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Abstract

Graph Neural Networks (GNN5) are widely applied on graph-
level tasks, such as node classification, link prediction and
graph generation. Existing GNNs mostly adopt a message-
passing mechanism to aggregate node information with their
neighbors, which often makes node information similar af-
ter rounds of aggregations and leads to oversmoothing. Al-
though recent works have made improvements by combining
different message aggregation methods or introducing seman-
tic encodings as priors, these message-passing based GNNs
still fail to combat oversmoothing after multiple iterations of
node aggregation. Besides, the feature extraction ability of
these methods is restricted because of the graph sparsity that
hinders the aggregation of node information. To deal with
the above two issues, we propose Neighborhood-based and
Label-enhanced Graph Transformer (NLGT), a novel and ef-
fective framework for graph learning. Specifically, we present
a label-enhanced feature fusion mechanism that integrate the
shallow node features and label embeddings as enhanced fea-
tures. Moreover, we design a neighborhood-based mask at-
tention mechanism to alleviate the negative effects caused by
the sparsity of the graph. In the predicting stage, we aggre-
gate the prediction results from multiple sampled sub-graphs
and apply voting mechanisms to enhance the accuracy and ro-
bustness of our framework. Finally, extensive experiments are
conducted on four open benchmark datasets, which demon-
strate the effectiveness and robustness of our proposed frame-
work compared with existing state-of-the-art methods.

Introduction

Graph structures play a crucial role in various real-life sce-
narios, such as citation networks, social networks, and bio-
logical gene networks (Liu et al. 2024). Graph Neural Net-
works (GNNs), as dominant techniques for modeling graph
structures, have achieved remarkable success on graph-level
tasks such as node classification, link prediction and graph
generation (Wang et al. 2023). There are a wide range of
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GNNS, such as Graph Convolutional Networks (GCN) (Kipf
and Welling 2017), Graph Sample and Aggregate (Graph-
SAGE) (Hamilton, Ying, and Leskovec 2017), and Graph
Attention Networks (GAT) (Velickovié et al. 2018), which
can effectively capture information through diverse feature
aggregation mechanisms. However, these traditional meth-
ods are based on message-passing mechanism, which ag-
gregates the node information from its neighborhood nodes.
This process will lead to oversmoothing, i.e., node infor-
mation converges to a similar state, resulting in a reduc-
tion of the node diversity (Oono and Suzuki 2020). In
real-world scenarios, graphs are often sparse, which affects
the efficiency of information aggregation and increases the
difficulty of convergence for these message-passing net-
works (Yun et al. 2020). Furthermore, message-passing
based GNNs apply an iterative mechanism, which is time-
consuming and poses challenges for parallel training of the
model. Some methods have been proposed to tackle the
above problems, but it is still challenging to provide an ef-
fective learning framework in the graph domain.

There have been many works that attempted to leverage
transformers into the graph domain to mitigate the prob-
lems existing in traditional GNNs, which are called Graph
Transformers (GTs). For instance, Graphormer (Ying et al.
2021) implements a dense attention mechanism supple-
mented by centrality and spatial encodings to capture the
structural information in graphs. Exphormer (Shirzad et al.
2023) adopts a sparse attention mechanism to make graph
transformers more scalable. Polynomial-Expressive Graph
Transformer (Polynormer) (Deng, Yue, and Zhang 2024)
presents a local-to-global attention mechanism to balance
the trade-off between expressivity and scalability of models.
These transformer-based graph classification methods uti-
lize self-attention mechanisms to capture long-range depen-
dencies among nodes, which enables a global understand-
ing of the graph structures. Additionally, the parallelization
feature of transformers allows for efficient processing and
training on large-scale graphs. However, the performance of
classification is restricted by only considering shallow node



features. Moreover, some GTs incorporate spatial or seman-
tic information as priors, which results in high model com-
plexity and poses challenges to training and deployment.

