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1 Introduction and Motivation

Graphs provide a natural representation for complex relational sys-
tems, including biological interaction networks, social networks,
and neural connectomes. A central goal in graph learning is to
recover meaningful latent structure from observed patterns of con-
nectivity. In practice, however, this problem is rarely clean [1]. Real-
world graphs are often sparse, noisy, and only partially observed, so
the recorded edges may reflect an imperfect measurement process
rather than the true underlying structure [2]. As a result, extracting
reliable signals from graph data is fundamentally challenging and
highly relevant across many scientific and applied domains [1].

This challenge matters because many of the settings in which
graph learning would be most useful are precisely those in which
data “quality” is weakest. In areas like biology and finance, collect-
ing graph data can be expensive, technically difficult, and prone
to measurement error [2, 3]. In these regimes, model performance
is shaped not only by expressive power, but also by robustness to
dataset noise and the ability to learn from limited information [4].
In many situations, simpler methods remain competitive because
they are more interpretable [5], are less prone to overfitting noise
when there is limited data [6], and achieve better calibration [7].

Motivated by this idea, this project studies whether the empirical
gains often attributed to GNNs persist under controlled increases
in structural noise, or whether simpler spectral methods become
equally effective, or even preferable, when graph observations are
corrupted. Answering this question is important both scientifically
and practically: scientifically, it helps clarify a source of perfor-
mance in modern graph learning; practically, it helps ensure that
the complexity of a model is truly justified by data quality.

2 Related Work

Defining structural noise in real-world graphs. Structural noise
in graphs primarily arises through missing edges and spurious con-
nections [8, 9]. Both can emerge from a variety of sources depending
on the application domain. For example, in biological networks,
experimental instruments may fail to detect protein—protein inter-
actions due to limited sensitivity; in social networks, bot-generated
posts may be misidentified as originating from human accounts;
and in connectomics, reconstruction pipelines may omit synaptic
connections due to segmentation errors. Regardless of its source,
structural noise degrades the observed topology of the graph and
generally reduces performance on downstream tasks such as com-
munity detection [10, 11].

Limitations of GNNs under noise. Despite these challenges,
Graph Neural Networks (GNNs) have emerged as a dominant para-
digm for learning on graphs. Through iterative message passing,
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GNNs aggregate information from local neighborhoods, enabling
the learning of complex representations that encode structural in-
formation [12]. Their strong empirical performance across a wide
range of applications has led to the perception that GNNs provide
a more expressive framework than classical spectral methods [13].

However, recent work has shown that GNNs are not inherently
robust to structural noise [14], demonstrating empirically that pro-
gressively perturbing synthetic datasets by deleting edges reduces
the performance of all GNN subtypes on community detection
tasks. [15, 16] showed that GNNs’ weakened performance under
structural noise is largely due to message-passing operations ampli-
fying noise by propagating incorrect information across the graph.
Together, these works suggest that the performance gains of GNNs
may not stem from robustness to noise, but rather from their ability
to exploit clean or moderately clean structure, raising questions
about their reliability in high-noise real-world regimes.

Spectral methods and their convergence with GNNs. At the
same time, there has been significant progress in improving clas-
sical spectral methods to better handle structural noise in graphs.
Techniques such as regularized spectral clustering [17] and eigen-
vector filtering [18] have been developed to mitigate issues such as
eigenvector localization and instability. These methods aim to re-
cover informative low-dimensional structure by carefully selecting
or regularizing the spectral components used for embedding.

Interestingly, recent work has suggested that the performance
gap between GNNs and simpler spectral methods may be smaller
than often assumed. In particular, approaches based on label prop-
agation over spectral positional encodings have shown that pre-
dictive accuracy in many community detection tasks can match or
outperform GNNs [19]. This challenges the idea that strong perfor-
mance requires deep nonlinear transformations. Supporting this
view, [20] found that by removing the intermediate nonlinearities
and collapsing the layer-wise transformations of a standard GCN
to create a Simplified Graph Convolution (SGC), one can retain per-
formance comparable to full GCNs. The authors further highlight
that this approach essentially reduces GCNs to a fixed low-pass
filter of the Laplacian eigenbasis followed by a linear classifier. To-
gether, these findings suggest that a substantial portion of GNN
performance may arise from effective filtering and prediction over
informative eigenvectors, rather than from intrinsic nonlinear ex-
pressivity.

