSGphormer.

Input: center node v, feature matrix X, adjacent matrix A,
transformer layers L.
Output: The node representation Z2°% and
community-level representation Z5°™ .
1 Xy — {Oxv: 1xv> Tt va}
2 HZEO) — XoW
// L-layers transformer encoder.
3 for[=0,---,L—-1do
4 P « Position Encoding Construction
s | HP gD +p
Y = MHAN@EHD)) + 5D
HFY = ENN(ET)) + HSPY
// Readout layer.
Znode - OH(L). Zecom
[ 0 > ~o
9 fork=1,---,Kdo
exp(("Hy" |[*Hg" )W)
S exp(CH 1TH )W)
1 ZEOM — ZEOM + gy kHZSL)

«— Zero Tensor

2 return Zl0de zcom

=

Then, an attention-based readout function is utilized to weight the
neighborhood tokens to obtain the community-level representation:

__ ep(CH R W)
2K, exp((CHSP 1P W)

K
257 = o FHD.
k=1

4

. . (L) .
Here, || is the concatenation operator, and W, € R2dm X1 is the
learnable weight matrix.

3.4 Training Objectives

Motivation. Intuitively, nodes are dependent on their communities
to learn the representation and each node is unique in the graph.
We consider the strong correlation between central nodes and their
communities to design the contrast-based loss, i.e., personalization
loss. Moreover, we design the generation-based loss, i.e., link loss,
based on the idea that nodes that have a link should be close in the
latent space and vice versa. The generation-based loss would benefit
the preservation of local graph topology, and the contrast-based
loss would benefit the preservation of the global information and
capture the long-distance relationship, as illustrated in [37].

We model the personalization loss by the margin triplet loss [41]
to bring the representation of a selected node and its corresponding
community closer together and push away the representation of
the selected node from the communities of other nodes.

L= |V|2 Z Z (—max (G(Z"Odezcorn)

veV ueV

o209 250 1 0))

©)

where € is the margin value and o(-) is the sigmoid function.



Algorithm 2: Offline Pre-training Procedure (One Epoch)

Algorithm 3: Community Score Computation

Input: The data graph G, batch size np,;cp, layer number L,
CSGphormer f 0., learning rate ¢, coefficient a.
1 Initialize optimizer opty with learning rate ¢
Separate V into batches {V},} with the batch size npgscp,
for eachv € V do
L G, < augmented subgraph sampler
5 for {V,} € V do
6 for eachv € Vj, do
7 || zpede zeom — £9(v,X(Gy), A(Gy), L)
8 for eachu,v € V}, do
9 Ly =
—max (O'(ZSOdeZgom) - O'(ZZ’}OdeZﬁom) +€, 0)
10 Ly =
—A(u,v)(Z1ode Znode) 1 (1 - A(u, v)) (ZIode znode)
11 L+=Ly+aly

12 Update 6 by opty with loss

N}

@

'S

_L_
Ve |®

The link loss is formulated as follows to enhance the similarity
of neighboring nodes while discriminating non-adjacent nodes.

Ly ! Z Z —A(u, zz)(Z,'}OdeZgOde)

vi? veV ueV (6)
(1= A, 0)) (2% Z50%)
CSGphormer takes the above two losses into account together.
The overall loss function is defined as:

L= Lp +aly (7)
where a € [0, 1] is the coefficient to balance the two losses. Note
that both £, and £ do not contain label information.

With the loss defined in Equation 7, the overall offline pre-
training procedure is summarized in Algorithm 2. It first initializes
the parameters in the optimizer and divides all nodes into several
batches (lines 1 to 2). Next, it samples all the augmented subgraphs
(lines 3 to 4). It trains the model batch by batch. In the training of
each batch, it obtains the node-level representation and community-
level representation of all nodes in the batch by propagating the
CSGphormer network (lines 6 to 7). The loss containing both the
personalization loss and link loss is computed (lines 8 to 11) and is
used to update the parameters in CSGphormer(line 12).

4 ONLINE SEARCH PHASE

With the pre-trained CSGphormer in Section 3, we now introduce
the details of the online search phase devised for unsupervised
CS. We first introduce the community score computation module,
and then we introduce the problem of identification with expected
score gain (IESG), followed by two search algorithms, i.e., Local
Search and Global Search to find promising communities.

4.1 Community Score Computation

Motivation. After pre-training, the community-level information
and the graph topology are encoded into the latent representa-
tion. Nodes with similar latent representations should have similar

Input: The query Vg, graph G, pre-trained network f° 90y.
Output: The community score S.

1 Initialize S « {s, = 0 forov € V}

2 for {v} € Vdo

3 for {u} € V; do

(L)
. Sin £ f° ()
(L) (L)
\/Zi-i':; Jf,-e(v)ﬁ’(v)x\/z;’;g F2 @) £ ()

4 Sy — Sy

So
5 Sy — T2
0 |Vq|’

¢ return S

community-level information and should be close to each other
in the original graph. Therefore, we can compute the community
score by evaluating the similarity between the representation of
the query and the representations of nodes within the graph. A
higher similarity suggests a greater likelihood of the node being
part of the resulting community.

