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Abstract

Graph Transformers (GTs), which integrate message passing
and self-attention mechanisms simultaneously, have achieved
promising empirical results in graph prediction tasks. How-
ever, the design of scalable and topology-aware node tok-
enization has lagged behind other modalities. This gap be-
comes critical as the quadratic complexity of full attention
renders them impractical on large-scale graphs. Recently,
Spiking Neural Networks (SNNs), as brain-inspired models,
provided an energy-saving scheme to convert input inten-
sity into discrete spike-based representations through event-
driven spiking neurons. Inspired by these characteristics,
we propose a linear-time Graph Transformer with Spiking
Node Tokenization (GT-SNT) for node classification. By in-
tegrating multi-step feature propagation with SNNs, spiking
node tokenization generates compact, locality-aware spike
count embeddings as node tokens to avoid predefined code-
books and their utilization issues. The codebook guided self-
attention leverages these tokens to perform node-to-token at-
tention for linear-time global context aggregation. In experi-
ments, we compare GT-SNT with other state-of-the-art base-
lines on node classification datasets ranging from small to
large. Experimental results show that GT-SNT achieves com-
parable performances on most datasets and reaches up to
130× faster inference speed compared to other GTs.

Code — https://github.com/Zhhuizhe/GT-SNT

Introduction
Graph Transformers (GTs), as emerging graph representa-
tion learning paradigms, are proposed for alleviating inher-
ent drawbacks of message passing neural networks like over-
smoothing, over-squashing and local structure biases (Oono
and Suzuki 2019; Topping et al. 2021). Benefiting from the
multi-head attention (MHA) modules, vanilla Transformers
adaptively learn the global dependencies of input sequences
(Vaswani 2017). It also provides a solution for learning new
topology among nodes while performing message aggrega-
tion on the graph data. Experiments demonstrate the im-
mense potential of Transformers in handling global or long-
range interactions (Rampášek et al. 2022; Bo et al. 2023).

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

However, there is one critical drawback that Transform-
ers with O(N2) computation complexity are prohibitive for
large-scale graphs. Although empirical experiments show
that designing linear-time attention in GTs can significantly
reduce redundant computational cost (Wu et al. 2022, 2024),
such approaches introduce potential issues related to over-
globalization (Xing et al. 2024). As an orthogonal technique,
encapsulating structural or semantic information into node
tokens provides a promising direction that enables GTs to
efficiently capture salient graph properties via complemen-
tary local and global tokens (Wang et al. 2025; Luo et al.
2024).

Recently, with the development of neuromorphic com-
puting, Spiking Neural Networks (SNNs) offer a promis-
ing path toward energy-saving neural networks that achieve
competitive performances using as few computations as
possible. The defining feature of SNNs is the brain-like
spiking mechanism which converts real-value signals into
single-bit, sparse spiking signals based on event-driven bio-
logical neurons. The single-bit nature enables us to adopt
more addition operations rather than expensive multiply-
and-accumulate operations on the spiking outputs. Besides,
the sparsity means spikes are cheap to store (Eshraghian
et al. 2023). These delightful characteristics have prompted
some studies constructing lightweight Spiking Graph Neu-
ral Networks (SGNNs) to explore spike-based representa-
tions on the graph data (Zhu et al. 2022; Li et al. 2023a,b).
Despite tremendous progress in replacing artificial neurons
with spiking counterparts, the broader use of SNNs for
graph representation learning remains underexplored. Exist-
ing SGNNs tend to focus on their low-power advantages,
while overlooking the expressive power of their sparse and
discrete embeddings. SNNs naturally project continuous,
high-precision inputs into low-precision, event-driven rep-
resentations. This observation sparks our curiosity about an
interesting research question:

Can we go beyond viewing spiking neurons merely as
simple low-power units, and utilize spiking representations

to build efficient tokenized Graph Transformers?

Tokenizers enable Transformer-based architectures to ef-
ficiently learn high-level representations from a small and
manageable number of tokens. As shown in Figure 1, an
exemplary implementation of tokenizers is VQ-VAE (Van
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Figure 1: Frameworks of different tokenization strategies. Spiking Node Tokenization converts sequential inputs into spike
count embeddings via spiking neurons, which yields a codebook-free, locality-aware node tokenization.

