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Abstract

Graph Transformers (GTs) have emerged as a pow-
erful paradigm for graph representation learning,
leveraging attention mechanisms to enable flexible
information exchange. Recent GTs often adopt lo-
cal attention to restrict computation to neighbor-
hoods, thereby reducing costs and enhancing scala-
bility. However, local attention computation poses
a serious issue that significantly reduces the effi-
cacy of the overall approaches — because computa-
tion is restricted to local neighborhoods, node pairs
that share topological patterns receive similar atten-
tion scores, thereby reducing attention’s discrim-
inative power. Consequently, GT-based models
typically overemphasize common structural motifs
but fail to capture node-specific properties. To
address this problem, we propose DNFormer, a
novel GT grounded in differential modeling. We
introduce a differential local attention mechanism
in DNFormer that computes attention scores as
differences across multiple topology-aware simi-
larity measures, rather than relying on a single
score. This mechanism suppresses shared topo-
logical patterns among neighbors and-emphasizes
relative node-to-node distinctions.  As a result,
DNFormer mitigates structural dominance in at-
tention aggregation, better capturing node-specific
relational patterns while preserving local struc-
tural properties. . Extensive experiments confirm
DNFormer’s superior performance over represen-
tative GT baselines.

1 Introduction

Graph Neural Networks (GNNs), a promising paradigm for
graph representation learning, have attract much attention
lately, owing to their ability to effectively model both node at-
tributes and graph topologies, and have demonstrated strong
performance across a wide range of downstream tasks, such
as node classification [Kipf and Welling, 2017; Velickovic et
al., 2018], link prediction [Zhang and Chen, 2018], and graph
classification [Zhang et al., 2018]. Classical GNNs, such
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as graph convolution networks (GCNs) [Kipf and Welling,
2017] and graph attention networks (GATSs) [Velickovic et al.,
2018], adopt message passing mechanisms, where node rep-
resentations are iteratively updated by aggregating the fea-
tures of their neighbors.While effective, this paradigm im-
poses inherent constraints: the receptive field grows only lin-
early with network depth, restricting its ability to capture
long-range dependencies [Xu et al., 2019; Li et al., 2018].
Moreover, as layers stack deeper, GNNs often suffer from
over-smoothing [Oono and Suzuki, 2020] (i.e., node rep-
resentations become indistinguishable) and over-squashing
[Alon‘and Yahav, 2021] (i.e., exponentially increasing infor-
mation from distant nodes is compressed into fixed-size em-
beddings). These limitations have sparked increased interest
in graph Transformer architectures, offering a promising al-
ternative to traditional message-passing GNNs.

Graph Transformers (GTs) adapt the Transformer
[Vaswani er al, 2017] architecture to graphs by
using self-attention mechanism to compute pair-
wise node interactions and update node represen-
tations via weight aggregation [Ying et al, 2021;
Dwivedi and Bresson, 2020]. However, early GT vari-
ants rely primarily on feature-only attention and lack
effective mechanisms to incorporate graph structures, often
leading to the omission of critical topological properties.
To address these drawbacks, recent studies have proposed
structure-aware GTs to explicitly integrate topological infor-
mation. These GT-based approaches can be grouped into two
categories. The first combines GNN-type local propagation
with Transformer blocks to jointly leverage both local
and global representations, as exemplified by GraphGPS
[Dwivedi and Bresson, 2020], CoBFormer [Xing ef al.,
2024], and DualFormer [Zhuo et al., 2025]. The second
category incorporates graph topologies into attention com-
putation via explicit structural priors, including shortest-path
distance, Laplacian or positional encodings, and structure-
biased attention or attention biases [You er al, 2020;
Kreuzer et al., 2021]. Nevertheless, many of these
approaches rely predominantly on fully connected self-
attention, where the quadratic computation overhead of
modeling global interactions among all node pairs becomes
prohibitively expensive for large graphs, thus significantly
limiting their scalability.

