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) Background

 Node Classification

An attributed graph G = (V, E), the adjacency matrix A € R™*",

the feature matrix X € R™*4 and the label matrix Y € R"*¢,

Given a labeled node set Vv, predict the labels of other nodesin V- V.
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) 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
4 )

Token Generator

Graph . ) Transformer- Downstream
{ data } M| RlIEe SRETE ' { based backbone ) tasks
Node-aware

N P

Neighborhood and node are two important elements in existing token generator.

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

= 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.

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



> Motivation

« Rethinking Tokenized Graph Transformers
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Figure 1: The toy example of token generation on the constructed k-NN graph. Previous methods
only focus on 1-hop neighborhood to construct a single token sequence. While our method can
flexibly select tokens from multi-hop neighborhoods to generate diverse token sequences.

first-order on constructed K-NN graph?

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



D SwapGT

« 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.

s Center Alignment Loss:

Introduce auxiliary alignment loss function for constraining model training.
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Figure 2: The overall framework of SwapGT. First, we generate the initial token sequences from
both the attribute view and topology view. Then, we utilize the proposed token swapping operation
to generate new token sequences for each target node. These generated token sequences are then
fed into a Transformer-based backbone to learm node representations and generate predicted labels.
Additionally, a center alignment loss is adopted to further constrain the representations extracted

from different token sequences.



D SwapGT

« Token Sampling

» Calculating node similarity matrix S € R™*"

. . T
Xm,Xm
S —

=_——— X"e R™4 represents the arbitrary node features
|Xm||Xm|

X=X for attribute feature view, X"= A¥X for topology feature view

= Sampling initial token set

Ni — {UJ‘VJ € TOp(Si, k)}



D SwapGT

« Token Swapping

Randomly select tokens from node v;s token set N;, and perform swapping
operation to form a new token set N;.

Ni = {8(N;)|v; € Nij

#—————————————————————_

% Token swapping \

! |

I

, A QDO® saecfA@@ggm " Swapping once can extend
 A®OOO— o A @O®®, sampling space on K-NN graph
W NOGIOIO, A®OOO ® ' from 1-order to 2-order.

| \Semple_/

I

T m— e

« ILnit.seq. Swapping Output

T o — — — o— — — — m— — — m— — — — m— m— m— m— — — —



D SwapGT

« Token Swapping

Algorithm 1 The Token Swapping Algorithm

Input: Sampled token set of all nodes N € R"™*¥; Target node v;; Probability p; Swapping times ¢
Output: The new token set N/ € R'*¥ of v;

1: Initialize N = Nj;

2: fortg = 1totdo

3: Initialize N™" = {};

4 for V€ N; do

5: if random (0, 1) > p then )

6: N = N g Totally, swap t times to expand the
7. eise

¥ Ao N | ey sampling space to (t+1) order.

10: end if

11: end for

12: N/ = Nmew;

13: end for

14: return N/




D SwapGT

- Token sequence construction

For node v;, one token set N, can generate one token sequence Z:" as:
m
Zi — [X”H XM,(}J SR XNi,k—l]

By performing token swapping Algorithm for s times, we have
1+s token sets for v;. We combine all token sequences to obtain
the mode input Z, € R(1+s)x(1+k)xd

For attribute and topology, we have Z# and Z7 respectively.



D SwapGT

« Multi-sequence learning

= Transformer-based backbone:

Z;A,(l) MSA (ZA ,(1— 1)) n ZA ,(1-1)
z/Y = FN (z;*V) + 240

» Readout function based on multi token sequences:

ZAF_ZALH( zs Z]A,i)
j=1



D SwapGT

« Multi-sequence learning
» Fusing node representations in attribute and topology view:
l

ZF=a-Zf’F+(1—a)-ZiT'F

» Predicting labels of nodes:

Y; = MLP(Z])



D SwapGT

« Multi-sequence Center Alignment Loss

» Center representation of multi sequences:

: 1 S .
Zi=——=> 1
¢ s+1 j=0 J

» Center alignment loss:

1
s+1

. . S » .
CAL(Z!,Zt) =1———= > Cosine(z},Z})
=0

s Overall loss function:

Loq = CAL(ZAL,Z0Y) + CAL(ZTH, Z0)

L=L,+ A L,



) Experiments

- Datasets
Table 3: Statistics of datasets, ranked by the homophily level.

