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Abstract

Community detection plays a central role in analyzing complex real-world
networks such as social and collaboration graphs. However, in many practical
scenarios, communities are overlapping, meaning that a node may belong to
multiple groups simultaneously. Recent deep learning approaches, notably Neu-
ral Overlapping Community Detection (NOCD), have addressed this challenge
by combining probabilistic modeling with graph neural networks, while Atten-
tion-based Overlapping Community Detection (AOCD) further improves rep-
resentation learning through graph attention mechanisms. Despite these ad-
vances, existing methods typically rely on a fixed graph topology during train-
ing, which can limit their ability to handle noisy inter-community links in over-
lapping settings. In this work, a community-aware DropEdge framework has
been proposed, built on top of an AOCD-style graph attention encoder. The pro-
posed method adaptively removes edges with low feature coherency, measured
using cosine similarity between normalized node features, while preserving full
context adjacency for evaluation. This design reduces structural noise during
training and strengthens the community-consistent message without changing
the probabilistic purpose of the original model. Experimental results on bench-
mark datasets with overlapping ground truth communities show that the pro-
posed approach consistently outperforms the baseline in all 10 evaluated da-
tasets. On average, this improves retrieval performance by 1.2 NMI points
(about 3.35% relative gain), with the largest improvement reaching 4.2 NMI
points. These findings indicate that community-aware structural regularization
can be effective.
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1- Introduction

Complex networks have become an essential
model of a wide variety of physical world sys-
tems, which include social interactions, citation
graphs, biological networks, and information in-
frastructures [1]. As a natural modeling of such
systems, graph modeling involves displaying en-
tities as vertices and defining relational structure
as an edge [2]. One of the key tasks in graph min-
ing is the identification of communities, or
groups of nodes with dense interrelationships, or
both structural and semantic properties. Com-
munity structure elucidates insights into the or-
ganization, functionality, and dynamical behav-
ior of networks [3], [4]. Moreover, techniques
for generating and identifying communities, es-
pecially weighted ones, have demonstrated effi-
cacy in maintaining the structural characteristics
of the network by ensuring that nodes remain co-
hesive inside the communities [5].

The classical community detection algorithms
are mostly based on the assumption of a strict
graph division where all the vertices are only in
one community. In real life, this assumption of
hard-partition often does not apply. Most real-
life situations also include the possibility of
overlapping communities, and vertices can be
members of more than one community [6]. As an
example, in social networks, an individual can
be a member of a family, career, and hobby
group at the same time. In a collaboration graph,
a researcher can be working on several different
lines of research. These empirical data encour-
age research into Overlapping Community De-
tection (OCD), which aims to approximate
multi-membership designations at the expense
of the muddying effects of structural overlap and
observational stuttering [7].

Recent advances in deep learning on graphs will
have a significant impact on the learning of rep-
resentations of non-Euclidean data. Graph neu-
ral networks (GNNs) produce expressive node
embeddings by pooling information from nearby
nodes, thereby supporting subsequent tasks such
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as node classification, link prediction, and com-
munity detection [8]. Graph convolutional net-
works (GCNs) are a different type of GNNs that
can be used, in which neighborhood aggregation
is done in an equal way [9], [10] i.e., all neigh-
bors have equal weight, and in a graph attention
network (GATs) [11], where the neighbors can
be chosen unevenly based on their relevance.
This heterogeneous neighbor importance ability
of GATs makes them an attractive source of
OCD, especially in graphs with complex local
geometry. One of the most widely used sophisti-
cated frameworks used to identify overlapping
communities is Neural Overlapping Community
Detection (NOCD). NOCD combines generative
models of soft community membership, which
uses Bernoulli-Poisson models with GNN en-
coders and has shown good performance and
scalability to large graphs. However, the tradi-
tional per-NOCD formulation is quite dependent
on GCN-type encoders and standard regulariza-
tion strategies that might be inadequate to poten-
tially entirely utilize attention-based structural
incentives or reduce omnipresent inter-commu-
nity noise in adjacent situations.