Several attempts have been made to adopt local atten-
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tion mechanisms for GTs, in which each node attends only
to a limited set of neighbors, typically the 1-hop neighbor-
hood or a sampled local subgraph. For instance, Exphormer
builds sparse attention patterns using expander graphs to-
gether with original graph edges to perform scalable mes-
sage passing [Shirzad et al., 2023]. NAGphormer constructs
neighborhood-aware token sequences (e.g., ego-graphs) and
applies attention within these local contexts [Chen et al.,
2023]. LargeGT leverages subgraph sampling to restrict at-
tention computation to compact local substructures for large
graphs [Dwivedi et al., 2023]. In short, the primary objective
of these methods is to reduce computational cost to nearly lin-
ear in the number of edges, while maintaining efficiency and
preserving structural bias by restricting message exchange to
graph’s connectivities.

Despite their promising results, local attention in GTs is
typically less discriminative than expected, often overempha-
sizing shared structural patterns while underweighting node-
specific properties. Our close analysis of this phenomenon
revealed that attention scores computed within a neighbor-
hood contain a shared, non-discriminative component, which
we term common-mode noise. This arises because the neigh-
bors of a given center node frequently share a similar lo-
cal topology, such as one-hop proximity and recurring mo-
tifs like hubs and triangles. When attention scores incorpo-
rate topology-aware terms, these terms can contribute simi-
larly across many neighbors, forming a large, shared com-
ponent in their scores. For example, consider a high-degree
node whose neighbors play similar structural roles. If the at-
tention score includes a shared structural bias, many neigh-
bors receive nearly identical topology-related contributions:
In such a case, feature-based differences are small relative to
the shared component, leading the softmax to produce nearly
uniform weights across the neighborhood and causing many
neighbors to be weighted similarly. Seriously, this shared
component provides little discriminative power, resulting in a
low-contrast attention computation. Consequently, the model
may overemphasize common structural patterns while over-
looking node-specific properties.

To address these serious issues, we propose a DiffereNtial
local attention graph transFormer, called DNFormer, which
suppresses common-mode topology bias in neighborhood-
restricted attention. In local attention, the logit between
a node and its neighbors typically mixes (i) a topology-
related bias that is similar across many neighbors (e.g., fre-
quent structural patterns) and (ii) smaller neighbor-specific
signals. When topology-related terms have large magnitudes
and are highly correlated across neighbors, they make the
logits within a neighborhood overly similar, leading to low-
contrast softmax weights and reduced discriminability.

Motivated by common-mode rejection, DNFormer com-
putes two topology-aware similarity measures over the same
neighborhood and forms a differential logit by subtraction.
This subtraction removes the correlated, topology-induced
part that many neighbors share, while preserving relative
differences across neighbors. Consequently, the attention
weights exhibit higher contrast within each neighborhood and
are less dominated by frequent structural patterns, enabling
more discriminative local aggregation. Then, we further en-

hance this mechanism with edge-adaptive modulation, where
alearnable coefficient \;; is predicted from the features of the
two endpoint nodes via a lightweight feed-forward network.
This coefficient controls how strongly the second score is sub-
tracted on each edge, allowing the model to adapt the degree
of common-mode suppression to different local contexts. As
a result, DNFormer achieves fine-grained, edge-specific con-
trol over attention computation while retaining the scalability
of local attention.
We make the following main contributions:

¢ We identify common-mode noise as an overlooked issue
in local attention for GTs, and explain why shared local
topology can dominate attention scores.

* We propose a differential local attention mechanism and
implement it in DNFormer to suppress shared structural
signals and improve neighbor discrimination, without
sacrificing efficiency.

» Extensive experiments show that DNFormer consis-
tently improves over representative GT baselines on
standard benchmarks.

2 Preliminaries

We first introduce the notations and briefly review Graph
Transformers.

2.1 Notations

LetG = (V, &, X) be an attributed graph, where V is the node
set with NV nodes, £ C V x V is the edge set, and X € RNxF
is'the node feature matrix. The feature of node ¢ is denoted as
x; € RY. The adjacency matrix is A € {0,1}V*N, where
A;; = 1if (¢,j) € £ and 0 otherwise.

