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Abstract: Graph Neural Networks (GNNSs) face significant challenges in node classification across
diverse graph structures. Traditional message passing mechanisms often fail to adaptively weight node
relationships, thereby limiting performance in both homophilic and heterophilic graph settings. We
propose the Eigenvector Distance-Modulated Graph Neural Network (EDM-GNN), which enhances
message passing by incorporating spectral information from the graph’s eigenvectors. Our method
introduces a novel weighting scheme that modulates information flow based on a combined similarity
measure that balances feature-based similarity with structural similarity derived from eigenvector dis-
tances. This approach creates a more discriminative aggregation process that adapts to the underlying
graph topology without requiring prior knowledge of homophily characteristics. We implement a
hierarchical neighborhood aggregation framework that utilizes these spectral weights across multi-
ple powers of the adjacency matrix. Experimental results on benchmark datasets demonstrate that
EDM-GNN achieves competitive performance with state-of-the-art methods across both homophilic
and heterophilic settings. Our approach provides a unified solution for node classification problems
with strong theoretical foundations in spectral graph theory and significant empirical improvements
in classification accuracy.

Keywords: graph neural networks; spectral graph theory; eigenvector distance; node classification;
edge weighting; graph representation learning

1. Introduction

Graph Neural Networks (GNNs) have emerged as powerful tools for learning representations of
graph-structured data, with applications spanning diverse domains including social network analysis
[1], molecular property prediction [2], and recommendation systems [3]. Despite their success, GNNs
still face significant challenges in effectively modeling complex graph structures, particularly in
heterophilic environments where connected nodes tend to have different labels [4].

A fundamental limitation of conventional GNNSs is their message-passing (MP) mechanism [2,5],
which typically treats all neighboring nodes equally or employs simple attention mechanisms that
may not capture the structural properties of the graph [6]. This approach proves inadequate when
dealing with the intricate connectivity patterns found in real-world heterophilic graphs [7]. Recent
research has explored various strategies to address this issue, including the incorporation of higher-
order neighborhood information [8], adaptive aggregation mechanisms [9], and community-aware
approaches [10]. Spectral graph theory (SGT) provides valuable insights into the structural properties
of graphs through the eigendecomposition of graph matrices. The graph spectrum encodes rich
information about connectivity patterns, community structures, and node similarities [11]. However,
existing spectral approaches often focus solely on using eigenvectors for embedding or clustering
[12-14], without effectively integrating this information into the MP mechanism of GNNs.

In this paper, we propose the Eigenvector Distance-Modulated Graph Neural Network (EDM-
GNN), a novel approach that enhances MP by incorporating eigenvector distances from the graph’s
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spectral domain. Our key innovation is a weighting scheme that modulates information flow based
on a combined similarity measure that balances feature-based similarity with structural similarity
derived from eigenvector distances between node pairs. This technique creates a more discriminative
aggregation process that adapts to the underlying graph topology. The eigenvector distance between
nodes captures their structural positioning in the graph’s spectral representation, complementing
traditional feature similarity measures. By combining these two dimensions, our approach can identify
nodes that are both semantically similar (in feature space) and structurally aligned (in spectral space),
leading to more effective information propagation. This is particularly valuable in heterophilic graphs,
where connected nodes may have different labels but similar structural roles. Our contributions can be
summarized as follows:

*  We introduce a spectral modulation mechanism that leverages eigenvector distances to weight
MP between nodes, enhancing the model’s ability to capture structural properties.

e We implement a multi-order neighborhood aggregation framework that applies our spectral
weighting strategy across various powers of the adjacency matrix.

e  We demonstrate through extensive experiments on benchmark datasets that our approach consis-
tently outperforms state-of-the-art (SOTA) methods in both homophilic and heterophilic settings.

The remainder of this paper is organized as follows: Section 2 reviews related work in GNNs and SGT.
Section 3 provides the necessary preliminary concepts. Section 4 presents our proposed EDM-GNN
method in detail. Section 5 describes the experimental setup and results, followed by a discussion of
the findings. Finally, Section 6 concludes the paper and outlines directions for future research.

2. Related Work

Our work intersects several key areas of research in GNNs and SGT. We organize the related work
into three main categories: GNN5 for node classification, approaches to handling heterophily, and
spectral methods in graph learning.

2.1. Graph Neural Networks for Node Classification

Traditional GNN architectures, such as Graph Convolutional Networks (GCNs) [6] and Graph
Attention Networks (GATs) [15], have proven effective for homophilic graphs where connected nodes
tend to share similar characteristics [1].

However, recent work has highlighted significant limitations of conventional GNNs when applied
to heterophilic settings. The fundamental assumption that neighboring nodes share similar features or
labels often fails in real-world networks [7]. This has motivated the development of more sophisticated
aggregation mechanisms that can adaptively handle diverse graph topologies.

