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Abstract

Graph Neural Networks (GNNs) are widely used in graph
data mining tasks. Traditional GNNs follow a message pass-
ing scheme that can effectively utilize local and structural in-
formation. However, the phenomena of over-smoothing and
over-squashing limit the receptive field in message passing
processes. Graph Transformers were introduced to address
these issues, achieving a global receptive field but suffering
from the noise of irrelevant nodes and loss of structural in-
formation. Therefore, drawing inspiration from fine-grained
token-based representation learning in Natural Language Pro-
cessing (NLP), we propose the Structure-aware Multi-token
Graph Transformer (Tokenphormer), which generates multi-
ple tokens to effectively capture local and structural informa-
tion and explore global information at different levels of gran-
ularity. Specifically, we first introduce the walk-token gen-
erated by mixed walks consisting of four walk types to ex-
plore the graph and capture structure and contextual infor-
mation flexibly. To ensure local and global information cov-
erage, we also introduce the SGPM-token (obtained through
the Self-supervised Graph Pre-train Model, SGPM) and the
hop-token, extending the length and density limit of the walk-
token, respectively. Finally, these expressive tokens are fed
into the Transformer model to learn node representations col-
laboratively. Experimental results demonstrate that the capa-
bility of the proposed Tokenphormer can achieve state-of-the-
art performance on node classification tasks.

Code — https://github.com/Dodo-D-Caster/Tokenphormer
Appendix — https://doi.org/10.48550/arXiv.2412.15302

1 Introduction
Graph structures are commonly seen in both physical and
virtual domains, such as anomaly detection (Deng and Hooi
2021), traffic (Kong, Guo, and Liu 2024), and recommen-
dation (Agrawal et al. 2024). Mining tasks face a signif-
icant challenge due to the inherent complexity of various
graphs and their intricate features. Graph Neural Networks
(GNNs) have emerged as a successful learning framework
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Figure 1: Idea of Tokenphormer.

capable of solving various graph-based tasks. Traditional
GNNs follow the message passing scheme (Hamilton, Ying,
and Leskovec 2017), aggregating neighboring nodes to up-
date node representation. However, these methods are hin-
dered by issues such as over-smoothing (Chen et al. 2020)
and over-squashing (Alon and Yahav 2021).

Transformer (Vaswani et al. 2017) has demonstrated re-
markable performance due to its powerful modeling capa-
bility, making it a potent architecture for graphs as well. The
traditional graph Transformer treats the entire input graph as
a fully connected entity, where individual nodes are regarded
as independent tokens, and a unified sequence encompass-
ing all nodes is constructed, thus alleviating the limitations
of Message Passing Neural Networks (MPNNs). This ap-
proach allows the graph Transformer to extend the recep-
tive field to the global, which benefits node representation
learning. However, this scheme also results in high compu-
tational complexity, introduces noise from irrelevant nodes,
and leads to a loss of structural information (Kreuzer et al.
2021). This limitation potentially hinders a comprehensive
understanding of the entire graph.

In recent years, researchers have developed token-based
methods (Kreuzer et al. 2021; Zhao et al. 2021; Zhang et al.
2022) that generate a sequence for each node , which have
shown improved performance compared to the traditional
graph Transformer. However, these models encounter dif-
ficulties when dealing with various graphs, as they lack the
flexibility to thoroughly explore the complete graph struc-
ture due to the monotonous token design. For instance,
NAGphormer (Chen et al. 2023), which serves as a repre-
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sentative and has achieved competitive results on homoge-
neous graphs, utilizes hop information to form tokens. These
tokens are coarse-grained since they overlook crucial infor-
mation, such as relationships among nodes within the same
hop and data beyond the designated k-hop neighborhood,
limiting the model’s performance on diverse graph types like
heterogeneous graph.

To address the aforementioned limitations, token gen-
eration strategies should be enhanced in two key aspects:
1) Fine-grained. Given the diverse and complex nature of
graph structures, tokens should be more fine-grained, effec-
tively capturing intricate structures and node relationships.
2) Comprehensive. To gain a better understanding of the
entire graph, tokens should provide an approximate full cov-
erage, capturing both global and local information for im-
proved expressiveness. A natural question arises: Can we
design token generation strategies that can create multiple
effective tokens for graph nodes that substantially improve
the ability to investigate varied graph structures?