Den Oord, Vinyals et al. 2017), which retrieves codewords
from a fixed codebook to replace original embeddings. To al-
leviate the issue of under-utilization, Lookup Free Quantiza-
tion (LFQ) (Yu et al. 2023) proposes a learnable scalar quan-
tization mechanism to build an implicit codebook. Inspired
by existing tokenization strategies, we argue that SNNs in-
herently convert sequential inputs into sparse and binary
spike trains, which not only reduces energy consump-
tion but also offers a novel sequence-to-token approach.
An energy-efficient node tokenization driven by SNNs is
demonstrated in Figure 1. Spiking Node Tokenization (SNT)
feeds full-precision embeddings from each propagation into
spiking neurons. Spike count representations accumulated
from spiking outputs represent nodes by a finite set of inte-
ger vectors, which we refer to as codewords.

Built upon the spike-driven node tokenizer, we propose
GT-SNT, a linear-time Graph Transformer based on Spiking
Node Tokenization for large-scale graphs. Specifically, GT-
SNT balances local and global representations via two key
components: Spiking Node Tokenization (SNT) and Code-
book Guided Self-Attention (CGSA). SNT converts ran-
dom feature propagation sequences into discrete, locality-
aware node tokens. CGSA computes node-to-token atten-
tion scores based on generated spike count representations
to capture long-range interactions in linear complexity. GT-
SNT features several advantages: a) Different from existing
tokenized GTs, SNT proposes a generative and adaptive to-
kenization scheme built upon spiking neurons to evade the
issue of codebook collapse. b) SNT encodes graph inductive
bias through well-designed sequential data. It leverages rich
spiking dynamics and enables locality-aware quantization
beyond simple binary quantization. c) CGSA is an efficient
attention module by dynamically deriving the Key matrix
from spike count representations without introducing com-
plex machinery (e.g., distance metrics or auxiliary losses).
The contributions of this paper are summarized as follows:

• We propose Spiking Node Tokenization, which links
SNNs with the sequential positional encoding data to
generate locality-aware node tokens. To the best of our
knowledge, our work is the first to explore the usage of

SNN as an energy-saving tokenizer for graph data.
• We tailor a node-to-token attention module with linear

complexity, CGSA, which captures global topological in-
formation upon spike count node tokens. It provides a
straightforward global aggregation guided by node to-
kens to balance both efficiency and expressiveness.

• We conduct a comprehensive comparison with state-of-
the-art baselines across graphs with various scales. Ex-
tensive experiments show that GT-SNT achieves compa-
rable or even superior predictive performance on most
datasets. Besides, GT-SNT enjoys up to 130x faster in-
ference speed compared to other GT baselines.

Preliminaries
Graph Neural Network. We represent a graph as G =
(V, E), where V is a set of nodes and E is a set of edges
among these nodes, A ∈ RN×N is the adjacency matrix of
the graph. Let N denote the number of nodes. We define the
d-dimension nodes’ attribute as X ∈ RN×d, which is known
as the node feature matrix. For a given node u ∈ V , GNN ag-
gregates messages from its immediate neighborhood N(u)
and updates the node embedding hu. This message passing
process can be formulated as follows:

hl
u = UPDATE(hl−1

u ,AGGREGATE(hl
v, ∀v ∈ N (u))),

(1)

where hl
u denotes the updated embedding of node u in the

l-th layer. hl−1
u is the embedding from the previous layer.

UPDATE and AGGREGATE can be arbitrary differen-
tiable functions.

Self-Attention. As the most prominent component in the
Transformer, the self-attention mechanism can be seen as
mapping a query vector to a set of key-value vector pairs and
calculating a weighted sum of value vectors as outputs. let
nodes’ attribute X ∈ RN×d be the input to a self-attention
layer. The attention function is defined as follows:

Attn(X) = softmax(
QKT

√
d′

)V, (2)
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Q = XWq,K = XWk,V = XWv, (3)
where Query, Key and Value are calculated by learnable pro-
jection matrices Wq,Wk,Wv ∈ Rd×d′

. We omit the scaling
factor hereafter for brevity.