To solve the above problems, we propose a novel Graph
Transformer framework called Neighborhood-based and
Label-enhanced Graph Transformer (NLGT, which is an ef-
fective neighborhood-based learning framework for graph-
level tasks. To make NLGT more powerful and reason-
able, we analyse classical GNNs and summarize three basic
paradigms for graph learning: 1) Global graph partitioning
and sampling; 2) Topological structure learning; 3) Locality
information integration. According to these paradigms, we
firstly adopt hierarchical neighborhood sampling for each
node to reduce the model complexity and serialize the sam-
pled sub-graphs as unordered sequences. Then, we propose
a label-enhanced features fusion mechanism, which regards
label embeddings as additional feature information in both
training and predicting stage. Especially, a learnable [C LS]
token is applied as a classification head to predict the label
of the center node in the sub-graph. Furthermore, we design
a neighborhood-based mask attention mechanism, which
considers the correlations among all nodes to enhance the
global understanding of the graph structures. In the predict-
ing stage, we aggregate the prediction results from multiple
sampled sub-graphs to ultimately determine the label of the
center node. Finally, extensive experiments are conducted
on four real-world datasets of node classification, which il-
lustrate the outstanding performance of our proposed NLGT
framework comparing with the state-of-the-art methods. Ab-
lation studies are conducted to evaluate the effects of each
component, which demonstrates the effectiveness and ro-
bustness of the proposed NLGT framework.

The main contributions of this paper are summarized as
follows:

* We investigate that message-passing based GNNs are
susceptible to oversmoothing and always produce poor
performance when the graph is sparse. Then, we analyse
and summarize three basic paradigms for graph learning.

We design a label-enhanced features fusion mechanism
to enrich the representations of node features and miti-
gate the negative impact of oversmoothing. Furthermore,
the ability of classification is enhanced by utilizing the
label representation.

We propose a novel neighbourhood-based attention
mechanism that effectively captures the relationships be-
tween nodes, and integrates the topological information
of neighboring regions. This approach mitigates the chal-
lenges posed by graph sparsity, maintaining a relatively
low model complexity, and enables efficient paralleliza-
tion for enhanced scalability.

We conduct extensive experiments on four benchmark
datasets, which show that our proposed framework con-
sistently achieves outstanding performance on accu-
racy compared with classical GNNs and state-of-the-art
GT models. Ablation studies on different variants fur-
ther verify the effectiveness and robustness of our pro-
posed framework. Our code of NLGT is available at
https://github.com/LemonZyb/NLGT.git.
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Related Work
Graph Neural Networks

GNNs are dominant techniques in the area of graph learn-
ing, which adopt a message-passing mechanism to learn the
expressivity of a node by collecting information from its
neighbors. Early GNNs include the development of a num-
ber of architectures, such as GCN (Kipf and Welling 2017),
which leverages the concept of spectral convolution, apply-
ing convolutional layers to graph-structured data by utiliz-
ing the graph laplacian. GraphSAGE (Hamilton, Ying, and
Leskovec 2017) is a scalable framework to address the chal-
lenge of large-scale graphs where it is impractical to train on
the entire graph, which employs various aggregation func-
tions to efficiently update node representations based on lo-
cal neighborhood information. GAT (Veli¢kovié et al. 2018)
introduces the concept of attention mechanisms to graph
neural networks, allowing the model to focus selectively on
different nodes in a neighborhood when aggregating infor-
mation. GIN (Xu et al. 2019) confines the GNNs expres-
sivity to the limits of the 1-Weisfeiler-Lehman (1-WL) iso-
morphism test. Recent works pay more attention to improv-
ing the expressiveness of GNNs by proposing many other
mechanisms. For instance, Relational Pooling (Murphy et al.
2019) uses a one-hot encoding of the node as additional
features that allow nodes to be distinguished. ASGN (Hao
et al. 2020) adopts a teacher-student framework to fully uti-
lize labeled and unlabeled graphs. DGN (Beaini et al. 2021)
uses Laplacian eigenvectors to define directional flows for
anisotropic message aggregation. PC-GNN (Liu et al. 2021)
devises a label-balanced sampler to construct the sub-graphs
for training. T2-GNN (Huo et al. 2023) proposes a general
GNN framework based on teacher-student distillation to im-
prove the performance of GNNs on incomplete graphs. The
above methods have made great innovations to enhance their
performance for graph-level tasks, however, oversmoothing
and graph sparsity remain challenges for these message-
passing based GNNss.

