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Abstract

Graph representation learning (GRL) methods, such as graph
neural networks and graph transformer models, have been
successfully used to analyze graph-structured data, mainly fo-
cusing on node classification and link prediction tasks. How-
ever, the existing studies mostly only consider local connec-
tivity while ignoring long-range connectivity and the roles
of nodes. In this paper, we propose Unified Graph Trans-
former Networks (UGT) that effectively integrate local and
global structural information into fixed-length vector rep-
resentations. First, UGT learns local structure by identify-
ing the local substructures and aggregating features of the
k-hop neighborhoods of each node. Second, we construct
virtual edges, bridging distant nodes with structural simi-
larity to capture the long-range dependencies. Third, UGT
learns unified representations through self-attention, encod-
ing structural distance and p-step transition probability be-
tween node pairs. Furthermore, we propose a self-supervised
learning task that effectively learns transition probability to
fuse local and global structural features, which could then
be transferred to other downstream tasks. Experimental re-
sults on real-world benchmark datasets over various down-
stream tasks showed that UGT significantly outperformed
baselines that consist of state-of-the-art models. In addition,
UGT reaches the third-order Weisfeiler-Lehman power to dis-
tinguish non-isomorphic graph pairs.

Introduction
Graph neural networks (GNNs) and graph transformers have
effectively solved graph analysis tasks, such as node classifi-
cation and link prediction (Kipf and Welling 2017; Dwivedi
and Bresson 2021). GNNs learn representations by itera-
tively aggregating features of neighbouring nodes with uni-
form or attentional weights (Kipf and Welling 2017; Brody,
Alon, and Yahav 2022; Hoang et al. 2023a). Unlike GNNs,
graph transformer models learn node representations us-
ing self-attention, encoding pair-wise connections between
nodes, and have shown better performance than variants of
GNNs (Dwivedi and Bresson 2021).

While the existing models have been applied in various
domains, GNNs and graph transformers still have three in-
herent limitations. First, graph transformer models lack the
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Figure 1: The Laplacian positional encoding cannot fully
capture the similarity between the surrounding structure of
adjacent nodes. Two adjacent nodes, ‘1’ and ‘3’, have differ-
ent initial positional encodings even though they are struc-
turally similar.

power to capture similarity between local structures. Some
recent graph transformers (e.g., GT (Dwivedi and Bresson
2021) and SAN (Kreuzer et al. 2021)) apply graph theory-
based structural features (e.g., Laplacian Eigenvectors) as
positional encodings (PEs) to assist the model distinguish
isomorphic substructures. However, although the PEs could
assign distinguishable vector representations to substruc-
tures of individual nodes, they did not fully consider the
structural similarity between the substructures. Node repre-
sentations should be strongly correlated with their substruc-
ture similarity from the first iteration (layer) in order for the
model to understand connectivity between neighbours and
not just aggregate their feature vectors. In Figure 1, we as-
sign the initial PEs to two nodes ‘1’ and ‘3’ with Lapla-
cian Eigenvectors. Then, their vector representations would
be treated as different representations even though they are
structurally similar. This false signal can be a serious bar-
rier to representation learning of graph structure and even-
tually reduce the performance of models. Second, GNN ag-
gregators and self-attention lack the power to learn global
structural information. GNN variants, like GCN (Kipf and
Welling 2017), GAT (Velickovic et al. 2018), and GATv2
(Brody, Alon, and Yahav 2022), compose node embeddings
based on only neighbours’ features. Similarly, graph trans-
former models learn vector representations by encoding fea-
tures of node pairs and substructures within k-hop distance
using self-attention (Chen, O’Bray, and Borgwardt 2022).
Although graph transformers have relatively larger aggre-
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gation ranges in a layer than GNNs, neighbourhood ag-
gregation has little ability to reveal long-range dependen-
cies or role-based similarities between nodes (Lee and Jung
2020a; Jeon, Choi, and Lee 2022). Third, the existing mod-
els lack the ability to integrate local and global structural fea-
tures into a unified vector representation, which could then
benefit various downstream tasks. Some GNNs and graph
transformers, such as LSPE (Dwivedi et al. 2022) and GPS
(Rampásek et al. 2022), try to capture higher-order substruc-
tures surrounding nodes within k-hop distance and consider
them in messages or node features. However, global struc-
tural features can be extracted by using the roles of nodes
(i.e., substructures rooted in nodes). Role-based similarity is
not always synchronous with the similarity of node features,
attributes, or classes. Also, nodes with similar roles do not
mean that they are neighboring nodes, but rather the oppo-
site (e.g., influential nodes in social networks) (Lee and Jung
2020b). Therefore, the different viewpoints of the different
features create a significant barrier that poses challenging
problems in integrating these features into a unified vector
representation.