Spiking Neural Network. Although electrophysiologi-
cal measurements can be accurately calculated by com-
plex conductance-based neurons, the complexity limits their
widespread deployment in deep neural networks. A simpli-
fied computational unit, which is known as the Integrate-
and-Fire neuron, has been proposed (Salinas and Sejnowski
2002). IF neurons have three basic characteristics: Inte-
grate, Fire and Reset. Firstly, the neuron integrates synap-
tic inputs from other neurons or external current I to charge
its cell membrane. Secondly, when the membrane potential
reaches a pre-defined threshold value Vth, the neuron fires a
spike S. Thirdly, the membrane potential of the neuron will
be reset to Vreset after firing. The neuronal dynamics can be
formulated as follows:

Integrate: V t = Ψ(V t−1, It) = V t−1 + It, (4)

Fire: St = Θ(V t − Vth) =

{
1, V t − Vth ≥ 0
0, otherwise ,

(5)

Reset: V t = V t(1− St) + VresetS
t, (6)

where V t and It denote the membrane potential and in-
put current at time step t, respectively. Θ(·) denotes the fire
function, implemented as a Heaviside step function. Ψ(·) is
the membrane potential update function. Besides, there are
two common IF variants, LIF and PLIF (Gerstner et al. 2014;
Fang et al. 2021). The update function of these neurons can
be formalized as follows:

LIF: V t = V t−1 +
1

τ
(It − (V t−1 − Vreset)), (7)

PLIF: V t = V t−1 +
1

1 + exp(−β)
(It − (V t−1 − Vreset)),

(8)

where τ is the membrane time constant and β is a train-
able parameter. They are used to regulate how fast the mem-
brane potential decays. The rate coding scheme is widely
adopted by SNNs to extract spiking dynamics from sequen-
tial data. In this paper, we transform spiking outputs into
spike counts that accumulate St over T time steps, Ŝ =∑T

t=0 S
t. Besides, we adopt surrogate gradients during er-

ror backpropagation to address the issue of zero gradients
caused by non-differentiable functions (Neftci, Mostafa, and
Zenke 2019). The surrogate gradient method can be defined
as Θ′(x) ≜ θ′(αx), where α represents a smooth factor and
θ(·) represents a surrogate function (Neftci, Mostafa, and
Zenke 2019).

GT-SNT
In this section, we comprehensively detail our approach, GT-
SNT. As depicted in Figure 2, GT-SNT feeds the intermedi-
ate embeddings generated from feature propagation into the
Spiking Node Tokenization (SNT) to inject graph positional

information into the spike count embeddings. These code-
words will guide the aggregation process in the self-attention
module. Additionally, auxiliary message passing neural net-
works serve as encoders that encapsulate both node features
and local graph topology to the attention module. In what
follows, we detail the implementation of SNT. Then, we
highlight how CGSA dynamically reconstructs a codebook
only containing used codewords to apply node-to-token at-
tention on large-scale graphs. Finally, we revisit the entire
architecture of GT-SNT one by one.

Spiking Node Tokenization
Typically, spiking neural networks are designed for time-
varying data. In order to meet the requirement for time-
varying data, a common practice in spiking graph neural
networks is to repeatedly pass the static graph to spiking
neurons at each time step. It inevitably brings high compu-
tational and storage overheads. In this work, we collect the
node embeddings over T propagation steps as the sequen-
tial inputs required for spiking neurons, which effectively
reduce additional overheads. Besides, we decompose spike
count embeddings accumulated from spiking outputs to dy-
namically reconstruct codebooks. This avoids the issue of
explicitly defining the entire codebook that contains a large
number of unused codewords.