However, existing structural regularization ap-
proaches for graph neural networks, including
DropEdge, generally operate in a topology-ag-
nostic manner through uniformly dealing with
edges randomly, and although this method can
alleviate overfitting and oversmoothing, it fails
to account for the relevance of semantic or com-
munity phases [10]. This dilemma is particularly
important in overlapping network identity set-
tings, where inter-community edges often intro-
duce enough structural noise that it can be diffi-
cult to discern important group memberships.
To overcome this difficulty, a more community-
specific edge reduction approach, distinct from
the traditional random edge deletion method, can
be proposed. Unlike standard DropEdge, this
technique relies on conscious, hierarchical or-
ganization by deleting aspects that are condi-
tioned by feature coherence between linked
nodes. Specifically, edges connecting nodes with
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low task similarity are more likely to be deleted,
as they are less indicative of belonging to a
shared community. Linking edges are preferen-
tially preserved. This design enables the release
to curb cluttered communication between
groups and enhance its structure during message
propagation.

Moreover, the method fits tightly within the
AOCD/NOCD-fashion prospective framework,
where a sparsely-done graph is best used at some
stage in school to guide representative learning,
at the same time as assessment ends consistently
in a full graph. They lead to better messaging [9].
As a result, the proposed technique provides a
theoretical and enterprise-unique extension of
DropEdge that is particularly ideal for overlap-
ping community identity on noisy real-world
networks.

This paper revisits NOCD using the GAT en-
coder and the corresponding structurally regular
education graph for covered community identi-
fication. The fundamental concept is to intro-
duce a community-aware DropEdge mechanism
that selectively prunes edges with low attribute
coherence, thereby reducing structural noise and
improving network static messaging. To ensure
honest evaluation with previous AOCD/NOCD-
style studies, all experiments in this work for bi-
nary community missions use the same old con-
stant-threshold protocol with p=0.5.

2-Preliminaries

This section presents the terminology, graphical
representation, and learning elements used in
this study, adhering to the standard framework
for graph neural networks [12], [13] and identi-
fying nested communities [14], [15].

2-1 Graph Notation

Let G=(V, E) represent an undirected graph,
where V constitutes the collection of vertices
and E comprises the set of edges. Denotes a
sparse adjacency matrix graph structure:

A € {0,1}VxN (1)

138

where A;; = 1if (i,j) € Eand A;; = 0 equation
otherwise. In attributed graphs, each node 1 is
linked to a feature vector

XiERd

(2)

The feature matrix is represented by X €
Nodes can be part of more than one community
at the same time, a fundamental feature of many
real-world datasets.

7 € {0,1}VxK (3)

Let Z;;, = 1 represent the ground truth commu-
nity membership matrix, indicating that node i is
a member of community k. The aim of the over-
lapping community detection problem is to com-
pute a soft membership matrix.
7 € RY*K (4)
Consequently, thresholding is used to deter-
mine the final binary membership.

RNXd

2-2 Normalized Adjacency and Self-
Loops

Graph neural networks typically rely on the gen-
eralized adjacency matrix to stabilize message
passing. Given a degree matrix D, the symmetric
generalized adjacency is

N 1 1

A=D 2AD 2 (5)
Following common practice in GNNs[16], Self-
loops are added when needed:

AGD = A 4] (6)

Allowing each node to preserve its own repre-
sentation during aggregation.

2-3 Attention-Based Message Passing

The graph attention encoder has been used
(GAT)[11], where the node representation is up-
dated by computing dynamic, edge-specific at-
tention coefficients. For an input layer with node
embedding H(®, the attention coefficients be-
tween nodes 1 and j are defined as:

e;j = LeakyReLU (ai[WHi(l) I WH]-(D])) (7)
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where A is a learnable weight matrix, a is an at-
tention vector, and || denotes organization. Coet-
ficients are normalized between neighbors:

o exp(eij) (8)
Y Tkewq exp(ew)
The updated representation is then:
gD 5 ay WH® | (9)
JEN (D)

where ¢ is an activation function like ReLU.
Multi-head attention is employed by combining
or averaging multiple parallel attention chan-
nels, improving model stability and expressivity.

2-4 Overlapping NMI (ONMI)

To evaluate the quality of the estimated commu-
nities[ 17], the Overlapping Normalized Mutual
Information (ONMI) has been used, a widely
adopted measure for soft and multi-membership
segmentation.

Given ground truth Zand predicted communities
Z, ONMI computes the mutual information be-
tween overlapping sets and normalizes it to
[0- 1], where:

e ONMI = 1 indicates perfect matching

e Values near 0 indicate no mutual information
between partitions.

Since the predictors Z are continuous, bina-
rization is necessary:
5 1, Zp>t
7. = { ’ e — & 10

710, otherwise, (10)
where 1 is either a fixed threshold (for example,
0.5) or adaptively tuned. In work, a fixed-thresh-
old T = 0.5 has been used.

