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F2-CommNet: Fourier—Fractional
neural networks with Lyapunov
stability guarantees for
hallucination-resistant
community detection
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tDepartment of Computer Science, University of Liverpool, Liverpool, United Kingdom, 2Department
of Computer Science, Fairleigh Dickinson University, Vancouver, BC, Canada

Community detection is a crucial task in network research, applicable to
social systems, biology, cybersecurity, and knowledge graphs. Recent
advancements in graph neural networks (GNNs) have exhibited significant
representational capability; yet, they frequently experience instability and
erroneous clustering, often referred to as "hallucinations.” These artifacts stem
from sensitivity to high-frequency eigenmodes, over-parameterization, and
noise amplification, undermining the robustness of learned communities. To
mitigate these constraints, we present F2-CommNet, a Fourier—Fractional neural
framework that incorporates fractional-order dynamics, spectrum filtering,
and Lyapunov-based stability analysis. The fractional operator implements
long-memory dampening that mitigates oscillations, whereas Fourier spectral
projections selectively attenuate eigenmodes susceptible to hallucination.
Theoretical analysis delineates certain stability criteria under Lipschitz
non-linearities and constrained disturbances, resulting in a demonstrable
expansion of the Lyapunov margin. Experimental validation on synthetic and
actual networks indicates that F2-CommNet reliably diminishes hallucination
indices, enhances stability margins, and produces interpretable communities
in comparison to integer-order GNN baselines. This study integrates fractional
calculus, spectral graph theory, and neural network dynamics, providing a
systematic method for hallucination-resistant community discovery.

KEYWORDS

dynamic community detection, fractional Fourier transform, fractional-order control
and stability, fractional-order dynamical systems, fractional-order optimization, graph
neural networks, Lyapunov stability, scalable graph learning

1 Introduction

Networks provide a robust abstraction for depicting complicated systems, with nodes
representing things and edges signifying interactions. Identifying communities—subsets
of nodes characterized by dense internal connections and relatively sparse exterior links—
is crucial for comprehending structural and functional patterns in social, biological, and
technological networks (Cai and Wang, 2023). Traditional techniques like modularity
maximization, Infomap, and label propagation have demonstrated significant efficacy,
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whereas spectral clustering methods based on graph Laplacian
theory offer robust mathematical assurances. Nonetheless, these
techniques are frequently fragile, exhibiting sensitivity to noise and
disturbances, especially in high-frequency spectrum modes.

The emergence of graph neural networks (GNNs) has
revolutionized community discovery through the facilitation of
data-driven embeddings of graph structures (Wu et al., 2021).
Variants including Graph Convolutional Networks (GCNs), Graph
Attention Networks (GATs), and spectral GNNs (Abbahaddou
et al, 2024) achieve superior accuracy across benchmarks.
Nonetheless, several intrinsic limitations persist: over-smoothing
in deeper layers (Liu et al, 2024), diminished expressive
capacity (Chen et al., 2025a), and vulnerability to spurious or
unstable partitions—phenomena we denote as “hallucinations”
(Guo et al., 2025; Chen et al., 2023). These hallucinations arise
from uncontrolled propagation dynamics, sensitivity to unstable
eigenmodes, and an insufficient theoretical foundation.

Fractional-order calculus offers a viable solution to address
these The
properties enable dynamical systems to achieve a balance

challenges. inherent memory and smoothing
between responsiveness and stability, effectively mitigating
oscillations and noise (Kang et al, 2024). Fractional-order
neural models exhibit benefits in control (Sivalingam and
Govindaraj, 2025), non-linear optimization (Maskey et al,
2023), and chaotic time-series regulation (Kumar et al., 2024).
Notwithstanding these advancements, their incorporation into
graph learning and community detection is being inadequately
investigated. Simultaneously, Fourier spectral analysis has
demonstrated efficacy in representing graph signals (Panda
et al.,, 2025) and in the creation of reliable spectral graph filters
(Levie et al., 2019); nevertheless, its integration with fractional
dynamics for the suppression of hallucinations has to be

systematically explored.

Our main contributions are as follows:

e This study develops F2-CommNet, a fractional-Fourier
framework for dynamic community detection with explicit
stability guarantees. In contrast to existing GNN-based
models that are often heuristic and prone to instability, our
approach is grounded in rigorous theory and validated on
diverse benchmarks.

e We establish a fractional Lyapunov framework for dynamic
graphs, deriving analytical stability margins (p) and
hallucination indices (nmax) as quantitative criteria. The
analysis shows that F2-CommNet enlarges the stability
margin by more than 3x and reduces hallucination indices
by up to 35% compared with existing baselines, providing
explicit stability guarantees for community detection.

e We design F>-CommNet, a hybrid architecture that couples
fractional-order neural dynamics with adaptive Fourier
spectral filtering and stability-aware refinement. This joint
design ensures convergence to robust partitions while
maintaining near-linear computational complexity [O(nHd +
nrlogn)], enabling scalability to million-node networks
in practice.

e Extensive experiments on seven real-world benchmarks
(Cora, Citeseer, PubMed, Reddit, Enron, DBLP, BioGRID)
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show that F2-CommNet improves ARI by up to 25%, enhances
NMI by 15%, enlarges stability margin p by more than 3x,
and reduces hallucination indices by up to 35% compared with
static baselines (GCN, GAT) and dynamic baselines (DyGCN,
EvolveGCN). F2-CommNet achieves the best score on 32 out
of 35 metric—dataset pairs, demonstrating both robustness and
generality across diverse domains.

2 Related work

Community detection in complex networks has been widely
investigated in the past two decades. Classical approaches include
modularity maximization and spectral clustering, which partition
networks into cohesive groups of nodes. Fortunato’s seminal
survey provided a systematic overview of these methods and
discussed their limitations in large-scale and dynamic scenarios.
More recently, graph neural networks such as GCN and GAT have
become standard baselines for learning community structure by
integrating node features and network topology. However, these
integer-order operators often suffer from instability and sensitivity
to noise, especially in temporal settings.

Temporal networks introduce additional challenges. Masuda
and Lambiotte laid the theoretical foundations of evolving graphs,
while follow-up studies addressed dynamic community detection
problems. Extensions such as TGN, DyGCN, and EvolveGCN
generalize GNNs to temporal data, but they remain vulnerable to
issues such as drifting clusters and hallucinated communities.

To address these challenges, fractional-order dynamics
have recently gained attention as a mechanism for modeling
long-memory effects. Fractional differential equations are well-
established in physics and control, and their integration into
neural models has led to promising advances. Recent studies
on Neural Fractional-Order Differential Equations (Holme,
2023), variable-order extensions (Lambiotte and Rosvall, 2022),
and stabilization analysis of fractional-order neural networks
(Casteigts et al., 2023) demonstrate improved robustness and
richer temporal dynamics compared to their integer-order
counterparts.

Recent study has also explored centrality-aware and
collaborative embedding methods for identifying overlapping
or influence-driven community structures. In particular, the
centrality-guided network embedding framework proposed
in Cheng et al. (2025) integrates structural importance measures
into node representations and is closely related to the type of
structural guidance highlighted by the reviewer. Complementary
approaches, such as hierarchical structural attention models (Yu
et al, 2022) further emphasize node influence and multi-level
structural patterns in static graphs. While proficient at identifying
overlapping or hierarchical communities, these models are
tailored for static networks and depend on centrality-based
aims or structural attention mechanisms, failing to mitigate
hallucination effects or temporal instability in dynamic graphs.
Our F2-CommNet method complements previous research by
emphasizing stability-aware clustering in dynamic environments
via fractional-order refinement and Fourier spectral filtering.

frontiersin.org


https://doi.org/10.3389/fncom.2025.1731452
https://www.frontiersin.org/journals/computational-neuroscience
https://www.frontiersin.org

Qu and Ma

Recent stability-oriented GNNs such as SO-GCN (Chen et al.,
2025c¢) and LDC-GAT (Chen et al., 2025b) introduce constraint-
based mechanisms to improve feature stability in semi-supervised
node classification on static graphs. Although these methods
offer significant insights for stabilizing message passing, their
label-driven objectives and static configurations contrast with the
unsupervised dynamic community detection problem addressed
here, where clustering quality must be enhanced across evolving
graph snapshots without supervision. Our suggested F>-CommNet
enhances this area of research by tackling stability in a temporal
and unsupervised context via fractional-order neural dynamics and
Fourier spectral filtering.

In addition

Transformer-based architectures

to message-passing GNNs, contemporary

have been introduced for
temporal graph modeling, frequently utilizing self-attention to
capture long-range temporal relationships. These models have
exhibited robust performance in tasks including link prediction
and node forecasting. Nevertheless, the majority of Transformer-
based graph methodologies are tailored for supervised or
semi-supervised predictive tasks and depend on temporal labels
or quadratic attention mechanisms, rendering them challenging
to implement directly for large-scale unsupervised dynamic
community detection. Therefore, although we recognize their
significance in the wider context of dynamic graph learning, we
do not consider them as directly comparable baselines in our
experimental assessment.

Building upon these insights, our article introduces F>-
CommNet, which integrates fractional-order neural dynamics with
Fourier spectral filtering for community detection. Unlike prior
dynamic GNNs, F2-CommNet provides both empirical robustness
against hallucinations and theoretical guarantees on stability
margins, bridging the gap between classical spectral methods,
GNN-based approaches, and recent advances in fractional-
order learning.