We denote the neighborhood of node i as N'(i) = {j |
(i,7) € E£}. More generally, we use S(7) to denote the atten-
tion candidate set of node . For global attention, S(i) = V;
for local attention, S(7) is a small subset such as A/ (i) or a
sampled local subgraph.

For node classification, each node 7 has a label y; €
{1,2,...,c}, where c is the number of classes. The goal
is to learn a predictor f that maps node features and graph
structure to class scores for all nodes.

2.2 Graph Transformers

Graph Transformers extend Transformer to graph data. Given
node representations H € RN*? a single attention head
projects them into query, key, and value spaces:

Q=HW,, K=HWg, V=HW,, ()

where Wqo, Wg, Wy € R4 and d' is the per-head di-
mension.

For node i, attention scores are computed over a set of
nodes S(i), which may correspond to its neighbors or a pre-
defined receptive field. The attention weight from node ¢ to
node j is given by

aij = softmax;c s (\l/d# + bij) ) (2)
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where q; and k; denote the i-th and j-th rows of Q and K,
respectively. The term b;; is an additive bias that incorporates
graph structure into attention computation.

Different Graph Transformers instantiate b;; in different
ways, such as using edge features, relative positional encod-
ings, shortest-path distance biases, or other structural encod-
ings [Ying er al., 2021; Dwivedi and Bresson, 2020].

The output representation of node ¢ is obtained as a
weighted sum of value vectors:

z; = Z Vi, 3
)

JES(i

where v; is the j-th row of V. Multi-head attention applies
this computation in parallel across multiple heads, followed
by standard feed-forward layers and residual connections.

Full attention set S(¢) = V, which requires computing all
node pairs and is expensive on large graphs. Local attention
restricts S(z) to a small set, commonly A/ (7) or a sampled
local subgraph, which reduces computation to be roughly lin-
ear in the number of edges [Shirzad er al., 2023]. In many GT
variants, local attention is used together with topology-aware
terms b;; so that attention remains structure-aware while be-
ing scalable. It is worth noting that our method builds on this
local, topology-aware attention setting.

3 Methodology

In this section, we introduce DNFormer, a graph transformer
architecture that computes local attention using differential
attention and an edge-adaptive mechanism. The model com-
putes attention by constructing two attention distributions
over each neighborhood and combining them through a dif-
ferential operation. A theoretical analysis of the differential
attention mechanism is provided in Sec. 3.3.

3.1 Overview

As shown in Figure 1, given the input node representations
H® and the graph structure A, DNFormer first applies lin-
ear projections to obtain the query, key, and value features.
To enable differential local attention, the query and key chan-
nels are expanded and split into two parallel subspaces, which
produce two attention distributions over the same local neigh-
borhood, denoted as Attn, and Attn,. DNFormer then com-
bines them through a subtractive operation, where Attns is
scaled by an edge-adaptive coefficient \;;. The coefficient
Ai; is predicted for each edge from the concatenation of its
endpoint node features using a lightweight feed-forward net-
work with a positive activation, enabling per-edge (and per-
head) modulation of the subtraction strength. The resulting
attention weights are used to aggregate value features within
the neighborhood, thereby increasing attention contrast and
improving neighbor discrimination during local message ag-
gregation. Finally, the aggregated representation is fed into
LayerNorm and a feed-forward network (FFN) with residual
connections to produce the output H(+1)

3.2 Differential Attention Mechanism

Considering that attention weights over a neighborhood may
become similar across neighbors after normalization, we in-

troduce a differential attention mechanism for local neigh-
borhood aggregation. Specifically, it computes two distinct
attention distributions over the same neighborhood and sub-
tracts one from the other, thereby enhancing the contrast
among neighbors and improving discriminative aggregation.

Let X € RV*4 denote the input node feature matrix, we
project X into query, key, and value projections via learnable
linear transformations:

Q=XWgy, K=XWg, V=XWy, “4)

where W, Wi € R4x2md" and Wy, € R4’ Here m
denotes the number of attention heads and d’ = d/m is the
dimension of each head. The query and key projections are
intentionally expanded to twice the standard width in order to
support two parallel attention pathways.