Graph Transformers

Attention mechanisms have achieved remarkable success in
sequence modeling since the foundational work on Trans-
former (Vaswani et al. 2017). In recent years, an increasing
number of approaches have adopted attention mechanisms
for graph modeling. GAT (Velickovi¢ et al. 2018) introduces
a novel attention mechanism that enables nodes to effec-
tively aggregate information from their neighbors. Build-
ing on this, Graphormer (Ying et al. 2021) implements a
dense attention mechanism supplemented by structural fea-
tures, such as centrality and spatial encodings. Furthermore,
GraphGPS (Rampasek et al. 2022) presents a generalized
framework that seamlessly integrates message-passing net-
works with attention mechanisms, which enables the com-
bination of diverse positional and structural embeddings.
NAGphormer (Chen et al. 2023) emphasizes the develop-
ment of sampling-based scalable graph transformers. Recent
studies have also focused on sparse graph attention mecha-
nism and the efficiency of computation, such as Exphormer
(Shirzad et al. 2023) adopts a sparse attention mechanism
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Figure 1: Overview of the NLGT framework.

and Polynormer (Deng, Yue, and Zhang 2024) computes
local-to-global attention in linear time. These GTs methods
enhance traditional GNNs by improving model expressive-
ness. However, most of these GTs methods require more
intricate components to enhance their performance, which
leads to increased model complexity. Furthermore, these
methods only consider shallow node features, which re-
stricts the representation of nodes, deteriorating the perfor-
mance of classification.

Overall, previous message-passing based GNNs struggle
with oversmoothing and graph sparsity. Concurrently, recent
GT methods suffer from high complexity and limited ex-
pressivity. In this paper, we aim to propose a lightweight
and effective framework to address these challenges.

Problem Definition

Node classification problem is one of the most important
tasks in graph domain, which has significant applications
in real-world scenarios, such as paper citation prediction,
social network analysis, and recommendation systems (Xu
et al. 2024). The target of node classification problem is to
utilize the set of labeled nodes to train a classifier model C,
which is used to evaluate on those unlabeled nodes from the
same graph.

Formally, Given a graph G(V,E), where V =
{v1,ve,...,un} represents the N nodes in the graph,
and £ = {ej,ea,...,en} denotes the M edges of
the graph. We assume the problem provides X =
{z1,79,..., 25 }T € RV*4 which represents the feature
matrix of the nodes, where d denotes the dimension of fea-
tures. Additionally, let Y = {yi,vs,...,yn}’ € RY,
which represents the labels of the nodes . For a given node
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v; in the graph, there exists a corresponding feature vector
z; and a label y;.

We denote the entire dataset as D = {v;,z;,y;},i =
1,..., N, with the first K nodes used for training as ob-
servable nodes and the left for testing. Consequently, we
can partition the entire dataset into training set D,in =
{vj,zj,y;}, =1,..., K and test set Dieg, Where Dypin U
Dy = D. The task is training a classifier C' with param-
eters 6 using observable nodes in Dy, to predict the class
labels of the unobservable nodes in Dycs. The optimization
function of classifier C' can be formalized as:

K
argmaxlogpy(V|X) =} logpy(4;1X). (1)

j=1

In essence, we aim to maximize the log-probability of the
entire output Y by maximizing the sum of log-probabilities
of individual outputs with the relevant input features X.