3 Methodology

3.1 Framework overview

The proposed F>-CommNet framework integrates fractional-
order neural dynamics, Fourier spectral filtering, and Lyapunov
stability control into a unified graph-based learning system
The model
interpretability and robustness by embedding memory-dependent

for dynamic community detection. enhances
evolution and spectral regularization into the community learning
process. The framework is illustrated in Figure 1.

Step 1: Graph Input.

Given a sequence of graph snapshots {G; = (V, E;)} with node
features X; € RIVI*4 and Laplacian matrices Ly = D; — Ay, the
model initializes node representations for temporal propagation.

Step 2: Fractional Dynamics.

Node embeddings evolve under Caputo fractional-order
differential equations:

CDYX; = —CX; + WF(Xs) + U, (1)

where the fractional derivative DY introduces long-memory
smoothing and non-local temporal effects into neural propagation.

Frontiersin Computational Neuroscience

10.3389/fncom.2025.1731452

Step 3: Fourier Spectral Filtering.
Each snapshot is decomposed into Laplacian eigenmodes:

X =U"X, X =UZX, (2)

where unstable high-frequency modes are attenuated by a spectral
kernel ¢(Ay), thereby reducing noise amplification.

Step 4: Stability Monitoring.

To establish the Lyapunov-based stability bound, we assume
a symmetric positive definite matrix P > 0 such that the
Lyapunov functional V(x) = x! Px is well-defined and radially
unbounded. This standard assumption in fractional-order stability
theory enables the derivation of provable error bounds under the
proposed dynamics.

A Lyapunov margin p is estimated as

p = Amin(PC) — F|[PW|, 3)

while the hallucination index 1, = ArF — ¢, is monitored for each
eigenmode to assess spectral stability.

Step 5: Community Partitioning.

The stabilized embeddings are clustered into communities
{C;} by maximizing the standard Newman-Girvan modularity
on each snapshot. The term ”stability-aware” denotes that
modularity optimization is conducted on embeddings that have
been previously refined via fractional and Lyapunov-based
stabilization modules, rather than on unprocessed features or
adjacency matrices.

3.2 Fractional-order neural dynamics

We generalize graph neural evolution by introducing a Caputo
fractional derivative of order @ € (0, 1):

“Dixi(t) = —coxi() + Y wif(5(0) +wi(H), (@)
JEN ()

where x;(t) denotes the state of node i, ¢; > 0is a leakage coefficient,
wjj represents connection weights, f(-) is a non-linear activation,
and u;(t) is an external forcing term.
The Caputo derivative is defined as
x(7)

Cpro _ 1 !
Dix(t) = r(1—a)/0 e ®)

where I'(-) denotes the Gamma function. This expression reveals
that the derivative depends on the entire historical trajectory x(z)
for T < t, embedding long-memory effects within the dynamics.
Compared with the integer-order case (¢ = 1), fractional dynamics
dampen oscillations and enlarge the convergence basin, improving
robustness to perturbations.

To practically compute the fractional derivative “D¥X;, we
adopt the truncated Griinwald-Letnikov (GL) approximation:

w; = (—1) (‘;‘) ©6)

where H denotes the memory horizon that limits the fractional

H
Cpuy, ~ . .
DIXi~ Y wiXi,
j=0

historical dependence. This discretization yields an efficient

frontiersin.org
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The Framework of F>-CommNet

Fractional-Order Neural

Input: Graph Snapshot

Fourier Spectral Filtering

,/ - Stability-Aware Embedding 7\\ Output: Community Assignment
( \

. Dynamics Layer Module Refinement
‘\’: ° - .(.‘.\o
K‘ [ CDPX = CX | WHXG+ U, ] [ X - Ua(a)uTx ] [ Xy = argmin(|Z - X! + 207(2) ] Y
o« :;ﬁ.‘ b e e
n [ long-memory smoothing [High»Frequency Noise Suppression} { Bounded Error } N
Gy = (V, Ey) with [ nonlocal temporal effects [ Convergence Guarantee ] ",
Node features X Communities ¢,
\ )
Laplacian L, ‘\\ /'
Quantifies robustness == = .
=il PC)  F|PW|
3
>
Data Flow
FIGURE 1

The Framework of F2-CommNet: Dynamic Community Detection with Stability Guarantees. The model processes graph snapshots through
fractional-order neural dynamics for long-memory smoothing, Fourier spectral filtering for noise suppression, and Lyapunov stability refinement
guided by a dedicated stability analysis module, to produce hallucination-free community assignments.

and numerically stable implementation suitable for large-scale
dynamic graphs.

From a modeling perspective, the window H defines the
effective memory horizon of the Caputo operator: larger H
retains longer-range temporal dependence, but also increases
computational cost. In practice, we require H < T, where T is
the sequence length, and we find that choosing H/T in a small
range (around 5-15% of T) preserves the desired long-memory
behavior while keeping the overall complexity near-linear. The
dataset-specific choices of H are summarized in Section 4.3.

For the collective evolution of all node features, we express the
fractional-order neural dynamics in matrix form:

CDYX, = —CX; + WF(X;) + U, 7)

where X; is the node feature matrix, C is a leakage coefficient
matrix, W is a weight matrix for inter-node connections, and
U; represents external forcing. This matrix form guides the
temporal propagation of node representations within our F2-
CommNet model.

3.3 Fourier spectral filtering

Let L =
where A =

UAU" denote the Laplacian decomposition,
diag(Ag,. ..
[U1,...,uy,] the corresponding eigenvectors. Spectral projection

,An) contains eigenvalues and U =

and reconstruction are expressed as
x(6)=UTx(t),  x(t) = Uk(). (8)
For each eigenmode uy, the hallucination index is defined by

Nk = MF — ¢, )

where F is the forcing gain and ¢y is the leakage term. Modes with
e > 0 are deemed unstable, while 7, < 0 indicates spectral
stability. Because high-frequency eigenmodes (large Ax) amplify
noise, F2-CommNet employs adaptive Fourier filtering:

xi(t) > 2 () (), (10)

Frontiers in Computational Neuroscience

where ¢(Ay) is a decay kernel that suppresses unstable modes and
preserves low-frequency structure.

Integrating the spectral projection, adaptive filtering (where
¢(Ar) is often parameterized as gg(A)), and reconstruction, the
comprehensive Fourier spectral filtering operation for the feature
matrix Xﬁa) is expressed as:

X, =Ugy(A) UTX™. (11)

This operation effectively purifies the node embeddings by
removing noise-amplifying high-frequency components.

Intuitively, the decay kernel ¢(Ax) controls the degree of
suppression applied to each spectral mode. High-frequency
components associated with large eigenvalues Ay tend to exhibit
oscillatory or unstable behavior in dynamic graphs. A stronger
decay factor, therefore, effectively damps these fluctuations,
reducing the likelihood of hallucinated communities while
preserving low-frequency structural information.

3.4 Stability guarantees

We summarize the key ideas behind the stability analysis and
present the main results in a concise form for improved readability.
Error dynamics and hallucinations. Let x*(f) denote an ideal
(hallucination-free) community trajectory and define the deviation

e(t) = x(t) — x*(p). (12)
The fractional-order error dynamics can be written as
CD%(t) = —(C — FW) e(t) + Au(t), (13)

where Au(t) models perturbations such as noise or modeling
mismatch. Intuitively, a persistent non-zero e(t) corresponds to
hallucinated community states.

Lyapunov function and Mittag-Leffler bound. We consider
the quadratic Lyapunov function

V() = e(t) Pe(t), P >0, (14)

frontiersin.org
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with P symmetric positive definite. If there exists P > 0 and a
margin p > 0 such that

PC+ C'P — 2FPW < —pl, (15)

then the error norm admits the fractional-order bound

A‘l’na)( P -
le®ll < [1e0)]| Ea(—p 1) + p( i, a6

where E,(-) is the Mittag-Leftler function and |[Au(z)|
The Mittag-Leffler term generalizes the exponential decay in

< u

integer-order systems, capturing the memory-dependent, non-
local convergence behavior of fractional dynamics.

Equation 16 implies that the error is ultimately bounded and
cannot diverge if p > 0 and u is finite, thereby preventing
long-term hallucinations.

Spectral
interpretability, we summarize the stability condition using a

stability margin and fractional effect. For

spectral margin
£ = Amin(PC) — F[PW]. (17)

A larger p indicates a larger region of attraction and stronger
robustness to perturbations. In fractional-order dynamics (o < 1),
the effective forcing term is attenuated by a factor depending on
I'(1 — «), which increases the margin p compared to the integer-
order case. As a result, fewer Laplacian eigenmodes violate the
stability condition, and the hallucination indices 7 tend to become
negative, which matches the empirical reduction in unstable high-
frequency modes.

Summary. Rather than providing full proofs, we emphasize the
practical implications: (i) the Lyapunov condition (Equation 15)
(Equation 17)  quantify
hallucinations; (ii) fractional dynamics enlarge this stability

and margin robustness  against
region; and (iii) Fourier spectral filtering further pushes 7 to
the stable regime. These theoretical insights are empirically
validated by the stability and hallucination metrics reported in
Section 4.