Specifically, (i) we sample a D-dimension learnable ran-
dom feature matrix R ∈ RN×D from a uniform distribution,
and define a propagation operator P. Based on P and R, we
update and collect node embeddings M ∈ RN×D over T
propagation steps, M = {M0,M1, ...,MT }. (ii) Given a
SNN, it converts the above sequential node embeddings into
spiking outputs S = {S0,S1, ...,ST },S ∈ {0, 1}N×D. (iii)
The spike count embeddings Ŝ ∈ ZN×D are obtained by
summing St over T propagation steps. (iv) Ŝ can be decom-
posed into the codebook C ∈ ZB×D and the one-hot matrix
U ∈ {0, 1}N×B . The above processes are defined as:

Mt = Norm(PMt−1), M0 = R, (9)

St = Θ(Ψ(V t−1,Mt)− Vth), (10)

Ŝ =
T∑

t=0

St, (11)

UC = Ŝ, (12)

where Norm(·) normalizes output messages to the range
of threshold membrane potential. Θ(·) and Φ(·) are mem-
brane potential update and fire functions, respectively. We
choose similar propagation operators presented in previous
work (Eliasof et al. 2023). The codebook C is created by
removing duplicate row vectors in Ŝ. The one-hot matrix
U can be seen as the indices for where the codewords in Ŝ
ended up in C. Hereafter, we will refer to B as the size of
the reconstructed codebook.

We define a discrete latent space C̃ of the spike count vec-
tor ŝ ∈ ZD , ∀ŝ ∈ C̃. The size of C̃ is determined by both
the number of propagation steps T and the dimensionality
of each random feature D, |C̃| = (T + 1)D. This is because
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Figure 2: The overview of GT-SNT. Intuitively, the spiking node tokenization maps nodes to spike count vectors, which es-
sentially groups nodes by their tokens. The codebook reconstructed from the spike count embeddings is fed into the codebook
guided self-attention. It assists the self-attention block in calculating attention scores from nodes to grouped node sets in linear
time and memory complexity.

each dimension can take T + 1 possible spike counts (con-
sidering the case where the total number of spikes is zero)
across T time steps. Different from vanilla VQ methods,
which explicitly pre-define a codebook containing all latent
embedding vectors for lookup, SNT dynamically maps con-
tinuous full-precision embedding to the subset of C̃ via the
SNN. It enables the size of the reconstructed codebook to
be much smaller, B ≪ |C̃|, while effectively alleviating the
codebook collapse problem.

Codebook Guided Self-Attention

After the Spiking Node Tokenization, we propose a code-
book guided self-attention (CGSA) to capture long-range
signals in linear complexity. Specifically, node embeddings
H ∈ RN×d′

from auxiliary MPNNs are introduced as Query
and Value. We materialize the Key K̂ based on the matrices
C and U. The attention functions are defined as:

Q = HWq, V = HWv, (13)
G = Norm(Linear(C)), (14)

K̂ = UG, (15)

Ẑ = softmax(QK̂T )V, (16)

where d′ denotes the dimension of intermediate embeddings.
In CGSA, K̂ is calculated based on the matrix multiplica-
tion between G and U, rather than performing the nearest
neighbor look-up on the entire codebook. It avoids the severe
reliance on complex components like distance measures or
auxiliary losses. Derived from (Lingle 2023), the attention

weights in Eq 16 can be further factored:

Ẑ = softmax(QK̂T )V

= softmax(Q(UG)T )V

= Diag−1(exp(QCT )UT1) exp(QCT )UTV (17)

where 1 ∈ RN . UT1 = {nb}Bb ∈ Z+ denotes the num-
ber of spike count embeddings in Ŝ mapped to the same
codewords. The complexity of CGSA is O(NBdv), where
B ≪ N . It can be considered that the computational over-
head of CGSA grows linearly with the number of nodes. To
avoid generating an excessively large codebook in the initial
phase of learning, we perform a truncation strategy. We rank
nb from high to low and select the top Bmax to generate a
truncated codebook, which ensures the training efficiency of
GT-SNT.

