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Figure 1. Throughput / GPU memory / FLOPs comparisons of our proposed approach (vHeat) with Swin-Transformer [37] under different

image resolutions. The throughput and GPU memory are tested on 80 GB Tesla A100 GPUs with batch size 64. Swin-B is tested with

scaled window size here.

Abstract

Visual representation models leveraging attention mecha-
nisms are challenged by significant computational over-
head, particularly when pursuing large receptive fields.
In this study, we aim to mitigate this challenge by intro-
ducing the Heat Conduction Operator (HCO) built upon
the physical heat conduction principle. HCO conceptual-
izes image patches as heat sources and models their cor-
relations through adaptive thermal energy diffusion, en-
abling robust visual representations. HCO enjoys a com-
putational complexity of O(N1.5), as it can be imple-
mented using discrete cosine transformation (DCT) op-
erations. HCO is plug-and-play, combining with deep
learning backbones produces visual representation mod-
els (termed vHeat) with global receptive fields. Exper-
iments across vision tasks demonstrate that, beyond the
stronger performance, vHeat achieves up to a 3× through-
put, 80% less GPU memory allocation, and 35% fewer
computational FLOPs compared to the Swin-Transformer.
Code is available at https://github.com/MzeroMiko/vHeat
and https://openi.pcl.ac.cn/georgew/vHeat.

*Equal contribution.
†Corresponding author.

1. Introduction
Convolutional Neural Networks (CNNs) [24, 30] have been

the cornerstone of visual representation since the advent

of deep learning, exhibiting remarkable performance across

vision tasks. However, the reliance on local receptive fields

and fixed convolutional operators imposes constraints, par-

ticularly in capturing long-range and complex dependencies

within images [42]. These limitations have motivated sig-

nificant interest in developing alternative visual representa-

tion models, including architectures based on ViTs [18, 37]

and State Space Models [36, 82]. Despite their effective-

ness, these models continue to face challenges, including

relatively high computational complexity and a lack of in-

terpretability.

When addressing these limitations, we draw inspiration

from the field of heat conduction [70], where spatial lo-
cality is crucial for the transfer of thermal energy due to

the collision of neighboring particles. Notably, analogies

can be drawn between the principles of heat conduction

and the propagation of visual semantics within the spatial

domain, as adjacent image regions in a certain scale tend

to contain related information or share similar characteris-

tics. Leveraging these connections, we introduce vHeat, a

physics-inspired vision representation model that conceptu-

alizes image patches as heat sources and models the calcu-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Comparison of information conduction mechanisms: self-attention vs. heat conduction. (a) The self-attention operator uniformly

“conducts” information from a pixel to all other pixels, resulting in O(N2) complexity. (b) The heat conduction operator (HCO) con-

ceptualizes the center pixel as the heat source and conducts information propagation through DCT (F ) and IDCT (F−1), which enjoys

interpretability, global receptive fields, and O(N1.5) complexity.

lation of their correlations as the diffusion of thermal en-

ergy.

To integrate the principle of heat conduction into deep

networks, we first derive the general solution of heat con-

duction in 2D space and extend it to multiple dimensions,

corresponding to feature channels. Based on this general so-

lution, we design the Heat Conduction Operator (HCO),
which simulates the propagation of visual semantics across

image patches along multiple dimensions. Notably, we

demonstrate that HCO can be approximated through 2D (in-

verse) discrete cosine transformation (DCT/IDCT), effec-

tively reducing the computational complexity to O(N1.5),
Fig. 2. This improvement boosts both training and test-

ing efficiency due to the high parallelizability of DCT and

IDCT operations. Furthermore, as each element in the fre-

quency domain obtained by DCT incorporates information

from all patches in the image space, vHeat can establish

long-range feature dependencies and achieve global recep-

tive fields. To enhance the representation adaptability of

vHeat, we propose learnable frequency value embeddings

(FVEs) to characterize the frequency information and pre-

dict the thermal diffusivity of visual heat conduction.

We develop a family of vHeat models (i.e., vHeat-

Tiny/Small/Base), and extensive experiments are conducted

to demonstrate their effectiveness in diverse visual tasks.