To overcome these limitations, we propose Unified Graph
Transformer Networks (UGT), a novel graph transformer
model that can represent both local and global structural
features of graphs with a unified fixed-length vector. We
first construct virtual edges, bridging the distant nodes with
structural similarity. The main idea is to capture the long-
range dependencies between distant nodes as long as they
are structurally similar. To capture local structure, we pro-
pose structural identity to assist the model in addressing lo-
cal non-isomorphic substructures and finding similar sub-
structures. Third, we propose structural distance to estimate
the role-based similarity between nodes. Accordingly, UGT
can learn node representations such that nodes with struc-
tural similarity could be close in the latent space. Note that
global structural information is measured by role-based dis-
tance, which could not combine with local structural infor-
mation as it is considered based on k-hop distance. There-
fore, to bridge the gap between local and global structural
features, we utilise the p-step transition probability, which
could reflect the global structural information and the dis-
tance between nodes as long as two nodes are connected.
Our contributions are as follows:

• We propose Unified Graph Transformer Networks
(UGT), which could learn both local and global structural
information and fuse them into unified representations.

• We propose a sampling technique that constructs virtual
edges and a structural distance measurement between
distant nodes to capture global structural similarity.

• We propose a self-supervised learning task to bridge
the conceptual gap between local and global structural
features by preserving transition probabilities between
nodes in multi-scales.

• We experimentally examined that UGT reaches the third-
order Weisfeiler-Lehman (3d-WL) power to distinguish
non-isomorphic graph pairs.

Related Work
This section discusses how existing models handle the above
weaknesses compared to our UGT model. Several graph
transformers attempt to find local structural similarities with
neighbours by defining different PEs. For example, SAN
uses learnable PEs instead of static Laplacian Eigenvectors
combined with an attention mechanism to learn the local
structures (Kreuzer et al. 2021). Graphformer adds node de-
gree to node features and integrates edge features through
Shortest-Path Distance attention bias (Ying et al. 2021).
GPS uses some types of random walk positional encoding
(RWPE) to find local similar substructures for each target
node (Rampásek et al. 2022). SAT extracts k-hop sub-graph
representations for each target node and utilises GNNs to up-
date target node representations (Chen, O’Bray, and Borg-
wardt 2022). The existing models attempt to map differ-
ent substructures into different representations or find lo-
cal structural similarity from paths without considering the
node roles and their structural distance (Hoang et al. 2023b).
Unlike existing models, we propose structural identity (I)
and structural distance (d), which could distinguish non-
isomorphic substructures and find the structural similarity
between nodes. The structural identity acts more effectively
to find structurally similar neighbours since it can handle
both local and global structures through the roles of nodes
in a hierarchical manner.

Several studies have been proposed to capture the global
structure information (Lee, Jeon, and Jung 2021). WRGAT
aims to break the limitations of GNNs by using multi-
relations between distant nodes in graphs (Suresh et al.
2021). GeoGCNs employ several embedding methods, such
as Poincare and Struc2vec, and create suitable latent spaces,
preserving the global structure information (Pei et al. 2020).
While the GNN variants show the capability to capture
global information, they mostly overlook sub-structure sim-
ilarity. Several graph transformers aim to capture higher-
order structures within k-hop distance, such as SAT (Chen,
O’Bray, and Borgwardt 2022) and Graphformer (Ying et al.
2021). However, high-order structures are defined within k-
hop distance, which ignores structural correlations between
distant nodes. Unlike existing models, we construct virtual
edges to connect distant nodes and learn their structural
similarity. With an understanding of the local and global
structure, UGT fuses them into fixed-size representations,
which could address various downstream tasks. UGT is a
new graph transformer framework that learns both local
and global structural information and fuses them into fixed-
length vector representations.

Unified Graph Transformer Networks
This section introduces a novel graph transformer model,
namely UGT, which could learn local and global structures
and fuse them into unified representations. We first introduce
how to sample context nodes and then describe the design of
UGT in detail. Lastly, we introduce self-supervised learn-
ing and fine-tuning tasks. The overall architecture of UGT is
described in Figure 2.
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Figure 2: The overall architecture of UGT. UGT is composed of main blocks, including sampling context nodes, building
modules I, d, and m, and pre-training blocks. The learned representations then could be used for various downstream tasks.
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Figure 3: An example of UGT sampling strategy. We sam-
ple context nodes within k-hop neighbourhoods and virtual
connections between distant nodes with structural similarity.

Sampling Context Nodes
Given a graph G = (V,E) with node set V and edge set
E, we aim to sample the context node vj of each target node
vi ∈ V . The context node vj could be sampled if the distance
from vi to vj within k-hop, or both two nodes vi and vj are
structurally similar. Formally, for each target node vi, the set
of neighbour of vi can be defined as:

Ni = N
(k)
i ∪N

(st)
i , (1)

where N (k)
i presents the neighbourhoods of vi within k-hop

distance, and N
(st)
i refers to the set of nodes that are struc-

turally similar to vi. Figure 3 presents a simplified graph that
contains a target node ‘1’ and its context. For global sam-
pling, we construct virtual edges between any two nodes if
they are structurally similar. For example, nodes ‘1’ and ‘12’
are structurally similar with the same degree of five and con-
nected to two triangles. Note that we only consider similarity
based on the graph structure without using the node feature.