2-5 Data transformations

To study structural robustness and propose new
contributions, three variable sets were applied to
the graph prior to training:
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a) Self-loop increase

Introduces identity edges to preserve local infor-
mation and stabilize training[ 18].

b) Random DropEdge
Randomly removes a fraction p of edges:
E'={(i,)) € E:u; > p}wy;
~ Uniform(0,1)

acting as a regularize.

(11)

¢) Community-Aware DropEdge (pro-
posed)

Edges between nodes with low feature similarity
are removed more aggressively[19]:

drop __
pij =D (1.5 — sij) (12)
where s;; the normalized cosine similarity be-
tween node features. This change reduces noise
from cross-community edges and increases sep-
aration.

3- Related Work

3-1 Overlapping community detection
Yang and Leskovec presented BIGCLAM, a
scalable method for detecting overlapping com-
munities with non-negative matrix factorization
(NMF), which represents the membership
strength of each node to communities via a non-
negative affiliation matrix [20]. Their principal
empirical discovery is that overlapping areas in
real networks exhibit more density than non-
overlapping areas, prompting a generative
model in which the likelihood of an edge grows
with the quantity of shared communities. This
approach determines node-community associa-
tions by optimizing a likelithood function
through an efficient gradient-based method that
accommodates networks with millions of nodes.
Post-training, community membership is evalu-
ated by assessing the acquired association
strengths. Experimental findings on extensive
social and information networks indicate that
BIGCLAM surpasses conventional overlapping
approaches, including clique percolation and
link clustering, thereby establishing itself as a
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formidable non-neural benchmark for overlap-
ping community detection.

Lee et al. suggest LEMON, a local spectral clus-
tering system that is proposed to identify over-
lapping communities in large-scale networks
based on expanding around a small seed set in-
stead of using the entire graph structure [21].
The algorithm builds a local spectral subspace
based on short random walks that are approxi-
mations of an invariant subspace in the neigh-
borhood of the seeds and then finds communities
by solving a constrained minimization task of
the form of a sparse indicator vector by means of
the (L1)-minimization. LEMON can be de-
scribed as highly accurate: It uses operation-
based sweep cuts as a way of defining the bound-
aries of a community and reseeding strategies to
refine its predictions. Benchmarking LFR syn-
thetic networks and experiments on large real
graphs, such as Amazon, DBLP, YouTube and
Orkut, shows that LEMON performs better than
all baselines, global and local, including Heat
Kernel, Page Rank, OSLOM, Daemon and Link
Communities, and performs better with the size
of the discovered community size, but not with
the size of the entire graph.

Sun et al. come up with OCDID (Overlapping
Community Detection based on Information Dy-
namics) that views community discovery as an
information-propagation process on the graph,
rather than an explicit optimization problem[22].
Each node has a state vector of its association
strengths with the possible communities, and the
resulting community structure is the result of
two mutually dependent mechanisms: infor-
mation accumulation, which sums the signals re-
ceived by the node, and information dissipation,
which smooths out the state of nodes before un-
controlled propagation occurs. The repeated up-
dates bring the nodes to a steady state eventually,
which models the multi-community patterns of
membership. The suggested local and scalable
update rule avoids optimization globally and by-
pass with the overlap communities, after which
a post-processing phase of refining soft member-
ships in crisp overlapping communities through
similarity threshold and hierarchical merging is
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conducted. Empirical analysis of various bench-
mark networks has shown OCDID to perform
competitively and even better than classical al-
gorithms like COPRA, SLPA, and fuzzy modu-
larity, especially in high-overlap density graphs,
highlighting the importance of probabilistic,
deep-learning, and dynamical-systems formula-
tions.

3-2 Graph neural networks for com-

munity detection

Bruna and Lee have proposed one of the earliest
frameworks combining spectral community de-
tection, belief propagation, and graph neural net-
works (GNNs) into a unified learning-based so-
lution [23]. Their model begins by observing
that classical community detection in stochastic
block models (SBMs) relies either on spectral re-
laxation — using operators such as the graph La-
placian or Bethe Hessian — or on probabilistic in-
ference via belief propagation. They show that
these iterative spectral or message-passing pro-
cesses can be unrolled into a deep GNN archi-
tecture, where each layer corresponds to a local-
1zed graph operator followed by nonlinearity and
normalization. This formulation enables GNNs
to explicitly learn the appropriate spectral oper-
ator, even in sparse graphs where traditional La-
placian methods fail. A consequence is that the
trained GNN can attain the information-theo-
retic detection limit of SBM without access to
model parameters and significantly exceed para-
metric or fixed-operator baselines, demonstrat-
ing GNNs as an effective and versatile alterna-
tive to manually designed graph operators in
sparse or noisy networks.