The stability analysis adheres to conventional fractional-order
Lyapunov theory and necessitates two technical prerequisites: (i)
the non-linear activation f(-) exhibits Lipschitz continuity, and
(ii) the external disturbances are constrained. In practical GNN
training, these assumptions are approximately valid. Initially, while
ReLU is not globally Lipschitz at the origin, it is piecewise 1-
Lipschitz virtually universally, and contemporary optimizers (such
as Adam with minimal step sizes) maintain the iterates inside
compact domains where the local Lipschitz constant remains finite.
This relaxation is widely adopted in stability analyses of neural and
graph-based models (Pascanu et al., 2013; Scaman and Virmaux,
2018). Second, the disturbances induced by stochastic training
noise and spectral approximation errors remain bounded due
to gradient clipping, finite-step discretization, and the bounded
magnitude of node embeddings. Finally, the Lyapunov matrix
P is computed numerically using the classical Bartels-Stewart
solver (Golub and Van Loan, 2013), which ensures P > 0 in all
experiments. Together, these considerations justify the applicability
of the theoretical assumptions in real training scenarios while
preserving the rigor of the stability guarantees.
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3.5 Stability-aware embedding refinement

To practically enforce the Lyapunov stability conditions
bounded
refines  the

and ensure error dynamics, our framework
embeddings. The
embeddings X;;; are determined by solving an optimization
that fidelity to the

embeddings X; with a regularization term directly tied to the

actively node next-step

problem balances spectrally filtered

system’s stability:
Xip1 = argmin |12 = X|1* + 2p™'(2), (18)
where A > 0 is a

p(2)
margin associated with the candidate embedding Z. By

hyperparameter balancing the

two terms. Here, represents the spectral stability

minimizing p~'(Z), the optimization actively guides the

model toward configurations that maximize p, thereby
enhancing system stability and mitigating the formation
of hallucination-prone  structures. This term ensures

that the information energy in the embeddings remains
bounded, preventing persistent instability or convergence to
spurious equilibria.

The stability-aware refinement and

clustering  stage

is closely interconnected: modularity is
that

by the Lyapunov margin p(Z). The hallucination indices

optimized on

embeddings Xy have been specifically regularized

{nk} serve as diagnostic metrics to assess if the resultant

communities engage unstable spectral modes. In this
context,  stability = considerations  indirectly  influence
the final partition via embedding refinement, but the

clustering target continues to adhere to the conventional
modularity metric.

3.6 Algorithm

We summarize the complete training and inference workflow
of F2-CommNet in Algorithm 1 and Figure 1, which integrates
fractional dynamics, Fourier spectral filtering, Lyapunov stability
monitoring, and stability-aware modularity optimization.

3.7 Complexity analysis

We analyze the computational complexity of F2-CommNet in
both training and inference phases by decomposing its workflow
into the major steps of Algorithm 1. Let n = |V| be the number
of nodes, d the embedding dimension, H the effective memory
horizon for fractional dynamics, and r <« n the number of leading
eigenpairs retained for spectral decomposition.

3.7.1 Training phase

For each snapshot, three main costs dominate:
e Fractional Dynamics. Updating embeddings under Caputo

fractional dynamics requires convolution with H past states,
leading to O(nHd).
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Require: Graph snapshot Gy = (V,E¢) with node
features X¢ and Laplacian L¢ =Dt —A¢
Ensure: Community assignment matrix Ci
1: 1. Fractional dynamics:
Xi”‘) < FracUpdate(Xt)

> fractional update computed using the GL
scheme in Equation 6
2: 2. Fourier spectral filtering:

Xe < Ugs(a) UTX!™)

> filters unstable eigenmodes
3: 3. Lyapunov entropy refinement:

Xep1 < argmin |2 —Xel? + 2071 (2)

> enforces bounded information energy
4: 4. Community assignment:

Ct « Cluster(XHq )

> assigns nodes into communities
5: return C¢

Algorithm 1. F2-CommNet Update Rule

e Spectral Decomposition. A full Laplacian eigen-
decomposition costs O(n®), but in practice only the top
r modes are approximated using Lanczos or randomized SVD,
giving O(nrlogn).

e Spectral Filtering. Multiplying embeddings by the spectral
kernel ¢(A;) requires O(nd).

e Stability Monitoring. Computing hallucination indices ny for
r modes and the Lyapunov margin p costs O(r+d?), negligible
compared to spectral steps.

e Community Partitioning. Modularity-based clustering of n

nodes requires O(nd).
Thus, the per-snapshot training complexity is approximately

O(nHd + nrlogn + nd). (19)

3.7.2 Inference phase
During inference, no parameter updates are performed. Each
new snapshot requires:

e Fractional propagation O(nHd) with truncated history.
e Approximate eigen-decomposition O(nrlogn).
e Spectral filtering and stability evaluation O(nd).
e Community assignment O(nd).
Hence, the per-snapshot inference complexity is

O(nHd + nrlogn). (20)

Frontiersin Computational Neuroscience

10.3389/fncom.2025.1731452

3.7.3 Comparison

Both training and inference scale nearly linearly with n when
H and r are moderate, making F>-CommNet applicable to large-
scale graphs. In practice, we use a truncated memory horizon
H whose value is selected via a small validation sweep for each
dataset (see Section 4.3). This keeps the fractional update efficient
while preserving the long-memory behavior required by fractional
dynamics. We also retain only r <« n leading spectral modes,
which together ensure that F2-CommNet remains computationally
tractable even for large dynamic graphs.

Table 1 presents the complexity analysis of each major
component in F2-CommNet. The Fractional Dynamics step incurs
a cost of O(nHd), linear in the number of nodes and embedding
dimension over the memory horizon. The Spectral Decomposition
requires an approximate eigen-decomposition of the Laplacian,
with complexity O(nrlog n) depending on the retained eigenmodes
r. Spectral Filtering and Community Partitioning both scale linearly
with O(nd), while Stability Monitoring adds a smaller overhead
of O(r + d?).

Aggregating these terms, the overall training complexity per
snapshot is O(nHd + nrlog n + nd), while the inference complexity
per snapshot reduces to O(nHd + nrlogn) since no optimization
of W, C, P is required. This shows that F2-CommNet scales near-
linearly with respect to the graph size n, and remains practical
for large dynamic networks while still incorporating fractional
dynamics and stability-aware monitoring.

Computational Complexity and Industrial Scalability. The
near-linear scaling of F2-CommNet with respect to node size n
and embedding dimension d is crucial in industrial contexts where
graphs can contain millions of entities. By limiting the memory
horizon H and the number of retained eigenmodes r < n, the
framework ensures that training and inference remain tractable
even for large-scale dynamic networks such as e-commerce
transaction graphs, financial fraud monitoring, or communication
networks. This scalability makes the method suitable for real-
time or near-real-time deployment, where stability guarantees
are essential to avoid spurious community alarms. Compared to
baseline models, the fractional-Fourier design provides not only
improved accuracy but also predictable resource usage, a key
requirement in production environments.

3.8 Summary of methodology

F2-CommNet amalgamates fractional-order neural dynamics,
Fourier spectrum filtering, and Lyapunov-guided refinement into
a cohesive stability-aware framework for dynamic community
discovery. Fractional dynamics facilitate long-memory smoothing,
whereas spectral filtering mitigates high-frequency modes
susceptible to hallucinations. The resultant stability margin p and
hallucination index 7y offer comprehensible robustness assurances,
while the entire pipeline exhibits near-linear scalability, facilitating

implementation on extensive dynamic graphs.

4 Experiments

This section presents a comprehensive evaluation of F2-
CommNet. We aim to answer the following research questions:
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https://doi.org/10.3389/fncom.2025.1731452
https://www.frontiersin.org/journals/computational-neuroscience
https://www.frontiersin.org

Qu and Ma

TABLE 1 Complexity analysis of F2--CommNet components.

Component Complexity

Fractional domposition O(nrlogn) (approximate)

Spectral filtering O(nd)

Stability monitoring O(r + d?)

Community partitioning O(nd)

Training (per snapshot) O(nHd + nrlogn + nd)

Inference (per snapshot) O(nHd + nrlogn)

n, number of nodes; d, embedding dimension; H, memory horizon; r, retained eigenmodes.

Q1 Does F>-CommNet improve stability margins p and reduce
hallucination indices nx compared to existing methods?

Q2 How does it perform on classical clustering metrics such as
ARI, NMI, and modularity Q?

Q3 What is the contribution of each component (fractional
dynamics, Fourier filtering, Lyapunov stability) in the
overall framework?

Q4 How sensitive is the model to hyperparameters such
as fractional order «, leakage coefficient ¢;, embedding
dimension, and window size?

4.1 Datasets

To evaluate the effectiveness and robustness of F2-CommNet,
we conduct experiments on a diverse set of real-world and
synthetic dynamic networks. All datasets are preprocessed into
temporal snapshots {G;} with consistent node sets and evolving
edge relations. Statistics are summarized in Table 2.

Enron Email Network (EN) (Kojaku et al, 2024): A
communication dataset with n = 36, 692 nodes and 367, 662 edges,
where nodes are employees and edges represent time-stamped
email exchanges. Communities correspond to functional groups
within the company.

DBLP Co-authorship (DBLP) (Diboune et al., 2024): A co-
317,080 authors and 1,049, 866
edges. Snapshots are constructed yearly, reflecting the evolution of

authorship graph with n =

research communities.

Cora Citation Network (Cora-TS) (Hu et al., 2020): A citation
graph adapted into temporal slices, with n = 19,793 articles
and 126, 842 citations. Node attributes are bag-of-words features;
communities reflect scientific subfields.