The overall community score computation algorithm is shown
in Algorithm 3. It inputs the query nodes, graph and the pre-trained
graph transformer and outputs the community score w.r.t. the query.
The community score is first initialized as all zeros (line 1). It then
computes the pairwise similarity between the representation of
each node in the query and the representation of each node in the
graph (lines 2 to 5). We use the cosine similarity here. More other
similarity functions are evaluated in the experiments of Section 6.
We ensure that the obtained score is adjusted to fall within the
range of 0 to 1 by normalizing it with the cardinality of the query
node set (line 5). At last, the community score is returned.

4.2 Identification with Expected Score Gain
Motivation. The community score quantifies the likelihood of a
node being included in the community. An ideal community is one
where all nodes exhibit high community scores w.r.t. the query
nodes. In order to measure the degree to which the score is large,
QD-GNN and COCLEP use the label-based threshold, and nodes
having a community score larger than the label-based threshold
are included in the resulting communities. Under the setting of
unsupervised community search, as analyzed in Section 1, a naive
approach like a fixed threshold or a fixed number of nodes would
potentially harm the accuracy of community identification. There-
fore, we introduce the function of expected score gain (ESG), and
community scores that maximize the ESG are considered high. The
ESG function, which centers around utilizing community scores,
computes the sum of node scores within the community, subtracted
by the sum of expected scores under random node selection. A
higher ESG suggests the potential for a superior community. This
idea is inspired by the concept of modularity, a well-established
metric of community cohesiveness. The modularity measures the
number of edges in the community minus the expected number of
edges in the community if the edges are randomly distributed. The
higher the modularity, the more cohesive the community [32].

DEFINITION 3. (Expected Score Gain). Given a graph G(V,E), a
community C = (V¢, Ec) and the community score S, the expected



score gain of C is defined as:
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where t € [0, 1] is a hyper-parameter to control the granularity of the
subgraph, and a higher t value leads to a more fine-grained subgraph.

The first term 3’ ,cy,. Sy is the sum of the community score of

ZueV Su
i vl
munity score where nodes randomly selected have an expected

score the same as the average score of the graph. We set 7 = 0.5 as
suggested by our experiments in Section 6.

nodes in the selected community. |[Ve| is the expected com-

ExAMPLE 2. Given the data graph as in Figure 1 with the com-
munity containing nodes 4 5, 6 and 7, and supposing the community
scores are 0.1, 0.2, 0.4, 0.7, 0.9, 0.6, 0.8 for nodes 1 to 7 respectively, the
expected score gain can be calculated as ﬁ(S.O - % X 4) = 0.443.

Besides the preference for nodes in the resulting community to
exhibit high community scores, we aim to search for a cohesive
subgraph, and connected components are more cohesive than un-
connected subgraphs. Furthermore, the identified community is
query-dependent and should therefore include the query nodes.
Based on these considerations, we formally define the problem of
identification with expected score gain (IESG).

DEFINITION 4. (Identification with Expected Score Gain). Given
a graph G(V, E), the query Vg, the community score S and a profit
function ESG(+), IESG aims to select a community C of G, such that:

(1) Vc contains nodes in Vg, and C is connected;

(2) ESG(S,C,G) is maximized among all feasible choices for C.

We give the hardness of IESG in Lemma 1, and the proof can be
found in Section 5.

LEMMA 1. The problem of IESG is NP-hard.

Then, we prove that there is no polynomial time approximation
scheme (PTAS) for IESG, and thus it is APX-hard unless P=NP. The
proof is also in Section 5.

LEMMA 2. Foranye > 0, the IESG problem cannot be approximated
in polynomial time within a ratio of (1 — €) In(|V|), unless P=NP.

4.3 Heuristic Algorithms

As IESG is NP-hard and APX-hard which means it cannot be solved
in polynomial time and is inapproximable within any constant
factor in polynomial time, heuristic algorithms are proposed to
effectively and efficiently find promising communities without us-
ing labels. A direct approach (Local Search) starts from the query
nodes and greedily incorporates the node with the highest commu-
nity score that is in the neighborhood of the selected intermediate
subgraph. The subgraph with the largest expected score gain en-
countered during the search process is returned. In this way, we do
not need to use the label-based threshold, and thus this algorithm
does not require the labels for community identification.

The overall algorithm of Local Search is summarized in Algo-
rithm 4. It inputs the community score, graph and query nodes, and
outputs the identified community. We use Q to store the nodes that
have been traversed and designate the maximum expected score

Algorithm 4: Local Search Algirithm
Input: The community score S, graph G and query Vg.