One of the first GNN-based models explicitly
designed to fill the gap in a previously existing
deep-learning literature, which aimed at disjoint
segmentation, was the NOCD [14], proposed by
Schur and Gunnemann and developed specifi-
cally to detect overlapping communities. Their
method combines the representation learning of
GNNs with the Bernoulli-Poisson generative
models in order to learn the soft membership of
the community, and the method is optimized
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end-to-end and has scalable inference on large,
sparse graphs.

The research notes that the GNN architecture of-
fers an inductive bias, which promotes local
smoothness of the association vectors, which is
much more accurate on identification compared
to matrix-factorization, probabilistic baselines
(BigCLAM, CESNA, EPM), and embedding-
based designs (DeepWalk-NEO and
Graph2Gauss-NEO). Extensive experiments on
Facebook ego-networks and real co-authorship
graphs demonstrate that NOCD is always able to
achieve the state of the art NMI scores, and ab-
lation experiments indicate that the omission of
the GNN component has a devastating impact on
performance, illustrating the significance of
graph-organized neural messaging to capture
overlapping community structure.

Sobolewski and Bailey introduce a GNN-in-
spired recurrent optimization algorithm (GNNS)
that models the maximization of modularity as a
continuous quadratic target and optimizes it by
training a neural-style update, rather than a dis-
crete target estimation[24]. Their algorithm up-
dates soft community assignments with each
node taking the weighted information of its
neighbors in the form of modularity, and then by
combining the previous state of the node with
the weighted information via nonlinear activa-
tion and normalization. To avoid poor local op-
tima, GNNS employs multiple random initiali-
zations and parameter perturbations in multiple
stages, selecting high-modularity candidates for
further refinement. Although fundamentally un-
supervised, the algorithm inherits useful proper-
ties from neural architectures — parallelism, iter-
ative message sending, and constant relaxation —
while producing clean separation through dis-
cretization upon convergence. Empirically,
GNNS achieves competitive or better modular-
ity than state-of-the-art optimizers such as
Combo, Louvain, Leiden, and ADVNDS, and its
extension to temporal graphs shows that the
same recurrent architecture can effectively track
community evolution over time.

Recently, Yuan et al. Introduce CDMGJ[25], a
GCN-based framework that detects overlapping
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communities by maximizing Markov stability, a
dynamical parameter that measures how long
random-walk trajectories remain within candi-
date communities. Unlike NOCD, which opti-
mizes first-order similarity and may degrade on
noisy or structurally complex networks, CDMG
uses a two-layer GCN to learn community affil-
iation weights while directly optimizing a dis-
crete Markov-stability objective, leading to
more robust extraction of multi-scale structural
patterns. The method naturally incorporates
node characteristics and scale in large attributed
graphs, outperforming classical algorithms
(CPM, SimNMF, NNSED) and neural baselines
(Node2VEC, LINE, COME, NOCD) in real,
synthetic and attributed datasets. A central in-
sight is the role of Markov time, which controls
the temporal scale of stability; The authors pro-
pose a trichotomy search strategy to estimate the
optimal time, which significantly improves the
accuracy on large networks. Their analysis fur-
ther shows that among multiple GNN architec-
tures, GCN outperforms GAT and GIN for this
task due to uniform aggregation over edges,
which aligns well with the structural nature of
community detection.

Taken together, these works demonstrate how
GNNs and GNN-inspired architectures can en-
code spectral, probabilistic, modularity-based,
and dynamical principles within a unified learn-
ing framework for community detection, and
they also provide the neural baselines against
which the proposed method has been compared.

4- Background and Model Foundation

4-1 Overlapping Community Detection
Let G=(V,E) where N=|V| be an undirected
graph with vertices and an adjacency matrix A €
{0' 1}N><N )
In the case of overlapping community detection,
a node can be a member of one or more commu-
nities, with the strength of each affiliation vary-
ing. This is conventionally modeled through a
non-negative affiliation matrix
F € RY;X

(12)
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where F, . represents the strength of member-
ship of node u to community c. Social and col-
laborative networks are empirical networks, and
thus, the overlapping models are more suitable
than the non-overlapping models.