Overall Framework
As shown in Figure 2, the overview of GT-SNT includes
four modules: SNT, auxiliary MPNN, CGSA and a classi-
fication head (CH). In the SNT, we construct learnable ran-
dom features and spiking neurons for each layer. By defining
a shared propagation operator, messages among nodes are
collected and transformed into spike count embeddings Ŝ.
Then auxiliary MPNNs as encoders generate node embed-
dings with semantic and local neighborhood information.
In the CGSA, the reconstructed codebook C, codeword in-
dices U and node embeddings H are fed into a linear-time
self-attention to capture global topological information. Dif-
ferent from the vanilla Transformer, CGSA employs global
node-to-token attention to actively introduce graph inductive
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bias. These four parts can be written as follows:

Ul,Cl = SNTl(A), (18)

Hl = MPNNl(Zl−1,A), (19)

Ẑl = CGSAl(Ul,Cl,Hl), (20)

Zl = Linear(Ẑl) +Hl, (21)

Y = CH(ZL), (22)

where L is the number of layers. We choose a simple fully
connected layer as the classification head. The auxiliary
MPNNs are implemented as a single-layer GCN without
normalization. It has been observed that projection blocks,
including Multilayer Perceptrons (MLPs) and normaliza-
tion layers, exacerbate the overfitting problem on large-scale
graphs for vanilla Transformers. Therefore, we discard pro-
jection layers and retain only the self-attention module and
the residual connection (He et al. 2016).

Experiments
Comparison with Existing Models
In this section, we conduct the experimental evaluation to
show the effectiveness of GT-SNT on nine node classifica-
tion datasets, including three citation networks (Kipf and
Welling 2016), two co-purchase networks (Shchur et al.
2018), two heterophilic graphs (Wu et al. 2024) and two
OGB graphs (Hu et al. 2020). A head-to-head compar-
ison is conducted with state-of-the-art GNNs and GTs,
based on their architectural designs. As shown in Table 1,
these baselines fall into three categories: spike-based meth-
ods, Graph Transformer framework and vector quantization-
based methods. The hyperparameter search strategy is de-
ployed on both GT-SNT and other baselines to get the opti-
mal combinations of parameters. We perform all models on
each dataset 5 times with different random seeds to report
the mean and standard deviation of metrics. All experiments
are conducted on a single NVIDIA RTX 4090 GPU.

Overall performance. The experimental results are
demonstrated in Table 2. As shown in the table, our method
achieves promising performance on all datasets. This is a
significant advancement considering the information loss
caused by low-precision spike count embeddings. Specif-
ically, GT-SNT achieves predictive performances on par
or even better than high-precision GT baselines. In gen-
eral, our method shows slight improvements on 5 out
of 9 datasets. GT-SNT effectively injects the graph induc-
tive bias into the self-attention block while capturing long-
range interactions, resulting in strong expressive power. Be-
sides, we observe that GT-SNT has competitive perfor-
mances on two heterophily datasets, particularly Actor. It
suggests that GT-SNT can also maintain strong expressive
power on heterophilic graphs. GT-SNT outperforms other
spike-based baselines on all datasets, which achieves an
average improvement of 3.9%. Constructing the input se-
quence from propagation steps rather than repeating graphs
multiple times endows GT-SNT with desirable scalability. In
addition, GT-SNT achieves a better trade-off between latent

Models Components
SP GT VQ

SpikingGCN(Zhu et al. 2022) ✓ - -
SpikeNet(Li et al. 2023a) ✓ - -

SpikeGCL(Li et al. 2023b) ✓ - -
SpikeGT(Sun et al. 2024) ✓ ✓ -

NAGphormer(Chen et al. 2022) - ✓ -
NodeFormer(Wu et al. 2022) - ✓ -
SGFormer(Wu et al. 2024) - ✓ -
GOAT(Kong et al. 2023) - ✓ ✓

VQGraph(Yang et al. 2024) - - ✓
GT-SNT ✓ ✓ ✓

Table 1: Comparison of Graph Transformers and Graph
Neural Networks w.r.t. required components (SP: spike-
based, GT: Graph Transformer framework, VQ: vector
quantization-based).

space compression and information retention by introducing
spiking neurons as the node tokenizer instead of artificial
neuron substitutes.