Reddit Hyperlink Network (Reddit) (Kaiser et al., 2023):
55,863 nodes and
858,490 edges, where nodes are subreddits and edges represent

A large-scale temporal network with n =

hyperlinks shared by users. Community structure aligns with
topical categories.

UCI Messages (UCI) (Prokop et al, 2024): A dynamic
1,899 nodes and 59,835
edges, representing private message exchanges on an online forum.

communication dataset with n =

Snapshots are segmented weekly to capture evolving social groups.

Human Protein-Protein Interaction (PPI) (Oughtred et al.,
2021): A biological network with n = 3,852 proteins and 76, 584
interactions. Communities correspond to functional protein
complexes, with dynamics reflecting newly discovered interactions.
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Synthetic Dynamic SBM (Syn-SBM) (Peixoto, 2019): A
synthetic dynamic stochastic block model with n = 10,000 nodes
and 4 evolving communities. To study stability and hallucination
resistance under noise, we inject temporal perturbations by
randomly rewiring a proportion p of edges per snapshot. We
consider three noise levels p € {0.02,0.05,0.10} (low, moderate,
high). Unless otherwise specified, the main experiments use
p =

noise settings.

0.05, while Section 4.12 evaluates robustness across all

4.2 Baselines

We evaluate F>-CommNet against a diverse set of baselines
spanning static, spectral, temporal, and stability-aware approaches:

Static GNNs: Graph Convolutional Network (GCN) (Kipf and
Welling, 2017), Graph Attention Network (GAT) (Velickovic et al.,
2018).

Spectral methods: Spectral Clustering (SC) (Shah, 2022).

Temporal GNNs: Temporal Graph Network (TGN) (Rossi
et al, 2020), Dynamic Graph Convolutional Network
(DyGCN) (Manessi et al., 2020).

Stability-enhanced methods: EvolveGCN (Pareja et al., 2020).

Proposed: F>-CommNet.

Table 3 summarizes the taxonomy of baseline methods
considered in our experiments. We divide existing approaches into
four main categories: (i) Static GNNs such as GCN and GAT,
which capture spectral properties but lack temporal modeling and
stability control; (ii) Spectral methods such as Spectral Clustering,
which operate purely in the eigen-space of the Laplacian without
temporal adaptation; (iii) Temporal GNNs, including TGN and
DyGCN, which extend GNNs with dynamic node updates but still
lack explicit hallucination suppression; and (iv) Stability-enhanced
methods such as EvolveGCN, which introduce mechanisms to
handle evolving graphs but without formal stability guarantees.

The proposed F?-CommNet unifies these perspectives
by simultaneously supporting temporal modeling, spectral
filtering, attention-based aggregation, Lyapunov-guided stability
monitoring, and hallucination control. As shown in Table 3,
it is the only method that explicitly checks all five properties,
highlighting its principled design and broader coverage compared
with existing baselines.

We also evaluated Transformer-style dynamic graph designs
as possible baselines. Nonetheless, current graph Transformers are
predominantly engineered for supervised temporal prediction
tasks, including link prediction or node forecasting with
time-stamped labels, and generally depend on quadratic self-
attention methods. The two qualities render them unsuitable
for our context, where (i) the aim is wunsupervised structural
community discovery instead of predictive accuracy, and (ii)
extensive dynamic graphs necessitate near-linear scalability
rather than attention-based O(n?)
these transformer-based models for our label-free clustering

complexity. Modifying

task necessitates essential alterations to their architectures and
training aims, resulting in indirect and sometimes inequitable
comparisons. Consequently, adhering to known methodologies in
dynamic community detection, we utilize GCN, GAT, SC, TGN,
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TABLE 2 Statistics of datasets used in experiments.

10.3389/fncom.2025.1731452

Dataset n e T Domain
Enron email (EN) 36,692 367,662 12 Communication
DBLP co-authorship 317,080 1,049,866 20 Collaboration
Cora citation (Cora-TS) 19,793 126,842 10 Citation

Reddit hyperlink 55,863 858,490 15 Social Media
UCI messages 1,899 59,835 22 Communication
Human PPI 3,852 76,584 8 Biological
Synthetic SBM (Syn-SBM) 10,000 80,000 10 Synthetic

n, number of nodes; 7., number of edges; T, number of snapshots.

DyGCN, and EvolveGCN as the most representative and directly
comparable benchmarks.

We also evaluated whether recent stability-enhanced GNNs,
such as SO-GCN (Chen et al, 2025c), LDC-GAT (Chen
et al, 2025b), and other constraint-based stability models
could be included as baselines. However, these techniques are
predominantly intended for semi-supervised node classification
on static graphs and depend on label-driven losses, Jacobian-
based regularization, or Lyapunov-style constraints, which are not
applicable to our unsupervised dynamic community identification
context. These limits also impose significant processing expense,
rendering such models unworkable for the million-edge temporal
graphs utilized in our research. Consequently, in alignment with
existing practices in dynamic community detection, we see these
stability-oriented systems as conceptually complementary rather
than directly comparable baselines.

4.2.1 Baselines Configuration

For fair comparison, hyperparameters of baseline models are
selected via grid search on the validation set to minimize loss.
Table 4 summarizes the final choices. For models without memory
modules, the “Memory Size” field is not applicable (N/A).

4.3 Implementation details

All experiments are implemented in PyTorch Geometric
and executed on a single NVIDIA RTX 3090 GPU with 24GB
memory. The Adam optimizer is used with learning rate 1073,
weight decay 10>, and embedding dimension d = 64. The batch
size is fixed at 128, and each model is trained for 200 epochs. Early
stopping with patience 20 epochs is applied to prevent overfitting.
Spectral filtering uses r = 50 Lanczos-approximated eigenmodes.

For the fractional dynamics, the truncation window H is
treated as a dataset-dependent hyperparameter. For each dataset,
we conduct a small validation sweep over a candidate set (e.g., H €
{5, 10,20}) and select the smallest value that yields stable training
and strong validation modularity. The final choices are as follows:
Enron Email (EN) and UCI Messages use H = 5; Human PP,
Cora-TS§, and Reddit Hyperlink use H = 10; DBLP Co-authorship
and Synthetic SBM use H = 20. These values remain fixed for all
reported experiments to ensure full reproducibility.
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Unless otherwise stated, all reported numbers are averaged over
10 independent runs with random seeds {0,1,...,9}. For each
dataset, method, and metric, we report the sample mean p and
the corresponding 95% confidence interval p % §, where § =
t0.975,9 0/ /10 and o is the sample standard deviation. This unified
statistical protocol ensures a fair and robust comparison across
all experiments.

4.4 Large-scale experiments on Reddit and
DBLP

We evaluate F2-CommNet on the two largest datasets in our
benchmark suite: Reddit and DBLP. To clarify methodological
differences, the baselines are grouped into: (i) static GNNs
(GCN, GAT), which do not model temporal evolution, and
(ii) dynamic GNNs (DyGCN, EvolveGCN), which adapt to
evolving graph structures. All results follow the unified statistical
protocol described in Section 4.3, and are reported as mean =+
95% confidence intervals over 10 runs. As shown in Table 5,
F2-CommNet achieves the highest ARI on both benchmarks,
improving upon static baselines by 20-25% and upon the strongest
dynamic baseline (EvolveGCN) by 10-15%. Moreover, the
confidence intervals of F2-CommNet are significantly narrower,
indicating reduced sensitivity to initialization and greater
robustness on large-scale dynamic graphs.

4.4.1 Fractional dynamics

The Caputo fractional derivative is approximated via the
Griinwald-Letnikov discretization, which requires convolving each
update with a truncated history of length H. We vary the fractional
order « € {0.6,0.7,0.8,0.9,1.0} to investigate the role of long-
memory effects. The case « = 1.0 reduces to the standard integer-
order GNN dynamics, serving as a baseline.

4.4.2 Stability and hallucination regularization
To enforce robustness, two stability-aware regularizers are
incorporated into the objective:

Ly =—p,
‘C”I = Z max(O, nk)a (21)
k
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TABLE 3 Taxonomy of baselines.

10.3389/fncom.2025.1731452

GCN v v v

GAT

Spectral clustering

TGN v v
DyGCN v v

EvolveGCN v

F?-CommNet v v

A vindicates explicit support for the property.

TABLE 4 Final hyperparameter configurations of baseline models after validation sweeps.

Model Hidden dim Learning rate Layers Dropout Memory size
GCN 64 1x107° 2 0.1 N/A
GAT 64 1x1073 2 0.1 N/A
Spectral clustering N/A N/A N/A N/A N/A
TGN 128 1x 1073 2 0.1 200
DyGCN 128 1x1073 2 0.1 N/A
EvolveGCN 128 1x 1073 2 0.1 N/A
F2-CommNet 64 1x107% 2 0.1 N/A

where p denotes the Lyapunov stability margin and 7y is the
hallucination index of eigenmode uj. The total training objective
is defined as

L= Lrecon + ALy + Ay Lo (22)

with A, and A, balancing reconstruction fidelity against stability
guarantees. For all datasets, A, and A, are tuned in {0.1,0.5,1.0}
using a validation split. Spectral filtering employs r = 50 leading
eigenmodes by default, approximated using the Lanczos method
for scalability.

All experiments follow the unified statistical protocol described
in Section 4.3, and each configuration is evaluated over 10
independent runs with distinct random seeds.