Compared to benchmark vision backbones with various ar-

chitectures (e.g., ConvNeXt [39], Swin [37], and Vim [82]),

vHeat consistently achieves superior performance on image

classification, object detection, and semantic segmentation

across model scales. Specifically, vHeat-Base achieves a

84.0% top-1 accuracy on ImageNet-1K, surpassing Swin

by 0.5%, with a throughput exceeding that of Swin by a

substantial margin over 40% (661 vs. 456). To explore the

generalization of vHeat, we’ve also validated its superiority

on robustness evaluation benchmarks and low-level vision

tasks. Besides, due to the O(N1.5) complexity of HCO,

vHeat enjoys considerably lower computational cost com-

pared to ViT-based models, demonstrating significantly re-

duced FLOPs and GPU memory requirements, and higher

throughput as image resolution increases. In particular,

when the input image resolution increases to 768 × 768,

vHeat-Base achieves a 3× throughput compared to Swin,

with 80% less GPU memory allocation and 35% fewer com-

putational FLOPs, as shown in Fig. 1.

The contributions of this study are summarized as fol-

lows:

• We propose vHeat, a vision backbone model inspired by

the physical principle of heat conduction, which simul-

taneously achieves global receptive fields, low computa-

tional complexity, and high interpretability.

• We design the Heat Conduction Operator (HCO), a phys-

ically plausible module conceptualizing image patches as

heat sources, predicting adaptive thermal diffusivity by

FVEs, and transferring information following the princi-

ples of heat conduction.

• Without bells and whistles, vHeat achieves promising

performance in vision tasks including image classifica-

tion, object detection, and semantic segmentation. It
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also enjoys higher inference speeds, reduced FLOPs, and

lower GPU memory usage for high-resolution images.

2. Related Work
Convolution Neural Networks. CNNs have been land-

mark models in the history of visual perception [30, 31].

The distinctive characteristics of CNNs are encapsulated in

the convolution kernels, which enjoy high computational ef-

ficiency given specifically designed GPUs. With the aid of

powerful GPUs and large-scale datasets [14], increasingly

deeper [24, 29, 52, 57] and efficient models [27, 46, 58, 73]

have been proposed for higher performance across a spec-

trum of vision tasks. Numerous modifications have been

made to the convolution operators to improve its capac-

ity [10], efficiency [28, 74] and adaptability [11, 69]. Nev-

ertheless, the born limitation of local receptive fields re-

mains. Recently developed large convolution kernels [16]

took a step towards large receptive fields, but experienced

difficulty in handling high-resolution images.

Vision Transformers. Built upon the self-attention opera-

tor [63], ViTs have the born advantage of building global

feature dependency. Based on the learning capacity of self-

attention across all image patches, ViTs has been the most

powerful vision model ever, given a large dataset for pre-

training [18, 45, 61]. The introduction of hierarchical archi-

tectures [12, 15, 17, 37, 41, 60, 67, 79, 80] further improves

the performance of ViTs. The Achilles’ Heel of ViTs is the

O(N2) computational complexity, which implies substan-

tial computational overhead given high-resolution images.

Great efforts have been made to improve model efficiency

by introducing window attention, linear attention and cross-

covariance attention operators [1, 6, 37, 66], at the cost of

reducing receptive fields or non-linearity capacity. Other

studies proposed hybrid networks by introducing convolu-

tion operations to ViTs [12, 64, 68], designing hybrid archi-

tectures to combine CNN with ViT modules [12, 41, 54].

State Space Models and RNNs. State space models

(SSMs) [22, 43, 65], which have the long-sequence model-

ing capacity with linear complexity, are also migrated from

the natural language area (Mamba [21]). Visual SSMs were

also designed by adapting the selective scan mechanism to

2-D images [36, 82]. Nevertheless, SSMs based on the se-

lective scan mechanism suffer from limited parallelism, re-

stricting their overall potential. Recent receptance weighted

key value (RWKV) and RetNet models [44, 56] improved

the parallelism while retaining the linear complexity. They

combine the efficient parallelizable training of transformers

with the efficient inference of RNNs, leveraging a linear at-

tention mechanism and allowing formulation of the model

as either a Transformer or an RNN, thus parallelizing com-

putations during training and maintaining constant compu-

tational and memory complexity during inference. Despite

the advantages, modeling a 2-D image as a sequence im-

pairs interpretability.

