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Abstract

Attention mechanisms have become a de facto standard for enhancing the expressivity of
deep learning models, achieving remarkable success in graph data. Recent studies have
shown that attention-based graph neural networks (GNNs) often perform poorly on het-
erophilic graphs and have attributed this degradation primarily to low levels of homophily.
In contrast to this prevailing explanation, we find that on heterophilic graphs, under stan-
dard graph attention mechanisms, node-level homophily shows only a weak correlation with
prediction accuracy, and nodes with lower homophily ratios can even achieve higher accu-
racy on average. These observations suggest that homophily alone is insufficient to explain
the failure of graph attention. In this work, we show that standard graph attention net-
works exhibit a systematic performance imbalance across nodes with different degrees of
diversity, favoring structurally inhomogeneous nodes (i.e., those with significantly diver-
gent degrees compared to their neighbors). To mitigate this bias, we propose a graph
attention optimization framework that integrates augmented feature attention and degree
diversity-aware attention score to mitigate node-level structural bias. Experiments show
that the proposed method consistently outperforms strong GAT variants and state-of-the-art
heterophily-oriented GNNs. Moreover, it maintains stable performance gains across nodes
with varying heterophily levels, demonstrating its effectiveness on diverse graph structures.

1 Introduction

Since the seminal work by Velickovic et al. (Velickovic et al., 2018)), attention mechanism has spread over
many applications of deep neural networks. In particular, the attention that is extended to accommodate
irregular graph-structured data, known as graph attention, shows promising performance on node-level and
graph-level prediction tasks (Liu et al. 2020; [Bo et al., [2021). In recent years, some variants of the vanilla
graph attention networks (GAT (Velickovic et all |2018])) have been proposed to improve the performance,
such as GATv2 (Brody et al.,[2022)) and AERO-GNN ([Lee et al.; |2023)). Despite their success, graph attention
models still face notable challenges when applied to heterophilic graphs, where connected nodes often belong
to different classes. Due to the widespread presence of heterophilic graphs in real-world applications (e.g.,
web-page networks, biological networks, and recommender systems), this issue has emerged as an active
research topic in graph neural networks. Most existing studies attribute the performance degradation of
graph attention networks on heterophilic graphs to low homophily, arguing that message passing becomes less
effective when connected nodes tend to belong to different classes. Following this explanation, a large body
of work focuses on identifying homophilic and heterophilic edges or reconstructing node—node interactions
to improve attention-based message passing (Wang et al.| 2024b; Jiang et al., 2024)). For example, SA-
GNN (Huang et al.l 2023b|) learns a binary classifier to distinguish homophilic and heterophilic edges, and
subsequently prunes heterophilic edges to increase the overall homophily ratio.

However, in this work, we reveal a contrasting phenomenon: on heterophilic graphs, the influence of ho-
mophily on graph attention is far from uniform at the node level, as illustrated in the first column of Fig.
To ensure that this observation is statistically reliable, all results in Fig. [l| are averaged over 10 independent
runs with different random seeds, and the error bars denote the standard deviation. In particular, node-level
homophily shows a weak correlation with prediction accuracy, and nodes with lower homophily ratios can
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Figure 1: Comparison of node classification accuracy on the Texas and Wisconsin datasets. Left: node
accuracy of GAT under different homophily levels 2 (homophily level). Right: node accuracy under different
degree diversity levels hyq (degree diversity), comparing GAT with the proposed method (i.e., Echo-GAT).

even achieve higher accuracy on average. These observations indicate that homophily alone is insufficient to
characterize node-level behavior in graph attention networks.

Homophily measures label-level similarity among neighboring nodes, whereas degree diversity reflects struc-
tural contrast within a node’s neighborhood; these two properties are conceptually independent. Our empir-
ical observations show that, on heterophilic graphs, degree diversity correlates more strongly with node-level
attention performance than homophily.

This finding poses an additional challenge for designing effective graph attention mechanisms on heterophilic
graphs. When homophily fails to reliably characterize node-level behavior, attention models can no longer
depend on label or feature similarity as a stable cue for neighbor selection. From the perspective of attention
design, this challenge is particularly pronounced on heterophilic graphs, where node neighborhoods often
exhibit heterogeneous degree patterns, offering rich structural cues for distinguishing neighbors. However,
when such degree heterogeneity is insufficient (i.e., nodes exhibit low degree diversity), their neighborhoods
become structurally uniform, with neighbors sharing similar degrees. In this case, the lack of structural
differentiation makes it difficult for the attention mechanism to effectively distinguish among neighbors,
causing attention weights to be distributed in a biased or uninformative manner. As a result, message
aggregation becomes less discriminative, leading to degraded prediction performance. In contrast, higher
degree diversity introduces richer structural variation, enabling attention mechanisms to better differentiate
neighbors and perform more effective message passing.

Motivated by the above observations, we focus on degree diversity as a key structural factor influencing
graph attention behavior at the node level. Empirically, we observe from the second column of Fig.
that node classification accuracy under GAT exhibits a clear dependency on degree diversity: nodes with
low degree diversity consistently achieve lower accuracy, while those with higher degree diversity attain
significantly better performance. Compared with grouping by homophily, the accuracy curves under degree
diversity grouping exhibit a much clearer separation between different structural regimes, indicating that
degree diversity provides a stronger structural signal for explaining node-level performance variations. This
pronounced separation indicates that degree diversity provides a strong and discriminative structural signal
for characterizing node-level behavior in graph attention networks.
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Figure 2: Node attention changes between the original graph and the extended graph.