Let Ik(vi) denotes the set of a ordered degree sequence of vi
in 1 to k-hop. Note that I0(vi) is the degree of vi. By com-
paring the ordered degree sequences between two nodes vi
and vj , we can impose a hierarchy to measure global struc-
tural similarity. Formally, the distant score between any two
nodes vi and vj in a graph could be defined as:

sk = fk (Ik(vi), Ik(vj)), (2)
S (vi, vj) = exp (−

√
sk), (3)

where fk(·, ·) is the structural distance between two se-
quences. Similar to Struc2vec (Ribeiro, Saverese, and
Figueiredo 2017), we then use dynamic time warping
(DTW) to measure the similarity between two ordered de-
gree sequences. In most real-world networks, however, the
degree distribution is highly asymmetric and shows a long
tail distribution. To boost the connections between high-
degree nodes, we introduce another score:

S (vi, vj) = exp (−
√
sk) + exp

(
− 1√

(dvi
+dvj )

)
, (4)

where dvi presents the degree of node vi. Accordingly, two
nodes with higher scores are structural similarity, and if
they have high degrees together, they are closer in the latent
space.

Learning Unified Representations of Graphs
Input representation Given a graph G, the node feature
xi ∈ Rd0×1 of node vi is mapped via a linear projection to
d-dimensional hidden feature, as:

x̂0
i = W0xi + b0, (5)

where W0 ∈ Rd×d0 and b0 ∈ Rd are the parameters of
the linear projection, d0 refers to the original feature of vi.
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Since we aim to make UGT can learn the global positional
information context for each node in the whole graph, we
add a linearly transformed positional embedding λi of dim
k to node features, as:

λ̂i = W1λi + b1, (6)

h0
i = x̂0

i + λ̂i, (7)

where W1 ∈ Rd×k and b1 ∈ Rd. Note that the positional
embeddings are pre-calculated and added only for the first
time, and we use Eigenvectors of the graph Laplacian ma-
trix. Furthermore, we randomly flip λ during training to al-
low UGT to capture sign invariance.

Global structural self-attention We now propose a self-
attention bias to encode local and global structural informa-
tion. Since we aim to capture context nodes within a k-hop
distance and distant nodes, the self-attention needs to un-
derstand the distance between node pairs in terms of k-hop
distance and the structural distance. Formally, we define a
self-attention between vi and vj for head k at layer l as:

αk,l
ij =

(
Qk,lhl

i

)
·
(
Kk,lhl

j

)
√
dk

+Dk,l
ij +Mk,l

ij , (8)

where Qk,l, Kk,l ∈ Rdk×d, k = 1 to H refers to the num-
ber of attention heads, hi and hj are the features of node
vi and vj , respectively. Dk,l

ij and Mk,l
ij ∈ Rdk×d are linear

transformed structural distance dij and transition probabil-
ity mij between two nodes vi and vj , respectively. We now
introduce strategies to construct d and m.

We define the structural identity of each target node based
on hierarchical role-based information, including minimum,
maximum, mean, and standard deviation degrees up to k-
hop distance context of each node vi. Formally, the struc-
tural identity of node vi and the structural distance could be
defined as:

Ii = { dvi
, T1, T2, · · · , Tk}, (9)

dij = f

([∥∥∥I(q)i − I
(q)
j

∥∥∥
2

]−1
)
, (10)

where dvi
denotes the degree of node vi, Tk =

{mink,maxk, µk, δk} denotes the set of minimum, maxi-
mum, mean, and standard deviation values of the node de-
grees at k-th hop distance, I(q)i refers to the q-th element of
Ii, and f refers to a linearly transformed structural distance.

While structural distance can benefit the model by find-
ing distant nodes with structural similarity, it cannot capture
paths between the two nodes. To fill this gap, we present the
transition probability-based distance m, which is the aware-
ness of connectivity between any two nodes from a prob-
abilistic perspective. In this way, the model could capture
both the local and global structural information, leading to
the power of UGT to capture any path between nodes. We
define the transition probability distance m from vi to vj as:

mij = f
(
A1

ij , A
2
ij , · · · , A

p
ij

)
, (11)

where Ap
ij refers to the transition probability from vi to vj

at p-step, and f refers to a linearly transformed transition
probability.

Graph transformer layers The outputs of self-attention
are then concatenated into one vector representation fol-
lowed by a linear transformation. The node features of vi
are updated at layer l as:

ĥl+1
i = Ol

h

H

∥
k=1

 ∑
vj∈N(vi)

α̃k,l
ij V

k,lhl
j

 , (12)

where α̃k,l
ij = softmaxj(α

k,l
ij ), Q

k,l, Kk,l,V k,l ∈ Rdk×d,
Ol

h ∈ Rd×d, and ∥ refers to concatenation. The outputs then
are passed to feed-forward networks (FFN) along with resid-
ual connections and layer normalization:

ĥl+1
i = LN

(
hl
i + ĥl+1

i

)
, (13)

ˆ̂
hl+1
i = W l

2ReLU
(
W l

1ĥ
l+1
i

)
, (14)

hl+1
i = LN

(
ĥl+1
i +

ˆ̂
hl+1
i

)
, (15)

where W l
1 ∈ R2d×d and W l

2 ∈ Rd×2d are learnable param-
eters, and LN refers to layer normalization.