.4-2 Bernoulli-Poisson Generative

Model

Like the Neural Overlapping Community De-
tection (NOCD) framework [17], a Bernoulli-
Poisson generative model is used to model net-
work connectivity[26], which has been widely
used in scalable overlapping community detec-
tion. In this model, the likelihood of there being
an edge between two nodes, u and v, is the inner
product of the affiliation vectors of the pair, u
and v;

P(Ayy =1) =1 —exp(-FFE,) (13)
This constitutes a good model of overlapping
community structure: node pairs in many com-
munities have greater connection probability,
and yet allow sparse overlap. Besides, the model
enables the building of a controllable likelihood
function that can be tuned over large graphs.

4-3 Neural Overlapping Community
Detection (NOCD)

Neural Overlapping Community Detection
(NOCD)[14], defines the estimation of the affil-
iation matrix F as a representation-learning
problem. Instead of treating a free variable as an
F, NOCD calculates it using a graph neural net-
work encoder:

F: = GNNy (A, X) (14)

where X € RV*P represents the attributes of the
nodes.
Model parameters are acquired by minimizing a
balanced Bernoulli-Poisson negative log-likeli-
hood, wherein positive edges and sampled non-
edges contribute equally to the loss function.
This design facilitates scalable stochastic opti-
mization while maintaining the model's proba-
bilistic interpretability
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4-4 Limitations of Existing Approaches
Regardless of the merits of attention-based en-
coders, both NOCD and Attention-based Over-
lapping Community Detection (AOCD) models
are trained on the basis of a static-graph para-
digm. Edges are all considered equally, irrespec-
tive of whether they are indicative of strong in-
tra-community relationships or weak, noisy in-
ter-community relationships. This weakness, in
particular, is acute in a viable social and collab-
orative network, where the presence of extrane-
ous edges or tenuous relationships or sampling
artifacts can mask true community boundaries
and negatively impact representation learning.

4-5 Motivation for Our Approach

To address this shortcoming, we propose supple-
menting attention-based message passing with a
structured graph that reflects the network's archi-
tecture. Instead of simply randomizing the
graph, a community-sensitive edge projection
has been employed, where the similarity of node
characteristics serves as an indicator of commu-
nity cohesion. This eliminates edges that are un-
likely to represent the real-world community
structure, allowing us to retain useful communi-
cation patterns with greater flexibility and gen-
eralizability. This improvement is directly based
on the AOCD framework and aligns perfectly
with its probabilistic objectives, which form the
basis of the methodology presented in the next
section.

5- Proposed Method

5-1 Overview

Expanding on the AOCD model[7]. The com-
munity-aware DropEdge framework for over-
lapping community detection has been presented
that serves as a structural regularization layer.
Even while AOCD uses attention-based message
forwarding to enhance representation learning, it
trains under the assumption of a fixed graph to-
pology. Without altering the fundamental proba-
bilistic goal, the approach augments the attention
mechanism through community-consistent dy-
namic perturbation of the training graph.
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Removing edges that don't accurately represent
community membership while keeping very in-
formative linkages between communities is the
core notion.

5-2 Model Backbone

The methodology uses the AOCD architecture
as the encoder, wherein node-community affili-
ation strengths are computed thus:

F = ReLU(GAT, (A, X)) (15)
The encoder includes two graph attention layers
with a hidden dimension of 128, with the initial
layer replaced by batch normalization, dropout
regularization, and £, weight decay.
The decoder and loss functions conform to the
Bernoulli—Poisson framework, facilitating direct
comparison with NOCD and AOCD.

5-3 Motivation: Limitations of Uni-
form DropEdge

Regardless of the edges' structural or semantic
relevance, Uniform DropEdge removes them at

(a) Original Graph

random with a fixed probability. In sparse or
noisy networks, this strategy may eliminate crit-
ical intra-community edges, even though it is
successful as a regularization tool in some con-
ditions.

Experimental results show that random
DropEdge frequently causes performance loss or
unstable gains, highlighting the necessity for
structure-aware replacements.

5-4 Community-Aware Edge Dropout

To decrease this limitation, Community-Aware
DropEdge has been developed, a technique for
adaptive edge elimination that utilizes the simi-
larity of node properties to indicate underlying
community cohesion: commence with the origi-
nal graph (Figure 1(a)), calculate feature similar-
ity on the edges (Figure 1(b)), identify the edges
most susceptible to removal (Figure 1(c)), and
then obtain the final sparsified training graph
(Figure 1(d)).