To answer this question, motivated by fine-grained token-
based representation learning in Natural Language Process-
ing (NLP), we propose graph serialization, which trans-
forms the graph structure into graph document consisting
of graph sentences using random walk, to effectively seri-
alize the entire graph as well as node’s neighborhood with
minimal information loss. Graph serialization is the foun-
dation for designing multiple token generators, enabling a
more flexible exploration of diverse graph types.

Figure 1 shows the idea of Tokenphormer. To meet the
fine-grained requirement, we utilize walk-token to flexibly
explore the graph (yellow area in Figure 1). Specifically, the
walk-token incorporates four distinct walk types, each rep-
resenting a serialized node’s neighborhood with varying re-
ceptive fields and walking strategies. These walk types are
designed to capture a diverse range of information, mak-
ing them suitable for various graph structures. The four
types are: uniform random walk, non-backtracking random
walk, our proposed neighborhood jump walk, and non-
backtracking neighborhood jump walk. It should be noted
that each walk type is non-irreplaceable, just as a tailored
design of data augmentation to address the requirement of
fine-grained.

Given the limited receptive field of walk-token, we ad-
dress the comprehensive requirement by introducing two ad-
ditional token types: SGPM-token (blue area in Figure 1) and
Hop-token (green area in Figure 1), extending the length and
density limit of walk-token. Specifically, SGPM-tokens are
obtained from the Self-supervised Graph Pre-train Model
(SGPM), which pre-trains on the graph document (serial-
ized entire graph), ensuring the global coverage of the walk-
token. Moreover, Hop-tokens are generated through each
hop’s message, ensuring the local coverage of the walk-
token.

Finally, we introduce Tokenphormer (Structure-aware
Multi-token Graph Transformer), a node classification ap-
proach that leverages the power of Transformer to jointly
learn all these token types. Tokenphormer pioneers the gen-
eration of diverse fine-grained and comprehensive tokens for
data augmentation, adaptly extracting information across a

spectrum of scales, from local to global contexts and is adap-
tive to diverse graphs, outperforming other methods on both
homogeneous and heterogeneous graphs. The main contri-
butions of this work are as follows:
• We present Tokenphormer, a pioneering node classifica-

tion approach that generates multiple tokens rich in struc-
tural information and varying granularities through di-
verse walk strategies, to address the limitations of exist-
ing graph Transformers.

• We propose an effective way to serialize the graph into a
graph document and introduce SGPM to capture global
and contextual information from our proposed graph
documents in the pre-train period.

• Experimental results demonstrate that Tokenphormer
outperforms existing state-of-the-art graph Transform-
ers and mainstream MPNNs on most homogeneous and
heterogeneous graph benchmark datasets, showcasing its
applicability to diverse graphs.

2 Related Work
2.1 Existing Graph Learning Architectures
GNN methods can be generally categorized nto Message
Passing Neural Networks (MPNNs) and graph Transform-
ers. The MPNN approach involves two main steps: aggre-
gation and update. Each node first aggregates features from
its neighbors and then updates its representation by com-
bining its features with the aggregated data (Xu et al. 2018;
Gilmer et al. 2017). Notable models like GCN (Kipf and
Welling 2017), GAT (Veličković et al. 2018), and Graph-
SAGE (Hamilton, Ying, and Leskovec 2017) have demon-
strated strong performance with this method. However,
MPNNs face challenges such as over-smoothing (Chen et al.
2020) and over-squashing (Alon and Yahav 2021). To ad-
dress these issues, methods like DropEdge (Huang et al.
2020), which randomly removes edges during training, and
techniques to reduce message passing redundancy (Chen
et al. 2022), have been developed.

