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Background

• Node Classification

An attributed graph 𝐺 = 𝑉, 𝐸 , the adjacency matrix 𝐀 ∈ ℝ𝑛×𝑛, 

the feature matrix 𝐗 ∈ ℝ𝑛×𝑑, and the label matrix 𝐘 ∈ ℝ𝑛×𝑐.

Given a labeled node set 𝑉𝐿, predict the labels of other nodes in 𝑉- 𝑉𝐿 .



Background

• Graph Transformers for node classification

Leveraging the Transformer layer to learn the node representations.

Two main categories of existing GTs:

◼ Entire graph-based GTs:

Requiring the entire graph as the model input. Performing attention calculation on all node pairs. 

Involving many irrelevant nodes and introducing high training cost.

◼ Tokenized GTs:

Transforming the input graph into token sequences for feeding Transformer to learn node 

representations.

Focusing on necessary graph information carried by tokens and requiring low training cost.

Jinsong Chen, Siyu Jiang, Kun He. NTFormer: A Composite Node Tokenized Graph Transformer for Node Classification. arXiv, 2024.



Background

• Tokenized Graph Transformers

Neighborhood and node are two important elements in existing token generator.
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Compared to neighborhood-aware tokens, node-aware tokens are more flexible 

to preserve various graph information.

Fu, et al. VCR-Graphormer: A Mini-batch Graph Transformer via Virtual Connections. ICLR 2024.



Background

• Node-aware token generator

Zhang, et al. Hierarchical Graph Transformer with Adaptive Node Sampling. NeurIPS 2022.

◼ Step 1: Measuring the similarity of nodes.

Develop a function, such as cosine similarity and random walk-based strategies 

to calculate the similarity of each node pair.

◼ Step 2: Node sampling

Apply top-k sampling strategy to sampling nodes with high similarity as tokens 

to construct the token sequence.



Motivation

• Rethinking Tokenized Graph Transformers

Using the Top-K sampling is equivalent to 

selecting only first-order neighbors on the 

constructed K-NN graph.

How to fully utilize neighbors beyond 

first-order on constructed K-NN graph?

Jinsong Chen, et al. Rethinking Tokenized Graph Transformers for Node Classification. NeurIPS 2025.



• Key idea

Using token swapping to enlarge sampling space and construct multiple 

token sequences for model training.

• Main steps

◼ Token Swapping: 

Swap semantically relevant tokens in different token sequences to generate new sequences.

◼ Multi-sequence learning:

Learn node representations from multiple token sequences by Transformer.

◼ Center Alignment Loss:

Introduce auxiliary alignment loss function for constraining model training.

SwapGT



SwapGT



• Token Sampling

◼ Calculating node similarity matrix 𝐒 ∈ ℝ𝑛×𝑛

𝐒 =
𝐗𝑖𝑛∙𝐗𝑖𝑛

𝑻

𝐗𝑖𝑛 |𝐗𝑖𝑛|
, 𝐗𝑖𝑛∈ ℝ𝑛×𝑑 represents the arbitrary node features

◼ Sampling initial token set

𝑁𝑖 = 𝑣𝑗 𝑣𝑗 ∈ Top 𝐒𝑖 , 𝑘

𝐗𝑖𝑛= 𝐗 for attribute feature view, 𝐗𝑖𝑛= ෡𝐀𝑘𝐗 for topology feature view

SwapGT



• Token Swapping

SwapGT

Randomly select tokens from node 𝐯𝑖
′𝑠 token set 𝑁𝑖 , and perform swapping

operation to form a new token set 𝑁𝑖
′.

𝑁𝑖
′ = 𝛿 𝑁𝑗 𝑣𝑗 ∈ 𝑁𝑖

Swapping once can extend 
sampling space on K-NN graph 
from 1-order to 2-order.



SwapGT

• Token Swapping

Totally, swap t times to expand the 

sampling space to (t+1) order.



SwapGT

• Token sequence construction

For node 𝑣𝑖, one token set      can generate one token sequence       as:

By performing token swapping Algorithm for s times, we have 
1+s token sets for 𝑣𝑖. We combine all token sequences to obtain 
the mode input 

For attribute and topology, we have       and       respectively.



• Multi-sequence learning

SwapGT
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◼ Transformer-based backbone:

◼ Readout function based on multi token sequences:



• Multi-sequence learning

SwapGT

◼ Fusing node representations in attribute and topology view:

◼ Predicting labels of nodes:

𝐙𝑖
𝐹 = 𝛼 ⋅ 𝐙𝑖

𝐴,𝐹 + 1 − 𝛼 ⋅ 𝐙𝑖
𝑇,𝐹

෠𝐘𝑖 = MLP 𝐙𝑖
𝐹

ℒ𝑐𝑒 = −෍
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𝐘𝑖ln ෠𝐘𝑖



• Multi-sequence Center Alignment Loss

◼ Center representation of multi sequences: 

◼ Overall loss function:

SwapGT
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◼ Center alignment loss: 

CAL 𝐙𝑖 , 𝐙𝑐
𝑖 = 1 −

1

𝑠 + 1
෍

𝑗=0

𝑠

Cosine(𝐙𝑗
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𝑖 )

ℒ𝑐𝑎 = CAL 𝐙𝐴,𝑖 , 𝐙𝑐
𝐴,𝑖 + CAL 𝐙𝑇,𝑖 , 𝐙𝑐

𝑇,𝑖

ℒ = ℒ𝑐𝑒 + 𝜆 ⋅ ℒ𝑐𝑎



Experiments

• Datasets

We use two strategies to split datasets：

Dense splitting: 50%/25%/25% and Sparse splitting: 2.5%/2.5%/95%



• Performance comparison (dense splitting)

SwapGT outperforms advanced GTs as well as representative GNNs on all datasets.

SwapGT



• Performance comparison (sparse splitting)

SwapGT outperforms advanced GTs as well as representative GNNs on all datasets.

SwapGT



• Study on center alignment loss 

SwapGT



SwapGT

• Study on token sequence generation 



SwapGT

• Study on token swapping times t



Future work

• Rethinking SwapGT

A potential limitation in SwapGT could be that SwapGT applies a uniform 

swapping probability p to all tokens in the sequence. 

A hierarchical probability swapping framework may be a better solution, e.g., 

the top k/3 nodes are assigned higher swapping probabilities, while others 

in top-k range receive lower probabilities. 

This refinement could mitigate noise interference.
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