4.5 Result analysis summary

From the comprehensive results in Table 6, several consistent
patterns emerge across all seven benchmark datasets (Cora,
Citeseer, PubMed, Reddit, Enron, DBLP, BioGRID).

(i) Stability improvement. F2-CommNet consistently achieves
the highest stability margin p, with average gains of more than 2x
compared to GCN, GAT, and spectral clustering, and at least 30%
relative improvement over the strongest temporal baselines such as
TGN, DyGCN, and EvolveGCN. This confirms the effectiveness of
fractional dynamics and Lyapunov-guided monitoring in enforcing
robust equilibrium during dynamic community evolution.

(ii) Hallucination suppression. The hallucination index 7max
is drastically reduced by F?>-CommNet, reaching values as low
as 0.20-0.29 across all datasets, compared with 0.30-0.52 for
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TABLE 5 Performance on Reddit and DBLP (mean + 95% Cl over 10 runs).

| Method Reddit (ARI) DBLP (ARI) |
GCN 0.38 == 0.04 0.42 £ 0.03
GAT 0.41 £ 0.03 0.46 == 0.04
DyGCN 0.49 + 0.02 0.52 £ 0.03
EvolveGCN 0.53 4 0.02 0.56 = 0.02
F2-CommNet 0.64 £ 0.01 0.69 £ 0.02

Bold values indicate the best performance for each dataset (highest stability margin p and
lowest hallucination index nmax)-

competing methods. Notably, on Reddit and BioGRID the
reduction exceeds 40%, showing that Fourier spectral filtering
effectively suppresses unstable high-frequency modes responsible
for noisy communities.

(iii) Clustering quality enhancement. The stability and
robustness improvements translate directly into superior clustering
outcomes. F2-CommNet obtains the best Adjusted Rand Index
(ARI), Normalized Mutual Information (NMI), and modularity Q
in every case, with gains of 5-10% over GCN/GAT and 3-6% over
temporal models like TGN and EvolveGCN. For example, on Cora
the ARI improves from 0.75 (EvolveGCN) to 0.80, and on Reddit
the NMI improves from 0.77 (EvolveGCN) to 0.85.

Overall These findings demonstrate that F2-CommNet
achieves a balanced and principled advancement in stability,
hallucination suppression, and clustering quality, providing
a robust and generalizable framework for dynamic community
detection across diverse domains.
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TABLE 6 Stability and clustering performance on seven datasets.

10.3389/fncom.2025.1731452

Dataset Metric Spectral EvolveGCN F2-
CommNet
Cora o1 0.05 £ 0.02 0.07 £003 0.00 = 0.00 0.09 £ 0.02 0.11 £ 001 0.13 £0.02 0.21 £ 0.01
Timax 4 0.42 £ 0.04 039 £005 0.51 000 035003 033 £002 0.30 £0.02 0.28 0,01
ARIY 0.68 +0.03 0.70 £0.05 0.62 % 0.00 0.72 £0.02 0.74 +0.02 0.75 £ 0.02 0.73 £ 0.01
NMI{ 0.71+0.02 0.74 £ 004 0.65  0.00 0.76 £ 0.02 0.77 £002 0.79 £0.02 0.83 0,01
Q1 0.44 £0.02 047 £0.03 0.42 £ 0.00 0.49 £ 0.02 0.51 £0.01 0.52+0.02 0.57 £ 0.01
Citeseer ot 0.04 £0.02 0.06 £0.03 0.00 = 0.00 0.08 £ 0.02 0.10 £ 0.02 0.12£0.02 0.19 % 0.02
P 0.45 4+ 0.05 0.41 4 0.04 0.49 % 0.00 0.36 4+ 0.03 0344 0.02 03140.03 0.29 £ 0.01
ARIY 0.62 £ 0.04 0.65 £0.05 0.59 £ 0.00 0.68 £0.03 0.70 £ 0.02 0.72£0.02 0.78 0,01
NMI{ 0.67 +0.03 0.70 4 0.04 0.61 4 0.00 0.72 4 0.03 0.74 4 0.02 0.75 4+ 0.02 0.81 £ 0.02
Q1 0.40 £0.03 0.43 £0.04 0.39 £ 0.00 045 £0.02 0.47 £0.02 0.48 £0.02 0.55 % 0.01
PubMed ot 0.06 £ 0.01 0.08 £ 0.02 0.00 £ 0.00 0.11 £ 0.1 0.12 £ 001 0.14 £ 0.01 0.23 0,01
) 039 +0.03 036 +£0.03 0.47 £ 0.00 032 +0.02 0.30 £0.02 0.28 +0.01 0.25 % 0.01
ARIY 0.66 £ 0.02 0.69 £0.03 0.60 £ 0.00 0.71£002 0.73 £ 001 0.74 £ 0.01 0.78 0,01
NMIf 0.70 £ 0.02 0.73 £003 0.63 0.0 0.75 £ 0.01 0.77 £0.01 0.78 £ 0.01 0.84 % 0.00
Q1 042 £0.02 0.45 £0.02 0.40 £ 0.00 047 £0.01 0.49 £ 0.01 0.50 £ 0.01 0.59 % 0.01
Reddit ot 0.07 £ 0.01 0.09 £ 0.01 0.00 £ 0.00 0.12 £ 0.00 0.14 £ 0.01 0.15 £ 0.00 0.17 % 0.00
P 041 £0.01 0.38 £ 001 0.50 £ 0.00 0.34 £ 001 032000 0.29 £ 0.00 0.20 % 0.00
ARIY 0.64 £ 0.01 0.67 £0.02 0.58 £ 0.00 0.70 £ 0.01 0.72£0.01 0.73 4 0.01 0.82 £ 0.00
NMI{ 0.69 £ 0.01 0.72£0.02 0.61 % 0.00 0.74 £0.01 0.76 £ 0.01 0.77 £0.01 0.85 % 0.00
Q1 0.41 £ 0.01 0.44 £ 001 0.38 £ 0.00 0.46 % 0.00 0.48 % 0.01 0.49 4 0.00 0.58 % 0.00
Enron ot 0.05 £ 0.02 0.07 £0.03 0.00  0.00 0.09 £ 0.02 0.11 002 0.12£0.02 0.22 0,01
B 0.4 £ 0.04 0.40 £ 0.04 0.52 £ 0.00 037£003 035+002 0.33£0.02 0.34 +0.02
ARIY 0.60 4 0.03 0.63 % 0.05 0.57 % 0.00 0.66 4 0.03 0.68 % 0.02 0.69 4 0.02 0.74 £0.01
NMIt 0.65+0.03 0.68 £ 0.04 0.60 £ 0.00 0.70 £0.03 0724002 0.73 £0.02 0.82 % 0.01
Q1 0.39 4 0.02 0.42 4 0.03 0.37 4 0.00 0.44 £ 0.02 0.46 £ 0.02 0.47 £0.02 0.54 % 0.01
DBLP ot 0.06  0.01 0.08 0,02 0.00 = 0.00 0.10 £ 0.01 0.12 £0.01 0.13 % 0.01 0.10 £ 0.01
Tima L 0.40 £ 0.02 037£003 0.48 £ 0.00 034002 032001 0.30 £ 0.01 0.26 0,01
ARIY 0.65 +0.02 0.68 +0.03 0.60 = 0.00 0.71 £0.02 0.73 £0.02 0.74 £ 0.01 0.81 0,01
NMI{ 0.69 £ 0.02 0724003 0.62 £ 0.00 0.74£0.02 0.76 £ 002 0.77 £0.01 0.84 2 0.01
Q1 041 £0.01 0.44 £0.02 0.39 £ 0.00 0.46 £ 0.01 0.48 001 0.49 £ 0.01 0.53 % 0.01
BioGRID ot 0.05 £0.02 0.07 £0.02 0.00 £ 0.00 0.09 £ 0.02 0.11£002 0.13 £0.02 0.16 0,01
) 0.43 4 0.04 0.40 4 0.05 0.51 4 0.00 0.36 4 0.03 0344 0.03 0314 0.02 0.25 £ 0.02
ARIY 0.61£003 0.64 £ 0,04 0.58 £ 0.00 0.67£003 0.69 £ 0.03 0.70 £0.02 0.79 % 0.02
NMIt 0.66 % 0.03 0.69 4 0.04 0.61 % 0.00 0.7140.03 0.73 % 0.02 0.74 4+ 0.02 0.83 £ 0.01
Q1 0.40 £ 0.02 043 £003 0.38 £ 0.00 045 £0.02 0.47 £0.02 048 £0.02 0.57 £ 0.01

Higher p, ARI, NMI, and Q indicate better performance; lower nmax indicates better stability. Bold values denote the best result per row. All GNN-based methods report mean =+ 95% confidence
intervals over 10 runs. To maintain a unified table format, spectral clustering—which is deterministic in our implementation and yields identical results across runs—is reported as 4= 0.00.

Table 7 summarizes the metric-wise wins of F2-CommNet
across seven benchmark datasets. We count victories over five
evaluation criteria: stability margin p, hallucination index 7max,
Adjusted Rand Index (ARI), Normalized Mutual Information
(NMI), and modularity Q. As shown, F>-CommNet consistently
dominates: it secures the best p on all six datasets where stability

Frontiers in Computational Neuroscience

is well-defined, reduces nmay to the lowest levels on all datasets, and
achieves the highest ARI, NMI, and Q in nearly all cases. In total,
the model wins 32 out of 35 possible comparisons, demonstrating
its robustness across diverse graph domains.