Output: The identified community Cg.
1 éq, Q « Vy; max_esg « —inf
2 while |Q| < |V| do

3 U ¢ argmax, 5

4 Q0=QUu;

5 if ESG(S, éq U {u},G) > max_esg then
6 max_esg <« ESG(S, éq U{u},G)

7 Cq =Cq U {u}

8 else

9 L Terminate

10 return éq

gain value as negative infinity during initialization (line 1). The al-
gorithm terminates until all the nodes have been traversed or early
stops when there are no promising candidates (lines 2 to 9). In each
loop, we first select the node with the highest community score that
has not been traversed and is located at the boundary of the node set
that has been traversed (line 3). {Q = {v € Q|3i € N () N O} is
the boundary of O and Q = V\Q. If the selected nodes can increase
the expected score gain of the previous intermediate subgraph, we
incorporate it into the community. Otherwise, the algorithm early
stops (lines 5 to 9). At last, the community returns.

Motivations for Global Search. The motivations behind Global
Search can be outlined in three aspects. Firstly, by incorporating
link loss, the learned representation effectively preserves graph
topology information. Nodes with high similarities to the query
nodes exhibit high community scores and are likely connected to
the query nodes. This suggests that optimizing the expected score
gain first can also provide a favorable priority for connected nodes.
Secondly, the time complexity of Local Search is O(|V|* log(|V])),
as detailed in Section 5. This quadratic logarithmic time complexity
presents challenges when applying Local Search to large graphs.
Thirdly, as detailed in Lemma 3, the expected score gain of the first
p nodes in the queue sorted by community score initially increases
and then decreases with the increase of p.

LEMMA 3. Given sorted scores S from large to small, size p >
0,Cp = {uvilsi = $p},Sp = {8ili < p}, assuming Zs‘,»esp Si =
ulSp|°T where i, o are hyperparmeters and y,c > 0 and, ot < 1,
ESG(§, Cp, G) first increases and then decreases as p increases.

As S is learned, there lacks a functional expression for S. Since
Sp gets the first p scores from a sorted queue S, we assume that the
sum of S, exhibits a decreasing growth rate as size increases, i.e.
25 Sp $i = p1|Sp|°*. Lemma 3 provides theoretical support for the
binary search optimization, and the proof is in Section 5.

Given these motivations and the theoretical foundation, we intro-
duce Global Search in Algorithm 5, which prioritizes candidates that
enhance the ESG from a global perspective. It inputs the learned
community score, graph and query nodes, and outputs the found
community. The community is initialed as the query nodes, and
we designate the search start point t5 as 0 and the search end point



Algorithm 5: Global Search Algorithm
Input: The community score S, graph G and query Vj.

Output: The identified community Cg.
1 éq — Vgsts = 05 te = |S]
2 § « sort S from large to small
3 while t; < t. do

¢ | Coig = {vildi 2 Srsyee }

5| Crepr = {vilSi 2 Stsrre )

6 | if ESG(S,Cpyigs G) > ESG(S, Cpefs, G) then
7 L ts %

8 else

9 L le < %

10 return Cq = C‘q U {vil§i > §,}

te as the maximum number of nodes during initialization (line 1).
The algorithm sorts all the community scores (line 2). It loops until
the start point equals the end point (lines 3 to 9). In each loop, it
selects the candidate community C,,,;4 from 0 to % and selects
the candidate community Cj, 4 from 0 to ts;te — 1 which lies at the
left of C,,,;4 (lines 4 and 5). If the ESG of C,,;4 is larger than that of
Clefr Which means there may be promising candidates in the index
range of [ts;te, te], we set the new start point as ts;te (lines 6 and
7). Otherwise, the end point is set as ts;te (lines 8 and 9). At last,
the identified community returns (line 10).

While the community found by Global Search may not always be
guaranteed to be connected, it prioritizes connected nodes since link
loss is used for pre-training, as shown in our earlier motivation. Ad-
ditionally, Global Search has a time complexity of O(2x|V|log(|V])),
as analyzed in Section 5, making it well-suited for large datasets.

LEMMA 4. Global Search runs at most logz (|V|) iterations.

The proof of Lemma 4 is immediate as Global Search reduces the
search space by half each iteration.

ExXAMPLE 3. Given query node 5, and data graph with community
scores same as in Example 2, Local Search first selects node 7 as it has
the highest community score of 0.8 and is the neighbor of node 5.

EXAMPLE 4. Given query node 5, and data graph with community
scores same as in Example 2, Global Search first sorts nodes according
to community scores. In the first iteration, Cp,;q are nodes {5,7,4,6}
with ESG 0.443 and Cief; are nodes {5,7,4} with ESG 0.470.0.470 >
0.443. Thus, the end point is halved.

5 ANALYSIS

5.1 Theoretical Analysis

Proof of Lemma 1. We reduce the problem of IESG from the set
cover problem which is a well-known NP-hard problem [7]. The
following gives the formal definition of the set cover problem.