The Transformer architecture (Vaswani et al. 2017;
Schmitt et al. 2021; Dufter, Schmitt, and Schütze 2022;
Kong et al. 2023; Dwivedi et al. 2023) has gained popular-
ity in graph representation learning as a solution to these
problems. For example, GT (Dwivedi and Bresson 2021)
uses Laplacian eigenvectors for positional encoding, while
GraphTrans (Wu et al. 2021) and GROVER (Rong et al.
2020) incorporate GNNs as auxiliary modules to capture
structural information. Graphormer (Ying et al. 2021) in-
tegrates centrality and spatial encoding to add structural
inductive bias into the attention mechanism. These meth-
ods treat the entire graph as a sequence of node tokens
and are of high computation complexity. Recent advance-
ments like Gophormer (Zhao et al. 2021) sample relevant
nodes to form token sequences, shifting the Transformer’s
training focus from the entire graph to node sequences.
NAGphormer (Chen et al. 2023) introduces the Hop2Token
mechanism, converting neighborhood features from each
hop into different token sequences. However, though the
complexity is decreased, the simplex design of tokens limits
these models’ performance on diverse graphs.
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Figure 2: Framework. RW refers to random walk while NJW stands for neighborhood jump walk. Tokenphormer generates
diverse tokens with different levels of granularity for the target node (red node), respectively walk-tokens (yellow area), SGPM-
token (blue area) and hop-token (green area), comprehensively mining essential information from the whole graph. Then,
all these tokens are constructed into a sequence and fed into the Transformer-based backbone to jointly learn the final node
representation. Finally, an MLP-based module is employed for node classification tasks.

2.2 Token-based Representations

NLP has advanced significantly due to deep learning and
large language models (LLMs) like GPT (Radford et al.
2018). These improvements hinge on sophisticated token
representations that capture semantic and syntactic nu-
ances, enabling applications like sentiment analysis and ma-
chine translation. Techniques like Word2Vec (Mikolov et al.
2013) and GloVe (Pennington, Socher, and Manning 2014)
use neural networks to place words in continuous vector
spaces, enhancing contextual understanding. Models like
BERT (Devlin et al. 2019) and GPT (Radford et al. 2018)
further improve this with contextualized embeddings that
consider surrounding words, leading to nuanced semantic
comprehension.

In pursuing advanced token representations, there is a
shift towards enhanced tokens within graph nodes (Zhang
et al. 2020). Traditional graph Transformers (Yun et al.
2019; Ying et al. 2021) use independent nodes as tokens,
resulting in high computational complexity and increased
noise. Node2Sequence methods like Gophormer (Zhao et al.
2021) sample ego-graphs and add global nodes to form se-
quences but still overlook edge information, limiting node
representation. The Hop2Token method proposed by NAG-
phormer (Chen et al. 2023) aggregates each hop into a token
but remains coarse-grained. To make the input tokens of the
graph Transformers more fine-grained, inspired by subword
and character-level tokenization (Mikolov et al. 2013), gen-
erating multiple tokens for nodes can better capture graph
structure details, nuances, and semantic intricacies, aligning
with the trend of comprehensive token representations to en-
hance graph models.

3 The Proposed Method
3.1 Notations and Problem Formulation
Consider G = (V,E) be an unweighted graph with node
set V and edge set E, where V = {v1, v2, · · · , vn} and
n = |V |. Each node’s feature vector xv ∈ X , where
X ∈ Rn×dF is a feature matrix with dF dimensions to
describe the attribute information of nodes. The adjacency
matrix of G is denoted by A ∈ Rn×n. A random walk in
the graph G follows a transition probability matrix P , which
varies depending on the type of walk. Here, Pij denotes the
probability of node i choosing node j as its next state. In this
paper, we focus mainly on the semi-supervised node classi-
fication task. Specifically, given nodes in the training set TV

with known labels Yv and feature vectors Xv for v ∈ V , our
aim is to predict the unknown Yu for all u ∈ (V − TV ).

3.2 Preliminaries
Markov chain and graph random walk. A Markov
chain (Chung 1967) is a stochastic process where transitions
between states depend only on the current state, reflecting
its memoryless property. It has the recurrence property if it
can revisit certain states. A random walk (Lovász 1993) on
a graph is a type of Markov chain, where each step depends
on the current vertex.