Several recent approaches have attempted to address these limitations through architectural
innovations. GraphSAINT [16] introduced sampling techniques to improve scalability and robustness,
while Graph Isomorphism Networks (GINs) [17] focused on maximizing the representational power
through careful design of aggregation functions. However, these methods still primarily rely on local
neighborhood structures and may not effectively capture the global structural patterns that are crucial
for heterophilic graphs.

2.2. Handling Heterophily in Graph Neural Networks

The challenge of heterophily has received increasing attention in recent years, with several
pioneering works proposing novel architectures specifically designed for graphs where connected
nodes have dissimilar characteristics.

H2GCN [7] introduced ego- and neighbor-embedding separation along with higher-order neigh-
borhood exploration to better handle heterophilic graphs. The key insight was that in heterophilic
settings, a node’s own features may be more informative than its immediate neighbors’ features.
GEOM-GCN [18] addressed the limitations of standard MP by incorporating geometric relationships
in the latent space.
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Higher-order approaches have shown particular promise for heterophilic graphs. MixHop [8]
demonstrated the effectiveness of aggregating features from nodes at different hop distances using
powers of the transition matrix. Similarly, FSGNN [19] incorporated regularization techniques such as
softmax and L2-normalization to improve multi-hop aggregation. These approaches recognize that
useful information for heterophilic graphs may reside beyond immediate neighborhoods.

Recent work has also explored adaptive mechanisms for handling diverse graph structures. GPR-
GNN [9] integrated generalized PageRank with GNNs to provide adaptive feature smoothing. FAGCN
[20] introduced learnable filters that can capture both low-frequency and high-frequency signals in
graphs, making it suitable for both homophilic and heterophilic settings.

Community-aware approaches have emerged as another promising direction. The Community-
HOP method [10] leveraged spectral clustering to identify graph communities and modified informa-
tion flow within and between communities. This approach recognizes that structural communities may
provide important signals for node classification, even when immediate neighbors are not informative.

2.3. Spectral Methods in Graph Learning

Spectral graph theory has a rich history in analyzing graph structures through eigendecomposition
of graph matrices [11,12]. Classical spectral clustering algorithms have demonstrated the power of
eigenvector-based representations for understanding graph structure and identifying communities.

In the context of GNNSs, spectral approaches have primarily focused on defining convolution
operations in the spectral domain. ChebNet [21] used Chebyshev polynomials to approximate spectral
filters, providing a localized approach to spectral convolution. However, these methods typically use
spectral information to define the convolution operation rather than incorporating spectral properties
directly into the MP mechanism.

More recent work has begun to explore the integration of spectral information with modern GNN
architectures. Some approaches have used graph spectral properties for regularization or as auxiliary
features, but few have directly incorporated eigenvector distances into the MP mechanism as we
propose.

The concept of using eigenvector distances to measure structural similarity has been explored in
various graph analysis contexts [22]. However, the specific application to modulating MP in GNNSs,
particularly the ratio-based weighting scheme we introduce, represents a novel contribution to the
field.

2.4. Limitations of Existing Approaches

While existing methods have made significant progress in addressing heterophily and incorporat-
ing structural information, several limitations remain [23]. First, many approaches rely on predefined
heuristics or require prior knowledge about the graph’s homophily characteristics. Second, meth-
ods that use higher-order neighborhoods often suffer from computational complexity issues or may
introduce noise from distant, irrelevant nodes [19].

Our proposed EDM-GNN addresses these limitations by introducing a novel spectral modulation
mechanism that adaptively weights MP based on both feature similarity and structural alignment, as
measured by eigenvector distances. This approach provides a unified framework that can handle both
homophilic and heterophilic graphs without requiring prior knowledge of graph characteristics.

3. Preliminaries

In this section, we introduce the essential mathematical concepts and notations that form the foun-
dation of our proposed method. We begin with basic graph representations and the node classification
problem, followed by detailed exposition of SGT elements, and conclude with the MP mechanism in
GNNs including attention-based approaches.
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3.1. Graph Representation and Node Classification

Let G = (V,E) denote an undirected graph, where V = {v,vy,...,v,} represents the set of n
nodes and E C V x V represents the set of edges. We use the adjacency matrix A € {0,1}"*" to
encode the graph structure, where A;; = 1 if there exists an edge between nodes v; and v;, and A;; =0
otherwise.

Each node v; is associated with a feature vector x; € R, where d is the dimensionality of the
feature space. These features are collectively represented as a matrix X € R"*¢, where the i-th row
corresponds to the feature vector of node v;. For supervised node classification, a subset of nodes
Vi C V have associated labels y; € {1,2,...,C}, where C is the number of classes.

The node classification problem aims to predict the labels of unlabeled nodes Vi; = V' \ V1 by
learning a function f : RY — {1,2,...,C} that maps node features to class labels. This learning process
typically leverages both the node features and the graph structure to make predictions.