Characteristics of Spiking Node Tokenization
To thoroughly analyze the spiking node tokenization, we
conduct a series of experiments on the GT-SNT. We track
the metrics including Codebook Usage and Accuracy to ex-
plore the following questions: (i) How does the size of the
latent embedding space affect GT-SNT? (ii) Is the spiking
node tokenization a more efficient tokenization alternative?

The influence of |C̃|. As aforementioned above, the num-
ber of propagation steps T and the random feature dimen-
sion D determine the size of the latent space. In Figure 3,
we evaluate the performances of GT-SNT under different
combinations between D and T . The visualization results
show that an excessively small latent space size may impair
the performance of GT-SNT. It generally improves accuracy
as the latent space size increases. Essentially, |C̃| determines
the upper bound of information the reconstructed codebook
can store. When |C̃| is much smaller than the number of
nodes, indiscriminately mapping a large number of nodes
to the same codeword will bring significant information
loss. Besides, we observe the diminishing gains from latent
space size scaling, especially on small-scale graphs. We be-
lieve that node embeddings merely are transformed into low-
precision counterparts rather than being compressed appro-
priately when the feature dimensionality D is too large. The
propagation step T correlates with the complexity of spiking
patterns. As depicted in Figure 3, it suggests that T > 6 may
lead to subpar performance. Notably, GT-SNT outperforms
most spike-based baselines even under the worst parameter
combinations. It demonstrates that GT-SNT evades the dif-
ficulty of codebook learning and provides a robust, easy-to-
use node tokenization approach.

Codebook Usage. For exploring the codebook collapse
problem in VQ-based graph models, we track the fraction
of codewords that are used at least once after the training
phase. The codebook usages between GT-SNT and the other

16302



Models Cora CiteSeer PubMed Co-CS Co-Physics Actor Deezer arXiv Products
#nodes 2,708 3,327 19,717 18,333 34,493 7,600 28,281 169,343 2,449,029
#edges 10,556 9,104 88,648 163,788 495,924 30,019 185,504 1,166,243 61,859,140

GCN 81.6±0.4 71.6±0.4 78.8±0.6 92.5±0.4 95.7±0.5 30.1±0.2 62.7±0.7 70.4±0.3 75.7±0.1

GAT 83.0±0.7 72.1±1.1 79.0±0.4 92.3±0.2 95.4±0.3 29.8±0.6 61.7±0.8 70.6±0.3 OOM
SGC 80.1±0.2 71.9±0.1 78.7±0.1 90.3±0.9 93.2±0.5 27.0±0.9 62.3±0.4 68.7±0.1 74.2±0.1

VQGraph 81.1±1.2 74.5±1.9 77.1±3.0 93.3±0.1 95.0±0.1 38.7±1.6 65.1±0.2 72.4±0.2 78.3±0.1

SpikingGCN 79.1±0.5 62.9±0.1 78.6±0.4 92.6±0.3 94.3±0.1 26.8±0.1 58.2±0.3 55.8±0.7 OOM
SpikeNet 78.4±0.7 64.3±0.8 79.1±0.5 93.0±0.1 95.8±0.7 36.2±0.9 65.0±0.2 66.8±0.1 74.3±0.4

SpikeGCL 79.8±0.7 64.9±0.2 79.4±0.8 92.8±0.1 95.2±0.6 30.3±0.5 65.0±1.1 70.9±0.1 OOM
SpikeGT 82.0±0.7 70.5±0.6 71.1±0.4 92.1±0.8 95.7±0.3 36.0±0.5 65.6±0.2 70.2±0.9 OOM

NAGphormer 79.9±0.1 68.8±0.2 80.3±0.9 93.1±0.5 95.7±0.7 33.0±0.9 64.4±0.6 70.4±0.3 73.3±0.7

GOAT 78.6±0.5 68.4±0.7 78.1±0.5 93.5±0.6 95.4±0.2 37.5±0.7 65.1±0.3 72.4±0.4 82.0±0.4

NodeFormer 82.2±0.9 72.5±1.1 79.9±1.0 92.9±0.1 95.4±0.1 36.9±1.0 66.4±0.7 59.9±0.4 72.9±0.1

SGFormer 84.5±0.8 72.6±0.2 80.3±0.6 91.8±0.2 95.9±0.8 37.9±1.1 67.1±1.1 72.6±0.1 72.6±1.2

GT-SNT 84.7±0.8 74.0±0.5 80.6±0.4 93.7±0.4 96.2±0.0 39.1±0.2 65.7±0.1 72.4±0.3 74.8±0.4

Table 2: Classification accuracy(%) on nine datasets. Highlighted are the top first, second results.