Central limit theorem in graphs. The central limit theo-
rem for Markov chains states that if two independent chains
with arbitrary initial distributions share the same transition
matrix, their limiting distributions will converge to the same
value as time approaches infinity (Jones 2004).

The limiting distribution can be reached by a Markov
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chain with recurrence and aperiodic property, satisfying:
lim
n→∞

(Sn = si) = π(si) (1)

where Sn is the n-th state of the Markov chain and si is the i-
th state in the state space. A random walk on a connected and
non-bipartite graph is recurrent and aperiodic, guaranteeing
convergence to the limiting distribution and satisfying the
central limit theorem, as formalized in the following lemma:
Lemma 1. If G is a connected, non-bipartite graph, then
for any initial distribution π0 on v ∈ V , we have:

lim
n→∞

(π0P
n)(v) = π(v) (2)

3.3 Graph Serialization
Graph serialization encompasses transforming a graph struc-
ture into a sequence structure and there exist two cases:

Case 1: Serializing a graph by a long walk. Leveraging
the principles of the central limit theorem (Lemma 1) in the
context of graphs offers a viable strategy for graph serial-
ization. When the length of a random walk on a graph tends
towards infinity, the initial distribution’s impact diminishes,
leading to a more comprehensive depiction of the underlying
graph structure. We name the document generated through
this method the Graph Document, defined as follows:
Definition 1 (Graph sentence and document). Graph sen-
tence refers to an individual walk in the graph; the collec-
tion of a large number of graph sentences starting from ev-
ery node in the graph constitutes a graph document.

Nevertheless, it is crucial to acknowledge that employ-
ing an infinite-length walk on a graph is impractical during
training. In practice, the limiting distribution can be approx-
imated through a finite number of random walks, each with
a limited length. Let walk(vi, vj) denote a walk starting
from node vi and ending at node vj . Then walk(vi, vj) and
walk(vj , vk) can be viewed as partitions of walk(vi, vk).
By concatenating the graph sentences, we can create sig-
nificantly longer walks that encompass all the nodes in the
graph.

Case 2: Serializing nodes by diverse walks. Despite seri-
alizing the whole graph into graph document, it is also im-
portant to serialize the node’s neighborhood for node classi-
fication tasks. To ensure that all sentences in the graph are
strongly connected with the target node, the graph serial-
ization approach can involve multiple diverse random walks
initiated from the target node. Moreover, We also demon-
strate that the coverage speed of a node’s neighborhood in-
creases exponentially through this neighborhood serializa-
tion method in Appendix A.2.

3.4 Graph Tokenization
Based on graph serialization, graph tokenization tokenizes
the graph into various token types to meet the requirement
of fine-grained and comprehensive node representation.

Walk-token Walk-tokens aim to achieve fine-grained rep-
resentation, aligning with the second case of graph serial-
ization. They are generated through four distinct walk types,
each capturing information from nearby and distant neigh-
bors at varying granularity levels.

(1) Uniform and non-backtracking random walk. Uni-
form random walk randomly selects the next node from
the current node’s neighbors. Additionally, we explore non-
backtracking random walk, which exhibits faster conver-
gence to its limiting distribution compared to uniform ran-
dom walk in most cases (Alon et al. 2007).
Definition 2 (Non-backtracking random walk). A
non-backtracking random walk on G is a sequence
(v0, v1, . . . , vk) of vertices vi ∈ V where vi+1 is randomly
selected from the neighbors of vi, and it must satisfy the
condition vi+1 ̸= vi−1 for i = 1, . . . , k − 1.

The non-backtracking random walk avoids revisiting the
last encountered node. This seems to contradict the Markov
property. However, by redefining the state space from nodes
to edges, the non-backtracking random walk can still be seen
as a Markov chain (Kempton 2016), allowing us to use the
earlier mentioned theorem.