NLGT Framework

Overview

In this part, we present a novel and effective neighborhood-
based node classification framework, called NLGT, which is
shown in Figure 1. Firstly, we perform hierarchical neigh-
borhood sampling for each node in the graph to control the
model complexity. Then, the sampled sub-graphs are seri-
alized as sequences, and we design a label-enhanced fea-
tures fusion mechanism, which generates label embeddings
as additional features to enhance the information expression
of nodes. Next, these enhanced features are trained by our
designed mask attention mechanism based on neighborhood



Algorithm 1: NLGT: Neighborhood-based and Label-
enhanced Graph Transformer

Input: G(V, E), observable nodes set V;; node features X; node
labels Y'; recycling times L; objective function J(-); NLGT en-
coder E(-); projection function F'(-).

1: Initialize 0, ¢, 1.

2: forv € V; do

3:  obtain sub-graph g by neighborhood sampling.
Ycls7 1=0

4 v«

Yi(o), otherwise

5 X0 (X9 goy®)

6: for!/=1toLdo

7: XW e Bp(XU71)

8 endfor

9: ¥V« Fu(XM)

10:  Jo(Y,Y).backward()

11:  Update 0, ¢, 1) via back propagation.
12: end for

information, which can guarantee the predicted node effec-
tively capture the correlations with its neighbors. In the node
prediction stage, we adopt a voting mechanism to enhance
the classification accuracy and robustness of our proposed
framework. The process of our framework is illustrated in
Algorithm 1, detailed with the following subsections.

Hierarchical Neighborhood Sampling

Previous GNNs use global topological information between
nodes for feature representation learning, which is ineffi-
cient on large-scale graphs and consumes lots of comput-
ing resources. GraghSAGE and many other methods adopt
neighborhood sampling and aggregation based on message-
passing mechanism to capture the partial structure informa-
tion in the graph. Based on these works, we adopt hierar-
chical neighborhood sampling for each node in the original
graph, which is presented in line 3 of Algorithm 1. Specifi-
cally, assuming that the number of sampling layers is K, for
each layer £, neighborhood sampling is performed on each
node v; in graph G (V, E), and the sampling number is s;,
so for node v;, the total number of sampled neighbors .S; can

be formalized as:
K
Si=> sk,
k=1

where S; < |V|. In this way, we can control the complexity
of the model by setting the scale of sampling. Compared
with the previous sampling methods based on message-
passing mechanism, as we adopt the fully-connected atten-
tion method in following designs, which guarantee that we
can focus on part of the global structural information and
train the model in parallel.

@

Graph Serialization

After applying neighborhood sampling for nodes, we serial-
ize the sampled sub-graphs into sequences. Each node in the
sequence is treated as a token, and the center nodes of sub-
graphs are placed at the beginning of each sequence. The
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difference with general NLP problem is that the sequence
of nodes is disordered, so we don’t consider Positional En-
coding (PE) commonly used in NLP problems. The node
classification problem after graph serialization translates to
predicting the label of the first node token in each sub-graph
sequence.

Label-Enhanced Features Fusion

Shallow features of nodes like skip-gram (Mikolov et al.
2013) are commonly used for modeling in node classifica-
tion problems. (He et al. 2024) points out these shallow
node features are limited in the complexity of the seman-
tic features, which restricts the performance of classification.
Some studies incorporate extra structural or semantic encod-
ings as priors to enhance the expressivity of models, how-
ever, most of these methods increase the model complexity.
Label Propagation Algorithm (LPA) (Garza and Schaeffer
2019) is a popular method in community detection (Fortu-
nato 2010), which assumes that the nodes are more simi-
lar within the group, however, it lacks consideration of the
characteristics of the nodes themselves. Based on the above
works, we present a label-enhanced features fusion mecha-
nism, which regards label embeddings as additional infor-
mation to enhance the feature representation of nodes with-
out increasing the model complexity, which is presented in
lines 4 and 5 in Algorithm 1. Specifically, for a K-hop sam-
pled and serialized sub-graph G’ (V' E’), the node feature
matrix is X € RIV'1*? and the node category is Y € RIV'I
At the beginning of the training stage, we will embed the
node label into dimension d;, then we obtain the node label
embedding matrix Y,,,p € RIV'Ixdr,