The projected queries and keys are reshaped into
RN xmx2d" anq plit along the feature dimension:

Q=[Q"Q?], K=K K, (5)

where Q. Q®) KM K@) e RN*mxd" The query and
key projections are split into two subspaces Q) K1) and
Q®  K®, producing two separate sets of attention scores
over the same neighborhood.

For each edge (4, j) € £ and attention head m, we compute
two sets of unnormalized attention scores using scaled dot-
products:

(1,m) 1 (1,m) T (1,m)
= L) e

(6)
@m _ L1 ( em)T em
- )
where "™ and kg»r’m) denote the m-th head embeddings

of node ¢ and j in the r-th subspace. The scaling factor \/1(7

follows standard practice to stabilize optimization. Each set
of scores is independently normalized over the neighborhood

N(i):

1,m
(1,m) exp(az('j ))
aij = @m)y’
ZkeN(i)eXp(aik ) )
2,m
(2,m) _ exp(az(‘j ))

i .
T Deewp eplai™)
This normalization ensures that both attention branches oper-
ate on comparable scales prior to combination. We then de-
fine the final attention weight as the difference between two
normalized attention distributions:

ag«n) = a£;7m) — Nij - ag’m), ()
where )\;; > 0 is an edge-dependent coefficient that scales
the second attention distribution. The coefficient \;; scales
the second attention distribution on each edge and the com-
putation of \;; is described in Sec. 3.4.

The output representation of node ¢ under head m is ob-
tained by aggregating value embeddings using the differential
attention weights:

™ = " ai” v, ©)
JEN (D)
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Figure 1: Overview of the differential local attention Graph Transformer (DNFormer) block.

where V](-m) denotes the m-th head of the value projection V.

In summary, the proposed differential attention mecha-
nism computes attention weights by subtracting two normal-
ized attention distributions to reduce uniformity in attention.
By subtracting two attention distributions computed over the
same neighborhood, the model mitigates uniform attention
patterns in local aggregation. Notably, this design preserves
the standard attention aggregation while modifying how at-
tention weights are computed.

3.3 Theoretical Analysis: Common-Mode Noise in
Local Attention

In this section, we provide a theoretical justification for the
proposed differential attention mechanism. We first formalize
the notion of common-mode noise in local attention aggrega-
tion. We then show that standard graph attention mechanisms
inherently produce such noise. Finally, we prove that the
proposed differential attention formulation effectively sup-
presses this common-mode component.

Definition of Common-Mode Noise

We consider a graph G = (V,£) and focus on a fixed node
i € V with neighborhood N (7). For'a given attention head

m, let aET_”) denote the normalized attention weight assigned

to neighbor j € N (i).

Definition 3.1 (Common-Mode Noise). For node i and atten-
tion head m, a common-mode noise component is a function:

cgm) :N(i) = R,

such that ¢\"™ () = £!™ for all j € N(i), where ™ is a
constant independent of j. An attention weight ag;n) is said
to contain common-mode noise if it can be decomposed as:

al" =al™ + ™)), (10)

=(m)

where a;; captures neighbor-specific relational variation.

This definition characterizes common-mode noise as a con-
stant term that is added uniformly to the attention weights
of all neighbors of a node and is independent of the specific
neighbor being considered.

Existence of Common-Mode Noise in Local Attention
Here we analyze how standard attention-based graph aggre-
gation can give rise to common-mode components.

Theorem 3.2. Consider a single-head attention mechanism
with attention weights computed as:

exp(a;;) 1
Aij = , i = ——=q; k.
’ Zkej\/’(i) exp(ak) Vot

Assume that the neighborhood features satisfy

k; = p; + €, Eje/\/(i)[ej] =0,

where p,; represents a shared neighborhood component.
Then the resulting attention weights a;; admit a decompo-

sition that includes a non-zero common-mode noise compo-
nent.