In this paper, we present a method to adjust the bias of graph attention on heterophilic graphs. The core idea
is the introduction of echo nodes, the copies of the central nodes. The effect of this operation is illustrated
in Fig. 2] where node v attends its neighbors with different weights and colors denote labels. Once the echo
nodes are added to the neighborhood of node v, the local neighborhood structure is regularized, leading to
increased degree diversity and more balanced structural interactions during attention aggregation.

Then we design an extended attention for the augmented graph, which consists of two parts. The first
part is feature-level attention, which jointly aggregates representations from the original nodes and their
corresponding echo nodes. The second part is a degree diversity-aware attention score, which provides the
ability to account for degree disparities at both local and high-order scales. As a result, the proposed attention
mechanism can more effectively capture node interactions in structurally inhomogeneous neighborhoods.

We summarize our contributions as follows:

o We propose a novel method to extend GAT to heterophilic graphs by introducing echo nodes, which
dilute the attention weights of the central node toward its heterophilic neighbors.

e We further exploit local degree diversity among connected nodes to refine the relative importance
measurement between the central node and its neighbors, implemented through a combination of
neural network learning and edge ranking.

o Experiments on graphs spanning the full heterophily spectrum demonstrate the superiority of our
method over both GAT variants and heterophily-oriented GNNs, regardless of whether they employ
attention mechanisms.

2 Related Work

Most GNNs employ the message passing (MP) to facilitate the feature propagation among nodes and their
neighbors, where prominent examples include GCN (Kipf & Welling},2017)) and GAT (Velickovic et al.,[2018]).
(Wu et al. further decouple the MP to explore the global structural information. Unfortunately, the
homophily implicit in MP limits the generalization of GNNs to heterophilic graphs, which is outlined in
let al.,|2024; |Ai et al., 2024; Huang et al., 2023a;[2025)). They show that unlike “like attracts like” in homophilic
graphs, different nodes in heterophilic graphs tend to be linked. In this case, GNNs may struggle to perform
well. Recent works have begun to revisit the heterophily by designing wider messaging ranges to capture
distant but similar nodes in the heterophilic graph (Song et al., 2023; Huang et al [2024). JKNet and Mix-
Hop (Xu et al, |2018; |Abu-El-Haija et al., 2019) transform and connect multilayer neighbor representations,
while DAGNN and GPRGNN (Liu et al.l 2020; (Chien et al.,|2021]) use graph diffusion to capture higher-order
neighbors in heterophilic graphs. Other studies such as graph contrastive learning (Wang et al.,2024a)) and
graph structure learning (Battiloro et al., [2024)) have shown that can improve GNNs on heterophilic graphs.

Attention-based GNNs aim to learn to propagate by inferring the relational importance between node pairs.
Among many, GAT and its variants (Velickovic et all |2018; Brody et al., 2022; [Lee et al.l |2023)) learn edge
attention, aiming at inferring the importance, or weight, of each neighbor w.r.t. central node. However,
it remains a big challenge to apply graph attention mechanism to heterophilic graphs
[Pan et al., [2024). Current approaches towards this issue mainly put efforts into identifying heterophilic
edges before performing graph attention and convolution. For example, WRGAT (Suresh et all [2021)
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converts heterophily graphs into multi-relational graphs, where the proximity and structural information are
characterized and used to craft different types of edges, followed by the vanilla graph attention operations.
DIR-GAT (Rossi et al., 2023) makes use of the edge direction to indicate the edge type. Those solutions
demonstrate the effectiveness in improving the overall node classification performance of GAT. Different
from the existing graph attention based GNNs (Kazi et al.| 2023; [de Ocariz Borde et al., 2023), our model
focuses on addressing the fairness of graph attention mechanism w.r.t the local degree diversity of a graph,
thus improving the overall performance of GNNs on a wide range of graph data.

3 Notations and Preliminaries

This section introduces the preliminaries of our work, including notations and definitions.

3.1 Notations

Let G = (A,E,X,Y) represent a graph with node features and labels, where A € {0,1}"*" denotes the
adjacency matrix, E is the edge set, and X € R™*? is the node feature matrix. For nodes i,j € {1,2,...,n},
A;; = 1if and only if nodes 7 and j are connected by an edge in G, and X; € R? represents the features of
node i. X denotes the set of ground-truth node labels. The set of neighbors of the central node ¢ is denoted
by N (i) = {j | Aij = 1}. D € R™*" represents the degree matrix of graph G, which is a diagonal matrix,
where the i-th diagonal element D, ; = d; = |N(4)| represents the degree of node i.

In this paper, we primarily focus on the node classification task (Chien et all 2021} Ma et al., [2022), which
is one of the most important machine learning tasks on graphs. Node classification is a semi-supervised
learning problem defined as follows:

Definition 1 (Node Classification) Node classification is a task of learning the conditional probability
Q(Y | G;©) to distinguish the class of each unlabeled node in a single graph G = (A, X,Y), where © is the

model parameters and Y| 1s the partially known set of node labels.

3.2 Node Homophily

Homophily is an inherent property of graphs, indicating that connected node pairs tend to be similar. In the
context of node classification, this implies a higher probability that connected nodes share the same label.
In this work, we focus on the homophily of the local field around central node. Therefore, we adopt the
definition of node-level homophily used in the prior works (Zhu et all |2020; [Lim et al., [2021]), which reads
as

Definition 2 (Node Homophily Ratio (Zhu et al., [2020)) Given the central node i in the graph G =

(A, X,Y), the node homophily ratio is defined as the proportion of edges connecting node i to another node

7 with the same label. Formally, this metric reads as

Zje./\/(i) I(y: = yj) (1)
NV (@) ’

where 1(-) is the indicator function (i.e., when the condition - holds, I(-) = 1; otherwise, I(-) =0).

hi =

Accordingly, the node homophily h; — 1 implies the strong homophily of node i’s neighborhood, while when
h; — 0, the node is considered to have strong heterophily.