Since our goal is to predict the label of the first node in
the sequence, the label of the center node should be un-
observable. Similar to the [class| token in BERT (Devlin
et al. 2019) and ViT (Dosovitskiy et al. 2021), we apply
a learnable [C'LS| token as the classification head to re-
place the first place of the Y,,,;, matrix. So the Y., =

{Yclls,yjnb, . 7Ye|¥b|}, then, we add it with the node’s
own original shallow feature X, and we get:

Xenhanced =X Yemb- (3)

So the Iy, output of the NLGT encoder Z; can be formalized
as:
Zl - NLGTZ (Xenhanced) . (4)

Finally, we extract the classification head which is attached
to Z?, and the classification head is implemented by a simple
MLP layer, so the final prediction can be formalized as:

Yyrediet = MLP (Zf). 5)

Neighborhood-Based Mask Attention Mechanism

After serializing the sub-graph and obtaining the label-
enhanced node features, we consider designing the encoder
of our NLGT framework for further modeling. In gen-
eral NLP tasks, we usually set a maximum length for se-
quences, which means when an input sequence exceeds this
maximum length, it should be truncated; conversely, when
the input length falls short, it should be padded using a



[PAD] token. We perform similar operations on the seri-
alized sub-graph by setting a maximum number of nodes,
which denoted as N,,,,. Assume a sub-graph sequence
S = {vy,v9,...,v,}, where n represents the length of
the sequence and n < N,,4;- Then we apply a Padding
operation to the sequence S, and we get the padded se-
quence Spea = {v1,v2,.. - Upad, Upad ;- For the
[PAD] node, a masking method is typically employed to
prevent attention calculated between irrelevant nodes by set-
ting their attention coefficients to —oo. For example, atten-
tion in GAT is masked based on the adjacency matrix of
the graph. However, this mask method based only on local
adjacency matrix, which limits the model’s understanding
of the global structure especially when the graph is sparse.
Building upon this, we design a multi-head neighborhood-
based mask attention mechanism which takes the inter-
dependencies into account between each node in the sub-
graph and enhances the understanding of spatial global
structural information. Besides, we mask the irrelevant in-
formation with those [PAD] nodes comparing with fully-
connected attention (Kreuzer et al. 2021). So for a padded
sequence Spqq € RNmaz  which has a node feature matrix
X € RVmazxd wwhere d represents the embedding dimen-
sion of the features. For simplicity of illustration, we just
consider the single-head attention computation, so we cal-
culate @), K,V matrix as:

Q=X -Wo,K=X -Wg, V=X Wy,

R

(6)

where W € R Wi € R4*4 and Wy € R4 are pro-
jection matrix for X corresponding to the representations of
@, K, V. Then, we further capture the correlations between
Q@ and K as:

Q- K"

Vd

Since we only focus on the attention among the first 14, non-
PAD nodes, we apply a masking operation to the matrix A,
which only retains the attention coefficients for the first n xn
positions in A, and the remaining attention values are set to
—oo. Finally, we we get A,,4sk, and calculate the attention
matrix as:

A

N

Attn(X) = Softmaz(Amask) - V. 8)

The extension to the multi-head attention is standard and
straightforward. Our NLGT Encoder consists of alternat-
ing layers of multi-head neigborhood-based mask attention
(MHNMSA) (Equ. (6)-(8)) and MLP block that containing
two layers with a GELU non-linearity. LayerNorm (LN) is
applied before every block, and residual connections after
every block (Wang et al. 2019). Particularly, all bias terms
are omitted for simplicity in our proposed framework. So
for a L layers NLGT encoder, the [;;, layer output can be
formalized as:

H'(l) = MHNMSA(LN(H(1 —1))) + H(I — 1), (9)
H(l) = MLP(LN(H'(I))) + H'(1). (10)

In Algorithm 1, the procedure of NLGT encoder is presented
in lines 6-9.
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Through our proposed neighborhood-based mask atten-
tion mechanism, nodes can learn the correlations among
each other, which further enhances the model’s understand-
ing of global structural information in the sub-graph even
when the graph is sparse, ultimately improving the perfor-
mance of node classification.