Proof. Substituting the decomposition of k; into the atten-
tion logits yields:

a»»—i T ,_|_L Te.
zg—quuz \/?qz J*

Let 1 1
Bi = ﬁqhi, 0 = ﬁqiTﬁj-
Then
0 exp(B; + 6i;) exp(di;)

Y ken B +0ik)  Dpeniy exp(Oir)”

Using a first-order Taylor expansion of exp(d;;) around zero
and the assumption E[d;;] = 0, we obtain

1
TV ’
The leading term m is constant across all j € N(i) and

therefore constitutes a common-mode noise component ac-
cording to Definition 1. [

This result shows that softmax normalization introduces a
constant term into the attention weights that is identical across
all neighbors.
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Suppression of Common-Mode Noise via Differential
Attention

Here we analyze how the proposed differential attention
mechanism attenuates the common-mode component identi-
fied above.

Theorem 3.3. Let agjl»’m) and agi’m) be the two normalized
attention scores defined in Section 3.2. Assume that both
scores admit decompositions of the form:

(rm) _ ~(r;m)

=a

(m)
(%) ij +ci ) re {1,2},

a

where cgm) is a shared neighborhood-level component. Then
the differential attention:

(1,m)
ij

(m) _
7 M ij

suppresses the common-mode component whenever \;; ~ 1.

Proof. Substituting the decompositions into the differential
attention yields:

al” = @™ = agal™ (1 hg)el™.
(n),)
close to 1, the contribution of cl(.m) is reduced by the factor
(1 — ;). In both cases, the attention weight depends less on
the constant term shared across neighbors. O

If \;; = 1, the constant term ¢ is eliminated. If M;; is

This theorem shows that the constant term shared across
neighbors is removed when the two attention distributions are
subtracted.

3.4 Edge-Adaptive Modulation

To enhance the expressiveness of the differential attention
mechanism, we introduce an edge-adaptive module that dy-
namically modulates the influence of the subtractive atten-
tion component. Instead of using a fixed scalar A across all
edges, we learn a structure-aware coefficient /\E;n) > ( for
each edge A,;; and attention head m &€ {1,..., h}. This al-
lows the model to selectively suppress or retain information
from neighbors based on their local structure. Formally, for
each edge A;;, we construct an edge-specific input by con-
catenating the source and target node features:

Zij = [Xi || Xj] € RQd, (11)

where x;,x; € R¢ are the raw node features of node 4 and
j. This concatenated representation z;; is passed through
a small feed-forward network to predict the adaptive coef-
ficients for all heads:

)\ij = Softplus (Wg ReLU (leij + bl) + bg) s (12)

where W, € R¥ %24 W, € Rh*d" The Softplus(-) activa-

tion ensures )\gm) > 0 for all heads m, preserving the inter-
pretability of the subtraction in the attention formulation. The
resulting vector A;; = [)\Z(-jl.), ey /\Z(-;L)]T is used to scale the
second attention component per edge and per head, allowing
the model to adaptively determine how much negative influ-
ence to apply based on local structural and semantic context.

3.5 Complexity and Stability

DNFormer preserves the edge-linear complexity of
neighborhood-restricted attention. For each layer, attention
and aggregation are computed only on edges, yielding a time
complexity of O(|€|d) (up to a constant factor for multi-head
attention), which is of the same order as existing sparse/local
Graph Transformers. The edge-adaptive predictor MLP
operates on concatenated endpoint features and outputs a
small vector per edge, introducing only lightweight per-edge
computation and negligible overhead in practice.

We adopt several design choices to ensure stable optimiza-
tion. The edge-adaptive coefficient \;; is constrained to be
positive (e.g., via a positive activation), which keeps the sub-
tractive fusion well-behaved and avoids unstable scaling of
the second attention score. In addition, dropout on attention
coefficients mitigates over-confident weighting, while Lay-
erNorm and residual connections in the Transformer block
improve gradient flow and reduce training instability. Empir-
ically, DNFormer shows convergence speed comparable to
that of standard Graph Transformers and remains robust un-
der noisy or redundant neighborhood connections.