Biology and Physics Inspired Models. Biology and

physics principles have long been the fountainhead of creat-

ing vision models. Diffusion models [26, 49, 53], motivated

by Nonequilibrium thermodynamics [13], are endowed with

the ability to generate images by defining a Markov chain

for the diffusion step. QB-Heat [8] utilizes physical heat

equation as supervision signal for masked image modeling

task. Spiking Neural Network (SNNs) [20, 32, 59] claims

better simulation on the information transmission of biolog-

ical neurons, formulating models for simple visual tasks [4].

The success of these models encourages us to explore the

principle of physical heat conduction for the development

of vision representation models.

3. Methodology
3.1. Preliminaries: Physical Heat Conduction
Let u(x, y, t) denote the temperature of point (x, y) at time t
within a two-dimensional region D ∈ R

2, the classic phys-

ical heat equation [70] can be formulated as

∂u

∂t
= k

(
∂2u

∂x2
+

∂2u

∂y2

)
, (1)

where k > 0 is the thermal diffusivity [5], measuring the

rate of heat transfer in a material. By setting the initial

condition u(x, y, t)|t=0 to f(x, y), the general solution of

Eq. (1) can be derived by applying the Fourier Transform

(FT, denoted as F) to both sides of the equation, which

gives

F
(
∂u

∂t

)
= kF

(
∂2u

∂x2
+

∂2u

∂y2

)
. (2)

Denoting ũ(ωx, ωy, t) as the FT-transformed form of

u(x, y, t), i.e., ũ(ωx, ωy, t) := F(u(x, y, t)), the left-hand-

side of Eq. (2) can be written as

F
(
∂u

∂t

)
=

∂ũ(ωx, ωy, t)

∂t
. (3)

and by leveraging the derivative property of FT, the right-

hand-side of Eq. (2) can be transformed as

F
(
∂2u

∂x2
+

∂2u

∂y2

)
= −(ω2

x + ω2
y)ũ(ωx, ωy, t). (4)

Therefore, by combining the expression of both sides of the

equation, Eq. (2) can be formulated as an ordinary differen-

tial equation (ODE) in the frequency domain, which can be

written as

dũ(ωx, ωy, t)

dt
= −k(ω2

x + ω2
y)ũ(ωx, ωy, t). (5)

By setting the initial condition ũ(ωx, ωy, t)|t=0 to

f̃(ωx, ωy) (f̃(ωx, ωy) denotes the FT-transformed f(x, y)),
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Figure 3. The network architecture of vHeat. Following the traditional principles of visual model design, we built vHeat with 4 HCO

blocks, connected by downsampling layers in between.
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Figure 4. HCO and HCO layer. FVEs, FFN, LN, and DWConv re-

spectively denote frequency value embeddings, feed-forward net-

work, layer normalization, and depth-wise convolution. Please re-

fer to Sec. D.3 in the supplementary, where we demonstrate that

while depth-wise convolution aids in feature extraction, the pri-

mary improvements are attributed to the proposed HCO.

ũ(ωx, ωy, t) in Eq (5) can be solved as

ũ(ωx, ωy, t) = f̃(ωx, ωy)e
−k(ω2

x+ω2
y)t. (6)

Finally, the general solution of heat equation in the spa-

tial domain can be obtained by performing inverse Fourier

Transformer (F−1) on Eq. (6), which gives the following

expression

u(x, y, t) = F−1(f̃(ωx, ωy)e
−k(ω2

x+ω2
y)t). (7)

3.2. vHeat: Visual Heat Conduction
Drawing inspiration from the analogies between the prin-

ciples of physical heat conduction and the propagation of

visual semantics within the spatial domain (i.e., ‘visual heat

conduction’), we propose vHeat, a physics-inspired deep

architecture for visual representation learning. The vHeat

model is built upon the Heat Conduction Operator (HCO),

which is designed to integrate the principle of heat conduc-

tion into handling the discrete feature of vision data. We

also leverage the thermal diffusivity in the classic physical

heat equation (Eq (1)) to improve the adaptability of vHeat

to vision data.