DEFINITION 5 (SET COVER PROBLEM). Given a finite set M =
{m1,ma,.. .,m|M|} and a collection N = {N1,Na, ..., N|N|} of sub-
sets of M, the Set Cover Problem aims to find a minimum-size subcol-
lection Nopt such that the union of all sets in Nop; covers all elements
inM, ie., UNiENopt N; = M.

Ny ={mi}
Setcover Np = {ma,my}

Instance N3 = {m,m3} ‘
e ® @ O &
SZ

Solution A, = {Ny, N3}

Found Community
Copt = qU{N,, N3}

Figure 4: Graph construction for the set cover problem

We then follow [46] to construct a graph. We create one node m;
for each element in m; € M and a node N; for each setin N; € N.
One edge is added between m; and N; if m; € Nj. Another node v
is added with edges between v and each set in N. Figure 4 presents
an example of graph construction. The set cover instance is Ny =
{m1}, Nz = {ma, my}, N3 = {m1,m3}, Ny = {ma, m3}, N5 = {m4}.

We use w(C) = Y yec So to denote the sum of scores in C and set

7 = 1 in ESG(S, C, G). Therefore, we have ESG(S,C,G) = % -

%. We omit the second term as it is a fixed value for communities
in one graph. We use g(-) to denote the simplified function, i.e.,

9(5.C.0) = 7
and {v} is W

We set the query nodes as ¢ = M U {v}. To make the return com-
munity connected, we need to select some nodes in N. Let N, € N
be a feasible solution for the set cover problem given the element
collection M and the set collection N. Let C = qUN; = MU{v} UN..
Then, C is connected, contains the query nodes and has the expected

and assume the community score of nodes in M

and the community score of nodes in N is W

[ Nae|
. . C 1+ -
weight gain g(S, qUN, G) = % = % The derivative of

- _ 1IN+ A _
9(5,qUN:. G)is (5, qUN §) = (rpre AT AT =

1 _ (IM]IN1+[N. ) IMI N Thus

[MIPINT+IMIIN[+IMIINTINGT - (IMPINTHIM]INHIMITNTINGD? ’
§(5.qUN.G) = AR AS IMLINT >
1, then [M| + 1 — |[M|IN| < 0 and ¢’(S,q U N;,G) < 0. Thus
g(S,q U N, G) is monotonically decreasing with regard to |N|.
Since |[Ni| = [Nop:|, the subgraph q U Nyp contains the query
nodes, is connected, and has the highest expected score gain. Note
that Nop is the optimal solution to the set cover problem. Therefore,
we can reduce the problem of IESG from the set cover problem.

Given a community C, the expected score gain g(S, C, G) is mono-
tonically decreasing as demonstrated above. With an optimal com-
munity Copy, its ESG is highest. Hence, |Copt\g| is the minimum
among feasible solutions where Cop\q are nodes in Cp; but not in
g. According to the graph constructed above, Cop\q is connected
to all elements in M and has the minimum size. Thus, the corre-
sponding sets of Cppt\q is the optimal solution for the set cover.

Moreover, by the constructed graph, one node in G\{M, v} is
mapped to one set in . Thus, the time complexity for the reduction
of the set cover problem and the IESG is linear to the node number.
Proof of Lemma 2. For any € > 0, the set cover cannot be approxi-
mated in polynomial time within a ratio of (1—¢) In(|V]) [4, 20, 22].
We use the reduction from the set cover problem same as the proof
of Lemma 1. According to the reduction, community C for the IESG
problem corresponds to a set collection N; for the set cover problem,
where each node in C but not g corresponds to one set in N;. More-
over, the time complexity of reduction is linear to the node number.
Thus, if there is a solution with (1 — €) In(|V|)-approximation for
the IESG, there will be (1—¢) In(|V|)-approximation for the optimal
solution of set cover, thereby contradicting [4, 20, 22].




Table 3: Statistics of the datasets

Datasets | V] ‘ |E| ‘ |C| | d |
Texas 183 325 5 1,703
Cornell 183 298 5 1,703
Wisconsin 251 515 5 1,703
Cora 2,708 10,556 7 1,433
Citeseer 3,327 9,104 6 3,703
Photo 7,650 238,162 8 745
DBLP 17,716 105,734 4 1,639
CoCS 18,333 163,788 15 6,805
Physics 34,493 495,924 5 8,415
Reddit 232,965 | 114,615,892 41 602

Proof of Lemma 3. ESG(S, Cp,G) = 7“2’?‘:— ll‘ycif’llr = P:“;Z:T _

Ve, | _ Duev Su T 4 _
ﬁ/l where A = % Then the derivative is ESG' (S, Cp, G) =
p(or—1) |ch |oT-7-1 —(l—r)).|ch |~7. By setting ESG' (S, Cp,G) =
(1-0)d ) lry
plor—1)