Prediction Voting Mechanism

In the predicting stage, to overcome the effects of random-
ness caused by just considering the prediction result on a sin-
gle sub-graph, we aggregate the results of multiple sampled
sub-graphs of the same center node. In this way, we get the

e _J.,0 1 T
prediction set Ypreq = {ypred, o Ypred> - - - Ypred (» Where

y;'m . 18 the prediction result of 4;;, sampled sub-graph of the
center node, and 7" denotes to the total number of sampled
sub-graphs. By analogizing the voting method for classifica-
tion that commonly used in Ensemble Learning, we present
a voting mechanism Voting(-) on the results of multiple
sub-graphs and aggregate them to get the final prediction
result y,¢q Of the center node, which can be formalized as:

(11

The most frequently occurring prediction result from multi-
ple sub-graphs is selected as the final output. This process
can effectively enhance the accuracy and robustness of our
proposed NLGT.

Ypred = VOting(Ypred)-

Experiments
Experimental Setup

Datasets. We use four real-world commonly used bench-
mark datasets of different scales for model evaluation Three
citation network datasets, Cora, Citeseer, and Pubmed (Sen
et al. 2008) are chosen, we also select a relatively large-scale
dataset Ogbn-Arxiv from OGB (Hu et al. 2021). Some statis-
tics of these datasets are presented in Table 1. PyTorch Ge-
ometric (PYG) (Fey and Lenssen 2019) is mainly used for
most of structured operations in the experiments.

Datasets #Nodes #Edges #Features | #Classes
Cora 2,708 5,278 1,433 7
Citeseer 3,327 4,676 3,703 6
Pubmed 19,717 44,327 500 3
Ogbn-Arxiv | 169,343 | 1,166,243 128 40
Table 1: Statistics of datasets.
Baselines.

* GCN (Kipf and Welling 2017): GCN leverages the con-
cept of spectral convolution, and applies convolutional
layers by utilizing the graph laplacian.

GraphSAGE (Hamilton, Ying, and Leskovec 2017):
GraphSAGE employs various aggregation functions to
efficiently update node representations based on local
neighborhood information.

GAT (Velickovi¢ et al. 2018): GAT introduces the con-
cept of attention mechanisms to graph neural networks,



Datasets Cora Citeseer Pubmed Ogbn-Arxiv
Methods
Metric Test.Acc Valid.Acc Test.Acc Valid.Acc Test.Acc Valid.Acc Test.Acc Valid.Acc
GCN (2017) 82.16 £0.64 82.50+0.51 | 69.74+£0.85 70.25+0.67 | 79.67+0.68 80.46+0.62 | 71.54+0.46 71.78 +0.42
GraphSAGE (2017) 8295+0.27 83.14+0.30 | 7098 +£0.26 71.23+0.24 | 84.16+0.25 84.08+0.29 | 72.85+0.16 72.96+0.21
GAT (2018) 83.02+0.35 83.11+041 | 70.15+0.63 71.09+0.55 | 8249052 82.70+0.45 | 72.46+0.31 72.83+0.36
GraphGPS (2022) 83.06£0.61 83.27+0.55 | 7221 +047 7232+0.39 | 82.76£0.28 83.15+0.31 | 70.97+041 71.13+0.36
Exphormer (2023) 83.34+0.22 83.77+£0.25 | 72.61£0.12 73.26+0.17 | 83.36+0.17 83.87+0.15 | 72.44+£0.28 73.31+0.26
HEAL (2024) 83.47+0.17 83.72+0.23 | 72.76 £0.20 73.14£0.15 | 83.57+0.15 84.26+0.19 | 73.35+0.13 73.68 +0.12
Polynormer (2024) 83.29+0.24 83.50+0.28 | 72.57+0.28 72.76+£0.16 | 83.63+0.09 8391+0.13 | 73.36 +£0.11 73.65+0.14
NLGT(Ours) 84.03+0.15 8445+0.16 | 73.15+0.18 73.67+0.15 | 84.59+0.12 85.05+0.10 | 73.96 +0.08 74.21 +0.11

Table 2: Accuracy(%) comparison on different benchmark datasets. The best results are in bold and the second best is underlined
“-”. Our proposed NLGT outperforms other methods on all datasets.
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Figure 2: Visualization of Different Attention Mechanisms for Sparse Graphs

allowing the model to focus selectively on different
nodes in a neighborhood when aggregating information.
GraphGPS (Rampasek et al. 2022): GraphGPS presents
a generalized framework that integrates message-passing
networks with attention mechanisms.