3.2.1. Heat Conduction Operator (HCO)
To extract visual features, we design HCO to implement

the conduction of visual information across image patches

in multiple dimensions, following the principle of physi-

cal heat conduction. To this end, we first extend the 2D

temperature distribution u(x, y, t) along the channel dimen-

sion and denote the resultant multi-channel image feature

as U(x, y, c, t) (c = 1, · · · , C). Mathematically, consider-

ing the input as U(x, y, c, 0) and the output as U(x, y, c, t),
HCO simulates the general solution of physical heat con-

duction (Eq. (7)) in visual data processing, which can be

formulated as

U t = F−1(F(U0)e−k(ω2
x+ω2

y)t), (8)

where U t and U0 are abbreviations for U(x, y, c, t) and

U(x, y, c, 0), respectively.

For applying F(·) and F−1(·) to discrete image patch

features, it is necessary to utilize the discrete version of the

(inverse) Fourier Transform (i.e., DFT and IDFT). How-

ever, since vision data is spatially constrained and se-

mantic information will not propagate beyond the bor-

der, we additionally introduce a common assumption of

Neumann boundary condition [9], i.e., ∂u(x, y, t)/∂n =
0, ∀(x, y) ∈ ∂D, t ≥ 0, where n denotes the normal to the

image boundary ∂D. As vision data is typically rectangu-

lar, this boundary condition enables us to replace the 2D

DFT and IDFT with the 2D discrete cosine transformation,

DCT2D, and the 2D inverse discrete cosine transforma-

tion, IDCT2D [55]. Therefore, the discrete implementa-

tion of HCO can be expressed as

U t = IDCT2D(DCT2D(U0)e−k(ω2
x+ω2

y)t), (9)

and its internal structure is illustrated in Fig. 4(a). Partic-

ularly, the parameter k stands for the thermal diffusivity in

physical heat conduction and is predicted based on the fea-

tures within the frequency domain (explained in the follow-

ing subsection).

Notably, due to the computational efficiency of

DCT2D, the overall complexity of HCO is O(N1.5),
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Figure 5. Illustration of temperature distribution U t w.r.t. ther-

mal diffusivity k, given a heat source as the initial condition. The

predicted k leads to nonuniform visual heat conduction, which fa-

cilitates the adaptability of visual representation. (Best viewed in

color)

where N denotes the number of input image patches. Please

refer to Sec. B in the supplementary for the detailed imple-

mentation of HCO using DCT2D and IDCT2D.

3.2.2. Adaptive Thermal Diffusivity
In physical heat conduction, thermal diffusivity represents

the rate of heat transfer within a material. While in vi-

sual heat conduction, we hypothesize that more representa-

tive image contents contain more energy, resulting in higher

temperatures in the corresponding image features within

U(x, y, c, t). Therefore, it is suggested that the thermal dif-

fusivity parameter k should be learnable and adaptive to im-

age content, which facilitates the adaptability of heat con-

dution to visual representation learning.

Given that the output of DCT (i.e., DCT2D(U0) in

Eq. (9)) lies in the frequency domain, we also determine k
based on frequency values (k := k(ωx, ωy)). Since different

positions in the frequency domain correspond to different

frequency values, we propose to represent these values us-

ing learnable Frequency Value Embeddings (FVEs), which

function similarly to the widely used absolute position em-

beddings in ViTs[18] (despite in the frequency domain). As

shown in Figure 4 (a), FVEs are fed to a linear layer to pre-

dict the thermal diffusivity k, allowing it to be non-uniform

and adaptable to visual representations.

Practically, considering that k and t (the conduction

time) are multiplied in Eq. (9), we empirically set a fixed

value for t and predict the values of k. Specifically, FVEs

are shared within each network stage of vHeat to facilitate

the convergence of the training process.

3.2.3. vHeat Model
Network Architecture. We develop a vHeat model fam-

ily including vHeat-Tiny (vHeat-T), vHeat-Small (vHeat-

S), and vHeat-Base (vHeat-B). An overview of the network

architecture of vHeat is illustrated in Fig. 3, and the detailed

configurations are provided in Sec. C in Appendix. Given

an input image with the spatial resolution of H ×W , vHeat

first partitions it to image patches through a stem module,

yielding a 2D feature map with H
4 × W

4 resolution. Sub-

sequently, multiple stages are utilized to create hierarchi-

cal representations with gradually decreased resolutions of
H
4 × W

4 , H
8 × W

8 , H
16 × W

16 and increasing channels. Each

stage is composed of a down-sampling layer followed by

multiple heat conduction layers (except for the first stage).