0, we can prove that ESG(S, Cp, G) increases in [0, (

— 1
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5.2 Time Complexity And Extension

and decreases in [(

Time complexity of pre-training. The time complexity of the
projection of three matrices is O(3x (K+1) xd?). The dot product of
query and key takes O((K+1)?xd) and the dot product of attention
and value also takes O((K + 1)% x d). Therefore, the self-attention
has a time complexity of O(3 x (K + 1) X d? + 2 x (K + 1)? X d).
There are |V| nodes in the graph and the number of transformer
encoders is L, thus the time complexity of CSGphormer is O(L X
[VIx (3% (K+1) xd?+2x (K+1)? xd)). It is trained for ¢ epochs,
therefore, the total time complexity of the offline pre-training is
O XLx|VIx(3x(K+1)xd*+2x (K+1)?xd)).

Time complexity of community score computation. The time
complexity of pair-wise similarity computation is O(dy,) where d,
is the dimension of the latent representation. We need to compute
for [Vg| X |V|. Therefore, the overall time complexity of community
score computation is O(|Vg| X V| X dym,).

Time complexity of Local Search. The computation of nodes with
the highest score needs O(|V|log|V|) times. We need to compute
at most by |V| times. Thus, the overall time complexity of Local
Search is O(|V|%log|V|).

Time complexity of Global Search. Sorting needs O(|V|log|V|) [1,
17]. It iterates at most log|V| iterations, and each iteration needs
O(|V]) operations. Therefore, the total time complexity of Global
Search is O(2 x |Vllog|V]).

Extension and future works. TransZero is designed for general
CS without using labels, and it can be extended to support other
related settings of CS. With a specific score computation module to
hand additional query input, TransZero can be extended to support
attributed community search. With a specific pretraining model,
TransZero can be extended to support other types of graph, e.g.,
temporal graph. We leave these promising fields in the future works.

6 EXPERIMENTAL EVALUATION
6.1 Dataset Description

We use 10 public datasets from Pytorch Geometric [23] following
existing work [30] to comprehensively evaluate the performance.

O Test 7\ Community provided
./ formodel training

Inductive
Figure 5: Illustration for the query generation settings

Transductive Hybrid

The statistics information of the datasets is summarized in Table 3.
Datasets are characterized by varying numbers of nodes (i.e., |V]),
numbers of edges (i.e., |E|), numbers of communities (i.e., |C|) and
dimensionalities of features (i.e., d).

6.2 Experimental Setup

Baselines: We focus on the general community search task. Follow-
ing [30, 33], we compare it with the existing learning-based models
including 1) QD-GNN [30], which is a state-of-the-art supervised
method for CS; 2) COCLEP [33], which is a state-of-the-art semi-
supervised method for CS, and the traditional CS methods including
3) CST method [18] that uses k-core to model the community; 4)
EquiTruss method [2] that uses k-truss to model the community; 5)
MEKECS method [3] that uses k-ECC to model the community; and
6) CTC [29] that aims to find the closest truss community.

Query generation: We use the following three generation mecha-

nisms to generate queries for training, validation and testing.

o Inductive Setting. We randomly partition all ground-truth com-
munities into two groups including training communities and
testing communities with a ratio of about 1: 1. And we generate
training and validation queries from the training communities
and generate test queries from the testing communities. This
setting aims to test the ability to predict unseen communities.

e Transductive Setting. We generate all the queries randomly
from all the ground-truth communities.

o Hybrid Setting. We randomly divide ground-truth communities
into training and testing groups (~1:1 ratio). Training and valida-
tion queries are generated from the training communities, while
test queries are generated from all ground-truth communities.
This setting closely simulates real-world scenarios by training
on a subset of known ground-truth communities and evaluating
across all the ground-truth communities.

An illustration of the above three settings is shown in Figure 5.

Note that QD-GNN is evaluated in a transductive manner in the

original paper, and COCLEP is evaluated in a transductive manner

when the number of ground-truth communities is small and in an
inductive manner when the number of ground-truth communities
is large as in the original paper. It is worth noting that methods
that do not need ground-truth communities (i.e., TransZero and
the traditional CS methods) exhibit consistent performance across
different generation settings. Consistent with [30], the number of

training queries, validation queries and testing queries are 150, 100

and 100, respectively. Following [30], we randomly select 1 to 3

nodes from the ground-truth community as the query nodes. As in

the original paper of COCLEP [33], we generate 3 positive samples
beside the query node for COCLEP.