For analytical purposes, we define the diagonal degree matrix D € R"*", where D;; = }_; A;;
represents the degree of node v;. To account for self-loops in the graph, we define the augmented
adjacency matrix A = A + I, where I is the identity matrix.

3.1.1. Homophily and Heterophily

A fundamental characteristic of graphs that significantly impacts node classification performance
is the concept of homophily versus heterophily. Homophily refers to the tendency of connected nodes
to share similar characteristics or labels. Conversely, heterophily describes scenarios where connected
nodes tend to have different characteristics or labels.

To quantify the level of homophily in a graph [7], we use the edge homophily ratio, defined as:

_ {(vi,v}) € E:y;i =y}

h
|E|

1)

where y; denotes the label of node v;. This metric ranges from 0 (complete heterophily) to 1
(complete homophily). Graphs with &z > 0.5 are typically considered homophilic, while those with
h < 0.5 are considered heterophilic [24].

The degree of homophily significantly affects the performance of traditional GNNs, which
often assume that neighboring nodes share similar characteristics. This assumption breaks down in
heterophilic graphs, motivating the need for more sophisticated approaches that can adaptively handle
both scenarios.

3.2. Spectral Graph Theory

Spectral graph theory provides a powerful mathematical framework for analyzing the structural
properties of graphs through the lens of linear algebra. The cornerstone of this theory is the normalized
graph Laplacian, defined as:

L=1-D ZAD? )

The normalized Laplacian matrix L is symmetric and positive semi-definite, with several impor-
tant mathematical properties. Its eigenvalues 0 = A1 < Ay < ... < A, < 2 provide crucial information
about the graph’s connectivity and structure.

3.2.1. Eigendecomposition and Spectral Properties

The spectral decomposition of L yields a set of eigenvalues {A;}" ; with corresponding orthonor-
mal eigenvectors {u;}"_;. These eigenvectors form an orthonormal basis for R" and can be organized
into a matrix U = [uy, up, ..., u,].

For a connected graph, the smallest eigenvalue A; = 0 with its corresponding eigenvector u;
being the constant vector. The second smallest eigenvalue A, is known as the algebraic connectivity
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or Fiedler value, and its corresponding eigenvector u; (the Fiedler vector) provides insights into the
graph'’s cut structure.

The eigenvalues of the normalized Laplacian are bounded as A; € [0,2], where A1 = 0 always, with
multiplicity equal to the number of connected components, A, > 0 for connected graphs, indicating
the strength of connectivity and A, < 2, with equality achieved when the graph contains a bipartite
component [25].

The eigenvectors corresponding to smaller eigenvalues capture global, low-frequency patterns in
the graph, while those corresponding to larger eigenvalues capture local, high-frequency variations.
This spectral hierarchy allows us to analyze the graph at different scales of resolution.

3.2.2. Eigenvector Distance and Structural Similarity

When we represent each node using the components of the first k eigenvectors (typically excluding
u1), we obtain a spectral embedding that captures the node’s position within the global structure of
the graph. For any two nodes v; and v;, we can compute their eigenvector distance as:

deig(i,7) = Uik — Ujll2 3)

where U; ;; € R¥ represents the spectral embedding of node v; using the first k eigenvectors. This
distance measure provides a principled way to assess structural similarity between nodes, even when
they are located in distant parts of the graph.

The eigenvector distance encodes rich information about the relative positions of nodes within
the graph’s global structure that local measures like shortest path distance cannot capture. Nodes
with small eigenvector distances tend to play similar structural roles in the graph, regardless of their
proximity in the original topology [11].

3.3. Graph Neural Networks and Message Passing

GNN’s operate through a MP framework, which consists of three fundamental steps: message
construction, aggregation, and update [2]. For the I-th layer of a GNN, this process can be expressed
generically as:

h{""" = UPDATE?) (h’, AGGREGATE") ({MESSAGE! (h, h!)e;j) : je N(D)})) @)

0
1
v;, and e;; represents potential edge features or weights.

where h;" is the feature vector of node v; at layer I, (i) denotes the set of neighboring nodes of

3.3.1. Graph Convolutional Networks

A fundamental instantiation of this framework is the Graph Convolutional Network (GCN) [6],
which implements a simplified and efficient MP scheme. The GCN layer is defined as:

gD — g(]j*%AD*%H(l)w(l)) (5)

where A = A + 1 is the adjacency matrix with self-loops, D is the corresponding degree matrix,
W) is a learnable weight matrix, and ¢ is a non-linear activation function.