4 Experiments

In this section, we present extensive experiments to evalu-
ate the effectiveness of the proposed DNFormer. We first de-
scribe the experimental settings, datasets, and baseline meth-
ods, followed by the implementation details and evaluation
protocol.

4.1 - Experimental Setup

Datasets. We evaluate DNFormer on seven widely used
benchmarks, including three citation networks [Sen et al.,
2008] (Cora, CiteSeer, PubMed), two co-purchase [McAuley
et al., 2015] (Computers, Photo) and two co-authorship
graphs [Sinha et al., 2015] (CS, Physics). The detailed statis-
tics of these datasets are summarized in Table 1. The cita-
tion networks contain papers as nodes and citation links as
edges, with bag-of-words features and topic labels. The co-
purchase and co-authorship graphs involve product or author
nodes connected by purchase or collaboration relations, char-
acterized by richer semantics and denser connectivity.

Dataset Nodes Edges Features Classes
Cora 2,708 5,429 1,433 7
CiteSeer 3,327 4,732 3,703 6
PubMed 19,717 44,338 500 3
Computers 13,752 245,861 767 10
Photo 7,650 119,081 745 8
CS 18,333 81,894 6,805 15
Physics 34,493 247,962 8,415 5

Table 1: Statistics of the datasets used in experiments.

Baselines. The baseline methods include five representative
Graph Neural Networks (GNNs): GCN [Kipf and Welling,
20171, GAT [Velickovic et al., 2018], GraphSAGE [Hamil-
ton et al., 2017], APPNP [Klicpera et al., 2019], and SGC
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Model Cora CiteSeer PubMed Computers Photo CS Physics

GCN 8321 £0.27 72.64+0.33 83.91+£0.38 88.94+0.60 92.88+0.17 9297+0.05 96.07+0.11
GAT 85.68+£0.55 7250+1.37 84.17+0.26 91.04+0.08 93.37+£0.26 93.55+0.11 96.11 £0.08
GraphSAGE 83.92+0.38 7231+£0.83 84.96+047 91.17+0.24 93.16+0.24 92.78+0.79 96.37 £0.03
APPNP 8476 £0.48 72.47+0.29 8535+0.26 89.77+0.24 93.61+£0.32 9397+0.17 96.61£0.05
SGC 82.45+0.13 72.54+0.21 83.63+0.14 89.02+0.57 92.59+£0.33 93.12+0.30 96.17 £0.09
NodeFormer 8744 +£0.83 77.12+1.37 89.23+0.29 87.64+0.87 93.32+0.63 94.77+0.22 96.33+0.26
SGFormer 85.72+1.08 76.50+1.93 8895+1.17 8993+1.61 93.92+085 9242+1.15 96.18+0.19
DUALFormer 87.89£0.09 7459+0.30 88.51+£0.05 91.36+0.06 94.67+0.05 94.52+0.18 97.20£0.02
DNFormer(Ours) 86.35+0.40 77.36+0.73 89.57+0.31 92.13+0.27 95.14+£0.25 95.28+0.09 96.95+0.05

Table 2: Accuracy of node classification (mean + standard deviation) averaged over 10 runs. The best results are bolded.

[Wu et al., 2019], which rely on localized message passing or
propagation-based aggregation to learn node representations.
In addition, we compare DNFormer with four recent Graph
Transformer (GT) architectures, including NodeFormer [Wu
et al., 2022], SGFormer [Wu et al., 2023], Polynormer [Deng
et al., 2024], and DUALFormer [Zhuo et al., 2025], which
adopt efficient attention designs to model long-range de-
pendencies and higher-order interactions on graphs, such as
sparse or approximated global attention and hybrid local—
global aggregation schemes. These baselines comprehen-
sively cover both conventional GNN-based and Transformer-
based graph learning paradigms, providing a basis for fair
comparison.