Let the edge connecting node u to node v be denoted as
(u, v). The transition probability matrix P̃ ((u, v), (x, y)) for
the non-backtracking random walk can be expressed as:

P̃ ((u, v), (x, y)) =

{ 1

dv − 1
if v = x, y ̸= u

0 otherwise
(3)

where dv denotes the degree of node v.
Furthermore, non-backtracking random walks can tra-

verse longer distances and reduce redundancy in the gen-
erated walk sequences (Chen et al. 2022).

(2) Neighborhood jump walk and non-backtracking ver-
sion. Conventional random walk approaches are limited
by walk length. While the information from nearby neigh-
bors is more significant, disregarding distant neighbors is not
advisable. Inspired by dilated convolution (Yu and Koltun
2016), which has been proved to be effective (Contreras,
Ceberio, and Kreinovich 2021), we define the neighborhood
jump walk as a random walk with dilated transition prob-
ability. Unlike uniform random walks, the neighborhood
jump walk can jump to any node within its k-hop neighbor-
hood and continue recursively. Thus, the neighborhood jump
walk’s reachable area expands by the neighborhood’s radius.
Below is the definition of the neighborhood jump walk:
Definition 3 (Neighborhood jump walk). A neighborhood
jump walk on G is a sequence (v0, v1, ..., vk) of vertices
vi ∈ V where vi+1 is chosen among the nodes in the k-
hop neighborhood of vi. The transition probability of vi
to choose vi+1 in vi’s k-hop neighborhood follows k-step
probability propagation.

The transition probability matrix for the neighborhood
jump walk, described in Definition 3, is computed using a
k-step probability propagation process. In the given graph
(Figure 3), for the 1-st step, the probability of node 1 (100%)
is split averagely to its neighbors, node 2 (50%) and node
3 (50%). This process iterates to calculate the likelihood
of node 1 reaching each node within its 3-hop neighbor-
hood. By aggregating and normalizing these probabilities,
the overall probability of node 1 visiting any node in its 3-
hop neighborhood is established.
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Figure 3: Transition Probability of Neighborhood Jump
Walk.

These probabilities can be calculated in advance, thereby
preserving the Markov property. Moreover, to prevent a node
from revisiting itself, the probability of self-loops is elimi-
nated. The likelihood of returning to the last visited node
can also be negated to embed the non-backtracking prop-
erty, which can accelerate the walk’s convergence.

SGPM-token SGPM-token extends the length limit of
walk-tokens, aligning with the first case of graph serial-
ization and facilitating a comprehensive exploration of po-
sitional nuances across nodes in the graph. SGPM-tokens
are created by applying weights derived from the Self-
supervised Graph Pre-trained Model (SGPM).

Self-supervised Graph Pre-trained Model, SGPM. Self-
supervised pre-trained models have emerged as a highly ef-
fective approach for learning representations from unlabeled
NLP data. Inspired by this, we introduce SGPM to learn
from graph document unsupervisedly.

(1) Document generation. As stated in Definition 1, a
graph document consists of numerous graph sentences,
which are walks generated by individual nodes with vary-
ing lengths. In the pre-training phase of SGPM, preserving
the raw node connections is crucial for learning the graph’s
structure and contextual information. Thus, we use non-
backtracking random walks as our final choice, as they ex-
tend the walk while maintaining original relationships. The
walk length follows a normal distribution, N (µ, σ2), where
the mean µ corresponds to the graph’s radius R and the stan-
dard deviation σ is set to 1.

(2) Tokenizer and input representation. After generating
the graph document, the next step involves tokenizing the
sentences. Similar to tokenization in NLP, a vocabulary is
created to encompass all tokens. In graph structures, each
node maps directly to a corresponding token. Additionally,
five special tokens are added: PAD for sequence padding,
UNK for unknown nodes, CLS and SEP for sequence bound-
aries, and MASK for replacing hidden nodes.