3.3 Degree Diversity

Next, we characterize the structural connection patterns. While homogeneity, a property that character-
izes the evenness of degree distribution, is commonly measured at the graph level (Li et all 2022} Wang
et al.l [2022)), such metrics often overlook structural variations at the local level. To capture local connec-
tivity properties, we propose the node-wise degree diversity ratio, a metric that mainly relies on structural
characteristics to reflect the diversity of local connectivity patterns.
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Figure 3: The flowchart of the proposed Echo-GAT. Specifically, given the heterophilic graph A and the
corresponding features X, Echo-GAT first employs the Variational Graph Auto-Encoder (VGAE) to generate
echo nodes for nodes with low degree diversity, resulting in an augmented graph (i.e., subfigure (a)). After
that, Echo-GAT introduces the extended attention for the augmented graph to capture the feature-level and
degree diversity-aware information at both local and high-order levels (i.e., subfigure (b)). Finally, the graph
supervision loss and the VGAE reconstruction loss are jointly optimized, enabling the learning of informative
echo node representations and degree-aware attention weights.

Unlike statistics such as the variance of neighbor degrees, which measure the dispersion among neighbors
themselves, our formulation focuses on the degree deviation between the central node and its local neigh-
borhood. This node-wise perspective is important for our method design, as it provides a structural signal
for identifying nodes whose connectivity patterns deviate from their surrounding context.

The formal definition is as follows:

Definition 3 (Degree Diversity Ratio) Given a central node i in the graph G = (A,X,Y), the degree
diversity ratio measures the deviation between the degree of the central node and the average degree of its
neighbors, formulated as

1
hdd(i) = Norm dz — T Z dj ) (2)
NG 42,

where |-| denotes the absolute value. The function Norm(-) denotes min—maz normalization defined as

Norm(z;) = —— Lmin_ (3)

Tmax — Lmin

where Tymin and Tymax represent the minimum and mazimum values computed over all nodes in the graph.

Node degree diversity measures the extent to which a central node has a similar degree to those of its
neighbors. A lower node degree-diversity ratio hgq(i) indicates a smaller degree difference between the
central node and its neighbors, implying a more structurally balanced local neighborhood. In contrast, a
higher hgq(i) indicates that the degree of the central node significantly differs from that of its neighbors,
suggesting a stronger structural mismatch in the local connectivity pattern.

4 Methodology

Overview. To rectify the node-level bias of graph attention induced by low degree diversity, we propose
a graph attention optimization framework that explicitly incorporates degree-based structural information
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into message aggregation, as illustrated in Fig. Our model consists of two components: (i) Graph
augmentation via echo nodes. We employ a variational graph autoencoder (VGAE) to generate echo
nodes for selected central nodes, augmenting the original graph structure. This augmentation regularizes
local neighborhood structures by supplementing the neighborhoods of nodes with insufficient degree diversity,
thereby increasing overall degree diversity. (ii) Extended attention on the augmented graph. On the
augmented graph, we design an extended attention mechanism that jointly incorporates feature-level signals
and degree-based structural information at both local and high-order levels. Specifically, the attention scores
derived from different structural and semantic sources are integrated into a unified attention weight, enabling
message passing in graph attention to encode richer feature representations together with degree diversity
information at multiple structural scales.

4.1 Graph Augmentation

Based on our earlier analysis, we attribute the node-level performance bias of graph attention to structural
imbalance in local neighborhoods, which is closely related to insufficient degree diversity. Towards this
end, we extend the neighborhood of the nodes with low degree diversity. Specifically, we introduce echo
nodes, which are virtual neighbors of the central nodes sharing similar feature distribution, as illustrated in
the graph augmentation module of Fig. [3] These echo nodes reshape local neighborhood compositions and
facilitate degree diversity.

When selecting nodes for neighborhood extension according to Eq.[2] we focus on nodes with both low degree
diversity and low degrees (i.e., {i | d; < m > jen()di})- This design is motivated by the observation
that, for high-degree nodes, attention weights over neighbors tend to be more evenly distributed due to
the normalization effect of the softmax operation, resulting in limited sensitivity to additional neighbors.
Consequently, extending the neighborhoods of high-degree nodes is unlikely to substantially alter their
attention distributions, whereas nodes with low degrees can benefit more from neighborhood augmentation.

Echo Node Initialization. Let Gt = (AT, X V) be the augmented graph, where V¥ = VUV,
consists of the original node set Vi and the disjoint echo node set V., A+t € {0, 1}V I*IVT X+ ¢ RIV'Ixd,
For the nodes with d; < ﬁ ZjEN(i) d; and hgq > B, where § is the degree diversity threshold, we add k

echo nodes as the immediate neighbors for each of them, i.e., AI]- = Ajz = 1 for the augmented graph G,
where ¢ € Vj is the original node and j € V. is its echo. Moreover, there are no connections between echo
nodes.

Next, we obtain node embeddings using a graph autoencoder and use them to initialize the corresponding
echo nodes. Various graph autoencoder methods can be used for this purpose, such as VGAE (Kipf &
Welling| 2016)), GraphMAE (Hou et al., |2022)), and GraphMAE2 (Hou et al.,|2023). In this work, we employ
VGAE to generate node embeddings. Briefly, for a given graph G = (A, X)), VGAE encodes each node 4 into
an embedding vector z;. The entire process consists of two modules:

Encoder. The encoder infers the latent distribution of each node from the graph structure and node
features. The embedding vector z; € R? of node i follows a probability distribution whose mean and
variance are computed using a Graph Convolutional Network (GCN). This is formulated as

q(zi|X, A) = N(z4; j1s, diag(57)), (4)
where ¢(+) is the approximate posterior distribution, N(-) denotes a multivariate normal distribution, fi; and
o2 denote the mean and variance of the latent distribution for node i, respectively.