The key insight of GCN is the use of the normalized adjacency matrix D=2 AD~2, which provides
a principled way to weight the contribution of neighboring nodes based on their degrees. This
normalization ensures that nodes with high degrees do not dominate the aggregation process, while
nodes with low degrees still receive sufficient influence from their neighbors.
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3.3.2. Graph Attention Networks

While GCNs use predefined normalization to weight node contributions, Graph Attention Net-
works (GATs) [15] introduce learnable attention mechanisms to dynamically determine the importance
of different neighbors. In GAT, the attention coefficient between nodes i and j is computed as:

B exp(LeakyReLU(a’ [Wh;||Wh;]))
 Lken(i) ©p(LeakyReLU(a” [Wh;||Why]))

;i (6)
where a is a learnable attention vector, W is a weight matrix, and || denotes concatenation. The
final node representation is then computed as:

b =o| ¥ a;whl 7)
JEN (D)

The attention mechanism in GAT allows the model to focus on the most relevant neighbors
for each node, providing more flexibility than the fixed normalization used in GCN. This adaptive
weighting scheme bears conceptual similarity to our proposed eigenvector distance-based modulation,
although our approach incorporates structural information from the graph’s spectral domain rather
than relying solely on feature-based attention.

3.3.3. Multi-Order Neighborhood Aggregation

Higher-order GNN approaches extend the basic MP framework by considering information from
multi-hop neighborhoods [8,17]. This can be achieved by computing various powers of the normalized
adjacency matrix:

k 1.~ 1\k
P — (D72AD?) ®

where P¥ encodes k-hop relationships between nodes. The element [Pk]i]- represents the strength
of connection between nodes v; and v; through paths of length k.

Multi-order approaches aggregate information from different neighborhood scales and combine
them through learnable attention weights:

k=1

T = U<f ﬁkP"H<’>W£’)> ©)

where B are learnable attention weights satisfying Y&_; Bx = 1, and Wl(cl) are layer-specific weight

matrices for each order k.

This multi-order aggregation is particularly valuable for heterophilic graphs, where useful infor-
mation may reside beyond immediate neighborhoods. Our approach builds upon this foundation by
introducing spectral-based edge weighting that enhances the quality of multi-hop connections through
eigenvector distance modulation.

4. Methodology

In this section, we present EDM-GNN, a novel approach that enhances MP by incorporating
spectral information through eigenvector distances. Our method addresses the fundamental limitation
of conventional GNNs by introducing a principled framework that adaptively weights edges based
on both structural similarity and feature similarity, enabling effective learning across diverse graph
topologies.

The key insight underlying our approach is that traditional MP mechanisms fail to capture the
rich structural information encoded in the graph’s spectral domain. While existing methods either treat
all neighbors equally or rely primarily on feature-based attention, they overlook the global structural
relationships that eigenvectors naturally encode. By incorporating eigenvector distances into the edge
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weighting scheme, we create a more discriminative aggregation process that adapts to the underlying
graph topology without requiring prior knowledge of homophily characteristics.

Figure 1 illustrates the overall architecture of our proposed EDM-GNN framework. The method-
ology proceeds through several interconnected stages: spectral preprocessing to extract structural
similarities, feature-based similarity computation, adaptive edge reweighting through combined
similarity measures, and multi-order neighborhood aggregation with learnable attention mechanisms.

4.1. Spectral Preprocessing and Structural Similarity

Our approach begins with the spectral analysis of the input graph to extract structural information
through eigendecomposition of the normalized Laplacian matrix. Given a graph G = (V, E) with
feature matrix X, we compute the normalized LaplacianL = I — D~ 2AD2,where A = A + Iincludes
self-loops. The eigendecomposition L = UAUT provides us with eigenvectors U = [uy, uy, . .., u,]
and corresponding eigenvalues in ascending order.

We select the first k non-trivial eigenvectors (excluding the constant eigenvector u;) to form the
spectral embedding matrix Uy = [up, u3, ..., u;,1]. Each node v; is then represented by its spectral
coordinates Uy ; € R, capturing its position within the global structure of the graph. The structural
similarity between nodes is computed using the eigenvector distance defined in the preliminaries,
which is then normalized to the range [0, 1] to obtain Sspec(i, j). This spectral similarity effectively
captures structural relationships between nodes, with higher values indicating nodes that play similar
roles in the graph’s global organization.

4.2. Adaptive Edge Reweighting

Complementing the structural information, we compute feature-based similarity using the node
attribute matrix X. Similarly to the spectral case, feature similarity is computed using Euclidean
distance and normalized to obtain S .4 (7, ) € [0,1].

The core innovation of our approach lies in the adaptive combination of structural and feature
similarities. We introduce a spectral weight parameter w € [0, 1] that controls the relative importance
of structural versus feature information:

Scombined(i/j) = (1 - w) . Sfeut(i/j) +w- Sspec(i/j) (10)

This combined similarity measure serves as the foundation for our edge reweighting mechanism,
allowing the model to dynamically balance between local feature similarities and global structural
patterns. An important observation is that in highly heterophilic datasets, optimal values of w tend
to be low, as structural information becomes less reliable when neighboring nodes frequently have
different labels. Conversely, in homophilic settings, higher w values effectively leverage the structural
coherence of the graph.