Figure 3: Influences of random feature dimensionality D and
propagation step T on Cora and CS.

VQ-based graph methods are shown in Figure 4. In previous
works, the pre-defined codebook is used to represent the en-
tire discrete latent space. We select four combinations of D
and T (T = 3/D = 4, T = 3/D = 5, T = 3/D = 6,
T = 3/D = 7) to match the latent space sizes (28, 210,
212, 214). The results demonstrate that those methods using
pre-defined codebooks suffer from the serious issue of code-
book collapse. As the pre-defined codebook size increases,
the codebook usage decreases. For GOAT, the average code-
book usages are 10.6% and 8.7% on Cora and CS datasets.
The codebook usages in VQGraph are slightly higher, which
achieve 16.9% and 29.0%. When the latent space size ex-
ceeds 210, the usages of both methods drop below 50%. It
reveals that these VQ-based graph learning methods struggle
with efficiently using large pre-defined codebooks. SNT pro-
vides a generative solution, which dynamically selects the
subset from a discrete spike count embedding space to re-
construct the codebook. It brings 100% codebook usage. Al-
though the number of used codewords in GT-SNT is slightly
larger than that of vanilla VQ counterparts in some cases, it
is still significantly smaller than the pre-defined codebooks.
In a nutshell, SNT achieves better codebook utilization by

Figure 4: Codebook usage under four different latent space
sizes on Cora and CS datasets. The solid-colored bar repre-
sents the number of used codewords, while the hatched bar
denotes the size of the pre-defined codebook.

viewing spiking neurons as a sequence-to-token approach.

Energy Efficiency Analysis
To verify the efficiency of GT-SNT, we conduct energy ef-
ficiency analysis using the following metrics: peak memory
usage during training, inference latency and theoretical en-
ergy consumption. The theoretical energy consumption es-
timation is derived from (Yao et al. 2024). The results are
presented in Table 3.

The results show that GT-SNT achieves the lowest infer-
ence latency across all datasets. Compared to other GTs,
GT-SNT with better performance achieves up to 130x
lower inference latency. Most VQ-based methods tend to
retrieve and replace node representations with the closest
codewords during the inference phase. In SNT, trained spik-
ing neurons directly convert input features into codewords,
which reduces the computational cost brought by retrieval.
Integrating the reconstructed codebook in SNT with linear-
time global attention brings a significant improvement in in-
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Datasets Metrics NAGphormer GOAT NodeFormer SGFormer SpikeGT Avg GT-SNT

CS
Latency↓ 0.70 5.02 0.05 0.01 0.03 1.16 0.01 (×116)
Memory↓ 3400 12490 2822 1662 8542 5783 1638
Energy↓ 0.82 1.21 0.21 0.35 0.59 0.64 0.16

Physics
Latency↓ 1.79 10.98 0.14 0.02 0.08 2.60 0.02 (×130)
Memory↓ 13628 22776 7624 2944 16414 12677 3036
Energy↓ 1.86 2.35 0.46 0.78 1.35 1.36 0.37

arXiv
Latency↓ 0.78 28.27 1.17 0.10 0.30 6.12 0.08 (×77)
Memory↓ 10450 21146 11988 6386 22654 14525 7132
Energy↓ 1.12 9.92 0.63 0.57 0.13 2.47 0.18

Products
Latency↓ 25.74 2416.84 41.78 24.34 - 627.18 20.83 (×30)
Memory↓ 7470 21974 10500 934 - 10220 13494
Energy↓ 16.06 143.80 10.05 8.07 - 44.50 3.69

Table 3: The maximum memory usage (MB), theoretical energy consumption (J) and inference latency (s) of various GT
methods. The speedup over average inference latency is underlined.

ference speed. For large-scale graphs with high feature di-
mensionality, repeating the graph to generate sequential in-
puts leads to high energy consumption. The results show that
previous spike-based GT is hard to manifest its superiority in
energy consumption on CS and Physics. Through generating
low-dimensional random features and collecting sequential
embeddings from propagation steps, GT-SNT outperforms
another spike-based GT in memory usage and latency
across all datasets while maintaining acceptable theoret-
ical energy consumption.