Once the vocabulary is established, the graph sentences
are tokenized into sequences comprised of these tokens. Be-
fore input into the SGPM, input representations for each to-
ken in the sequence are needed. Notably, let S denote the

set of tokens, and for each token j ∈ S, the token embed-
dings Tj and position embeddings Pj are added, which are
commonly used in NLP pre-train models. Furthermore, our
input representation hj is enriched by incorporating node
features Xj and measures of node centrality Cj . Finally, we
fuse these embeddings using sum pooling:

hj = SUM(Tj , Pj , Xj , Cj) (4)

(3) Graph pre-training process. Based on experience
from NLP, we employ the Masked Language Model
(MLM) (Devlin et al. 2019) as SGPM’s pre-train task. Let
H = [h1, h2, . . . , hN ] represent the input sequence of to-
kens, and N the total number of tokens. Initially, 15% of
the tokens are randomly replaced with the special token
MASK. This masked sequence is then input into the bidirec-
tional Transformer model, which generates individual scores
S = [s1, s2, . . . , sN ] for each token. These scores rep-
resent the likelihood of each token given its context and
are then compared to the actual ground truth values Y =
[y1, y2, . . . , yN ], where yi is the true label of the masked to-
ken hi. The cross-entropy loss is calculated as:

L = − 1

N

N∑
i=1

yi log(si) (5)

Hop-token Hop-token is designed to capture hop informa-
tion within a limited k-hop neighborhood, ensuring a struc-
tured and comprehensive representation of a node’s local
context. In Tokenphormer, the k-th Hop-token of the target
node is computed as decoupled (k + 1)-th layer of message
passing, as depicted in Fig 2. This approach allows us to
incorporate the information from nodes within the k-hop ra-
dius, providing a rich representation of the node’s immediate
surroundings.

3.5 Tokenphormer
Tokenphormer aims to utilize diverse tokens to jointly learn
node embeddings for node classification. As illustrated in
Figure 2, each node v has one SGPM-token, n hop-tokens,
and m walk-tokens. These tokens are sequentially input
into the Transformer encoder for processing, which includes
multi-head self-attention (MSA) and position-wise feed-
forward network (FFN) components, to compute the output
of the l-th Transformer layer H l

v:

Ĥ l
v = MSA(Norm(H l−1

v )) +H l−1
v

H l
v = FFN(Norm(Ĥ l

v) + Ĥ l
v

(6)

where l = 1, . . . , L denotes the l-th Transformer layer.
Within each mini-batch of inputs, we apply Layer Normal-
ization using the Norm(·) function.

Since tokens are generated using different strategies, they
may have varying contributions to the target node embed-
ding. Instead of employing commonly used readout func-
tions such as mean and summation, we employ an attention-
based readout function to learn the different weights of to-
ken embeddings. Let H ∈ RK×dh denote the token repre-
sentation of a node. Here, K represents the total number of
tokens, dh is the hidden dimension of the Transformer, and
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Method Year Cora Citeseer Flickr Photo DBLP Pubmed
GCN 2017 87.33±0.38 79.43±0.26 61.49±0.61 92.70±0.20 83.62±0.13 86.54±0.12
GAT 2017 86.29±0.53 80.13±0.62 54.29±2.56 93.87±0.11 84.19±0.19 86.32±0.16
GraphSAGE 2018 86.90±0.84 79.23±0.53 60.37±0.27 93.84±0.40 84.73±0.28 86.19±0.18
APPNP 2018 87.15±0.43 79.33±0.35 93.25±0.24 94.32±0.14 84.40±0.17 88.43±0.15
JKNet 2018 87.70±0.65 78.43±0.31 53.66±0.40 - 84.57±0.28 87.64±0.26
GPR-GNN 2021 88.27±0.40 78.46±0.88 - 94.49±0.14 - 89.34±0.25
GATv2 2022 - - - - 84.96±0.47 85.75±0.55
GRAND+ 2022 85.8x±0.4x 75.6x±0.4x - 94.75±0.12 - 88.64±0.09
GT 2020 71.84±0.62 67.38±0.76 68.59±0.64 94.74±0.13 81.04±0.27 88.79±0.12
Graphormer 2021 72.85±0.76 66.21±0.83 66.16±0.24 92.74±0.14 80.93±0.39 82.76±0.24
SAN 2021 74.02±1.01 70.64±0.97 70.26±0.73 94.86±0.10 83.11±0.32 88.22±0.15
Gophormer 2021 87.85±0.10 80.23±0.09 91.51±0.28 - 85.20±0.20 89.40±0.14
ANS-GT 2022 88.60±0.45 80.25±0.39 - 94.41±0.62 - 89.56±0.55
GraphGPS 2022 - - - 95.06±0.13 - 88.94±0.16
Exphormer 2023 - - - 95.27±0.42 - 89.52±0.54
Gapformer 2023 87.37±0.76 76.21±1.47 - 94.81±0.45 85.50±0.43 88.98±0.46
NAGphormer 2023 90.56±0.39 80.02±0.80 89.66±0.63 95.49±0.11 84.62±0.13 89.60±0.14
Tokenphormer ours 91.20±0.47 81.04±0.24 92.44±0.35 96.14±0.14 85.13±0.10 89.94±0.20