Metrics: In this paper, we mainly focus on F1-score [39] that is

commonly used by existing works [30, 33] to evaluate the qual-

ity of the found community. Besides the F1-score, we also utilize



Table 4: F1-score results under different settings

Settings Models [ Texas Cornell Wisconsin Cora  Citeseer Photo DBLP CoCS Physics Reddit [ Average +/-
CST 0.1986 0.1975 0.2251 0.2111 0.1423 0.2019 0.2854 0.1252 0.2276 0.1463 -27.12%
EquiTruss 0.3120 0.3168 0.3079  0.2384 0.2240 0.2166 0.3252 0.1225 0.2471 0.2163 -21.46%
MEKECS 0.3581 0.3177 0.3404 0.2364 0.2015 0.1975 0.2768 0.1152 0.2193 0.2068 -22.03%
Inductive CTC 0.3211 0.3482 0.3327 0.2558 0.2418 0.2626 0.3417 0.1059 0.2511 0.2431 -19.69%
QD-GNN 0.0821 0.0669 0.0683 0.0322 0.0536 0.0018 0.0372 0.0145 OOM OOM -41.50%
COCLEP 0.4044 0.2960 0.1804 0.3094 0.3058 0.4413 0.3066 0.4253 0.3389 0.2696 -13.95%
TransZero-LS 0.1801 0.1583  0.2074 0.5467 0.3906 0.5725 0.4407 0.4292 0.5075 0.4879 -7.52%

TransZero-GS 0.4283 0.3716 0.3755 0.5764 0.4535 0.6018 0.4326 0.4374 0.5113 0.4848 -

Transductive QD-GNN 0.6703 0.8408  0.6247 0.5062 0.4726 0.2205 0.4918 0.6356 OOM OOM +9.81%
COCLEP 0.4020 0.3167 0.3206 0.3685 0.3331 0.5060 0.3763 0.3549 0.4388 0.3270 -9.29%
Hvbrid QD-GNN 0.3852 0.3644 0.5956  0.4789 0.4097 0.0833 0.3902 0.4969 OOM OOM -5.91%
y COCLEP 0.3883 0.3313  0.2938 0.3615 0.3067 0.4388 0.3733 0.4027 0.4693 0.3071 -10.01%

* CST, EquiTruss, MKECS, CTC and TransZero have consistent results under three settings as they are label-free. TransZero with Local Search is denoted as TransZero-LS, and
TransZero with Global Search is denoted as TransZero-GS. OOM indicates out-of-memory. The last column presents the average margin compared to TransZero-GS.
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Figure 6: NMI and JAC results under different settings

Normalized Mutual Information (NMI) [19] and Jaccard similarity
(JAC) [52] aligned with COCLEP [33] for evaluation. We follow the
calculation of F1-score used in [30]. For all the F1-score, NMI and
Jaccard, a higher value indicates a better found community.
Implementation Details: We run TransZero for 100 epoches with
early stopping. The maximum number of hops used in the aug-
mented subgraph sampler is 5. The value of 7 is set as 0.5 for all
datasets. The value of « is set as 0.1 for all datasets. The dropout rate
is set as 0.1. The batch size is set as the number of nodes in the graph
or 4000 if it runs out of memory. The number of attention heads
is 8. We limit our search to a maximum of 50% of the total nodes
and do not exceed 10,000 nodes. The number of transformer layer
is the same with [13]. Global Search is used as the default online
search method for TransZero. The hyper-parameters of QD-GNN
and COCLEP are the same as in their original paper. Experiments
are conducted on a server with Intel(R) Xeon(R) Gold 6342 CPU,
503GB memory and Nvidia RTX 4090 (GPU).

6.3 Effectiveness Evaluation

Exp-1: F1-score results. We first present the F1-score results
across three settings in Table 4. Note that traditional CS meth-
ods and TransZero have consistent results across three settings
as they are label-free, and we solely present their performance in

the inductive setting to avoid redundancy. TransZero with Local
Search (resp. Global Search) is denoted as TransZero-LS (resp. Tran-
sZero-GS). OOM indicates out-of-memory. Among the traditional
methods, both EquiTruss and CTC demonstrate competitive per-
formances, and TransZero-GS outperforms EquiTruss by 21.46%
and surpasses CTC by 19.69%. Among the learning-based models,
the performance of QD-GNN varies significantly across settings.
QD-GNN needs all nodes in the ground-truth communities for
training and thus good at the transductive setting as it can mem-
orize all the communities. However, it is hard to generalize its
performance to settings with unseen communities (i.e., inductive
setting and hybrid setting). In the inductive setting, TransZero-GS
significantly outperforms QD-GNN and COCLEP with an average
F1-score enhancement of 41.50% and 13.95%, respectively. In the
hybrid setting, TransZero-GS exhibits outstanding performance, out-
performing QD-GNN and COCLEP by an average F1-score of 5.91%
and 10.01%, respectively. These results highlight the effectiveness
of TransZero measured by F1-score.