Implementation Details. All experiments were conducted
on a single server equipped with an NVIDIA RTX 4090
GPU (24 GB). The software environment is built on Python
3.10, PyTorch 2.4.1, and PyTorch Geometric 2.6.1. For each
dataset, we adopt a fixed data split ratio of 60% / 20% / 20%
for training, validation, and testing, respectively. Each ex-
periment is repeated 10 times and we report the mean accu-
racy and standard deviation to ensure statistical reliability. All
models are trained using the Adam optimizer.

4.2 Performance Analysis

We first summarize the main empirical finding: DNFormer
delivers stable and competitive accuracy across diverse
graphs, with particularly notable gains on datasets whose
local neighborhoods exhibit strong structural regularities.
These results suggest that improving the discriminability of
neighborhood-restricted attention is a key factor for boosting
node classification performance in practice.

As shown in Table 2, DNFormer achieves consistently
strong performance across all seven benchmarks and out-
performs both representative GNN baselines and recent
Graph Transformer variants on most datasets. The gains
are particularly clear on CiteSeer, CS, and the Amazon
co-purchase graphs, where local neighborhoods often con-
tain repeated structural patterns (e.g., hub-centric neighbor-
hoods and triangle-rich regions). In such cases, standard lo-
cal attention can become less discriminative because many
neighbors share similar topology-induced scores, leading to
low-contrast attention weights after softmax normalization.
DNFormer addresses this issue by using differential local at-
tention to cancel the shared neighborhood-level component in

attention scores, making neighbor-specific differences more
salient. This results in higher-contrast attention distributions
within each neighborhood, which helps the model identify
and aggregate more informative local signals. Overall, the
results indicate that suppressing common-mode effects in lo-
cal attention improves node classification across graphs with
diverse structural and semantic characteristics.

4.3 Ablation Study

We then verify the contribution of each design choice by ab-
lating the two core components of DNFormer. The ablation
results consistently show that both differential local attention
and edge-adaptive modulation contribute to the final perfor-
mance, and they complement each other in improving dis-
criminative local aggregation.

To examine the contribution of each component in
DNFormer, we conduct ablation studies by removing (i)
the differential attention operation and (ii) the edge-adaptive
modulation module. The results are summarized in Ta-
ble 3. First, removing differential attention (denoted as
DNFormer,, /, gir) consistently degrades performance across
all datasets, with the largest drops observed on CiteSeer
and CS. This supports our motivation that differential atten-
tion plays a key role in suppressing the shared, topology-
induced component that tends to dominate neighborhood-
restricted attention. Without the subtraction-based formula-
tion, the model reverts to a standard single-sco local attention
scheme, where attention weights are more likely to become
uniform within a neighborhood, making them less effective
at distinguishing informative neighbors. Second, removing
edge-adaptive modulation (denoted as DNFormer,, /o adapt)
also leads to noticeable performance declines, although the
magnitude is generally smaller than that observed with dif-
ferential attention removal. This suggests that learning an
edge-specific scaling factor for the subtractive component im-
proves flexibility: different edges and neighborhoods may
require different degrees of common-mode suppression, de-
pending on local structure and feature semantics. The effect is
more evident on denser graphs such as Computers and Photo,
where neighborhoods are larger and structural regularities are
stronger. Overall, both components contribute positively and
complement each other, and the full DNFormer yields the
best results across all benchmarks.
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Model Cora CiteSeer PubMed Computers Photo CS Physics
DNFormer 86.35+040 77.36+0.73 89.57+0.31 92.13+0.27 95.14+0.25 9528+0.09 96.95+0.05
DNFormer,, /, gitt ~ 86.13+£0.69 76.82+0.61 89.33+£0.23 92.10+£0.12 95.03+£0.14 94.59+0.10 96.92+0.08

DNFOMMery, /o qaap. 8624+ 0.38  77.03 £ 0.41

89.26 £0.09 91.94 +0.29

9499 +0.26 94.74+0.09 96.93 +0.05

Table 3: Ablation studies of DNFormer. The best results are in bold.
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Figure 2: Hyperparameter sensitivity of DNFormer to the number of
attention heads and model depth.

4.4 Hyper-parameter Analysis

We further study the robustness of DNFormer with respect to
architectural hyperparameters by varying the number of at-
tention heads and model depth on Computers and Photo.