(b} Feature similarity on edges
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Figure 1: Illustration of the proposed community-aware DropEdge

Feature Normalization

The initial step in normalizing node characteris-
tics is¥,

X = normalize(X). (16)

Edge Similarity Estimation

It is necessary to compute the cosine similarity
for every edge (u,v) that is situated inside E.

Sy = X4 Xy (17)
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The similarity scores are min—max normalized
to obtain $,,,, € [0,1].

Adaptive Drop Probability

The definition of an edge-specific dropout rate is
different from a uniform dropout probability,
which is as follows:

Puv = Poase * (1.5 - §uv) (18)

Here,py,.s. Will be the global dropout rate. There-
fore,

e Edges that connect nodes with low similarity
are often eliminated.

e Most of the edges that connect nodes that are
quite similar are kept.

The proposed approach aims to maintain mean-
ingful inter-community connections even as a
reduction of noisy edge margins, thereby in-
creasing the excellence of messaging pass. The
proposed rarefaction mechanism is intended to
complement the ophthalmic mechanism of GAT
instead of replacing it. The community-aware
DropEdge is applied as a structural regulariza-
tion step before messaging that modifies the
community graph using the removal of less in-
formative edges, and then the GAT encoder
learns the attention weight on the size of the
closing community. In this sense, sparsening and
attention perform at distinct levels of the model
and play complementary roles: sparsening re-
duces structural noise, while attention gives im-
portance to the remaining edges.

5-5 Training Strategy

The training methodology corresponds to the
stochastic optimization framework of AOCD.
The model is trained using the perturbed adja-
cency matrix, while the complete original graph
is retained for loss assessment to guarantee un-
biased findings.

The balanced Bernoulli-Poisson negative log-
likelihood has been maximized by mini-batch
edge sampling. The preliminary termination ver-
ification relies on the sustainability of the loss.
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5-6 Community Assignment
The anticipated affiliation matrix F possesses
uniform membership powers.
A fixed threshold of p=0.5 is employed to derive
binary community allocations.

- {1, ifE,.>p,

we |0, otherwise.

This thresholding method expands upon earlier
studies by allowing for direct comparison of re-
trieval performance[7].

(19)

6- Experiments

6-1 Dataset

A collection of graph datasets taken from the
actual world was utilized in tests. Facebook is a
collection of smaller networks that are ego-net-
works[27]. The term "Facebook ego network"
refers to a network of relationships that exists
between the friends of an individual within the
Facebook graph. The selected ego-networks
have anywhere from fifty to eight hundred
nodes.
Chemistry, Computer Science, Medicine, and
Engineering are all co-authorship networks that
were created from the Microsoft Academic

Graph [28]. These four bigger real-world da-
tasets were employed, and they all had reliable
ground truth overlapping community infor-
mation and node properties. Communities are
equivalent to research domains, and the
attributes of nodes are determined by the key-
words that are listed in the articles written by
each author. The results of the tests are shown in
Table 1, which contains statistics for all of the
datasets that were processed.
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Table 1: The Information of the Dataset

Dataset Nodes edges
fb_348 224 3.2k
fb_414 150 1.7k
fb_686 168 1.6k
fb_698 61 270
fb_1684 786 14.0k
fb_1912 747 30.0k
mag_chem 35.4k 157.4k
mag_cs 22.0k 96.8k
mag_eng 14.9k 49.3k
mag_med 63.3k 810.3k

6-2 GAT Configuration (AOCD Back-

bone)

The AOCD setting has been followed, where
the node-community affiliation matrix is calcu-
lated by the graph attention network[14]:

F = ReLU(GATy(A,X)) (20)

And the model parameters are optimized by min-
imizing the balanced negative log-likelihood of
the Bernoulli—Poisson formulation, exactly like
NOCD, but with GCN replaced with GAT.
The remaining network hyperparameters were
kept aligned with the reported values for
AOCD/NOCD. Batch normalization is applied
after the first graph layer, dropout with probabil-
ity 0.5 is used before each layer, and weight de-
cay is applied with regularization power A=102.
The feature matrix X is £2 normalized before the
input.
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number of node number of
attributes Cgorr(l)ll;li-lti?; ?
71 14

16 7

9 14

6 13

15 17

29 46

4.9k 14

7.8k 18

4.8k 16

5.5k 17

6-3 DropEdge-Based Ablation Proto-

col

To evaluate whether edge regularization can im-

prove the AOCD encoder, a set of graph trans-

formations was introduced before training. In all

cases, the distinguish between:

¢ Atrain: the adjacency used inside sending mes-
sages during training, and

e Arun: Reference adjacency is used to calculate
completion probability at evaluation check-
points and for final reporting.