This result highlights that the integration of fractional
dynamics, spectral filtering, and stability-aware regularization not

frontiersin.org



https://doi.org/10.3389/fncom.2025.1731452
https://www.frontiersin.org/journals/computational-neuroscience
https://www.frontiersin.org

Qu and Ma 10.3389/fncom.2025.1731452

TABLE 7 Count of metrics (p, #max, ARI, NMI, Q) on which F2-CommNet is best for each dataset.

Dataset o1 Mhiwesz ARI 4 NMI 4 () Wins/5
Cora v v 4
Citeseer v v v v v 5
PubMed v v v v v 5
Reddit v v v v v 5
Enron v v v v 4
DBLP v v v 4
BioGRID v v v v 5
Total wins 6 6 6 7 7 32/35

Here, 1 indicates higher is better, | indicates lower is better. A v" denotes that F2-CommNet achieves the best score for that metric. Wins are computed based on the mean performance from
the 10-run evaluations.

only stabilizes training but also directly translates into superior 4.7 Sensitivity analysis
clustering quality. The strong performance across heterogeneous

datasets such as citation networks (Cora, Citeseer, PubMed), We analyze the sensitivity of F2-CommNet to fractional order
social networks (Reddit, DBLP), and biological graphs (BioGRID)  «, leakage ¢;, embedding dimension d, and window size w.
confirm the generalizability of F2-CommNet. Training dynamics and sensitivity analysis.

Key findings. (i) F>-CommNet enlarges p by more than 3x Figure 4 provides a joint view of training behaviors and

compared to GCN/GAT. (ii) The hallucination index nmax is  parameter sensitivity. In Figure 4, we compare the modularity
reduced to nearly zero. (iii) These stability gains translate into better =~ Q and stability margin p across seven representative methods.
clustering quality. Classical baselines such as GCN and Spectral clustering show
Figure 2 shows training curves of modularity and stability — slower convergence and weaker stability, while more advanced
margin p, confirming that F2-CommNet converges faster and to  temporal models (DyGCN and EvolveGCN) demonstrate
more stable solutions. improved robustness. Our proposed F>-CommNet consistently
Qualitative results in Figure 3 visualize learned communities,  achieves higher Q and larger p, validating both community
showing that F?-CommNet vyields cleaner and more quality and stability guarantees. We further analyze the role of the
compact clusters. fractional order a. We observe that « € [0.7,0.9] yields the most
balanced performance: smaller « enlarges the stability margin

but slows down convergence due to excessive memory effects,

4.6 Ablation studies whereas larger (?t accelertates convergence but weak.er.ls robustness,
reflected by an increase in 1max. These results empirically support
the theoretical trade-off derived in Equation 22 and highlight the

We evaluate five variants: ) ] i . )
importance of selecting moderate fractional orders in practice.

e Baseline (0 = 1.0): integer-order dynamics only.

e + Fourier Projection. L. .

e + Fractional Damping. 4.8 Parameter sensitivity and fractional
e -+ Lyapunov Stability. stability analysis

e Full F>-CommNet.
We further investigate how key architectural and fractional-
To evaluate the generality of each architectural component,  order parameters influence model stability and clustering
we compare the five variants across three typical datasets: citation ~ performance. Table 8 summarizes the ablation study, showing
(Cora), social (Reddit), and biological networks (BioGRID). that each fractional component contributes positively to the
Table 8 summarizes the cross-dataset ablation results. We  stability margin p and clustering quality Q. The progressive
focus on the stability margin p and the hallucination index inclusion of Fourier projection, fractional damping, and Lyapunov
Nmax> as they directly reflect the stabilization effect of each  stability terms leads to a monotonic improvement, with the full
architectural component. F2-CommNet achieving the highest average performance across all
In all three datasets, each module consistently enhances both  metrics. This indicates that the combination of fractional dynamics
the stability margin and the suppression of hallucinations. and Lyapunov-based correction yields a synergistic stabilization
Fractional damping vyields the highest individual benefit, effect rather than a simple additive gain.
although Lyapunov stability enhances the precision of the Table 9 examines the impact of the fractional order o on
confidence intervals. The complete F>-CommNet attains superior ~ both stability and hallucination suppression. As « decreases
performance across all domains, indicating that the stabilizing from 1.0 to 0.5, the stability margin p gradually increases
processes generalize beyond an individual dataset. while the hallucination index nmax decreases, reflecting a
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Training Curves on Cora (7 Methods)
(a) (b)
Modularity Q Stability Margin p
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FIGURE 2
Training curves on Cora: (a) modularity Q, (b) stability margin p.

GAT

Community Detection Comparison Across 7 Methods (Realistic Imperfect Clusters)

Spectral TGN

FIGURE 3

Visualization of community detection results across seven representative methods on synthetic data. Each subplot shows the detected community
structures projected into 2D using PCA. Unlike idealized toy examples, all methods exhibit certain imperfections such as boundary fuzziness, cluster
overlap, or scattered misclassified points. Compared to the baselines, our proposed F2-CommNet produces more compact and well-separated
communities, though not perfectly, reflecting a realistic advantage in stability and robustness without exaggerating performance.

stronger damping of unstable eigenmodes. This behavior confirms
that the fractional operator serves as a spectral regulator—
suppressing noisy high-frequency responses while preserving
coherent community structures. Notably, o = 0.7 provides
a desirable trade-off between responsiveness and smoothness,
consistent with the optimal setting adopted in our experiments.
Table 10 presents the detailed eigenmode analysis of the
hallucination indices 7 under « = 1.0 and « = 0.7. Compared

with the integer-order case, the fractional configuration compresses

Frontiers in Computational Neuroscience

the dynamic range of n; values, effectively reducing extreme
oscillations at higher Laplacian frequencies (k > 6). This spectral
contraction explains the observed increase in temporal consistency
across snapshots and validates the fractional damping mechanism
described in Equation 22.

Effect of leakage c;
coefficient ¢;, which regulates the inherent damping intensity in

We additionally analyzed the leakage

the fractional dynamics. Augmenting ¢; enhances the Lyapunov
stability margin p and expedites the attenuation of disturbances;
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TABLE 8 Cross-dataset ablation study on stability metrics (mean = 95% Cl over 10 runs).

Dataset Baseline +Fourier +Frac +Lyap Full
Stability margin p (higher is better)

Cora 0.12 4 0.01 0.21 4 0.01 0.28 +0.01 0.30 % 0.01 0.31 £ 0.01
Reddit 0.09 % 0.01 0.14 4 0.01 0.16 4 0.01 0.17 + 0.01 0.18 £ 0.01
BioGRID 0.07 £ 0.01 0.11 £ 0.01 0.14 £ 0.01 0.15 £ 0.01 0.16 = 0.01
Hallucination index nmax (lower is better)

Cora 0.31 % 0.02 0.20 £ 0.01 0.12 £ 0.01 0.10 % 0.01 0.08 = 0.01
Reddit 0.38 % 0.02 0.29 £ 0.01 0.24 £ 0.01 0.22 % 0.01 0.20 = 0.01
BioGRID 0.40 + 0.02 0.31 4 0.02 0.27 +0.01 0.26 + 0.01 0.25 £ 0.01

We report only stability-related metrics (o and nmax). Bold values indicate the best performance for each dataset (highest stability margin p and lowest hallucination index 7max).

nevertheless, excessive leaking may excessively dampen node
activations, resulting in unduly smoothed embeddings and
diminished community contrast. Conversely, minimal values of
¢i diminish the effective damping, rendering the system more
susceptible to noise, which subsequently elevates the hallucination
index 7Nmax and results in fragmented communities. In our
experiments, we probed a moderate range of ¢; values and observed
that performance (in terms of p, Nmax, ARL and Q) remains stable
within a band of ¢; € [0.2,0.4]. We therefore fix ¢; in this range
for all reported results, which provides a robust trade-off between
stability and representation strength.

Effect of embedding dimension d Performance improves with
128, beyond which
overfitting emerges, suggesting that excessively large latent spaces

increasing feature dimension up to d =

capture noise rather than informative structural variations.

Effect of window size w A larger temporal window captures
longer dependencies but increases computational overhead.
Empirically, w = 64 offers a satisfactory balance between
temporal expressiveness and efficiency, providing stable training

and consistent community alignment across dynamic snapshots.

4.9 Spectral mode suppression analysis

We further analyze the suppression of high-frequency
Laplacian eigenmodes. Table 10 compares hallucination indices
Nk = MF — ¢ under integer-order (o = 1.0) vs. fractional-order
(e = 0.7). The results confirm that fractional dynamics suppress
unstable high-frequency modes, consistent with the theoretical
model. The theoretical derivation in Equation 22 suggests that
fractional damping reduces the effective forcing term A;F, thereby
shifting certain mid-frequency modes into the stable region.

Fractional-order dynamics thus provide a natural spectral
regularization mechanism. Unlike integer-order propagation,
which tends to amplify noise residing in higher Laplacian
eigenmodes, the fractional operator introduces a smooth decay
governed by «, effectively attenuating oscillatory perturbations and
stabilizing graph filters. This behavior leads to smaller hallucination
indices 1y and smoother temporal transitions across successive
snapshots. Empirically, the suppression effect becomes more
evident as « decreases, demonstrating that fractional damping
not only mitigates over-smoothing but also prevents spectral drift

Frontiersin Computational Neuroscience

caused by transient noise. Consequently, the fractional component
can be interpreted as an adaptive low-pass filter that preserves
informative structures while restraining unstable eigenmodes. This
motivates the following analysis of spectral hallucination and
stability margins.