Decoder. The decoder reconstructs the adjacency matrix of the graph from the node embedding vectors
by determining the existence of an edge between nodes ¢ and node j using their embedding vectors z; and
z;. The reconstruction is performed via the inner product

~

A = o(z] 7)), (5)

where Aij is the reconstructed adjacency matrix element, and o is an activation function mapping values to
the range [0,1].
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The latent embeddings are projected to the original feature dimension before being used as echo node
features, ensuring dimensional consistency with the input feature space. The learned embedding vector z; is
then set as the initial feature of each echo node of the target node i. Let k copies of the embedding z; be the
set Z; ={2i0,2%i1,...,2ik}. Note that all k echo nodes are connected to the corresponding original node 1,
forming new edges, resulting in the extended adjacency matrix AT. Each echo node is connected only to its
corresponding original node and does not connect to any other original nodes or other echo nodes. Formally,
we define the extended graph as

X+: [Xa [Zzlhdd(l)>6]]7 ’Z:ZO,...,TL, (6)
n k

AT =A + ZZ {(Ii,(n+j~n+) + I(n+j-n+),i) | hdd(i) > B} ) (7)
i=0 j=0

n

nt = I(ha(i) > B), (8)

=0

where X+ € RO+n)xd apd A+ € Rn")x(n4n™) a1e the extended node feature matrix and adjacency
matrix, respectively. The notation H denotes matrix concatenation, and n is the number of nodes in the
original graph. The indicator function I(-) returns 1 if the specified condition is met and 0 otherwise. Thus,
n™ represents the number of nodes satisfying hgq(i) > 8. The parameters k and 8 are hyperparameters,
where k is the number of echo nodes associated with one original node, and 3 represents the degree diversity
threshold for selecting original nodes. I; (4;.,+) is a unit matrix with a 1 at position (i, (n + j - n™)),
indicating the presence of an added edge. This operation results in an extended graph G+ = (X*, A™),
constructed from degree diversity hyy and node embedding vectors z.

4.2 Extended Attention on the Augmented Graph

After graph augmentation, we obtain an extended graph Gt = (X, A*) that contains both the original
nodes and their corresponding echo nodes. To effectively perform message passing on such an augmented
structure, in the feature space, we employ an extended attention mechanism that can jointly model interac-
tions among original nodes as well as between original and echo nodes. Beyond feature similarity, we further
incorporate structural information to account for node-level degree diversity. In particular, we model the
influence of degree diversity between connected node pairs using a multi-layer perceptron (MLP) based on
degree-related structural features. To capture higher-order structural relationships, we additionally leverage
SimRank-based similarities as complementary edge weights. The detailed implementation of each component
is described below.

4.2.1 Extended Featural Attention

We first employ graph attention mechanism to compute the attention scores for each edge (i,7) in the
extended graph GT = (X, A1), similar to GAT, where node dependencies are determined based on their
feature representations. That is, for each pair of adjacent nodes i and j, the extended attention score oz?'j is
computed as

exp (LeakyReLU (aT [hl(»e) I hg»e)]))

+(0+1) _
Yij - ONENOINN ®)
DokeN+ (i) €XP (LeakyReLU (aT (h;” || hy ]))
hgo) =x; (10)
where h; and h; denote the feature vectors of nodes ¢ and j, respectively, and [- || -] represents the con-

catenation operation. The learnable weight vector a is used to compute the attention score between node
pairs. The function LeakyReLU(-) denotes the Leaky Rectified Linear Unit, and the exponential ensures
non-negative scores. The denominator performs a softmax normalization over all neighbors k € Nt (i) of
node ¢ in the extended graph, including both original and echo nodes. As a result, the attention coefficient
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quantifies the relative importance of node j when aggregating messages for node i. It can also be
viewed as the dynamic connection weight between two nodes.

£+1
o HED

By computing the feature-level similarity for each node pair in the extended graph G+, we obtain the full
attention score matrix ot(® in each layer.

4.2.2 Degree Diversity-Aware Attention Score

Homophily measures label-level similarity among neighboring nodes, whereas degree diversity captures struc-
tural contrast within a node’s neighborhood; these two properties are conceptually independent. Degree
diversity provides a more reliable structural signal for guiding attention under heterophily, as feature or
label similarity may be misleading.

To complement the feature-based extended attention, we introduce a degree diversity-aware attention that
captures node-level structural inhomogeneity from a topological perspective. This module assigns local and
high-order structural weights to edges based on the degree disparity and multi-hop neighborhood overlap
between connected nodes, enabling graph attention score to incorporate degree diversity information at
multiple structural scales.

Local Degree-Based Structural Weighting. We model the impact of degree diversity on node-to-node
interactions using a multi-layer perceptron (MLP). For each edge (i,j), we construct an edge feature vector
that encodes degree-related structural information, including the degrees of the two endpoints, d; and d;,
as well as their multiplicative interaction d; - d;. These features capture both individual degree properties
and pairwise degree relationships. For all edges in the graph, these feature vectors are arranged into an
degree-aware edge feature matrix E; € R™*3:

Ef = Z [e(ZaJ)L 6(17]) = [diadjvdi'dj]a (11)
i,jEE
where e(+) represents the edge feature vector, and [-] denotes matrix concatenation.