We introduce a role-based identity for each substructure
that can help our UGT model be more expressive when dis-
tinguishing non-isomorphic substructures. It is worth noting
that structural identity plays two roles: finding similar sub-
structures and distinguishing isomorphic substructures. For-
mally, we add a structural identity to the self-attention output
at each transformer layer, which could be defined as:

hl+1
i = f

(
I li
)
+Ol

h

H

||
k=1

∑
vj

α̃k,l
ij V

k,lhl
j

 . (16)

Self-supervised Learning Tasks
We now present self-supervised learning tasks that could
train UGT on pretext tasks to extract graph structure without
using any label information. Our objective is to learn repre-
sentations that could capture both local and global structures
between any nodes as long as they are structurally similar.
As mentioned earlier, we aim to preserve relational structure
information in p-step transition probability, combining local
and global structures. The learned representations could then
be used for solving different downstream tasks.

Given a connectivity between a target node vi and a con-
text node vj , we aim to maximize the transition probabil-
ity of paths connecting vi and vj against the probability of
other pairs not from the graph. Similar to Grarep and Glove,
we employ noise contrastive estimation, introduced by (Gut-
mann and Hyvärinen 2012). The loss function for transition
probability matrix of vi at p-step could be defined as:

Lp
1(vi) =

∑
vj

Pk (vj |vi) log σ (zizj)

+ λE, (17)

where E = Evk∼Pk(V ) [log σ (−zizk)], vk refers to nodes
obtained from negative sampling. We then assume the noise
follows a uniform distribution, and this lead to a new transi-
tion matrix on a log scale that represents precisely the global
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relation information between any two nodes in the graph at
step p:

A′(p) = log

(
A

(p)
i,j∑

t A
(p)
t,j

)
− log

(
|Ns|
|V |

)
, (18)

where A′(p) is the log scale probability matrix at step p that
we aim to preserve, and Ns refers to the set of negative sam-
ples. Finally, the loss function for structural preservation at
step p can be computed as:

Lp
1 =

∥∥∥A′(p) − Z(p))
∥∥∥2
F
, (19)

where Z(p) is the score matrix that could be built by com-
puting the cosine similarity between two vectors zi and zj .

Since node feature information could benefit down-
stream tasks, UGT should also learn the construction of
node feature information. We define the node raw feature
reconstruction-based loss term as:

L2 =
1

|V |
∑

vi∈V
∥xi − x̂i∥2, (20)

where xi refers to the raw feature of node vi, and x̂i =
FFN(zi). We train the model in multi-task learning with
the two losses, and the losses are linearly combined as:

L = α
∑
p

Lp
1 + βL2, (21)

where α and β are hyper-parameters.

Fine-tuning Tasks
The learned representations are then passed directly to solve
downstream tasks. In this study, we present three down-
stream tasks, including node clustering, node classification,
and graph-level classification. For the node clustering task,
we used modularity as the loss function as with Tsitsulin
et al. (2023). For the node classification, the representations
of vi from the transformer layers were passed to fully con-
nected (FC) layers to get yi as:

yi = W1 ReLU
(
W2h

l
i

)
, (22)

where W1 ∈ Rd×C and W2 ∈ Rd×d are weight matrices,
and C is the number of classes. In the graph classification,
we employed average pooling to obtain graph features and
likewise used FC layers to obtain the prediction output.

Complexity Analysis
The structural feature matrices (I and d) are pre-computed
only at the first time. To construct the identity matrix I , we
use the Breadth First Search (BFS) to find nodes within k-
hop distance with the computational cost of O(N +E). We
use fast DTW to compute the distance between two degree
sequences with the computational cost of O(l), where l is the
sequence length. We also reduce the computation by limiting
neighborhood sizes in I , as real-world graphs are sparse. The
cost of structural distance and the transition matrix is O(N2)
in the worst case. For model steps, the computational cost for
each layer in full dot-product attention is O(N2), similar to
other graph transformer models.

Experiments
We conducted experiments to evaluate UGT versus GNN
variants and graph transformer models for three tasks: node
clustering, node classification, and graph-level classifica-
tion. We also analyzed the power of our model by assess-
ing UGT on isomorphism testing. We deliver an open-source
implementation of UGT for the experiment reproductions1.