The gap. Despite this evidence, there remains a lack of system-
atic investigation into how GNNs and modern spectral methods
compare under controlled increases in structural noise. In particular,
it is unclear whether carefully designed spectral filtering methods
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can match or outperform GNNs as structural and node feature noise
increases. Addressing this question is essential for understanding
when complex nonlinear architectures are necessary versus when
simpler, more interpretable spectral methods suffice.

3 Problem Definition

Extensive research has characterized how GNN performance and
robustness on community detection vary with graph properties
and structural noise. However, the nature of the representations
learned by GNNs as these properties shift remains poorly under-
stood. Specifically, it is unclear whether GNN performance gains
stem from capturing genuinely nonlinear structure or from learn-
ing relationships between graph components that could largely be
recovered by improved spectral methods.

To shed light on the representation learning performed by GNNs
on community detection tasks, we will conduct a systematic evalu-
ation of spectral methods and GNN architectures on community
detection tasks as structural noise increases in synthetic and real-
world datasets. We will conduct these experiments in a supervised
setting and control for graph properties that disadvantage or favour
GNNs, such as heterophily [21] and sparsity [22], respectively. This
research will ultimately help researchers determine the “breakpoint”
where the computational overhead of GNNss is justified over tra-
ditional spectral techniques for real-world graphs with a specific
amount of noise.

4 Dataset and Experimental Design

We evaluate our hypothesis primarily on controlled synthetic graph
benchmarks generated using the Stochastic Block Model (SBM) and
the Lancichinetti-Fortunato—Radicchi (LFR) model. These bench-
marks are well suited to our question because they provide planted
ground-truth communities and allow key graph properties, such
as sparsity and heterophily, to be held approximately constant
while structural noise is varied systematically. SBM graphs pro-
vide cleaner and more regular community structure, whereas LFR
graphs are more challenging because they exhibit heavier-tailed
degree distributions and more irregular community sizes.

Each synthetic graph contains approximately 1,000 nodes with
average degree 25, making repeated experiments computationally
feasible while still large enough to exhibit nontrivial community
structure. Graphs are generated from fixed SBM or LFR parameter
settings using controlled random seeds. For each graph family, we
construct clean base graphs and store each instance as a sparse
edge list or adjacency matrix together with planted node labels and
metadata describing the generation settings, including perturbation
level and seed.

To assess whether trends observed in the synthetic setting extend
to more natural data, we also plan to evaluate selected methods on
real-world graphs. These include protein—protein interaction net-
works from STRING [23] and neuro-connectomics graphs derived
from ABIDE resting-state fMRI data [24], with financial correlation
networks as a possible additional domain. Because real-world com-
munity labels are typically noisier and less definitive than planted
synthetic labels, we will estimate Edge Signal-to-Noise Ratio (ENSR
[25]) as a proxy for the clarity of graph structure and estimate
standard Signal-to-Noise Ratio (SNR) as a proxy for graph feature
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Figure 1: Overview of our project.

noise. Together, these datasets provide a progression from tightly
controlled benchmarks to more realistic settings in which graph
noise is intrinsic rather than synthetically imposed.

5 Methodology

We evaluate community detection methods on a controlled syn-
thetic benchmark designed to test how performance changes as
graph structure becomes less reliable, before moving on to real-
world graphs. The benchmark has two parts. In the first, we pro-
gressively remove edges from synthetic graphs and measure how
well different methods can still recover the planted communities.
In the second, we keep the graph fixed but vary how informa-
tive the node features are. Both experiments use the same overall
pipeline and are evaluated on community detection with ARI For
fair comparison, we will also compute FLOP budgets required for
all methods to ensure that performance gains are presented relative
to their computational cost. Thus, changes in performance can be
tied to controlled changes in structure or features rather than to
differences between datasets.

As mentioned previously, our synthetic graphs (LFR and SBM)
serve different purposes. SBM graphs provide a cleaner and more
regular community structure, whereas LFR graphs are more chal-
lenging due to their more irregular degree patterns and community
sizes. For each family, we begin with clean base graphs and then
create progressively noisier versions of those same graphs by delet-
ing edges. This enables the study of how performance changes as
the underlying graph is perturbed.