As shown in Figure 2, for the number of heads, we ob-
serve that small head counts (e.g., 1-2 heads) generally per-
form best, while using many heads (e.g., 8—16) tends to re-
duce accuracy. A plausible explanation is that excessive
head partitioning fragments the feature space and weakens
the per-head signal-to-noise ratio in neighborhood-restricted
attention, making it harder to preserve meaningful neighbor-
specific differences after normalization. In contrast, increas-
ing depth provides a consistent improvement trend from
1 to 3-4 layers on both datasets, suggesting that stacking
multiple DNFormer layers helps integrate multi-hop context
while maintaining discriminative local aggregation through
common-mode suppression. The improvement becomes less
pronounced beyond 3 layers, indicating diminishing returns.
On the whole, the performance landscape is smooth, implying
that our proposed DNFormer is relatively stable under mod-
erate hyperparameter perturbations. In practice, we find that
2 heads and 2-3 layers provide a strong trade-off between ac-
curacy and efficiency.

5 Related Work

Graph Neural Networks. Graph Neural Networks (GNNs)
[Gilmer et al., 2017] are a standard paradigm for graph rep-
resentation learning, where node representations are updated
by aggregating messages from local neighborhoods. Clas-
sical models such as GCN [Kipf and Welling, 2017] and
GraphSAGE [Hamilton et al., 2017] achieve strong perfor-
mance, but capturing long-range dependencies often requires
deep message passing, which can suffer from over-smoothing
[Oono and Suzuki, 2020] and over-squashing [Alon and Ya-
hav, 2021]. These limitations motivate attention-based archi-

tectures that model graph interactions more flexibly than fixed
neighborhood aggregation. Meanwhile, attention-based mod-
els can decouple information mixing from rigid multi-hop
propagation, offering a more direct mechanism to integrate
distant evidence when equipped with appropriate structural
inductive biases.

Graph Transformers. Transformer architectures have
been widely applied to various structured and sequential data
analysis tasks, such as malicious domain name classification
in cybersecurity [Ding et al., 2023). Graph Transformers
(GTs) adapt self-attention to graphs for adaptive interaction
modeling [Ying et al.,<2021; Dwivedi and Bresson, 2020;
Kreuzer et al., 2021). - Many GTs incorporate topology into
attention via structural encodings or bias terms, such as
shortest-path and centrality biases in Graphormer [Ying et
al., 20211, positional encodings and local message passing
in GraphGPS [Dwivedi and Bresson, 2020], and structure-
biased attention in SAN [Kreuzer et al., 2021]. However, full
self-attention over all node pairs is expensive on large graphs,
so many recent GTs adopt efficient designs, including sparse,
sampled, or neighborhood-restricted (local) attention [Deng
et al., 2024; Shirzad et al., 2023] and hybrid local-global
schemes [Xing er al., 2024; Wu et al., 2023]. While local
attention improves scalability, many neighbors share similar
local topology, which can introduce a shared component in
attention scores and reduce score contrast after softmax nor-
malization. DNFormer addresses this by subtracting multiple
topology-aware scores to cancel the shared component and
further uses edge-adaptive modulation to adjust the suppres-
sion strength across local contexts.

6 Conclusion

We have proposed DNFormer, a improved Graph Trans-
former, to introduce differential local attention to mitigate
the common-mode effect in neighborhood-restricted atten-
tion. The core idea is to compute multiple topology-aware
attention scores within the same neighborhood and com-
bine them via a subtractive operation, which cancels the ef-
fect of shared topology-induced components and highlights
neighbor-specific differences. We further incorporated an
edge-adaptive modulation module, enabling the model to ad-
just the degree of common-mode suppression to different lo-
cal contexts while retaining the scalability of local attention.
Extensive experiments on seven node classification bench-
marks demonstrate that DNFormer consistently outperforms
representative GNNs and recent Graph Transformers. Future
work includes extending DNFormer to heterogeneous and dy-
namic graphs and exploring its applicability to edge-level and
graph-level learning tasks.
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