Ablation Study
In this section, we conduct ablation studies to explore the
influences of different components on predictive perfor-
mances. We construct 8 baselines by combining two clas-
sic linear-time attention modules (Performer (Choromanski
et al. 2020) and Linformer (Wang et al. 2020)), two spiking
neurons (IF and LIF), two normalization algorithms (Lay-
erNorm (Ba, Kiros, and Hinton 2016) and STFNorm (Xu
et al. 2021)) and two VQ modules (VQ-VAE (Van Den Oord,
Vinyals et al. 2017) and FSQ (Mentzer et al. 2023)).

The experimental results are demonstrated in Table 4. Al-
though incorporating extra positional encodings enables Per-
former and Linformer to handle graph prediction tasks, they
struggle to achieve good predictive performance on large-
scale graphs like ogbn-arxiv. In GT-SNT, the CGSA actively
introduces the global positional encoding during attention
score calculation. It suggests that developing topology-
aware tokenized Transformers is a promising direction for
scaling GTs on large-scale graphs. The choice of spiking
neurons also affects the predictive performances of GT-SNT.
PLIF models with learnable membrane time constants and
synaptic weights achieve better performances in most cases.
These neurons effectively improve the flexibility of SNT.
In addition, the well-designed normalization algorithm for
spiking neurons, STFNorm outperforms the LayerNorm al-
gorithm across all datasets. For complex tasks, GT-SNT with
dynamic learning and adaptive codebook granularity sur-

passes the simple quantizers such as FSQ. Benefitting from
diverse spiking dynamics and finer quantization, GT-SNT
outperforms both FSQ and full-precision VQ-VAE.

Models PubMed CS Physics ogbn-arxiv

+Performer 80.2±0.2 93.1±0.4 95.8±0.1 71.2±0.1

+Linformer 79.6±1.0 92.6±0.5 95.5±0.1 65.2±1.3

+IF 81.6±1.2 92.8±0.1 96.0±0.4 71.0±0.5

+LIF 79.6±0.7 92.8±0.0 96.1±0.2 72.1±0.2

+LayerNorm 78.9±1.3 90.3±0.6 95.4±0.4 71.2±0.2

+STFNorm 82.6±0.2 92.3±0.4 96.5±0.5 72.4±0.7

+VQ 79.8±0.4 93.2±0.3 95.0±0.4 70.7±0.7

+FSQ 78.4±0.9 93.7±0.2 95.8±0.1 71.6±0.2

GT-SNT 80.6±0.5 93.7±0.4 96.2±0.0 72.4±0.3

Table 4: Ablation studies on PubMed, CS, Physics and ogbn-
arxiv datasets. And +x means replacing the original compo-
nent in GT-SNT with x.

Conclusion
In this study, we propose GT-SNT, a linear-time Graph
Transformer via spiking node tokenization. We find that po-
sitional encoding patterns of different nodes can be encoded
into the same codewords. Inspired by the observation, GT-
SNT not only considers spiking neurons as the low-power
units, but also incorporates SNNs as a learnable tokenizer
into Graph Transformers. It enables GT-SNT to achieve
faster inference speed and better predictive performance.
Spiking node tokenization that dynamically creates a spike
count-based codebook paves a different way to address is-
sues within current VQ-based graph models. We believe that
our work holds great promise for the development of brain-
inspired neural networks, which bridge the gap between ex-
isting SNNs and node tokenization. We hope it will inspire
further research into energy-saving Graph Transformers.
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