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Abstract

Transformer models have achieved remarkable success
across diverse deep learning fields, including natural lan-
guage processing (NLP) and computer vision (CV). One
drawback of these models is that the computational cost of
the softmax attention, the core component of the transformer,
exhibits quadratic complexity in both time and memory. As
data scales up various attempts have been reported to over-
come this bottleneck. The objective of this study is to propose
anovel attention mechanism, "Cumulant Attention", that sys-
tematically balances efficiency and accuracy. This proposal
introduces a statistical-mechanics perspective and a reliable
approximation based on cumulant expansion into the atten-
tion layer. The low-order variant reduces computational com-
plexity to linear order, similar to the linear attention, while
keeping nonlinearity of the softmax attention. We evaluate
several variants on CV tasks, including image classification
with ViT on ImageNet-100 and video classification with
ViViT on UCF-101. Experimental results demonstrate that
the cumulant attention outperforms the linear attention and
achieves accuracy comparable to the softmax attention.
These findings validate the effectiveness of our approach and
highlight future directions, including scaling to larger models,
extending to other modalities, and optimizing implementa-
tions for GPU hardware.

Code — https://github.com/MorimotoY uto/Cumulant-
Attention-in-ViT.git

Introduction

Transformer architecture has advanced the state of the art
across various domains including NLP, CV, speech, graph
learning, and multimodal learning. Its core mechanism,
scaled dot-product attention, provides stable relevance mod-
eling through softmax normalization but suffers from quad-
ratic computational and memory complexity with respect to
sequence length. This bottleneck becomes critical when
dealing with large-scale data (Vaswani et al. 2017).

To address this, we design a novel attention mechanism
inspired by statistical mechanics, aiming to reduce compu-
tational cost while preserving expressiveness. We show that
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attention can be interpreted as a "force" in statistical physics,
enabling analysis and improvement through physical princi-
ples. The proposed method achieves superior accuracy on
CV tasks.

Related Work

A representative approach for reducing computational cost
is linear attention (Katharopoulos et al. 2020; Qin et al.
2022), which uses specially designed kernels to capture con-
text efficiently. However, studies report shortcomings such
as limited spatial selectivity in image recognition and weak
emphasis on important local regions, reducing local feature
extraction (Han et al. 2023; Fan et al. 2025; Fan, Huang, and
He 2025).

Methodology

We show that attention can be understood as the free-energy
gradient of a physical system, and we derive a systematic
approximation by using the cumulant expansion technique.
Let's consider a physical system: a random variable X uni-
formly drawn from set of tokens {x' |l =1, ...,L} as the
magnetic moment of a particle, and a vector p =
d~2WIW,y as the (negative of) applied magnetic field.
The statistical average Z(p) = (exp(p - X)) is called the
partition function (under unit temperature). The derivative
of (negative) Helmholtz free energy, F (p) = log Z(p) with
respect to the external field p reproduces the attention as
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Cumulants are the numbers representing (higher-order) cor-
relations among random variables, such as the covariance
matrix. They appear as the coefficients of the power series.
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The 1- and 2-cumulants are the mean and the covariance,
respectively. The cross-cumulant among statistically inde-
pendent variables vanishes. We have the cumulant (2nd) at-
tention by keeping only 1- and 2-cumulants. The major cor-
rection to it comes from the diagonal part of 3-cumulant
(KKV)e,

[q- (k' = k)] - )

1

L
attn,,q = Lv +

1
L&
_ 2 _
attng.q = attnypq + Ez z qiz(kf - ki) w' - D)
=1 1

where k and ¥ are average key and value vectors, respec-
tively. Due to the linked-cluster theorem our formula is free
of denominator. Cumulants describe correlations among
embedding dimensions, not tokens. Keeping up to second-
order cumulants is equivalent to assuming random variables
obey the multivariate normal, and the higher-order expan-
sion provides systematic approximation to it.

Experiment

We evaluated Cumulant Attention in CV tasks. We em-
ployed the ViT (Dosovitskiy et al. 2021) architecture using
the ImageNet-100 dataset for image classification. On the
test data, the softmax attention achieved 69.1% accuracy,
while the linear attention dropped to 43.0%. In contrast, the
cumulant attention reached 63.6% with the second-order
and 64.0% with the third-order expansion, improving over
linear attention and approaching softmax. Both the second-
and third-order variants consistently outperformed conven-
tional linear attention and approached the performance of
the softmax attention. We attribute this improvement to the
selective capability of the cumulant attention, which is ab-
sent in linear attention. Indeed, visualization of the attention
scores revealed more localized patterns (Figure 1).
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Figure 1: Visualization of attention scores.
The cumulant attention scores showed more localized
patterns than the linear one.

For video classification, we adopted the ViViT (Arnab et
al. 2021) architecture with the UCF-101 dataset. Consistent
with the image classification results, differences among at-
tention types were observed, and the effectiveness of Cumu-
lant Attention was confirmed. However, the model exhib-
ited a tendency to overfit, due to smallness of the dataset.

Conclusion and Future Work

In this work, we proposed an efficient attention mechanism
based on cumulants from statistical mechanics and validated
it on CV tasks. Our method outperforms the linear attention
and achieves accuracy close to that of softmax attention. Fu-
ture directions include scaling to larger models and datasets,
extending to graph and multimodal applications, and opti-
mizing the design for efficient GPU acceleration.
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