Dataset #nodes #edges #features #labels H |
Photo 7,650 238,163 745 8 (.83
ACM 3,025 1,3128 1,870 3 0.82
Computer 13,752 491,722 767 10 0.78
Citeseer 3,327 4,552 3,703 6 0.74
WikiCS 11,701 216,123 300 10 0.66
BlogCatalog 5.196 171,743 8,189 6 0.40
UAI2010 3,067 28,311 4,973 19 0.36
Flickr 7,575 239,738 12,047 9 0.24

We use two strategies to split datasets:
Dense splitting: 50%/25%/25% and Sparse splitting: 2.5%/2.5%/95%



D SwapGT

«  Performance comparison (dense splitting)

Table 1: Comparison of all models in terms of mean accuracy =+ stdev (%) under dense splitting. The
best results appear in bold. The second results appear in underline.

Dataset Photo ACM Computer  Citeseer WikiCS  BlogCatalog UAI2010 Flickr
H (.83 0.82 0.78 0.74 (.66 0.40 0.36 0.24
SGC 03744000 932440400 BBO90+011  T6.81+026 T6.67+o0a0 72.61+007 69. 874017 47.48+040
APPNP 94984041 93.004+0ss  91.31+020  T7.524022  81.9640.4 04,77 +0.10 77414047 84.66+03
GPRGNN 94.57+040 9342400 90154030 77594036 B2.43402 94.36+020 76944061 8591405
FAGCN 94.06+005  93.37+024 B3 17411 76194062 79.894003 79.92 £430 7217157 82.03+040
BM-GCN 95104020 93.68+02 91284006  T7.9110s8 8390404 04.85+042 T7.39+113 83.97+0s7
ACM-GCN 94.56+021 93.044122 85194226 T77.6210m1 8395404 94.53 053 T6.87+142 83.85+073
NAGphormer 95474020 93324030 90.79+04s  T7.682073  83.61+02s 9442406 76364112 86.85+085
SGFormer 92934002 937940 B1.8643x2  T7.86+07 79.65+0a 94.33 1010 57984305 61.05+06s
Specformer 95224003 93.63+100 85471040 7796108 83741062 9421402 73.06+077  86.55+040
VCR-Graphormer 95384051 93.11+om 90471058 7721406 80824072 94.19+0.17 76.08+0s52  85.96+0s5
CoBFormer 95294035 9382405 9021+ose 77744072 83281068 93.98 +072 76.85+060  86.84+07s
PolyFormer 9545+01 94274040 90871074 T8B.03108  83.79+07s  95.081043 77924052 87.01+0s7
SwapGT 95921008 949801 91731072 T8A9109s 84521063 95931056 79.06+073  87.56+10a

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



D SwapGT

« Performance comparison (sparse splitting)

Table 2: Comparison of all models in terms of mean accuracy =+ stdev (%) under sparse splitting.
The best results appear in bold. The second results appear in underline.

Dataset Photo ACM Computer  Citeseer WikiCS  BlogCatalog UAI2010 Flickr
H (.83 (.82 0.78 (.74 0.66 0.40 0.36 0.24
SGC 91904035  89.57+02 86792010 66414050 749941000 T1.23+0.06 51.61+0a 39434050
APPNP 922441028 89914080  87.6441030  66.70+011  T7.4210m 81.76+03s 61.65+0m1  T71.394062
GPRGNN 92134032 89474000 86381044 66504062 77.594040 84.57 +n3s 58. 754075 71.894080
FAGCN 92.024008 B8 47+0:1 83991105 6454406 75214054 76.38+0a2 54.67 400  63.684072
BM-GCN 91.194+030  90.1140m  86.14+051  66.11+047  77.394037 84.05+054 57.51+1s 60.824076
ACM-GCN 91.71+064  89.68+045 86641050 64854100 T7.68+0s7 T7.17+134 56,0542 6458415
NAGphormer 91.65+0s0  89.73+04s  8531x0ss  63.60+168 76931075 79.19+0.41 5836410 6748410
SGFormer 90.1340s6  88.03+060  80.07£021 62414008 T74.69+0s2 T8.15+0.69 50194172 51.01+410s
Specformer 90.57+oss  88.20+105  85.5510e  62.641158 T75.2440m 7975419 57424006 56.94 1148
VCR-Graphormer 91.39+07  86.81+oss  85.062088 57611060 72814144 7490+ 564341100 50931002
CoBFormer 91.214062  89.18+080  85.06£079  63.82+13¢  T76.28+123 7944008 58231052 6694418
PolyFormer 91.52+078  89.83+062  85.75x07s 64774127 75124106 81.02+0 58.89+077  67.85+1.43
SwapGT 92931026 90921060 88141052 69911102 781103 88.11+0ss 63.96+1 721641010

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



> SwapGT

« Study on center alignment loss
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Figure 9: Performances of SwapGT with or without the center alignment loss.



> SwapGT

Study on token sequence generation
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Figure 10: Performances of SwapGT with different token sequence generation strategies.



D SwapGT

Study on token swapping times ¢
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> 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.



> End

Thanks for your attention!