Heat Conduction Layer. The heat conduction layer,

Fig. 4 (b), is similar to the ViTs block while replacing

self-attention operators with HCOs and retaining the feed-

forward network (FFN). It first utilizes a 3 × 3 depth-wise

convolution layer. The depth-wise convolution is followed

by two branches: one maps the input to HCO and the other

computes the multiplicative gating signal like [36]. HCO

plays a crucial role in each heat conduction layer, Fig. 4

(b), where the mapped features from a linear layer are first

processed by the DCT2D operator to generate features in

the frequency domain. Additionally, HCO takes FVEs as

input for frequency representation to predict adaptive ther-

mal diffusivity k through a linear layer. By multiplying the

coefficient matrix e−kω2t and performing IDCT2D, HCO

implements the discrete solution of the visual heat equation,

Eq. (9).

3.3. Discussion
• What is role of the thermal diffusivity coefficient
e−k(ω2

x+ω2
y)t? When multiplying with DCT2D(U0),

e−k(ω2
x+ω2

y)t acts as an adaptive filter in the frequency do-

main to perform visual heat conduction. Different fre-

quency values correspond to distinct image patterns, i.e.,
high frequency corresponds to edges and textures while low

frequency corresponds to flat regions. With adaptive ther-

mal diffusivity, HCO can enhance/depress these patterns

within each feature channel. Aggregating the filtered fea-

tures from all channels, vHeat achieves a robust feature rep-

resentation.

• Why does temperature U(x, y, c, t) correspond to vi-
sual features? Visual features are essentially the outcome

of the feature extraction process, characterized by pixel

propagation within the feature map. This process aligns

with the properties of existing convolution, self-attention,

and selective scan operators, exemplifying a form of infor-

mation conduction. Similarly, visual heat conduction em-

bodies this concept of information conduction through tem-

perature, denoted as U(x, y, c, t).
• What is the relationship/difference between HCO and
self-attention? HCO dynamically propagates energy via

heat conduction, enabling the perception of global informa-

tion within the input image. This positions HCO as a dis-

tinctive form of attention mechanism. The distinction lies

in its reliance on interpretable physical heat conduction, in

contrast to self-attention, which is formulated through to-

ken similarity. Furthermore, HCO works in the frequency

domain, implying its potential to affect all image patches
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Table 1. Performance comparison of image classification on ImageNet-1K. Test throughput values are measured with an A100 GPU, using

the toolkit released by [71], following the protocol proposed in [37]. The batch size is set as 128, and the PyTorch version is 2.2.

Method
Image

size
#Param. FLOPs

Test Throughput

(img/s)

ImageNet

top-1 acc. (%)

Swin-T [37] 2242 28M 4.6G 1242 81.3

ConvNeXt-T [39] 2242 29M 4.5G 1198 82.1

DCFormer-SW-T [33] 5122 28M 4.5G - 82.1

Vim-S [82] 2242 26M 5.3G 811 81.4

vHeat-T (Ours) 2242 29M 4.6G 1514 82.2

Swin-S [37] 2242 50M 8.7G 720 83.0

ConvNeXt-S [39] 2242 50M 8.7G 687 83.1

DCFormer-SW-S [33] 5122 50M 8.7G - 82.9

vHeat-S (Ours) 2242 50M 8.5G 945 83.6

Swin-B [37] 2242 88M 15.4G 456 83.5

ConvNeXt-B [39] 2242 89M 15.4G 439 83.8

RepLKNet-31B [16] 2242 79M 15.3G - 83.5

DCFormer-SW-B [33] 5122 88M 15.4G - 83.5

Vim-B [82] 2242 98M 19.0G 294 83.2

vHeat-B (Ours) 2242 68M 11.2G 661 84.0

through frequency filtering. Consequently, HCO exhibits

greater efficiency compared to self-attention, which neces-

sitates computing the relevance of all pairs across image

patches.