Experimental Settings
Datasets For the node-level tasks, we used eleven publicly
available datasets, which are homophily and heterophily
graphs and grouped into three different domains, includ-
ing Air-traffic networks (e.g., Brazil, Europe, and USA)
(Ribeiro, Saverese, and Figueiredo 2017), Webpage net-
works (e.g., Chameleon, Squirrel, Actor, Cornell, Texas, and
Wisconsin) (Pei et al. 2020), and Citation networks (e.g.,
Cora and Citeseer) (Sen et al. 2008). We used five pub-
licly available datasets for the graph classification task, in-
cluding Enzymes, Proteins, NCI1, NCI9 from TUDataset
(Morris et al. 2020) and large-scale graph OGBG MolHIV
(Hu et al. 2020). Furthermore, we used Graph8c and five
Strongly Regular Graphs datasets (SRGs), which contain
1d-WL and 3d-WL equivalent graph pairs, respectively, for
isomorphism testing (Balcilar et al. 2021).

Baselines The GNN variants included GCN (Kipf and
Welling 2017), GCNII (Chen et al. 2020), GIN (Xu et al.
2019), GAT (Velickovic et al. 2018), GATv2 (Brody,
Alon, and Yahav 2022), SAGE (Hamilton, Ying, and
Leskovec 2017), Geom-S (Pei et al. 2020), WRGAT (Suresh
et al. 2021), and DeeperGCN (Li et al. 2020). Further-
more, we compared UGT against recent transformers, in-
cluding GT (Dwivedi and Bresson 2021), SAN (Kreuzer
et al. 2021), SAT (Chen, O’Bray, and Borgwardt 2022),
GPS (Rampásek et al. 2022), ANS-GT (Zhang et al. 2022),
Graphormer (Ying et al. 2021), and GD-WL (Zhang et al.
2023). For isomorphism testing, we compare UGT against
powerful models, i.e., ChebNet (Defferrard, Bresson, and
Vandergheynst 2016), and GNNML3 (Balcilar et al. 2021).

Implementation Details We conducted each experiment
ten times by randomly sampling training, validation, and
testing sets of size 80%, 10%, and 10%, respectively. The
results written in the tables were measured with means
and standard deviation on the testing set over the ten
cases. The experiments were done in two servers with four
NVIDIA RTX A5000 GPUs (24GB RAM/GPU). The hyper-
parameters were tuned on the validation sets. For fair com-
parisons with the baselines, we conducted a search for the
number of layers and the hidden dimension size with ranges
of {2, 4, 8} and {32, 64, 128} with every model, respec-
tively.

Performance Analysis
Evaluation on node clustering We first conducted an ex-
periment on eleven benchmark datasets for the node cluster-
ing task. For the baseline models, we trained the models in a

1https://github.com/NSLab-CUK/Unified-Graph-Transformer
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Chameleon Squirrel Film Cornell Texas Wisconsin Cora Citeseer

C↓ Q↑ C↓ Q↑ C↓ Q↑ C↓ Q↑ C↓ Q↑ C↓ Q↑ C↓ Q↑ C↓ Q↑
GCN 0.46 0.25 0.27 0.73 0.59 0.11 0.75 0.00 0.61 0.16 0.59 0.18 0.16 0.68 0.17 0.63
GCNII 0.56 0.20 0.72 0.27 0.66 0.06 0.78 -0.05 0.80 -0.03 0.64 0.09 0.42 0.33 0.32 0.37
GIN 0.47 0.13 0.75 0.27 0.59 0.04 0.81 -0.10 0.90 -0.13 0.73 -0.02 0.20 0.63 0.24 0.56
GAT 0.66 0.09 0.77 0.25 0.71 0.02 0.85 -0.10 0.88 -0.18 0.82 -0.07 0.17 0.66 0.25 0.55
GATv2 0.72 0.06 0.77 0.20 0.70 0.06 0.80 -0.08 0.88 -0.13 0.72 -0.01 0.17 0.66 0.21 0.59
SAGE 0.77 0.03 0.75 0.25 0.72 0.00 0.90 -0.16 0.94 -0.15 0.83 -0.07 0.18 0.65 0.23 0.57
WRGAT 0.64 0.09 0.69 0.34 0.67 0.00 0.86 -0.15 0.92 -0.17 0.83 -0.12 0.23 0.60 0.28 0.53
WRGCN 0.64 0.10 0.68 0.34 0.67 0.00 0.88 -0.16 0.92 -0.17 0.79 -0.07 0.24 0.59 0.27 0.53
DGCN 0.75 0.04 0.78 0.26 0.75 0.03 0.80 -0.07 0.88 -0.15 0.75 -0.05 0.18 0.65 0.23 0.57
GT 0.78 0.02 0.78 0.22 0.80 -0.01 0.87 -0.15 0.92 -0.19 0.81 -0.11 0.19 0.64 0.26 0.54
SAN 0.71 0.01 0.58 0.42 0.42 0.01 0.89 -0.15 0.88 -0.12 0.79 -0.04 0.23 0.61 0.25 0.55
GPS 0.70 0.08 0.81 0.20 0.65 0.00 0.80 -0.09 0.73 -0.05 0.78 -0.05 0.38 0.46 0.50 0.29
SAT 0.80 -0.08 0.64 0.35 0.73 0.00 0.85 -0.07 0.7 0.02 0.81 -0.04 0.58 0.01 0.39 0.12
UGT(K) 0.12 0.66 0.24 0.74 0.44 0.32 0.52 0.10 0.80 -0.10 0.67 0.03 0.10 0.71 0.15 0.66
UGT 0.11 0.64 0.21 0.39 0.28 0.50 0.28 0.47 0.33 0.46 0.27 0.52 0.09 0.76 0.04 0.78