Structural noise experiment In the structural-noise experi-
ment, we apply two edge-deletion strategies. The first is random
edge deletion, where removed edges are chosen uniformly at ran-
dom. The second is targeted edge deletion based on betweenness
centrality, where edges that are more central to connectivity are
removed first. These two perturbation types let us compare ro-
bustness under both untargeted and more adversarial structural
degradation. Each graph instance is evaluated by every method in
the benchmark. For each graph, we use a fixed 70/15/15 split of
nodes into training, validation, and test sets, generated once with a
fixed random seed and reused across methods. This ensures that all
methods are evaluated on the same partition of each graph. For the
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progress report, models are run with a fixed default hyperparameter
configuration rather than a full hyperparameter search. We plan to
use Bayesian hyperparameter tuning for the full proposal.

Spectral methods. To support the spectral methods, each graph
is loaded together with its planted labels and precomputed spectral
representations. The pipeline uses three Laplacian-based repre-
sentations: the full eigenspectrum of the symmetric normalized
Laplacian, a k-cut representation chosen using the eigengap heuris-
tic, and a regularized eigenspectrum based on a Tikhonov-shifted
Laplacian. These representations are computed on the full graph
and then passed to downstream classifiers. Here, the spectral family
consists of combinations of these embeddings with logistic regres-
sion or random forest classifiers, for a total of six spectral models.

GNN-based methods. We also compare against three graph
neural network methods. In the current pipeline, GCN and GAT
have been implemented, while SGC is planned but not yet imple-
mented. These models are evaluated in a transductive setting: each
method has access to the full graph structure during training, but
only the labels of the training nodes are used as supervision. The
task is thus not to generalize to an entirely new graph but to predict
community labels of unseen nodes within the same graph.

Feature noise experiment. In the second experiment, we study
feature quality directly. For a selected subset of structural-noise
conditions, we generate 5-dimensional node features whose in-
formativeness can be controlled continuously. Each community
is assigned a fixed prototype feature vector, and Gaussian noise
(€) is then added. When the informativeness is high, nodes in the
same community have similar features; when it is low, the features
become mostly noise. Features (X;) are generated as

Xi=afs(y) + (1-a)e (1)

where y; is the planted community label, f; is the fixed 5-dimensional
mapping, €; N(0,I5) and & € [0, 1] is the amount of signal. We vary
a while fixing the graph at three levels of structural noise, allowing
us to study how methods respond to changes in feature quality
under low, medium, and high-noise structural conditions.

The evaluation metric throughout is Adjusted Rand Index (ARI).
ARI compares the predicted partition to the planted community
assignment and is invariant to label permutation, which makes it
appropriate for community recovery. Raw results are recorded at
the level of individual graph instances, then summarized in two
stages: first at the graph level and then at the condition level. Im-
portantly, the independent unit of uncertainty in our benchmark
is the base graph, not the node split. Condition-level means and
standard deviations are therefore computed across the five base
graphs within each setting. This captures variation across indepen-
dently generated graph instances, rather than repeated partitions
of the same graph, and is therefore more informative than treating
different node partitions of one graph as independent samples.
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6 Preliminary results
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Figure 2: Community detection performance with increasing
graph structural noise. We apply two edge-deletion strategies to
increase graph structural noise: random edge deletion (A and C) and
targeted edge deletion (B and D) based on betweenness centrality.
ARI measures community detection performance across spectral
and GNN methods noise increases on SBM and LFR graphs.
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Figure 3: Community detection performance with increasing
node feature noise. We decrease node feature informativeness
by adding varying levels of Gaussian noise to node feature vectors,
while fixing the type and level of structural noise. ARI measures
community detection performance across spectral and GNN meth-
ods as feature informativeness decreases for SBM and LFR graphs.
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7 Expected Contribution

This work provides a systematic and principled evaluation of GNNs
relative to classical and modern spectral methods under varying
levels of structural noise. By disentangling the roles of nonlinearity
and spectral filtering, the project aims to clarify when GNNs offer
genuine advantages, highlight the strength of advanced spectral
approaches, and inform the design of simpler, more interpretable
graph learning models. More broadly, this research contributes to
a deeper understanding of the mechanisms driving performance
in graph-based learning, with implications for both theoretical
development and real-world applications.
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