4. Experiment & Analysis

Experiments are performed to assess vHeat and compare it

against popular CNN and ViT models. Visualization analy-

sis is presented to gain deeper insights into the mechanism

of vHeat. The evaluation spans image classification, object

detection, semantic segmentation, out-of-distribution clas-

sification, and low-level vision tasks. Please refer to Sec. C

in the supplementary for experimental settings.

4.1. Experimental Results
Image classification. The image classification results are

summarized in Table 1. With similar FLOPs, vHeat-

T achieves 82.2% top-1 accuracy, outperforming Swin-

T/Vim-S by 0.9%/0.8%, respectively. Notably, the supe-

riority of vHeat is also observed at both Small and Base

scales. Specifically, vHeat-B achieves a top-1 accuracy of

84.0% with only 11.2G FLOPs and 68M model parameters,

outperforming Swin-B/Vim-B by 0.5%/0.8%, respectively.

In terms of computational efficiency, vHeat enjoys sig-

nificantly higher inference speed across Tiny/Small/Base

model scales compared to benchmark models. For in-

stance, vHeat-T achieves a throughput of 1514 images/s,

87% higher than Vim-S, 26% higher than ConvNeXt-T, and

22% higher than Swin-T, while maintaining a performance

superiority, respectively.

Object Detection and Instance Segmentation. As a back-

Table 2. Results of object detection and instance segmentation on

COCO. FLOPs are calculated with input size 1280 × 800. AP b

and APm denote box AP and mask AP, respectively. The notation

‘1×’ indicates models fine-tuned for 12 epochs, while ‘3×MS’

denotes the utilization of multi-scale training for 36 epochs.

Mask R-CNN 1× schedule on COCO

Backbone APb APm FPS (images/s) FLOPs

Swin-T 42.7 39.3 26.3 267G

ConvNeXt-T 44.2 40.1 29.3 262G
vHeat-T (Ours) 45.1 41.2 32.7 272G

Swin-S 44.8 40.9 19.7 359G

ConvNeXt-S 45.4 41.8 20.2 349G

vHeat-S (Ours) 46.8 42.3 25.9 348G

Swin-B 46.9 42.3 13.8 504G

ConvNeXt-B 47.0 42.7 14.1 486G

vHeat-B (Ours) 47.7 43.0 20.2 432G

Mask R-CNN 3× MS schedule on COCO

Swin-T 46.0 41.6 26.3 267G

ConvNeXt-T 46.2 41.7 29.3 262G
vHeat-T (Ours) 47.2 42.4 32.7 272G

Swin-S 48.2 43.2 19.7 359G

ConvNeXt-S 47.9 42.9 20.2 349G

vHeat-S (Ours) 48.8 43.7 25.9 348G

bone network, vHeat is tested on the MS COCO 2017

dataset [35] for object detection and instance segmenta-

tion. We load classification pre-trained vHeat weights for

downstream evaluation. Considering the input image size

is different from the classification task, the shape of FVEs
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Table 3. Results of semantic segmentation on ADE20K us-

ing UperNet [72]. FLOPs are calculated with the input size of

512× 512.

UperNet on ADE20K

Backbone mIoU FPS (images/s) FLOPs

Swin-T 44.4 31.8 237G

ConvNeXt-T 46.0 37.8 235G
ViL-S 46.3 - -

vHeat-T (Ours) 46.9 36.7 235G

Swin-S 47.6 22.1 261G

NAT-S 48.0 23.1 254G
ConvNeXt-S 48.7 27.7 257G

vHeat-S (Ours) 49.1 26.1 254G

Swin-B 48.1 19.2 299G

NAT-B 48.5 20.8 285G
ViL-B 48.8 - -

ConvNeXt-B 49.1 21.6 293G

vHeat-B (Ours) 49.6 23.6 293G

Table 4. Robust comparison of vHeat-B with Swin-B.