Table 1: The performance of node clustering task in terms of conductance (C) and modularity (Q) measurements on homophily
and heterophily graphs. DGCN refers to the DeeperGCN model, and UGT(K) denotes that we passed the embeddings directly
to the K-means algorithm after the pre-training phase.

Brazil Europe USA

C↓ Q↑ C↓ Q↑ C↓ Q↑

GCN 0.71 -0.01 0.71 -0.07 0.47 0.16
GCNII 0.74 -0.02 0.76 -0.03 0.59 0.11
GIN 0.73 -0.03 0.01 0.01 0.08 0.10
GAT 0.68 -0.01 0.74 -0.05 0.69 0.03
GATv2 0.54 -0.01 0.61 -0.06 0.22 0.17
SAGE 0.55 -0.02 0.76 -0.06 0.68 0.04
WRGAT 0.74 -0.01 0.78 -0.05 0.71 0.03
WRGCN 0.72 0.00 0.79 -0.05 0.70 0.03
DGCN 0.46 0.00 0.55 -0.06 0.50 0.10

GT 0.61 -0.01 0.60 -0.05 0.31 0.12
SAN 0.60 -0.04 0.66 -0.06 0.42 0.15
GPS 0.70 0.03 0.70 -0.01 0.64 0.00
SAT 0.43 0.01 0.75 -0.06 0.72 0.00

UGT(K) 0.68 0.00 0.78 -0.05 0.13 0.22
UGT 0.51 0.22 0.51 0.20 0.34 0.30

Table 2: The performance of node clustering task on three
Air-traffic networks.

supervised manner with a classification task. Then, we used
learned representations as inputs for the K-means clustering
algorithm. For our UGT model, we conducted clustering us-
ing both K-means and an end-to-end manner. Table 1 and
Table 2 show the performance of node clustering in terms of
conductance (C) and modularity (Q) measurements (Yang
and Leskovec 2015). (1) UGT outperformed all baselines
that ignore either local or global structures, e.g., GCN, WR-
GAT, and GT. Remarkably, the performance of our learned
representations combined with K-mean also showed signif-
icant performance over the benchmark datasets. We suppose
that as UGT could learn local and global structure and graph

density, the representations could estimate the dense rela-
tions between nodes in communities. (2) Most of the re-
cent graph transformers, such as SAN, SAT, Graphormer,
and GPS, did not capture the density and connectivity infor-
mation, only concerning higher-order neighbourhoods. This
indicates that learning higher-order substructures could not
help the model handle local relation density and graph par-
titioning.

Evaluation on node classification We show the results of
the baseline and our models on the node classification task in
Table 3 and Table 4. (1) Our UGT model with pre-training
outperformed baseline models that overlook the long-term
dependencies in most datasets, i.e., GCN, GAT, GATv2, and
GT. We assume that the virtual edges allowed UGT to cap-
ture the long-term dependencies between structurally simi-
lar nodes, which have analogous roles and are significant for
analyzing heterophily graphs. (2) UGT showed significant
improvements in homophily graphs, i.e., Cora and Citeseer,
in which nodes with the same labels tend to be adjacent. This
indicates that UGT could not only capture local connectivity
but also distinguish similar substructures (roles).