The resulting edge feature matrix F; is then fed to the MLP with two hidden layers. The MLP outputs a
score vector eg € RIP!| wherein each element corresponds to the score of an edge (ik, Ji):

e; = MLP(Ef; @mlp)7 (12)
Es[ilﬁjk] = Es[jk7ik] = es[k]v (13)

where ©,,;, denotes the learnable parameters of the MLP. The score matrix E; € R+ ) x(4n") easures
the interaction strength between connected pairs from the perspective of the first-order structural correlation.

High-Order Degree-Based Structural Similarity. In order to incorporate the higher-order structural
correlation in the edge scoring, we employ the ready-made SimRank (Jeh & Widom, [2002), a method based
on the intuition that similar nodes are referenced by similar nodes. The structural similarity s(i, j) between
nodes in the graph is recursively defined as

. C
sf)=——7 >, >, s, (14)
t 7 peN(i) 4eN()

E; = Norm(E; + s(4, 7)), (15)
where s(i, j) represents the SimRank similarity between nodes ¢ and j, and C' is a normalization constant.
The double summation iterates over all pairs of neighboring nodes (p, q), where p € N/ (i) and ¢ € N (j), accu-
mulating their similarity scores s(p, ¢) between the neighboring nodes. E; denotes the previously calculated
edge score, while Norm(-) scales the value to the range [0, 1].

Incorporating the SimRank similarity s(i,j) enriches the structural attention score by complementing local
degree-based structural signals with higher-order neighborhood information. Specifically, the local structural
attention score captures degree disparity between connected nodes, while SimRank accounts for their struc-
tural similarity induced by multi-hop neighborhood overlap. Together, these components mitigate node-level
structural inhomogeneity and promote more consistent attention aggregation across diverse neighborhood
configurations.
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4.2.3 Attention Integration

After completing the aforementioned steps, the extended attention scores at and the structure-based edge
weights W collectively determine the final weight matrix A for each edge in the graph. This matrix serves
as the weighted coefficient in the node convolution process. The A is first normalized in the way

A = Norm ((oﬁ(z) + Eh) ® A+> , (16)

where at(®) represents the extended attention score matrix, E; is the edge weight matrix obtained by
combining Edge Scoring with SimRank, and AT is the adjacency matrix of the extended graph. The
normalization operation ensures that the elements of A are within the range [0, 1].

Next, a weighted aggregation of the node features is performed, as GAT does. Specifically, the aggregation
operation utilizes the attention weights A at the-l layer to compute a weighted sum of the node features,
updating the feature representation for each node as follows

HHED — U(A(@H"'“)W(@)), (17)

HTO = X+, (18)

where HT () denotes the node feature matrix at the ¢-th layer, X is the node feature matrix of the extended
graph, which incorporates both the node features of the original graph and the echo node features obtained
via auto-encoding. A is the dynamic weight matrix, W(® is the feature transformation weights at the ¢-th
layer, and o(-) represents the nonlinear activation function.

4.3 Training

The training objective is to jointly minimize the reconstruction loss of the Variational Graph Auto-Encoder
(VGAE) and the classification loss of the Graph Neural Network (GNN). In particular, the VGAE loss
primarily consists of the reconstruction error and a regularization term, which quantifies the discrepancy
between the generated graph structure and the original graph structure. The VGAE loss function Lygae is
expressed as:

»cvgac = 7Eq(Z|X,A) [1ng(A‘Z)} + KL(q(Z|X’A) ” p(Z))7 (19)

where Eq(z/x a)[log p(A|Z)] represents the expected log-likelihood of reconstructing the adjacency matrix
A given the latent variable Z. Here, ¢(Z|X,A) denotes the approximate posterior distribution, which
is conditioned on the node features X and the adjacency matrix A of the original graph. The term
KL(¢(Z|X,A) || p(Z)) represents the Kullback-Leibler (KL) divergence between the approximate poste-
rior distribution ¢(Z|X, A) and the prior distribution p(Z). The KL divergence serves as a regularization
term, encouraging ¢(Z|X, A) to remain close to the prior p(Z).

The classification loss for our Echo-GAT is computed using cross-entropy loss Lo g for the node classification
task. For each node i, the loss is calculated as

Lop=— Y yilogi + (1—yi)log(1 — §), (20)
eV
where Vj is the set of nodes in the original graph, y; is the true label of node 4, and §; is the predicted
probability for node .

Accordingly, the total loss function Lo, is the weighted sum of the VGAE loss and the GNN classification
loss
£tota1 = acvgae + bcCE (21)

4.4 Theoretical Analysis

Let Nagu (i) = {v1,v2,- -+ ,v;} be the echo neighbors of node 4, then the augmented neighborhood is N (i) =
N(@G) UA{vr,...,ue} U{i}. According to Eq. (8), the unnormalized attention score between ¢ and vy, is
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e;y,, = LeakyReLU(a”[Wh,;||Wh,, ]). Recall that the feature of echo node m is copied from the central
node initialized with VGAE, that is, th}n = hgl). Thus, the unnormalized attention score e, > e;; for
heterophilic neighbor j.

Next, we analyze why the introduction of echo nodes decreases heterophilic influence on graph smoothing.
First, we will see that adding terms with high e;,,  reduces the relative attention on low-similarity neighbors
due to softmax normalization. Specifically, let S =", N()U{i} exp(eix) be the original denominator, and

S'=85+ an:l exp(e;y,, ) the augmented one. For a heterophilic neighbor j (corresponding to low e;;), the

original attention is a;; = %Se”), whereas the post-augmentation is
exp(es;) _ exp(esy) "
o = 5 = S—&-Z ,where A = Z exp(€ip,, )- (22)
m=1
Since A > 0, a;; < a;; with the reduction factor SJ% <1

If echo nodes are highly similar, then e;, , & e;; and A can be written as A = kexp(e;;). For large k or high
similarity, we have A > S — exp(e;;), which makes a}; < «a;; for heterophilic j. That is, the augmentation
of echo nodes dilutes the attention on heterophilic neighbors. This effect further plays a role in reducing
smoothing via aggregation bias.