4.3. Multi-Order Graph Construction and Architecture

To capture multi-scale neighborhood information, we construct multi-order adjacency matrices by
computing powers of the normalized adjacency matrix P = D~ 2AD"2. Foreachorderk = 1,2,...,K,

(k)
gl
longer-range connectivity patterns, as shown in Figure 1 where different hop levels exhibit distinct

we compute P(*) = P¥ and extract edges where P;;’ > 0. This process creates increasingly sparse but

edge patterns.
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Figure 1. Architecture overview of the proposed EDM-GNN framework. The input graph undergoes multi-
order transformation to create different hop neighborhoods. Each hop level is processed by dedicated GNN
modules (GNNp,, GNNpy,, GNNp,) where 0; represent trainable parameters. The edges exhibit varying resistance-
like properties based on eigenvector distance-modulated weights (shown as different line styles and colors),
controlling the amount of information flow and relevance assigned to each connection. The resulting embeddings
are combined through learnable attention weights and passed to an MLP for final classification.

The edge reweighting process applies our combined similarity measure to filter and weight the
multi-order connections. For each order k, we retain edges where the combined similarity exceeds a
threshold, typically set to the mean similarity value for that order. To maintain computational efficiency
and prevent excessive graph densification, we limit the number of retained edges to the original edge
count. The final edge weights are set directly to the combined similarity values:

wl(]k) = Scompined(i,j) for retained edges in order k (11)

Our complete EDM-GNN architecture integrates the reweighted multi-order graphs through
parallel processing streams, each handling a different connectivity scale. The model begins with an
MLP-based transformation of the input features to capture node-specific information. For each order k,
we apply MP using the reweighted edges:

HY —¢| Y w(]k)x‘W(k) 12)
JEN(D)

where N (i) represents the k-hop neighborhood of node i, and wl(]k) are the combined similarity
weights that modulate the information flow between nodes.

To enhance the model’s expressiveness, we include additional processing streams: a pure MLP
branch that processes node features without graph structure, and an original graph branch that uses
the unmodified connectivity. These parallel streams are visible in Figure 1 as separate pathways that

converge at the attention-based fusion stage.
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The fusion of all processing streams employs learnable attention weights & = Softmax(B) where
B € RXF2 are trainable parameters. The final node representations combine all streams through
weighted summation:

. K+2 .
H(fmal) — Z OCZ‘H(I) (13)
i=1

Classification is performed through a final MLP layer with dropout regularization:

Y = LogSoftmax(Dropout(H/7e) yw(out) 4 plout)) (14)

Training employs standard cross-entropy loss with L2 regularization:

1 C .
L= Yo Y viclog(9ic) + AlO3 (15)

‘Vtram| ievfrain c=1
where Viyin represents the training node set, and A controls the strength of weight decay regular-
ization.

4.4. Computational Complexity Analysis

The computational complexity of EDM-GNN consists of preprocessing and model execution
phases. The preprocessing phase dominates the computational cost, primarily due to the eigende-
composition of the normalized Laplacian matrix. For a graph with n nodes, computing the full
eigendecomposition requires O(n?) operations. However, since we only need the first k eigenvectors
where k < 1, efficient algorithms like the Lanczos method reduce this to O(kn?) for sparse graphs.

Similarity computations contribute O(n?d) for feature similarity and O(n%k) for spectral similarity,
where d is the feature dimension. The multi-order graph construction requires K matrix multiplications,
each with complexity O(m - d) where m is the edge count and d is the average degree, resulting in total
complexity O(K - m - d) for this phase.

During model execution, each forward pass processes K different graph orders through GCN
layers, contributing O(K - L - m - h) where L is the number of layers per order and / is the hidden
dimension. The attention mechanism and additional MLP operations add O(K - 1 - h + n - h?), which
is typically dominated by the GCN computations.

Memory requirements include storing multi-order graphs O(K - m), intermediate embeddings
O(K - n - h), and model parameters O(K - h*> + h-d + h - C). For large graphs, the preprocessing
bottleneck can be addressed through approximate eigendecomposition methods or sampling-based
similarity computation, reducing complexity while maintaining the quality of structural information
extraction.

The overall preprocessing complexity is O(kn® + K - m - d + n%(d + k) ), while the per-forward-pass
complexity during training and inference is O(K - L - m - h). This computational profile makes EDM-
GNN practical for moderately large graphs while providing significant improvements in classification
accuracy through principled integration of structural and feature information.

5. Experiments and Results

In this section, we present comprehensive experimental evaluations of our proposed EDM-GNN
framework across diverse benchmark datasets. We begin by describing the experimental setup,
including dataset characteristics and implementation details, followed by comparative analysis against
SOTA baselines and thorough ablation studies to validate our design choices.