Evaluation on graph-level classification Table 5 shows
the performance of the models on graph-level classification.
For fair comparisons, we did not use the pre-training in the
graph-level tasks, since graphs in the benchmarks have small
scales. UGT exhibited competitive results compared to GNN
variants and graph transformers, showing the effectiveness
in capturing the global structure information in the whole
graphs. This indicates that UGT could capture the connec-
tivity in each individual substructure and then map unique
substructures to different representations. For the MolHIV
dataset, UGT slightly outperformed baselines, showing the
ability of our proposed model to learn large-scale graphs.
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Chameleon Squirrel Film Cornell Texas Wisconsin Cora Citeseer
GCN 66.25±1.77 50.92±1.02 28.15±1.37 55.55±9.29 48.89±6.47 58.40±6.49 87.33±1.71 72.05±1.22
GCNII 60.07±2.44 28.30±1.63 26.03±0.77 50.92±6.54 75.00±2.26 60.67±2.49 84.22±0.74 70.22±2.25
GIN 66.87±2.72 40.53±1.16 23.21±1.13 36.66±7.53 34.44±13.78 44.00±12.64 77.25±3.35 64.09±1.95
GAT 67.84±0.80 64.76±0.72 26.21±1.44 57.77±6.66 68.88±9.02 60.00±11.02 84.29±2.02 73.43±1.21
GATv2 62.20±2.11 50.80±3.01 25.73±2.11 56.66±8.88 63.33±9.68 55.20±4.66 85.77±1.27 72.95±1.87
SAGE 67.92±3.83 47.42±1.07 32.57±0.91 77.77±6.08 82.22±10.18 81.60±6.49 87.77±1.49 74.69±1.89
WRGAT 51.80±2.03 32.96±1.44 35.78±1.84 74.44±15.55 75.55±6.66 84.80±5.30 74.59±0.50 73.01±1.71
DGCN 57.53±2.82 34.96±1.04 31.68±1.50 63.33±10.30 76.67±8.16 72.80±8.54 86.59±0.85 73.61±0.62
GT 65.55±2.83 49.50±1.59 34.55±1.90 70.37±5.24 84.44±7.37 82.40±5.98 86.17±1.96 71.58±2.38
SAN 64.02±2.60 46.28±2.09 32.14±0.27 79.62±2.61 85.18±9.44 82.66±1.88 84.81±1.98 73.99±2.69
GPS 42.54±3.87 34.42±2.14 35.37±2.20 45.05±7.75 30.63±1.27 62.00±9.09 62.12±1.00 51.18±3.35
SAT 49.69±3.81 40.08±0.76 31.61±1.37 41.67±6.33 34.44±4.15 57.60±9.32 79.63±2.69 63.98±2.41
ANS-GT 54.60±1.02 35.80±1.17 39.80±0.75 59.80±2.71 63.80±5.04 85.20±2.71 88.00±0.63 75.00±0.89
GP 53.80±1.17 34.60±0.80 39.20±0.75 66.20±1.47 74.00±4.86 84.00±1.26 86.40±0.49 74.60±0.80
GD-WL 63.43±3.95 49.42±1.92 35.11±0.54 76.45±2.38 83.59±2.61 83.66±1.88 87.65±1.96 75.69±2.38
UGT(PT) 60.33±3.91 50.43 ±0.81 23.63 ±1.03 52.78±6.51 63.89 ±3.93 64.0±7.21 74.63±2.93 57.41±1.25
UGT 69.78±3.21 66.96±2.49 36.84±0.62 70.00±4.44 86.67±8.31 81.60±8.24 88.74±0.60 76.08±2.50

Table 3: The performance of node classification task (accuracy) on homophily and heterophily graphs. GP refers to the
Graphormer model, and UGT(PT) denotes that we train UGT without pre-training.

Brazil Europe USA
GCN 41.54±9.73 37.94±2.99 50.42±5.07
GCNII 24.35±3.62 22.78±5.37 28.29±4.19
GIN 50.76±7.84 42.56±9.67 50.75±9.77
GAT 58.46±7.84 54.35±3.40 46.38±11.41
GATv2 69.23±8.42 57.94±4.75 61.84±3.38
SAGE 66.15±7.84 60.16±4.59 60.00±6.60
WRGAT 55.38±3.07 51.28±3.62 56.97±3.54
DGCN 69.23±4.86 59.49±6.76 61.17±4.99
GT 63.07±11.30 62.56±9.53 64.37±2.67
SAN 61.53±10.87 63.24±5.26 35.29±3.43
GPS 52.31±8.97 46.00±5.15 42.52±3.85
SAT 66.15 ±6.15 57.43±6.19 65.04±4.06
ANS-GT 46.80±5.30 31.00±3.89 46.20±3.31
GP 42.00±3.20 29.80±1.17 45.80±3.66
GD-WL 68.97±9.59 60.68±2.41 63.46±0.79
UGT(PT) 76.92±4.71 44.94±4.86 64.71±3.19
UGT 80.00±5.23 56.92±6.36 66.22±4.55

Table 4: The performance of node classification task (accu-
racy) on three Air-traffic networks.

Evaluation on the power of model We conducted exper-
iments to evaluate UGT on isomorphism testing for 1d-WL
and 3d-WL benchmark datasets. Table 6 shows the perfor-
mance on Graph8c and five SRGs datasets. (1) Our model
could perfectly distinguish non-isomorphic graph pairs in
Graph8c and SRGs. Most GNN variants could also distin-
guish graphs in Graph8c. However, as GNNs’ capabilities
are limited to the 1d-WL test, they failed to distinguish the
graph pairs in SRGs. (2) The structural identity was effec-
tive to distinguish 1d-WL graph pairs in Graph8c, which
is more powerful than ϵ of GIN. Since UGT determines
substructures rooted in each node through structural iden-
tity (I), the learned representations thus could capture the
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(b) Distinguishing non-isomorphic graphs with RWPE.