Exp-2: NMI and JAC results under different settings. In this
part, we use the NMI and JAC to measure the learning-based meth-
ods as their high performance demonstrated in Exp-1. The results
are presented in Figure 6. The figure shows that QD-GNN still has
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Figure 8: Hyper-parameter analysis results

the best performance under the transductive setting, and the perfor-
mance is hard to generalize to the inductive setting and the hybrid
setting. In terms of NMI, TransZero-GS outperforms QD-GNN with
an average enhancement of 9.75% and surpasses COCLEP by 5.86%
under the hybrid setting. In terms of JAC, TransZero-GS outper-
forms QD-GNN by an average of 3.27% and surpasses COCLEP by
6.75% under the hybrid setting. These results demonstrate the high
performance of TransZero regarding both NMI and JAC.

6.4 Efficiency Evaluation

Exp-3: Efficiency evaluation. In Figure 7, we report the efficiency
results, including the efficiency of both the training phase and the
search phase. Note that there is no training phase for the traditional
CS methods, and thus we only report their efficiency results of the
search phase. In terms of the training phase, TransZero significantly
outperforms the existing learning-based methods. It achieves an
average speedup of 118.22X and up to 235.83% in dataset CoCS com-
pared to QD-GNN. When compared to COCLEP, TransZero achieves
an average speedup of 122.39X and up to 486.07x in Wisconsin.
Regarding the search phase, TransZero-GS achieves an average
speedup of 26.77x and reaches up to 56.48% in the CoCS dataset
when compared to QD-GNN. When compared to COCLEP, Tran-
sZero achieves an average speedup of 10.02X and up to 20.41X in
Wisconsin. Moreover, TransZero-LS has a better performance on
small datasets. Compared to the traditional CS methods, TransZero-
GS also shows a competitive performance, particularly on large
datasets. The results validate the superior efficiency of TransZero.

6.5 Hyper-parameter Analysis

Exp-4: Varying a. In Figure 8(a), we evaluate TransZero with vary-
ing values of . Note that « is utilized to balance the personalization
loss and the link loss in Equation 7. We set the value equal to 0.01,

0.1,0.3, 0.5, 0.7 and 0.9 respectively. The figure shows that the value
of « has a different impact on different datasets. In Cornell and
DBLP, the performance of TransZero improves with the increase
of a. On the datasets like Reddit and Photo, the performance de-
creases with the increase of a. In general, @ with a value of 0.1 could
effectively balance the two losses and achieve a good performance.
Exp-5: Varying 7. In Figure 8(b), we evaluate TransZero across
various values of 7. 7 is utilized to regulate the granularity of the sub-
graph, as defined in Definition3, with higher 7 resulting in a more
fine-grained subgraph. We consider 7 values of 0.1, 0.3, 0.5, 0.7, and
0.9. The results show that the performance of TransZero experiences
a decrease with the increase of 7 for smaller datasets such as Texas.
Conversely, for datasets like CoCS and Reddit, the performance of
TransZero improves with higher 7 values. In general, 7 with a value
of 0.5 consistently demonstrates excellent performance.

Exp-6: Varying similarity definitions. In this part, we evaluate
TransZero using different similarity definitions. We replace line 4 in
Algorithm 3 with L1-similarity and L2-similarity. The results are in
Figure 8(c). The results show that the performance using different
similarities achieves a close performance. The results validate the
robustness of TransZero to different similarity definitions.

Exp-7: Varying hop numbers. In Figure 8(d), we evaluate Tran-
sZero across varying numbers of hops, which are employed in the
augmented subgraph sampler. We consider the number of hops as 1,
2,3,4,5, and 6, respectively. The results show that 1 hop information
proves sufficient for small graphs such as Wisconsin. Conversely,
for medium and large graphs, a larger number of hops is necessary.
For instance, in the case of Reddit, TransZero achieves optimal per-
formance with 4 hops and 5 hops. In summary, 5 hops are generally
sufficient for TransZero to achieve optimal performance.



Table 5: Ablation study

Models Texas Cornell Wisconsin Cora  Citeseer Photo DBLP  CoCS Physics Reddit | Average +/—
Full model 0.4283  0.3716 0.3755 0.5764 0.4535 0.6018 0.4326 0.4374 0.5113  0.4848 -
w/o .[:p 0.4215  0.3749 0.3773 0.5462  0.4259 0.5716  0.4501 0.3502 0.5183  0.2981 -3.19%
w/o Ly 0.3894  0.3576 0.3579 0.4203 03044 0.6116  0.4087 0.4532  0.3506  0.5076 -5.12%
w/o Conductance Aug 0.4212  0.3692 0.38438 0.4755 0.4019 05935 0.3708 0.3766  0.4738  0.4167 -3.89%
w/o CSGphormer 0.3317  0.2421 0.2169  0.4048 0.2780  0.4473  0.2708 0.3074  0.3435  0.3649 -14.65%
Exp-8: Varying epoch numbers. In Figure 8(e), we present the per- o0 @ ®
formance of TransZero across varying numbers of training epochs ® 0 1%@‘
during the pre-training phase. We consider the number of epochs %’\ (2) ) @ A %
as 25, 50, 100, 150, and 200, respectively. As depicted in the figure, @ Z X 9