Table 1: Comparison of Tokenphormer with baselines on various datasets. The best results are in bold. ‘x’ and ‘-’ mean unknown
numbers. Part values of NAGphormer are run by ourselves due to missing of standard deviation in raw paper (Chen et al. 2023).

Hk is the k-th token representation of the node. We calculate
the attention parameter between different tokens by:

αk = exp(HkW
⊤
a )/

K∑
i=1

(exp(HiW
⊤
a )) (7)

where Wa ∈ R1×2dh denotes the learnable parameter ma-
trix, and i = 1, . . . ,K . Based on this, the final node repre-
sentation Hfin is aggregated as follows:

Hfin =

K∑
k=1

αkHk (8)

3.6 Analysis of Components
Based on Definition 1 and the analysis presented in graph se-
rialization part, it is evident that graph documents can con-
verge to the limiting distribution. Notably, this distribution
tends to vary across different graphs. Consequently, we pro-
pose the following Lemma to examine the expressiveness of
graph documents and prove it through graph isomorphism,
which can be found in Appendix A.1.
Lemma 2. Graph documents possess the capability to dis-
tinguish non-isomorphic graphs.

Additionally, we also analyze the walk coverage of walk
tokens mathematically and draw the conclusion that it is fea-
sible to approximate full information coverage with a limited
number of walk tokens. We prove that the probability of a
particular information type being uncovered decreases at a
rate faster than exponential decay. The detailed proof can be
found in Appendix A.2.

The expressiveness of different token types is also ana-
lyzed in Appendix A.3. Our analysis concludes that SGPM-
tokens can capture global information, Hop-tokens have the
potential to match or exceed the performance of MPNNs,
and Walk-tokens demonstrate superiority over hop-wise to-
kens, such as those in NAGphormer (Chen et al. 2023).

Lastly, we analyze the time and space complexity of Token-
phormer. Detailed analyses are provided in Appendix A.4.

4 Experiments

4.1 Comparison of Tokenphormer with Baselines

Table 1 compares all benchmark methods (Detailed de-
scriptions of methods and datasets can be found in Ap-
pendix B.1) with Tokenphormer for node prediction tasks.
Tokenphormer’s results, presented as mean values with
standard deviations from 10 runs with different random
seeds, demonstrate state-of-the-art performance, outper-
forming most baselines on six datasets of varying sizes,
proving the model’s effectiveness.

Tokenphormer outperforms most MPNN baselines, show-
casing strong generalization ability due to two factors: (1)
Utilizing hop-tokens to enhance the density limit of walk-
tokens, approximating layer-wise MPNN; (2) Capturing in-
formation beyond traditional MPNNs with diverse token
types. As message passing layers increase, MPNNs suffer
from over-smoothing and over-squashing, limiting their ca-
pacity to utilize information from distant neighbors.

Tokenphormer’s superiority over graph Transformer base-
lines is due to several advantages: (1) SGPM-tokens extend
the length limit of walk-token, capturing valuable contex-
tual and global information for each node; (2) Hop-tokens
extend the density limit of walk-token, retaining essential
information from neighboring nodes and maintaining local
relationships; (3) Walk-tokens generated through four types
of walks add flexibility in capturing information from near
and far neighbors. These mechanisms enable Tokenphormer
to learn node representations through fine-grained tokens,
capturing intricate details and relationships across the entire
graph, leading to superior performance.