This design follows the "fair comparison" prin-

ciple: the training neighborhood is affected by

change through aggregation, while evaluation is

performed against a consistent target proximity.

ground line.

Baseline: A,.;, = Aqp = A

Self-loop: Self-loops are added by setting the di-

agonal of A to 1, forming A. Then Ag,=A and

A=A . This corresponds to the common nor-

malization step used in GNNs with self-loops.

Random DropEdge: A proportional p of edges

are removed uniformly at random from the A,

(here p=0.1). This transformation is used as a
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regularizer that reduces dependence on a spe-
cific set of edges.

Community-aware DropEdge (proposed):
The proposed community-consistent DropEdge
algorithm calculates the feature consistency
score for each edge (u,v) using the cosine simi-
larity between the features of the calibrated
nodes. It then biases the deletion probabilities so
that edges with less similarity are more likely to
be deleted. Specifically, the base probability p is
modified based on a decreasing function of the
calibrated similarity, allowing edges with low
similarity to be deleted more effectively. The re-
sulting proximity is used as A "train." The ra-
tionale for this is that edges connecting dissimi-
lar nodes are more likely to represent commu-
nity-based or nebulous links that could compro-

mise message aggregation in nested environ-
ments. Additionally, the combined variable (the
community-consistent DropEdge/self-loop plus
randomness) is tested.

6-4 Training

The training process follows AOCD/NOCD
implementation. The Adam optimizer is used.
Every 50 epochs, the absolute training loss is
calculated, and if there is no improvement for the
last 500 iterations or after 5000 epochs, training
stops. In experiments, training is repeated 50
times with different random seeds for each da-
taset and setting, and the results are averaged. To
improve the reproducibility and clarity of the ex-
perimental setup, the primary hyperparameter
settings used in all experiments are summarized
in Table 2.

Table 2: Hyperparameter settings used within the experiments.

Hyperparameter
Weight decay

Learning rate

Number of GAT layers
Number of attention heads
Dropout rate
Maximum epochs
Early stopping patience
Loss evaluation interval
Batch size

DropEdge probability

Community assignment threshold (p)

6-5 Assigning nodes to communities
To compare the detected community partitions

to the ground truth community structure, the es-

timated continuous community affiliation F is

Value
1 x1072
1 x1073

2
2

0.5

5000

500 iterations

Every 50 epochs
20000

0.1

0.5
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transformed into a binary community assign-
ment. Each node u is assigned to a community C
if its affiliation strength F is above a certain
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threshold p. The fixed-threshold protocol with
p=0.5.

7- Results and discussion

7-1 Metrics

Normalized Mutual Information (NMI) is cho-
sen to evaluate partitioning performance due to
its broad meaning and ability to compare two
partitions of different sizes. It is more robust
than metrics such as the Jaccard index and F1
score, and has been adopted in NOCD-style
evaluation.

7-2 Recovery Performance

Table 3 summarizes the recovery of ground
truth communities, measured by NMI (in %),
when node features are used as input, and the re-
sults are averaged over multiple initializations

(report the mean and standard deviation). Base-
line corresponds to AOCD/NOCD-GAT training
without a gain decline. Random DropEdge re-
moves edges uniformly at random, while com-
munity-aware DropEdge removes edges based
on feature similarity. Overall, the proposed com-
munity-aware DropEdge variant improves over
the AOCD-GAT?2 reference on most of the eval-
uated datasets, with particularly noticeable gains
on fb 698, fb 1684, mag cs, and mag med.
These results suggest that adding community-
aware structural regularization can provide a
consistent benefit beyond the original attention-
based AOCD-GAT?2 backbone[7].

Table 3: NMI ground-truth community recovery (%). Node char-
acteristics are input. Average results from 50 initializations. Bold
results are best. DNF signifies memory exhausted.