In general, feature smoothing can be measured by the Dirichlet energy >, thlH) — h§1)||2. Without loss
of generality, we consider one term in the Dirichlet energy ||hz(»l+1) - hz(.l)||2. For convenience, we adopt a
linear approximation of Eq.[16land omit the activation o and weight matrix W. So the aggregated feature is
h = ; Qi hEl) before augmentation. Let H (i) C N (2) be heterophilic subset. The heterophilic contribution

O]

i

I8 35 cn ij (hy) — hz(-l)), which biases h; away from h

When the central node i is augmented with echo nodes, those echo nodes contribute » - a7, (h‘J)ﬂ —hl(.l)) ~0
(due to high similarity), while diluting agj for all heterophilic neighbors j € H(¢). Such simplifications are

. . . . o M)y
commonly used in theoretical analyses of GCNs. Thus, the bias term shrinks to ZJEH(Z.) o (h;” —h;”’) ~

MLA > JeM (i) O (hy) - hl(l)), according to Eq. theoretically bounding the Dirichlet energy increase per
layer (reducing smoothing accordingly).

5 Experiments

This section presents experiments on nine widely used public datasets to evaluate the node classification
accuracy and variance of the proposed Echo-GAT model, comparing it with benchmark models and those
specifically designed for heterophilic graphs. Additionally, ablation studies, time complexity analyses, and
parameter experiments are reported and analyzed. The datasets, comparison models, and implementation
setup are described in detail in the appendix Codes are available at [URL will be provided upon accep-
tance].

5.1 Node Classification

Heterophilic Graphs. In Table[l] our method consistently delivers substantial performance improvements
over vanilla GAT models across all six heterophilic benchmarks. In particular, Echo-GAT improves GAT
by 61.92% on Cornell, 46.35% on Actor, and 23.83% on Tolokers, demonstrating its strong ability to handle
heterophily-driven feature mixing. Even when compared with graph transformers such as GT, Echo-GAT
still achieves notable gains—up to 5.97%, 2.60%, and 1.84% on Cornell, Texas, and Wisconsin, respectively.
When compared with powerful heterophily-oriented methods, Echo-GAT achieves state-of-the-art (SOTA)
performance on four out of six datasets and remains highly competitive on the remaining two.

Homophilic Graphs. As shown in Table [2| Echo-GAT achieves the best performance across all three
homophilic datasets, surpassing both GAT and its variants. Although originally designed for heterophilic
settings, our method generalizes effectively, achieving 83.09% on Cora and 71.53% on CiteSeer. These results
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Table 1: Node classification accuracy (in percentage) on heterophily graph datasets. h refers to the graph
homophily level. The table reports mean accuracy + standard deviation. Best results are red, second-best
blue. 1 / | indicate improvement / degradation vs baseline models (%).

Datasets Cornell Texas ‘Wisconsin Actor Tolokers  Questions Minesweeper Avg.Rank
h 0.13 0.11 0.20 0.22 0.19 0.11 0.25
GAT 2018 4811 £ 5.1 59.46 £5.8 59.22+59 2838+ 1.5 6815+04 63.75+£0.9 88.59 + 0.5 16
GAT variants GATYV M 43.78 £ 6.1 61.08 4.6 60.39+3.9 26.86+ 1.3 70.52+0.3 6520+ 0.9 89.01 + 0.4 15
GT|Shi et al.|( 73.51 £ 4.4 8351 +53 8510£46 3601+£09 7816+£03 7022£1.1 91.85 + 0.8 9
‘With Attention
WRGAT |Suresh et al.|(2021 76.49 + 6.7 76.76 £ 4.0 79.61 £51 36.15+1.0 83.00£0.5 7525+1.1 89.75 + 0.9 8
AERO-G. Lee et al.|(2023 76.76 £ 2.9 80.97 £5.6 79.33+4.5 36.06+10 83.08+05 7592+ 1.2 89.88 + 0.8 5
DIR-GAT |Rossi et al. B 74254+ 3.6 8125445 79.69£35 3628+ 1.8 8281+£08 T7412+£12 90.30 &+ 1.0 7
‘Without Attention
Heterophily-oriented  H2GCON [Zhu et al. (2020 7595+ 7.3 75.68 £6.7 80.59 £29 3623+09 79.67+0.5 7576+ 1.2 89.17 +£ 0.3 11
CPGNN |Zhu et al.|(2021 70.27 £ 5.1 75.68 £ 5.1 7647 +£6.2 3559 +09 7759 +04 7173+ 1.0 87.43 £ 0.8 13
DGCN |Tong et al.|(2020b) 68.32 +£4.3 7153+ 7.2 6552+47 33.74+03 76.32+03 74.05+09 88.57 £ 0.8 14
7780 £49 79.50 £32 7720422 3282407 80.17+0.7 7436+ 0.8 89.03 + 0.7 10
76.86 £ 7.1 81.51 £6.6 76.30+39 3558 +£09 81.32+04 7509+1.1 89.24 £+ 0.6 6
7135+ 73 6514 +83 T7412+£54 348 +09 77.10+£06 71.10+£ 1.3 87.69 + 0.9 12
74.59 £ 1.3 8457+ 1.1 7835+£19 36.17+£09 8353+£07 7225+£09 89.97 + 0.6 4
7469 £ 2.5 7645+ 40 7876 +49 36.62+14 837704 76.79+14 90.50 &+ 0.5 3
. 77.80 4.5 84.96 5.6 85.05+4.1 36.59 +£22 8421 +04 7621 %16 90.63 &+ 0.7 2
Ours Echo-GAT 7790 £25 85.68 £4.0 86.67+29 36.89+24 8439+ 0.3 92.31 + 0.6 1
vs GAT (%) 61.921 44.101 46.351 29.991 23.831 4.201
vs GATV2 (%) 77.941 40.281 43.521 37.341 19.671 18.941 3.717
vs GT (%) 5.971 2.601 1.841 2441 7.971 10.441 0.501

Table 2: Node classification accuracy (in percentage) on homophilic graph datasets. h refers to the homophily
at graph level.