5.1. Experimental Setup

We evaluate EDM-GNN on nine widely-used benchmark datasets that span different domains and
exhibit varying degrees of homophily, as summarized in Table 1. The datasets include citation networks
(Cora, Citeseer, Pubmed), web page networks (Texas, Wisconsin, Cornell), and social networks (Actor,

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Squirrel, Chameleon). This diverse collection allows us to assess our method’s performance across
both homophilic (h > 0.5) and heterophilic (h < 0.5) graphs, providing a comprehensive evaluation of
the proposed approach.

Table 1. General information about the datasets.

DATASET TEXAS WISCONSIN CORNELL ACTOR SQUIRREL CHAMELEON CITESEER PUBMED CORA

HoMm LEVEL 0.11 0.21 0.30 0.22 0.22 0.23 0.74 0.80 0.81
# NODES 183 251 183 7,600 5,201 2,277 3,327 19,717 2,708
# EDGES 295 466 280 26,752 198,493 31,421 4,676 44,324 5,278
# CLASSES 5 5 5 5 5 5 7 3 6

The homophily level, defined as the fraction of edges connecting nodes with the same labels,
serves as a crucial indicator of graph characteristics. Homophilic datasets like Cora (h = 0.81) and
Pubmed (h = 0.80) follow the traditional assumption that connected nodes tend to share similar
properties, while heterophilic datasets such as Texas (h = 0.11) and Wisconsin (h = 0.21) present
challenging scenarios where neighboring nodes often have different labels.

We compare EDM-GNN against a comprehensive set of baseline methods representing different
paradigms in GNNs. Traditional GNNSs including GCN [6], GAT [15], and GraphSAGE [1] represent
fundamental approaches that assume homophily. Heterophily-aware methods such as H2GCN [7],
Geom-GCN [18], and GGCN [24] are specifically designed to handle heterophilic graphs through
various architectural innovations. Higher-order approaches including MixHop [8], FSGNN [19],
and GPRGNN [9] leverage multi-hop neighborhoods to capture longer-range dependencies. Hybrid
methods like LINKX [26] and CGNN represent approaches that combine graph structure with feature-
based learning. Additionally, MLP serves as a feature-only baseline to assess the contribution of graph
structure.

We implement EDM-GNN using PyTorch and PyTorch Geometric [27], following best practices
for reproducible research. All experiments are conducted on NVIDIA RTX4090 GPUs with CUDA
acceleration. We employ a standardized data splitting strategy using 60% of nodes for training, 20%
for validation, and 20% for testing, with 10 different random splits to ensure statistical significance of
results [18].

The hyperparameter optimization follows a systematic grid search approach. For each dataset,
we explore hidden dimensions {16,64,128}, number of hops K € {3,4,5,10}, learning rates
{0.001,0.003,0.01,0.03}, dropout rates {0.2,0.3,0.4,0.5}, and weight decay values {0.0005,0.001}.
The spectral weight parameter w and number of eigenvectors are tuned separately based on validation
performance. Training is performed for a maximum of 1000 epochs with early stopping based on
validation accuracy to prevent overfitting.

For spectral preprocessing, we compute the first 20 eigenvectors of the normalized Laplacian
matrix using efficient eigendecomposition algorithms. The edge reweighting mechanism applies the
combined similarity measure with adaptive thresholding, maintaining computational efficiency while
preserving the most informative connections in multi-hop neighborhoods.

5.2. Main Results

Table 2 presents the comprehensive comparison of EDM-GNN against all baseline methods across
the nine benchmark datasets. The results demonstrate the effectiveness and versatility of our approach
across diverse graph characteristics.

EDM-GNN achieves first or second best performance on eight out of nine datasets, with particu-
larly strong results on both homophilic and heterophilic graphs. Notably, our method achieves the
best performance on Texas (89.17%), Wisconsin (87.91%), Pubmed (90.21%) and Cora (88.33%), while
maintaining competitive results on other datasets. This consistent performance across diverse graph
types validates the effectiveness of our spectral modulation approach.
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Table 2. Node-classification accuracies on all datasets. Top two models are highlighted: First, Second.