13433



Figure 4: Expressiveness Comparison. The grey dashed line denotes graph diameter. For Flickr and DBLP, the orange dashed
line means the NAN result.

4.2 Ablation Study
The effectiveness of various token types was verified
through ablation experiments conducted on all datasets. The
results, detailed in Appendix B.3, show a decrease in accu-
racy with the removal of any token type.

Furthermore, we compared mixed walks of uniform ran-
dom walks, non-backtracking random walks, neighbor-
hood jump walks, and non-backtracking neighborhood jump
walks with four single walks. The findings, which can be
found in Appendix B.4, also demonstrate the superiority of
mixed walks.

4.3 Expressiveness Comparison
Tokenphormer enhances model performance by utilizing a
more extensive set of valuable tokens. To evaluate Token-
phormer’s token expressive ability with a maximum number
of tokens, we conducted a thorough quantitative and quali-
tative analysis, comparing NAGphormer (Chen et al. 2023)
and Tokenphormer under various token number settings.

For Tokenphormer, we use a step size of 10 walk-tokens
to explore up to 140 walk-tokens with 1 fixed SGPM-token
and 3 hop-tokens. For NAGphormer, we set step size as 1
for token numbers ranging from 1 to graph diameter and
10 for other cases. Figure 4 shows the quantitative perfor-
mance across six benchmark datasets. As the token number
increases, NAGphormer’s performance rises rapidly, peaks
before the token number equals the graph diameter, and
then declines, falling below Tokenphormer. This means that
NAGphormer’s Hop2Token strategy still suffers from some
extent of over-smoothing with the token number’s increase.
Conversely, Tokenphormer improves in accuracy and be-
comes more stable with more tokens.

4.4 Experiments on Heterogeneous Datasets
Three more heterogeneous datasets, including Cornell, Wis-
consin, and Actor, were also evaluated (Table 2). Results
show that even without SGPM, Tokenphormer is compara-
ble to other methods and highly expressive on heterogeneous

Method Year Cornell Wisconsin Actor
GCN 2017 45.67±7.96 52.55±4.27 28.73±1.17
GAT 2017 47.02±7.66 57.45±3.51 28.33±1.13
APPNP 2018 41.35±7.15 55.29±3.90 29.42±0.81
GATv2 2022 50.27±8.97 52.74±3.96 28.79±1.47
SAN 2021 50.85±8.54 51.37±3.08 27.12±2.59
Gapformer 2023 77.57±3.43 83.53±3.42 36.90±0.82
NAGphormer 2023 56.22±8.08 63.51±6.53 34.33±0.94
Tokenphormer ours 76.22±2.13 86.17±2.30 37.01±0.83

Table 2: Experiments on Heterogeneous Datasets. The re-
sults of Tokenphormer here are obtained without SGPM-
tokens. Best results are in bold. The experiment results of
baselines are taken from (Liu et al. 2023).

graphs. 1) GCN-based models perform poorly on heteroge-
neous graphs as they aggregate information from directly
connected nodes. 2) Some Transformer-based models per-
form poorly, indicating susceptibility to irrelevant noise. 3)
Tokenphormer performs remarkably well, especially better
than NAGphormer, indicating its ability to explore graphs
comprehensively and flexibly, thus obtaining richer informa-
tion for target node representation learning.

5 Conclusion

This paper proposes Tokenphormer, a novel graph Trans-
former that overcomes the limitations of MPNNs and graph
Transformers by generating fine-grained and comprehensive
node tokens. Walk-tokens, created through diverse walks
with varying walk tendencies and receptive fields, ensure
fine-grained exploration of the graph. SGPM-tokens cap-
ture global information, extending the length limit of walk-
tokens for greater comprehensiveness, while hop-tokens,
generated by decoupling message-passing layers, enhance
local coverage. Tokenphormer achieves state-of-the-art per-
formance on node classification on diverse datasets, demon-
strating its effectiveness for various graph tasks.
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