Datasets Cora CiteSeer PubMed Computers Photo

h 0.81 0.74 0.80 0.78 0.83
GAT 8224 £0.7 7019 £04 7842403 8190+ 04 86.56 &£ 1.2
GATv2 8262 £ 04 71424+ 0.7 7834+ 04 83274+03 8815+09
GT 82.09 £0.7 7016 £08 79.04 £0.5 8518 +05 9274+ 1.2
H2GCN 8270 £ 0.9 43.70 £ 0.3 78.60 £ 0.6 83.36 £ 0.2 93.02 £ 0.8
CPGNN 79.40 £ 1.4 6941 £05 77404+ 0.6 81.51 £0.4 8587 £ 0.9
Echo-GAT | 83.00 £ 0.3 71.53 £ 0.3 79424+ 0.5 8845+ 0.3 9452 + 0.8

suggest that the proposed attention debiasing mechanism also enhances feature aggregation in homophilic
neighborhoods by mitigating noisy or uniform attention distributions, while preserving the inherent structural
consistency.

5.2 Ablation Study

Table [3| reports the results of evaluating each core component of Echo-GAT by progressively removing Mod-
ules A (replacing the proposed Extended Attention with the vanilla graph attention), E (Edge Scoring), and
S (SimRank). The complete model consistently achieves the highest accuracy across all datasets, underscor-
ing the importance of the three modules working in synergy. Notably, removing Module A leads to a sharp
decline in performance, highlighting the importance of echo nodes in redistributing attention within het-
erophilic graphs. Similarly, excluding Module E leads to substantial performance degradation on datasets,
indicating the necessity of degree diversity-aware edge reweighting for distinguishing structurally correlated
neighbors. Module S also proves essential by introducing higher-order structural relationships. These find-
ings confirm that each module addresses a distinct yet complementary limitation of attention-based GNNs
in heterophilic settings, and that their integration is key to achieving state-of-the-art performance.

We test whether the choice of the self-supervised encoder for echo node embedding will have effects on
the prediction performance. We use three popular graph autoencoders, namely, VGAE, GraphMAE, and
GraphMAE2 on four heterophilic graph datasets. From Table [4] we observe that across all datasets, our
model based different graph encoders exhibits consistently high performance with only minor variations.
This consistency suggests that our model is agnostic to the underlying embedding methods. Throughout the
work, we use VGAE as the initial encoder.
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Table 3: Ablation Study on Different Modules (A: Extended Attention, E: Edge Scoring, S: SimRank).

A E S ‘ Cornell Texas ‘Wisconsin Actor Tolokers  Questions Minesweeper
v v v |T790+25 8568+ 4.0 86.67+29 36.89+24 8439403 77.55+1.2 92.31 £+ 0.6
- v Vv | 5216 +£38 6027 +48 5863+74 30.00+71 69.81+06 64.82+15 82.05 + 0.4
' vV | 7097 £58 T77.03+4.1 7861 +3.7 3439+1.2 7568+0.2 71.09+1.1 87.84 £ 0.7
v v - | 7595+51 8054451 7963451 3469+ 13 7751 +04 7253+1.2 89.20 + 0.6

Table 4: Ablation Study on Different Autoencoders.

Model Cornell Texas ‘Wisconsin Actor
VGAE 77.90 £ 2.5 85.68 £4.0 86.67 29 36.89 £ 2.4

GraphMAE ~ 77.89 £ 2.7 8532+ 4.3 86.49 £3.1 36.63 + 0.9
GraphMAE2 7741 4+ 3.5 85.66 4.7 8588 £3.4 36.65 £ 1.9

5.3 Effects of Hyperparameters

Fig.[dillustrates the impact of varying the degree diversity threshold 8 and the number of echo nodes k added
to each node on the accuracy. It is shown that the accuracy generally increases with 5 up to approximately
80%, after which the improvement plateaus—Ilikely due to the increasing density of the graphs. When the
threshold is fixed, varying the value of k does not significantly affect the model’s performance , except for
very small k (i.e., k = 1,2). These findings suggest that the effectiveness of echo node augmentation depends
on the number of the nodes to be extended. Overall, the results highlight the importance of dataset-specific
hyperparameter tuning to maximize the benefits of Echo-GAT.

5.4 Training Time

Fig. [5| shows the time cost in training phase for strong models with/without attention mechanism. It our
method achieves an excellent balance between accuracy and efficiency. On the Cornell dataset, it reaches
77.90% accuracy with a training time of only 1.2 x 1072 seconds, significantly outperforming both GT and
GPR-GNN. Similarly, on the Texas dataset, it achieves 85.68% accuracy with consistently low training cost.
These results underscore the lightweight yet effective design of our approach, whose balanced performance
and efficiency make it particularly suitable for scenarios with limited computational resources or requiring
rapid iteration.