Figure 4: Distinguishing a Decalin graph (Left) and Bi-
cyclopentyl graph (Right).

surrounding substructures of each node. (3) To investigate
the reasons why UGT is more powerful than baselines, we
examined differences between Laplacian Eigenvectors and
RWPE. Figure 4a presents how Laplacian Eigenvectors (λ)
can distinguish a decalin and bi-cyclopentyl graph pair by
assigning initial PEs to nodes ‘1’ and ‘3’. At the first itera-
tion, the input representation of UGT can be represented as
h0
i = x̂0

i +W1λi + b1 and assigns different representations
from the first iteration. Thus, the output embeddings with
structural identity (hl+1

i = FFN(I li) + Ol
h(·)) ensure dis-

tinguishability to nodes. Thanks to the λ and I components,
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Enzymes Proteins NCI1 NCI109 MolHIV
(% ACC) (% ACC) (% ACC) (% ACC) (% AUC)

GCN 18.24±2.05 59.23±0.62 68.24±2.38 67.09 ± 3.43 68.36±2.18
SAGE 21.46±4.32 62.79±1.38 64.36±2.82 64.47±2.41 67.13±3.54
GCNII 31.46±5.31 62.53±2.41 63.27±1.38 68.12±0.54 69.75±3.28
GIN 33.64±3.52 64.14 ± 2.05 66.72±5.32 68.44±1.89 69.42±3.47
GATv2 25.17±4.42 66.85±2.43 61.58±1.43 64.51±2.36 71.46±2.49
DeeperGCN 25.36±4.79 61.24±3.59 55.32±3.28 55.10±2.18 70.80±0.92
GT 41.67±6.67 77.25±3.83 69.77±1.40 69.66±0.06 74.86±1.24
SAN 22.50±0.83 68.47±0.90 59.31±3.47 57.30±8.20 73.75±1.65
SAT 50.85±3.66 62.91±0.76 54.99±0.26 56.04±0.06 77 27±2.52
GPS 62.71±8.64 53.75±6.20 79.44±0.65 76.27±0.95 74.01 ±3.18
UGT 67.22±3.92 80.12±0.32 77.55±0.16 75.45±1.26 76.24±0.29

Table 5: The performance on graph classification task in terms of ACC and AUC score.

G8C SRG1 SRG2 SRG3 SRG4
# Graphs 11K 15 10 4 28
# Pairs 61.8M 105 45 6 378

Types 1d-WL 3d-WL
GCN 4,196 105 45 6 378
GA 1,827 105 45 6 378
GIN 559 105 45 6 378
ChebNet 44 105 45 6 378
PPGN 0 105 45 6 378
GNNML3 0 105 45 6 378
GT 0 0 0 0 2
GT w/o λ 6,157 105 45 6 378
SAN 5,819 105 45 6 378
SAT 286K 91 36 3 351
GPS 0 105 45 6 378
UGT w/o λ 355 105 45 6 378
UGT w/o I 36K 105 45 6 378
UGT 0 0 0 0 0

Table 6: The number of graph pairs that are undistinguished
in Graph8c (G8C) and four SRGs graphs, including SRG1
(251256), SRG2 (261034), SRG3 (281264), and SRG4
(401224). An ideal graph representation model should not
find any similar pairs.

UGT can distinguish almost non-isomorphic graph pairs up
to 3d-WL testing. In contrast, RWPE needed a random walk
with a length of five to distinguish the non-isomorphic graph
pairs in Figure 4b. We suppose that in the SRGs, nodes are
connected densely, which causes RWPE to fail to understand
the substructures and connectivity in the graphs.

Sensitivity Analysis
We performed sensitivity analyses on the range of k-hop
neighbourhoods and the ratio of virtual edges to real edges,
as shown in Figure 5. (1) As k (i.e., the range of neigh-
bourhood sampling) increased, the performance of node
classification showed increasing tendencies across the three
datasets. However, the trends were different for homophily
and heterophily graphs. For homophily graphs (e.g., Cora),
increasing k up to the 3-hop range affected model perfor-
mance, but not beyond. In contrast, for heterophily and

k-hop distance.

Virtual edges over actual edges.

Figure 5: The performance of node classification task ac-
cording to the sampling range of context nodes (Above) and
the percentage of virtual edges over actual edges (Below).

sparse graphs, increasing the number of neighbourhoods
provided more benefit. (2) Adding virtual edges could ben-
efit more than increasing the number of k-hop neighbour-
hoods for the Cora dataset. We suppose that virtual edges
could assist UGT in finding more distant nodes with struc-
tural similarity, and long-range dependencies could be effec-
tive for analyzing both homophily and heterophily graphs.

Conclusions
This study proposes a novel graph transformer model, UGT,
to learn local and global structural features and integrate
them into a unified representation. UGT captures long-range
dependencies between nodes with similar roles using struc-
tural similarity-based sampling, discovers local connectivity
using k-hop neighborhoods and structural identity, and uni-
fies them by learning transition probabilities between nodes.
Experimental results on various downstream tasks showed
that UGT outperforms or is comparable to state-of-the-art
baselines. Since our sampling technique uses the structural
similarity in the whole graph, it can cause computational
complexity when applied to large graphs. Thus, we plan
to reduce the computational complexity by applying graph
coarsening and within-community proximity.
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