the performance exhibits similarity after 50 epochs, suggesting that
the model has reached convergence within the first 50 epochs, and
100 epochs prove to be sufficient for effective model training.
Exp-9: Varying identification strategies. In Figure 8(f), we present
the results of various identification strategies discussed in Section 1.
We compare the fixed number strategy and the fixed threshold strat-
egy. The fixed number is set as 50 and 100, and the fixed threshold
is set as 0.3, 0.5, and 0.7, respectively. The figure indicates that nei-
ther the fixed-number-based strategy nor the fixed-threshold-based
strategy generalizes well across all evaluated datasets. In contrast,
our proposed IESG consistently demonstrates strong performance.
These findings highlight the effectiveness of our proposed IESG.
6.6 Ablation Study and Case Study

Exp-10: Ablation study. In this section, we investigate the ef-
fectiveness of components employed in TransZero, including the
personalized loss £, the link loss £, the conductance-based sub-
graph sampler and the CSGphormer. The results are presented in
Table 5. Regarding the personalization loss, its impact becomes
apparent in scenarios involving medium and large graphs. Espe-
cially, when applied to the Reddit dataset, £ exhibits a remarkable
enhancement in the F1-score, enabling an F1-score increase of 18.67.
In general, it delivers an average F1-score improvement of 3.19%. In
terms of the link loss, it delivers an average F1-score improvement
of 5.12%. For the Physics dataset, it can enhance the F1-score by
16.07%. To evaluate the effectiveness of our proposed conductance-
based augmented subgraph sampler, we replace it with the sampler
in COCLEP [33], the previous state-of-the-art CS model. The results
show that the conductance-based sampler can enhance the F1-score
with an average of 3.89%. Furthermore, to evaluate the effectiveness
of the CSGphormer architecture, we replace it with the Subg-Con
model [31] which is a classical contrast-based self-supervised ap-
proach to pre-train the node representation. The results show that
our CSGphormer significantly improves the F1-score, with an aver-
age improvement of 14.65%. These results collectively demonstrate
the effectiveness of the modules designed in TransZero.

Exp-11: Case study. We conducted a case study utilizing the real-
world Zachary’s karate club network [50]. We use nodes 1, 9 and 19
as query nodes. Both the ground-truth community and the results
obtained from learning-based methods are depicted in Figure 9.
The illustration demonstrates that QD-GNN fails to include some
promising nodes, such as node 0, while incorporating irrelevant
node (node 30 as highlighted in red in the figure). COCLEP, on the
other hand, contains numerous irrelevant nodes. In contrast, the
community identified by our proposed TransZero precisely matches
the ground-truth community.

(B—@

3 W
(c) QD-GNN

@

f 32130
(a) Groun

4

d-truth (b) TransZero

¢ (d)/ COCLEP
Figure 9: Case study with query nodes {1,9,19}
7 RELATED WORK

In this section, we give the related works about CS. Existing meth-
ods for CS can be classified into two categories: traditional CS meth-
ods and learning-based techniques. Traditional CS methods aim to
identify a cohesively connected subgraph within a given graph that
contains specific query nodes and satisfies given constraints. They
model the community by pre-defined cohesive subgraph models
such as k-core [18, 42], k-truss [2, 28] and k-edge connected compo-
nent (k-ECC) [11, 27]. Nevertheless, these approaches encounter a
limitation known as structure inflexibility. Recently, there is a grow-
ing interest towards learning-based CS methods. ICS-GNN [24] pro-
poses a lightweight interactive community search model via graph
neural network. QD-GNN and AQD-GNN are proposed in [30] for
CS and attributed community search in a supervised manner. CO-
CLEP is proposed in [33] for CS in a semi-supervised manner that
only needs a few labels of nodes in the community rather than all
labels of nodes in the ground-truth community. One parallel work
is designed in [25]. Althrough it does not use the ground-truth
community information, it uses the K-core information as labels
for pretraining and predicts the K-core community. Moreover, it
selects top-K nodes as the prediction.

8 CONCLUSION

In this paper, we study the problem of general community search
and propose an efficient and learning-based community search
framework TransZero that runs without using labels. It contains the
offline pre-training phase and the online search phase. In the offline
pre-training phase, we pre-train CSGphormer which is designed
specifically for the task of community search. We compute the
community score without using labels by measuring the similarity
of the learned representations. In the online search phase, we model
the task of community identification as the task of IESG to free the
model from using labels. We prove that the problem of IESG is NP-
hard and APX-hard, and propose two heuristic algorithms including
the Local Search and Global Search to effectively and efficiently
find promising communities. Experiments over 10 public datasets
highlight the effectiveness and efficiency of TransZero.
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