Exphormer (Shirzad et al. 2023): Exphormer adopts a
sparse attention mechanism based on virtual global nodes
and expander graphs.

HEAL (Ju et al. 2024): HEAL explores the higher-order
relationships among nodes to learn complex node depen-
dencies beyond pair-wise relations.

Polynormer (Deng, Yue, and Zhang 2024): Polynormer
adopts a linear local-to-global attention scheme to learn
high-degree equivariant polynomials whose coefficients
are controlled by attention scores.

Implementation Details. The sampling specification is
set as [10, 5, 2], indicating the number of 1-hop, 2-hop, and
3-hop neighbors of each node, and the maximum of nodes
Nz 1s 168. Both the label embedding dimension and the
[C'LS] embedding dimension are 128, with the same dimen-
sion applied to the [P A D] embeddings and linear projection.
NLGT consists of 4 layers and 2 attention heads, which en-
hances the ability of feature extraction. The inner-layer di-
mension of the feed-forward network is 512. The dropout
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ratio is 0.1, which is employed to mitigate over-fitting. SGD
momentum is configured at 0.9 to facilitate better conver-
gence, and weight decay is set to 5 x 10~° as a regularization
parameter. The batch size is defined as 64 and the learning
rate is 1 x 10~3, which control the step size during optimiza-
tion. Finally, NLGT utilizes prediction results from 10 sub-
graphs for the voting mechanism and allows for a maximum
of 10 training epochs. All experiments are implemented by
PyTorch, and are trained on two 24GB RTX 3090 GPU.

Metric. We adopt the widely used Test.Accuracy and
Valid.Accuracy to measure the performance on node clas-
sification of different methods (Ju et al. 2024; Deng, Yue,
and Zhang 2024). A higher value indicates better accuracy
performance. All experiments are run 10 times and averaged
results are reported.

Results Analysis

Node Classification. Table 2 summarizes performance of
NLGT comparing with other Graph Networks on Cora,
Citeseer, Pubmed and Ogbn-Arxiv datasets. Especially,
GraphGPS, Exphormer, HEAL, and Polynormer are re-
cently proposed transformer-based models in graph repre-
sentation learning. Generally, NLGT outperforms previous
state-of-the-art Graph Networks on all datasets, and the ad-



vanced conclusions are summarized as follows.

Firstly, comparing with previous message-passing mech-
anism based GNNSs, our proposed NLGT outperforms on
all tasks, especially on large-scale graphs by a larger mar-
gin, which indicates the effectiveness of our framework and
its extensibility on large-scale graphs. Secondly, comparing
with recent GT based models, NLGT outperforms on all
tasks as well. Especially, NLGT only adopts label-enhanced
features fusion for expressive representation without intro-
ducing additional spatial or semantic encodings as prior in-
formation like other methods, which demonstrates the sim-
plicity and scalability of our NLGT framework. Lastly,
NLGT has a relatively smaller disturbance of accuracy by
adopting voting mechanism to further enhance the accuracy
and the robustness.

Attention Mechanisms. To further investigate whether
the neighborhood-based attention mechanism in NLGT can
alleviate the learning difficulties caused by graph sparsity,
we conduct extra experiments using three different attention
mechanisms, as visualized in Figure 2. Three NLGT variant
models based on different attention mechanisms are denoted
as: 1) NLGT-A, representing attention based on adjacency
relations; 2) NLGT-F, representing full attention that does
not mask the [PAD] nodes; 3) NLGT-M, representing the
neighborhood-based masked attention used in this paper.