Dataset ishod GAT2)
fb 348 32.1+£2.8
fb_414 50.4+4.0
fb_686 172+1.3
fb_698 31.6 4.4
fb 1912 357+2.8
fb_1684 299+2.3
mag_chem 429+25
mag_cs 449+3.0
mag_eng 37.1+3.0
mag_med 36.0+2.5

(pub-
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Community-
Random  aware
DropEdge DropEdge
(Ours)
30.7£2.6 322+2.1
50.6 +3.8 51.1+£3.5
171+1.2 177+ 1.1
28.7 +4.5 35.8+4.2
344 £33 36.4+2.6
279 +1.8 31.7 £1.8
427+1.7 435+19
442+33  46.1+£34
36834  384+29
359+£2.6 369+2.0
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Overall, the proposed community-aware
DropEdge variant improves most of the evalu-
ated datasets over the AOCD-GAT?2 reference,
with fb 698, tb 1684, mag cs, and mag med
particularly gaining considerably. These effects
recommend that incorporating network-aware
structural regularization, fully unique interest-
based AOCD-GAT2, may provide a regular ben-
efit beyond the spine. Although the enhance-
ments are modest in some data sets, they are con-
stant in the maximum evaluated parameters and
are performed without increasing model com-
plexity, highlighting the effectiveness of the pro-
posed lightweight structural regularization.

In addition, the impact of segment accuracy on
the basic structural properties of the graph was
analyzed to understand the effect of the proposed
mitigation method. Specifically, the number of
edges has been recorded, graph density, and
clustering coefficient before and after applying
the random DropEdge method and the proposed
DropEdge method that considers community
characteristics to two datasets. These records
help clarify whether the proposed approach pre-
serves adjacent graph structure well over ran-
dom side removal.

Table 4:Structural properties of graphs before and after sparsification

Dataset Method Edges Density Clustering
Coefficient

fb_348 Original 3192 0.124440 0.537088
Random DropEdge 2855 0.111302 0.529125
Community-aware 2895 0.112861 0.530432
DropEdge

fb 414 Original 1693 0.134782 0.632351
Random DropEdge 1517 0.120771 0.620207
Community-aware 1548 0.123239 0.628614
DropEdge

fb_ 686 Original 1656 0.115280 0.527511
Random DropEdge 1486 0.103446 0.519953
Community-aware 1469 0.102262 0.522551
DropEdge

fb_698 Original 270 0.125874 0.677657
Random DropEdge 245 0.114219 0.670033
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Community-aware 246 0.114685 0.674501
DropEdge

fb 1912 Original 30025 0.105486 0.628672
Random DropEdge 26978 0.094781 0.620479
Community-aware 27288 0.095870 0.621462
DropEdge

mag_chem Original 157358 0.000251 0.410019
Random DropEdge 141516 0.000226 0.404704
Community-aware 140591 0.000224 0.405562
DropEdge

mag_cs Original 96750 0.000401 0.339812
Random DropEdge 86981 0.000361 0.335732
Community-aware 859353 0.000357 0.335765
DropEdge

mag_eng Original 49305 0.000443 0.402998
Random DropEdge 44292 0.000398 0.397273
Community-aware 44005 0.000395 0.397888
DropEdge

mag_med Original 810314 0.000405 0.411775
Random DropEdge 729193 0.000364 0.407340
Community-aware 723882 0.000362 0.407652
DropEdge

As is proved in Table 4, each random and mesh-
aware sparseness reduces the size of edges and
general graph density in all datasets, and the pro-
posed community-aware DropEdge generally
keeps slightly better clustering coefficients than
random part removal. This indicates that the pro-
posed approach retains higher local community
structure even by casting much less informative
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edges, which is regulated with the aim of reduc-
ing noisy Internet connections. A challenge of
the suggested method is its dependence on the
informativeness of node properties, while task
similarity is employed for manual partitioning.
The efficacy of the proposed methodology may
diminish in graphs characterized by sensitive
trait-community correlations, noisy node char-
acteristics, or absent attributes.
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7-3 Scalability and Training Behavior

The training process calculates the absolute
loss every 50 epochs and stops early if no im-
provement is seen for 500 iterations, up to a
maximum of 5000 epochs. The protocol is in line
with the AOCD/NOCD training approaches.
Communicatively, the given change will change
the neighborhoods around which GAT will focus
during training. Since the coefficients of atten-
tion are based on the interactions within such
neighborhoods, removing low-similarity edges
has the potential to reduce the effect of cross-
community links, thus resulting in more uniform
coefficients of association before thresholding.
This is in line with the assumption that attention
attaches weight to nodes in a neighborhood,
even as it also proves useful in the event that the
neighborhood is also less noisy.

8-Conclusion

The findings support the fact that the model
can identify overlapping communities, and the
suggested community-aware version of the
DropEdge can increase the retrieval perfor-
mance in the tested datasets. The improvement
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