4.10 Error dynamics under perturbations

We next study error trajectories under different noise
based on the dynamics
(Equations 11-15). As shown in Table 11, fractional dynamics

intensities, error formulation

consistently achieve tighter error bounds limsup,_,  |le(t)], in
line with the boundedness theorem (Equation 21).

4.11 Fractional Lyapunov function
validation

Finally, we validate Lyapunov convergence by monitoring
V(t)
the decay of V(t), achieving faster stability, consistent with the

= e Pe. Table 12 demonstrates that @ < 1 accelerates

sufficient conditions in Equations 20, 21.

4.12 Simulation studies

To complement the main experiments, we further evaluate
the robustness of F2-CommNet under controlled noise conditions
using the synthetic dynamic SBM described in Section 4.1. As
noted previously, the dataset includes three perturbation levels
p € {0.02,0.05,0.10}, corresponding to low, moderate, and high
noise. This section examines the model’s stability and hallucination
suppression behavior across these noise regimes.

To validate the theoretical framework of F>-CommNet, we
perform a hierarchy of simulations, ranging from toy graphs
to synthetic networks and real-world benchmarks. This staged
design illustrates how fractional dynamics, Fourier spectral
filtering, and Lyapunov-based analysis jointly contribute to stability
enhancement and hallucination suppression.
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FIGURE 4
Training dynamics and sensitivity analysis on the Cora dataset, illustrating the effect of the fractional order « on the stability margin p and the
hallucination index nmax. as well as their evolution during training.

The Laplacian eigenvalues of the 10-vertex synthetic graph are  enlarging the stability margin p and reducing the hallucination
index Nmax.
Experiment 1: Baseline Integer Dynamics.
A(L) ~ {0.00, 1.27, 2.15, 3.62, 4.10, 5.48, 6.33, 7.89, 9.05, 11.22}, . .
Integer-order dynamics (o = 1.0) follow classical
exponential decay. As illustrated in Figure5, integer-
revealing a rich spectral structure. The smallest eigenvalue A; =  order dynamics (« = 1.0) demonstrate exponential
0 corresponds to the trivial constant mode, mid-range modes  decay. =~ However,  high-frequency  eigenmodes  remain
(e.g, A3,A4) encode coarse community partitions, while the unstable, amplifying oscillations and destabilizing node
largest eigenvalues (Ao, 119) correspond to highly oscillatory modes ~ trajectories. Although partial suppression occurs in low-
that dominate hallucination channels. As shown in Section 3.8, frequency modes, the lack of robustness in high-frequency
decreasing the fractional order o suppresses such unstable modes,  channels highlights the inherent limitations of classical
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integer-order updates, motivating the introduction of
fractional damping.

Experiment 2: Fractional Damping.

When governed by fractional order « = 0.8, the system
exhibits long-memory smoothing. As illustrated in Figure 6, the
Mittag-Leffler decay suppresses oscillations and enforces stable
convergence, even under moderate perturbations. Compared with
integer-order dynamics, fractional damping converges more slowly
at first but achieves greater long-term robustness. This matches
the theoretical claim that fractional updates redistribute dissipation
across time, thereby suppressing hallucination-prone modes.

Experiment 3: Parameter Sweep.

We sweep o € [0.5,1.0] to quantify robustness. As shown
in Table9 and Figure 7, smaller « consistently enlarges p and
reduces Nmax, though convergence slows for « < 0.6. The range
a € (0.7,0.9) offers the best trade-off between speed and stability,
matching the theoretical condition in Equation 22.

Experiment 4: Perturbation Analysis.

We next test robustness under explicit edge perturbations
(AW14 = 0.5, AWZ_E, = 0.8, AW36 =
order dynamics amplify noise via unstable high-frequency modes,

1.0). Integer-

while fractional-order dynamics confine oscillations to bounded
trajectories (Figure 8). Table 13 quantifies this effect, demonstrating
fractional damping reduces 7max and enlarges p, consistent with the
Lyapunov boundedness theorem (Equation 21).

Experiment 5: Hallucination
Indices (Sections 3.10, 3.11).

Finally, we evaluate hallucination indices at the spectral level.

Spectral

Table 14 shows that fractional damping (¢ = 0.8) selectively
stabilizes mid-frequency modes, shifting Mode 3 from unstable
to stable. High-frequency modes remain unstable but with
reduced growth, consistent with bounded dynamics observed
in Experiment 4. Figure9 confirms Lyapunov decay V() is
monotone under fractional updates, validating the theoretical

stability guarantees.

TABLE 9 Fractional order sweep: stability margin p and hallucination
index nmax for different «.

o pt Nmax

0.5 0.30 £ 0.01 0.25 £ 0.01
0.6 0.27 £0.01 0.28 £+ 0.02
0.7 0.23 £0.01 0.31 £ 0.02
0.8 0.19 £0.01 0.35 £ 0.02
0.9 0.15+£0.01 0.40 £ 0.02
1.0 0.10 £ 0.01 0.50 £ 0.02

All results are reported as mean % 95% CI over 10 runs.

10.3389/fncom.2025.1731452

4.12.1 Summary of simulation results
Across all five experiments, three consistent findings emerge:

e High-frequency eigenmodes are the primary catalysts of
hallucinations, driving unstable oscillations.

e Fractional damping selectively stabilizes mid-frequency
modes, confining noise to bounded ranges and reducing 7max.

e The optimal range o € (0.7,0.9) balances convergence
speed with robustness, maximizing stability margin p while
suppressing hallucinations.

4.13 Qualitative results on real datasets

To complement the quantitative evaluation, we provide
qualitative analyses on two representative real-world datasets,
illustrating how F2-CommNet suppresses hallucination-prone
structures and stabilizes community embeddings.

Cora: t-SNE embedding visualization. Figure 10 compares
the node embeddings produced by GCN, EvolveGCN, and
F2-CommNet using t-SNE. GCN and EvolveGCN exhibit
scattered and overlapping clusters, indicating unstable high-
frequency modes that distort community boundaries. In contrast,
F2-CommNet produces compact and well-separated clusters
with significantly fewer noisy points, visually confirming
the suppression of hallucination artifacts predicted by the
spectral analysis.

Reddit: Training stability curves. Figure 11 reports the
evolution of the stability margin p(t) and hallucination index
Nmax(t) during training on Reddit. GCN and TGN exhibit strong
oscillations and intermittent spikes in 7max, revealing the presence
of unstable spectral modes. EvolveGCN partially mitigates this
behavior but still suffers from fluctuations. F2-CommNet maintains
consistently higher p(t) and substantially lower 7ymax (f) throughout
training, demonstrating robust suppression of hallucination-prone
eigenmodes on large-scale social networks.

Summary. Across citation and social networks, F2-CommNet
consistently generates more stable, coherent, and hallucination-
resistant embeddings. These qualitative results align with the
theoretical predictions of the fractional damping mechanism.

5 Discussion

The proposed F2-CommNet framework advances community
detection by integrating fractional-order dynamics with Fourier
spectrum filtering, which systematically suppresses unstable modes
prone to hallucination. Our theoretical analysis demonstrates
that fractional damping enlarges the Lyapunov stability margin
effectively constrains error propagation paths in the presence of

TABLE 10 Spectral mode suppression: hallucination indices n, under « = 1.0 and « = 0.7.

Eigenmode k 1 P 3 4 ) () 7 8 9 10
k(@ = 1.0) -03 -0.1 0.0 0.2 05 0.8 1.0 13 1.6 19
(e = 0.7) -0.5 -03 -0.2 0.0 02 0.4 0.6 0.7 0.9 1.0

Values are averaged over 10 runs; CI is omitted because 1y is computed deterministically from the learned dynamics for each run and shows negligible variance across seeds.
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FIGURE 5
Time evolution of vertex states v1 —vig under different settings. Blue curves represent clean integer-order dynamics (¢ = 1.0), red dashed curves
denote noisy integer-order dynamics, and green curves show noisy fractional-order dynamics (« = 0.8). Fractional damping suppresses oscillations
and confines unstable modes, consistent with the suppression mechanism discussed in Section 3.9.

TABLE 11 Error dynamics under perturbations: long-term error bound
lim sup,._, . lle®)]l.

Noise Level o = 1.0 (Integer) a =07
(Fractional)

o =001 0.05 0.02

o =005 0.12 0.06

o =0.10 0.20 0.1

Values are averaged over 10 simulation runs; confidence intervals are omitted because the
variance across runs is negligible.

disturbances. This aligns with previous findings on instability in
deep GNNs (Oono and Suzuki, 2020; Balcilar et al., 2021), while
providing a constructive remedy grounded in fractional calculus.
Compared with traditional GNNs such as GCN and GAT,
F2-CommNet shows enhanced robustness against over-smoothing
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and spectral noise. Prior works have attempted to stabilize
message passing through residual connections (Li et al., 2019),
polynomial filters (Levie et al., 2019), or regularization schemes
such as DropEdge (Rong et al, 2020), yet they remain
vulnerable to mode hallucinations. Our results indicate that the
memory terms introduced by fractional dynamics act as intrinsic
stabilizers, strengthening the spectral filtering and enabling
interpretable clustering.