6 Conclusion

Heterophilic graphs pose a challenge to the current graph attention mechanism that quantifies the relevance
between central node and its neighbors merely based on node features. Most of the existing solutions focus
on determining the edge directionality, often overlooking the intrinsic correlation between node homophily
and degree diversity. In this study, we investigate the performance bias of the vanilla graph attention net-
works towards inhomogeneous (thus heterophilic) nodes. We propose a novel attention extension paradigm
to learn node feature representations more fairly, which introduce the echo nodes for homogeneous nodes
to create attention diluting effect, thus enabling the nodes with similar feature/label to receive more at-
tentions from the central nodes. We compare our method with the vanilla GAT and its variants, as well
as heterophily-oriented GNNs with or without graph attention mechanism. We offer extensive experiments
on nine benchmark datasets including both heterophilic and homophilious graphs. The results showcase
the significant improvement over GAT variants and superiority compared to the state-of-the-art heterophily-
oriented GNNs, highlighting the effectiveness of our method. Future research will seek to optimize the design
of echo nodes to achieve higher computational efficiency.
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A Appendix

A.1 Datasets.

We conduct experiments on nine datasets from PyTorch Geometric (Rozemberczki et al. 2021)), including
three homophilic and six heterophilic datasets, as summarized in Appendix Table 5] The Homophily ratio
h quantifies the proportion of edges connecting nodes with the same label—values close to 1 indicate strong
homophily, while values near 0 reflect heterophily. The Wisconsin, Cornell, and Texas datasets are subsets
of WebKB (Pei et al.| [2020)), collected by Carnegie Mellon University, where nodes represent web pages and
edges correspond to hyperlinks. Tolokers (Platonov et al., 2023)) is a user—task interaction network derived
from a crowdsourcing platform, where nodes represent users and edges denote that two users have worked
on the same task. Questions (Platonov et al., 2023)) is a question—answer interaction network.The Actor
dataset is a subgraph of the movie-director-actor-writer network, where nodes represent actors and edges
denote co-occurrence on the same Wikipedia page. Minesweeper (Platonov et al., 2023) is a synthetic graph
dataset derived from the classic Minesweeper game, where nodes correspond to grid cells and edges connect
spatially adjacent cells, and node labels indicate the number of mines in neighboring cells. Cora (Bojchevski
& Gunnemann, 2018|), CiteSeer (Yang et al., |2016), and PubMed (Hu et al., |2020) are citation networks,
where nodes correspond to research papers and edges represent citation relationships. Finally, Computers
and Photo (Luo et all 2024) are Amazon co-purchase networks, where nodes represent products and edges
denote that two products are frequently co-purchased, and node labels correspond to product categories.
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Table 5: Datasets
Datasets Nodes Edges Features Train/Val/Test h

Cornell 183 293 1703 48%/32%/20%  0.13
Texas 183 325 1703 48%/32%/20%  0.11
Wisconsin 251 515 1703 48%/32%/20%  0.20
Actor 7600 30019 932 48%/32%/20%  0.22

Tolokers 11758 519000 10 50%/25%/25%  0.19
Questions 48921 153540 301 50%/25%/25% 0.11
Minesweeper 10000 39402 7 50%/25%/25%  0.25
Cora 2708 10556 1433 9%/30%/61%  0.81
CiteSeer 3327 9104 3703 T%/31%/62%  0.74
PubMed 19717 88648 500 4%/32%/64%  0.80
Computers 13752 505474 767 60%/20%/20% 0.78
Photo 7650 245812 745 60%/20%,/20%  0.83

A.2 Comparison methods.

We compare our Echo-GAT model with several graph attention based network models (including strong
graph transformer) and twelve state-of-the-art heterophily-oriented methods, three of which incorporate
attention mechanisms. These methods are as follows: GAT (Velickovic et al. 2018), GATv2 (Brody et al.,
2022), and GT (Shi et al., |2021)) utilize various attention mechanisms, including Transformer self-attention,
to dynamically weigh neighbor contributions. Approaches for directed graphs, such as DGCN (Tong et al.,
2020b), DiGCN (Tong et al., [2020a), and GPR-GNN (Chien et al., |2021)), incorporate proximity measures
and adaptive PageRank weights to capture multi-scale features and prevent over-smoothing. Other methods,
including WRGAT (Suresh et al) 2021), AERO-GNN (Lee et al., |2023), DIR-GAT (Rossi et al., [2023)),
H2GCN (Zhu et al.; |2020)), CPGNN (Zhu et al.| [2021), GGCN (Yan et al.| [2022), A2DUG (Maekawa et al.,
2023)), and HeterGCL (Wang et al.| |2024al), address challenges such as heterophily and edge directionality by
leveraging multi-relational graphs, adaptive attention, separate aggregation of incoming and outgoing edges,
and contrastive learning. Finally, DCM (Battiloro et al., |2024) introduces a Differentiable Cell Complex
Module to infer higher-order topologies, advancing graph representation learning.

A.3 Implementation settings.

For all comparison methods, we retain the original parameter settings as reported in their respective studies.
Each dataset is trained, validated, and tested using the ten splits provided by PyTorch Geometric. All
experiments are conducted using PyTorch version 2.3.0, the Adam optimizer, an NVIDIA RTX 4090 GPU,
and CUDA version 12.1. In our proposed model, Echo-GAT, the predefined threshold 3 represents the
degree diversity threshold and is searched within the range [0.1,0.9]. The number of added echo nodes k is
selected from the set {1,2,3,4,5,6,7,8,9,10}. Echo-GAT uses the Adam optimizer, with the learning rate
searched in the range [0.0001, 0.1], the number of hidden units chosen from {64, 128,256, 512}, and the weight
decay fixed at 0.0005. An early stopping strategy is applied based on both validation and test performance.
Echo-GAT is implemented using the PyTorch framework.
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