TEXAS  WISCONSIN CORNELL ACTOR SQUIRREL CHAMELEON CITESEER  PUBMED CORA
MLP 80.81 £4.75 8529 +640 81.89+6.40 36.53£0.70 28.77 +1.56 46.21+299 74.02+190 75.69+2.00 87.16+0.37
GCN 55.14+5.16 51.76 +£3.06 60.54 +5.30 27.32+1.10 5343 +£2.01 64.82+224 76504136 88.42+0.50 86.98+1.27
GAT 5216 +6.63 49.41+4.09 61.89+5.05 27.44+0.89 40.72+155 60.26 250 76.55+1.23 87.30+1.10 86.33 £0.48
GRAPHSAGE 8243 +6.14 81.184+556 7595+5.01 3423+0.99 41.61+0.74 5873+1.68 76.04+1.30 88.45+0.50 86.90+ 1.04
H2GCN 84.86 £7.23 87.65+4.89 8270+528 3570+1.00 36.48+1.86 60.114+2.15 77.11+1.57 89.49+0.38 87.87 £1.20
GEOM-GCN  66.76 £2.72 6451 £3.66 60.54+3.67 31.59+1.15 38.15+0.92 60.00+2.81 78.02+1.15 89.95+0.47 8535+ 1.57
LINKX 74.60 £8.37 7549 +572 77.84+581 36.10+155 61.81+1.80 6842+138 73.19+099 87.86+0.77 84.64+1.13
GGCN 84.86 £4.55 86.86 £3.29 85.68+6.63 37.54 £1.56 55.17+158 77.14+184 77.14+145 89.15+0.37 87.95+1.05
CGNN 71.35+4.05 7431+726 6622+7.69 3595+0.86 29.24+1.09 46.89+1.66 7691+181 87.70+0.49 87.10+1.35
MixHor 77.84+7.73 75.88+490 73.51+6.34 3222+234 43.80+1.48 60504253 76.26+1.33 85.31+0.61 87.61+0.85
FSGNN 87.30 £5.29 87.84 £3.37 85.13+6.07 3575+096 74.10+1.89 78.27+1.28 7740+190 77.40+1.93 87.93+1.00

GPRGNN 78.38+4.36 8294+421 80.27+8.11 34.63+1.22 31.61+124 46584171 77.13+1.67 87.54+0.38 87.95+1.18
EDM-GNN 89.17 +4.88 87.91+346 8522+£581 3633+110 72.094+1.62 7690£211 77544092 90.21+0.44 88.33 +1.08

On strongly heterophilic datasets (Texas, Wisconsin, Chameleon), EDM-GNN significantly out-
performs traditional GNN approaches that assume homophily. For instance, on Texas, our method
achieves 89.17% accuracy compared to 55.14% for GCN and 52.16% for GAT, representing improve-
ments of over 30 percentage points. This substantial gain demonstrates that our eigenvector distance-
based edge reweighting effectively adapts to heterophilic structures where standard MP fails.

Compared to specialized heterophily-aware methods, EDM-GNN shows consistent improve-
ments. On Wisconsin, we achieve 87.91% compared to 87.65% for H2GCN and 86.86% for GGCN,
while on Texas, our 89.17% substantially exceeds the 84.86% achieved by both H2GCN and GGCN.
These results indicate that our spectral approach provides a more principled solution to heterophily
than existing architectural modifications.

On homophilic datasets, EDM-GNN maintains competitive performance while avoiding the
degradation often observed in heterophily-specific methods. On Cora, we achieve 88.33% accuracy,
outperforming most baselines including the recent FSGNN (87.93%). This demonstrates that our
approach gracefully adapts to homophilic structures without sacrificing performance.

Against methods that explicitly use multi-hop information (MixHop, FSGNN, GPRGNN), EDM-
GNN shows superior performance in most cases. The key advantage lies in our principled edge
reweighting mechanism that selectively preserves informative long-range connections while filtering
out noise, contrasting with methods that uniformly aggregate multi-hop neighborhoods.

5.3. Ablation Studies

To validate our design choices and understand the contribution of different components, we
conduct comprehensive ablation studies focusing on the two key hyperparameters: the number of
hops K and the spectral weight w. Figure 2 presents the results of these ablation experiments across
representative datasets.

The impact of varying the number of hops K reveals distinct patterns based on graph charac-
teristics. For homophilic graphs like Cora (Figure 2a)), optimal performance is achieved with K =2,
suggesting that information from immediate neighbors is most valuable when connectivity aligns with
label similarity. Citeseer (Figure 2b)) benefits from slightly longer-range connections with optimal K =
3, while the heterophilic Chameleon dataset (Figure 2c)) requires K = 6 to capture meaningful patterns
beyond immediate neighborhoods.

The sensitivity to the number of hops varies significantly between homophilic and heterophilic
graphs. Homophilic datasets show relatively stable performance across different hop values, with
gradual degradation as K increases beyond the optimal point. In contrast, heterophilic datasets exhibit
sharper performance curves, with substantial improvements as K increases to the optimal value,
followed by more pronounced degradation. This pattern confirms our hypothesis that heterophilic
graphs require longer-range information to identify useful patterns, but are also more sensitive to
noise from excessive hop distances.
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The spectral weight parameter w plays a crucial role in balancing structural and feature infor-
mation, as demonstrated in the bottom row of Figure 2. The results strongly support our theoretical
analysis regarding the relationship between graph homophily and optimal spectral weighting.