The experimental results shown in Table 3 demonstrate
that the proposed neighborhood-based masked attention
mechanism outperforms the others in node classification on
sparse graphs. Specifically, for a sparse sampled sub-graph,
using an adjacency-matrix based mask attention mecha-
nism that only focuses on the relationships between adja-
cent nodes, neglecting the global spatial and semantic infor-
mation in the graph, which limits the expressivity of model.
Additionally, as the sub-graph becomes sparser, the amount
of irrelevant information increases more. Applying a fully-
connected attention mechanism without masking the the ir-
relevant information with those [PAD] tokens will intro-
duces lots of semantic noise into the updates of node features
and lead to the decline of model performance.

Finally, our proposed neighborhood-based mask atten-
tion mechanism combines the advantages and disadvantages
of the first two mechanisms, which is based on a fully-
connected attention mechanism, and it ignores the correla-
tions with the [P AD] nodes. For sparse sub-graphs, this ap-
proach captures the long-range dependencies in sub-graph
sequences more effectively, which enhances the global un-
derstanding of graphs and ignores extra irrelevant informa-
tion with the [P AD] nodes.

Ablation Study

We compare NLGT with several variants on Ogbn-Arxiv
dataset to verify the effectiveness of its framework designs.
The ablation results are included in Table 4. For fair com-
parison, we set the same model hyper-parameters in section.
Implementation Details for all ablation experiments.

From the experimental results in Table 4, we can draw the
following conclusions: (1) NLGT outperforms other vari-
ants, indicating the effectiveness of our proposed NLGT
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Methods Datasets Cora Citeseer Pubmed Arxiv
NLGT-A 83.12+0.24 | 71.13+0.35 | 83.41 £0.25 | 72.67 £0.26
NLGT-F 83.41+0.38 | 72.45+0.33 | 83.59+0.22 | 73.41 +£0.21
NLGT-M 84.03 £0.15 | 73.15+0.18 | 84.59 +0.12 | 73.96 + 0.08

Table 3: Accuracy (%) comparison of different atten-
tion mechanisms on different datasets. NLGT-M with
neighborhood-based masked attention achieves the best per-
formance.

Neighbor-Based Label-Enhanced Voting Test

Attention Features Mechanism  Accuracy(%)
- - - 71.63 £0.26
- v - 72.17 £0.23
- - v 71.93 £0.21
v - - 72.68 £0.18
v v - 73.28 £0.09
v - v 7297 £0.16
v v v 73.96 + 0.08

Table 4: Ablation study results on Ogbn-Arxiv dataset with
different variants of NLGT. Performance will increase as
different components are incorporated.

framework. (2) Adopting neighborhood-based attention
mask yields a large margin performance boost in comparison
to those variants without using mask mechanism, which in-
dicates that when calculating the attention matrix, we need
to filter out information between irrelevant nodes, and en-
hance the inter-correlations among relevant nodes. (3) In the
case of adopting neighborhood-based attention mask mech-
anism, introducing label-enhanced features as additional in-
formation achieves better performance, which indicates that
the label embeddings of neighborhood nodes hold signifi-
cant reference for the label prediction of the center node,
especially in cases where we only have shallow features of
the nodes. (4) Applying voting mechanism in the predicting
stage also improves the performance, which indicates that
the integration of results from multiple sub-graphs is more
robust and accurate than only relying on a single sub-graph.

Conclusion

In this paper, we investigate that previous message-passing
based GNNs fail to handle with oversmoothing and graph
sparsity, while recent GT methods have restrictions in the
model complexity and expressivity. To deal with the existing
problems, we propose a novel framework called NLGT. Ex-
tensive experiments illustrate that our proposed framework
achieves outstanding performance, compared with existing
state-of-the-art methods on popular benchmark datasets.

In the future, we aim to explore the following problems
on how to apply NLGT to a broader range of heterogeneous
graph learning; how to define a more reasonable hierarchi-
cal sampling scale considering the diverse characteristics of
different graph data.
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