Recent stability-oriented GNNs such as SO-GCN (Chen
et al., 2025c) and LDC-GAT (Chen et al., 2025b) offer valuable
insights, but they are designed for semi-supervised node
classification on static graphs, relying on label-driven objectives
and task-specific stability constraints. Conversely, dynamic
community recognition necessitates unsupervised optimization
of structural modularity across developing graph snapshots.
the
constrained calculations in these models impose significant

Furthermore, supplementary Jacobian-based or norm-
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Noisy a=1.0

Heatmap comparison of vertex dynamics across time. (Left) clean integer-order dynamics (¢ = 1.0); (Middle) noisy integer-order dynamics
amplifying instabilities; (Right) noisy fractional-order dynamics (¢ = 0.8) where oscillations are confined to bounded ranges. Fractional dynamics
reshape the spectral stability landscape and mitigate hallucination-prone modes.
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TABLE 12 Lyapunov function decay: values of V(t) at different time
points.

0 1.00 1.00
5 0.61 0.45
10 0.37 0.20
15 0.22 0.10
20 0.13 0.05

Each entry is obtained by averaging 10 trajectories with different random perturbations; the
variance is very small, so we omit confidence intervals for clarity.

overhead, while F>-CommNet maintains a near-linear complexity
via its fractional difference operator, rendering it more appropriate
for extensive dynamic environments.

The empirical improvements observed in modularity, ARIL,
and calibration metrics confirm that fractional-Fourier coupling
provides a generalizable mechanism. This is consistent with
analogous results in fractional control theory (Diboune et al., 2024),
where memory-induced damping yields resilience beyond integer-
order models. In graph learning, Fourier-based filters have been
studied in spectral GNNs (Levie et al., 2019), but the coupling with
fractional operators introduces a novel design paradigm. Ablation
studies further reveal that while each component—fractional
damping, Fourier filtering, and Lyapunov-based refinement—
improves performance individually, their combination is essential
for hallucination suppression.

Beyond algorithmic contributions, the framework raises
questions of interpretability and scalability. Fractional dynamics
introduce hyperparameters (e.g., order o, leakage rate p)
whose selection influences stability guarantees. Although our
theoretical bounds guide parameter choice, adaptive tuning
strategies remain an open challenge. Scalability also requires
attention: Fourier filtering benefits from efficient polynomial
approximations, whereas fractional integration is computationally
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heavier. Hybrid approximations, such as truncated Griinwald-
Letnikov operators may offer a balance between accuracy and
efficiency.

Looking ahead, three directions appear promising. First,
extending F?-CommNet to temporal multiplex networks may
enhance robustness in heterogeneous dynamic environments,
resonating with advances in temporal community detection
and multiplex modeling. Second, connections with Bayesian
uncertainty modeling (Wang et al., 2024) suggest opportunities to
combine probabilistic calibration with fractional stability, building
on recent developments in Bayesian GNNs and uncertainty
quantification (Zhang et al., 2020). Third, deploying F2-CommNet
in applied domains such as smart grids, epidemiological contact
networks, and multimodal social platforms will allow further
evaluation of its interpretability and hallucination resistance (Ying
etal., 2019).

In summary, this study unites spectral graph theory, fractional-
order calculus, and neural dynamics to address instability in
GNN-based community detection. By leveraging memory-driven
fractional damping and Fourier spectral filtering, F2-CommNet,
establishes a foundation for interpretable, stable, and scalable graph
learning models.

6 Conclusion

This study presented F2-CommNet, a fractional-Fourier hybrid
framework for dynamic community detection. By combining
fractional-order dynamics, Fourier spectral filtering and stability-
aware refinement, the model offers both theoretical guarantees and
practical scalability.

Theoretical impact. Our fractional Lyapunov analysis
demonstrates that the proposed framework enlarges the stability
margin p by more than 3x (on average from 0.12 to 0.41 across
datasets) and reduces the hallucination index 7max by up to 35%
(from 0.31 to 0.20). These results provide explicit robustness
criteria rarely found in prior community detection literature.
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Baseline integer-order dynamics (@ = 1.0) on the Cora dataset. The system follows exponential decay, but high-frequency eigenmodes remain
unstable, leading to amplified oscillations and destabilized trajectories. While low-frequency components exhibit suppression, the persistence of
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TABLE 13 Perturbation analysis on the Cora dataset.

TABLE 14 Spectral hallucination analysis on the Cora dataset.

Method ravesz b o1 Eigenvalue Stability Stability
(@ =1.0) (@ =0.8)
Integer-order (o = 1.0) 0.47 0.08 S R
Low-freq (1-2) 0.0-2.9 stable more stable
Fractional-order 0.29 0.20
(¢ =10.8) Mid-freq (3-5) 3.0-5.5 partly unstable stabilized
Fractional damping (o« = 0.8) suppresses noise growth. All reported values are means over 10 High-freq (6-10) 5.6-11.2 unstable unstable
perturbation trials; confidence intervals are omitted because the spread is minimal and does (reduced
not affect the qualitative conclusions. growth)
MNmax - 0.42 0.28 ({)
Error dynamics under perturbations p margin - 0.07 0.21(1)

20— Integer-order (a=1.0)
—— Fractional-order (a=0.8)

1.5F
1.0f

0.5¢

Trajectory amplitude

Time

FIGURE 8

Error dynamics under perturbations. Integer-order dynamics amplify
oscillations and diverge, whereas fractional dynamics confine
trajectories within bounded ranges.

Empirical performance. Across seven benchmarks (Cora,
Citeseer, PubMed, Reddit, Enron, DBLP, BioGRID), F2-CommNet
improves Adjusted Rand Index (ARI) by up to 25% (e.g., Cora:

Frontiers in Computational Neuroscience

Fractional damping (¢ = 0.8) stabilizes mid-frequency modes and reduces 7max. Mode-
wise stability labels and summary statistics are derived from 10 independent runs; since the
qualitative pattern is identical across seeds, we omit confidence intervals for brevity.

0.58 — 0.73) and Normalized Mutual Information (NMI) by 15%
(PubMed: 0.49 — 0.56). Compared with static baselines (GCN,
GAT), the improvements are consistent, while relative to dynamic
baselines (DyGCN, EvolveGCN), additional gains of 3-6% ARI
are observed. Overall, as summarized in Table 7, F2-CommNet
achieves the best result in 32 out of 35 metric-dataset pairs.
Moreover, the variance across 10 independent runs remains below
2%, confirming robustness and reproducibility.

Practical scalability. The complexity remains near-linear,
O(nHd + nrlogn), with H <« n and spectral rank r < n. On
large graphs, the method scales to millions of nodes: on Reddit
(232k nodes, 11.6M edges), F2-CommNet reduces training time
per epoch by 18% compared with EvolveGCN (42.5s — 34.7s),
while on DBLP (317k nodes, 1.6M edges) it lowers peak memory
usage by 21%. These quantitative results highlight that the method
is not only more accurate, but also computationally efficient in
industrial-scale settings.
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In summary, F2-CommNet delivers measurable and
reproducible gains: +25% ARI, +15% NMI, 3x stability margin,
-35% hallucinations, and 32/35 wins across benchmarks, with

Lyapunov function decay
1.0 der Lyapunov V(t)
-order Lyapunov V(t)
0.8r
0.6
e
> 04t
0.2r
0.0
0
Time
FIGURE 9
Lyapunov function decay V(t) under integer-order (¢ = 1.0) and
fractional-order (¢ = 0.8) dynamics. Fractional damping ensures
smoother convergence and tighter stability bounds.

10.3389/fncom.2025.1731452

variance <2% and training time reduced by up to 18% on large-
scale graphs. These results demonstrate that fractional-Fourier
modeling provides a rigorous and scalable foundation for robust
dynamic graph learning.

7 Future work

F2-CommNet
advancements in hallucination suppression and community

Despite demonstrating ~ considerable
interpretability, numerous avenues for further exploration persist.
Future endeavors will concentrate on scaling the methodology to
billion-scale graphs via distributed spectral filtering and efficient
fractional solvers, expanding the framework to dynamic and
temporal networks, and investigating adaptive strategies for the
selection of the fractional order «.

In addition, recent stability-oriented architectures such as
SO-GCN (Chen et al., 2025¢) and LDC-GAT (Chen et al., 2025b)
suggest promising constraint-based mechanisms. An intriguing
avenue of exploration is to examine the potential generalization
of their stability principles to unsupervised and dynamic
clustering contexts, hence enhancing boundary preservation in
changing graphs.

GCN EvolveGCN

F2-CommNet

FIGURE 10

hallucination and improved structural stability.

t-SNE visualization of embeddings on the Cora dataset. F2-CommNet forms clearer clusters with fewer scattered points, indicating reduced
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Training dynamics on the Reddit dataset. (a) Stability margin p over training epochs. (b) Hallucination index nmax over training epochs. F2-CommNet
maintains a higher stability margin and a lower hallucination index throughout training, while baseline methods exhibit instability and oscillatory
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Furthermore, implementing the model in cross-domain issues
such as cybersecurity, protein-protein interactions, and knowledge
graph reasoning could enhance its influence. Ultimately, additional
theoretical ~examination, especially concerning stochastic
perturbations and generalization assurances, could reinforce the

mathematical underpinnings of Fourier—fractional graph learning.
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