Accuracy (%)
Accuracy (%)
Accuracy (%)

LI T AR B e R S T S A B S E R RN
Number of Hops (K) Number of Hops (K) Number of Hops (K)

a) Cora - Hop Ablation b) Citeseer - Hop Ablation c) Chameleon - Hop Ablation

Accuracy (%)
Accuracy (%)
Accuracy (%)

o o o W o o o 03 o W o 0 m o
Spectral Weight (w) Spectral Weight (w) Spectral Weight (w)

d) Wisconsin - Omega Ablation e) Texas - Omega Ablation f) Cora - Omega Ablation

Figure 2. Ablation studies examining the impact of number of hops K (top row) and spectral weight w (bottom
row) across representative datasets. The red points indicate optimal hyperparameter values for each dataset.

For homophilic datasets such as Cora (Figure 2f)), optimal performance occurs at w = 0.5,
indicating that both structural and feature information contribute equally to effective edge weighting.
The performance curve shows relatively smooth degradation as w deviates from the optimal value,
reflecting the robustness of homophilic graphs to different weighting schemes.

In stark contrast, heterophilic datasets including Texas (Figure 2e)) and Wisconsin (Figure 2d))
achieve optimal performance with low spectral weights (w = 0.1 to w = 0.2), confirming that
structural information becomes less reliable when neighboring nodes frequently have different labels.
The performance degradation is particularly sharp for high w values, with substantial accuracy
drops when w > 0.5. This validates our key insight that heterophilic graphs benefit primarily from
feature-based similarity, with structural information playing a supporting role.

The ablation studies reveal that optimal hyperparameter combinations vary systematically with
graph properties. Heterophilic graphs require both longer-range connectivity (higher K) and reduced
reliance on structural similarity (lower w), while homophilic graphs perform well with shorter-range
connections and balanced similarity weighting. This pattern provides practical guidance for applying
EDM-GNN to new datasets and validates the theoretical foundations of our approach.

5.4. Computational Analysis

We analyze the computational efficiency of EDM-GNN compared to baseline methods. The
preprocessing phase, dominated by eigendecomposition, requires approximately 0.5-2 seconds for
small to medium graphs (< 10,000 nodes), while training time per epoch remains comparable to
standard GCN implementations. The multi-hop graph construction adds modest overhead, but the
adaptive edge filtering ensures that memory requirements scale reasonably with graph size.

For larger graphs, the spectral preprocessing can be accelerated using approximate eigendecom-
position methods or sampling strategies. Our experiments indicate that using 10-20 eigenvectors
provides an effective balance between computational cost and performance benefits across different
dataset sizes.
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6. Conclusion and Future Work

In this paper, we introduced EDM-GNN, a novel approach that leverages spectral information to
enhance MP in GNNs. Our method addresses fundamental limitations of existing GNNs by adaptively
weighting edges based on both structural similarity, measured through eigenvector distances, and
feature similarity.

The key insight of our work is the relationship between graph homophily and optimal spectral
weighting. We demonstrate that heterophilic graphs benefit from reduced reliance on structural
information (low w values), while homophilic graphs achieve optimal performance with balanced
integration (w ~ 0.5). This finding provides both theoretical understanding and practical guidance for
applying GNNs across diverse graph topologies.

Experimental evaluation across nine benchmark datasets confirms the effectiveness of our ap-
proach. EDM-GNN achieves SOTA performance on most datasets, with particularly notable improve-
ments on heterophilic graphs such as Texas (89.17% vs. 55.14% for GCN) and Wisconsin (87.91%
vs. 51.76% for GCN). The comprehensive ablation studies reveal that heterophilic graphs require
longer-range connectivity combined with reduced structural dependence, while homophilic graphs
perform optimally with shorter-range connections and balanced similarity weighting.

Several directions remain for future investigation. The current approach relies on global eigende-
composition, which may become computationally expensive for very large graphs. Future work could
explore localized spectral analysis or approximate eigendecomposition methods to improve scalability.
Additionally, extending the framework to directed graphs, dynamic networks, and multi-relational
scenarios could broaden its applicability.

The integration of edge features and the development of automatic hyperparameter selection
strategies represent other promising directions. Furthermore, deeper theoretical analysis of why
eigenvector distances provide effective structural similarity measures could strengthen the foundation
of spectral approaches in GNNs.

EDM-GNN represents a significant step toward more adaptive and theoretically grounded GNNS.
By leveraging spectral information for adaptive edge weighting, our approach provides a unified
solution that excels across diverse graph topologies while offering interpretable insights into the
relationship between graph characteristics and optimal learning strategies.
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Abbreviations

The following abbreviations are used in this manuscript:

EDM-GNN  Eigenvector Distance-Modulated Graph Neural Network

SOTA State-of-the-art

mpP Message passing

GNN Graph Neural Network

GCN Graph Convolutional Network
GAT Graph Attention Network
MLP Multi-Layer Perceptron

Geom-GCN  Geometric Graph Convolutional Network
MixHop Higher-order Graph Convolutional Architectures
GraphSAGE  Graph Sample and Aggregate
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