Model
ObjectNet ImageNet-A

top-1 acc. (%) top-1 acc. (%)

Swin-B 25.4 36.0

ConvNeXt-B 26.1 36.5

vHeat-B (Ours) 26.7 36.8

or k should be aligned to the target image size on down-

stream tasks. Please refer to Sec. D.1 in the supplemen-

tary for ablation of interpolation for downstream tasks. The

results for object detection are summarized in Table 2,

and vHeat enjoys superiority in box/mask Average Pre-

cision (APb and APm) in both of the training schedules

(12 or 36 epochs). For example, with a 12-epoch fine-

tuning schedule, vHeat-T/S/B models achieve object detec-

tion mAPs of 45.1%/46.8%/47.7%, outperforming Swin-

T/S/B by 2.4%/2.0%/0.8% mAP, and ConvNeXt-T/S/B

by 0.9%/1.4%/0.7% mAP, respectively. With the same

configuration, vHeat-T/S/B achieve instance segmentation

mAPs of 41.2%/42.3%/43.0%, outperforming Swin-T/S/B

and ConvNeXt-T/S/B. The advantages of vHeat persist un-

der the 36-epoch (3×) fine-tuning schedule with multi-scale

training. Besides, vHeat enjoys much higher inference

speed (FPS) compared with Swin and ConvNeXt. For ex-

ample, vHeat-B achieves 20.2 images/s, 46%/43% higher

than Swin-B/ConvNeXt-B (13.8/14.1 images/s). These re-

sults highlight vHeat’s potential to deliver strong perfor-

mance and efficiency in dense prediction downstream tasks.

Semantic Segmentation. The results on ADE20K are

Noisy image 
( =15)

SwinIR
(PSNR = 33.10 dB)

vHeatIR
(PSNR = 35.73 dB)

Figure 6. Color image denoising visualization of vHeatIR and

SwinIR after 15000 training iterations (σ = 15). The input im-

age is selected from McMaster [78].

Table 5. Quantitative comparison (average PSNR) on low-level

vision tasks. †: results are reproduced for a fair comparison.

Model

Image Denoising JPEG Compression

(Set12/McMaster, Artifact Reduction

σ = 15) (LIVE1, q = 40)

DnCNN [76] 32.86/33.45 33.96

DRUNet [77] 33.25/35.40 34.58

SwinIR† [34] 33.33/35.55 34.61

vHeatIR (Ours) 33.37/35.60 34.64

summarized in Table 3, and vHeat consistently achieves

superior performance over other baseline models across

Tiny/Small/Base scales. For example, vHeat-B respectively

outperform NAT-B [23] and ViL-B [2] by 1.1%/0.8% mIoU.

Robustness evaluation. To validate the robustness of

vHeat, We evaluated vHeat-B on out-of-distribution clas-

sification datasets, including ObjectNet [3] and ImageNet-

A [25]. We measure the Top-1 accuracy (%) for these two

benchmarks, Table 4. It is evident that vHeat outperforms

Swin and ConvNeXt consistently (better results are marked

in bold). These experiments highlight vHeat’s robustness

across out-of-distribution data, such as rotated objects, dif-

ferent view angles (ObjectNet), and natural adversarial ex-

amples (ImageNet-A).

Low-level vision tasks. To further evaluate the generaliza-

tion capability of our proposed vHeat model, we integrate

the Heat Conduction Operator (HCO) by replacing the self-

attention modules in the SwinIR [34] model, resulting in the

vHeatIR architecture. We then conduct a series of experi-

ments on several standard low-level vision tasks to assess

the performance of vHeatIR. These tasks include grayscale

and color image denoising on the Set12 [48] and McMas-

ter [78] datasets, as well as JPEG compression artifact re-

duction on the LIVE1 [50] dataset. In these experiments,

we use the same settings as those in SwinIR to ensure a fair

comparison. The results, as summarized in Table 5, demon-

strate that vHeatIR consistently outperforms the other base-

line models. This improvement is largely attributed to the

ability of HCO to operate efficiently in the frequency do-
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Predicted 
t=0.1 t=0.5 t=1.0

Fixed 
t=0.1 t=0.5 t=1.0

Figure 7. Temperature distribution (U t) when using a randomly

selected patch as the heat source. Please zoom in for details.

main, which enhances the model’s performance in handling

low-level image details. After training for 15,000 itera-

tions, we visualize the denoising results on color images

with noise level σ = 15 in Fig. 6. As shown, vHeatIR pro-

duces noticeably cleaner images compared to SwinIR, in-

dicating its superior ability to restore image quality. These

results not only highlight the effectiveness of the proposed

vHeat model but also validate its strong generalization ca-

pabilities for low-level vision tasks.

4.2. Analysis of Dynamic Locality

Visual Heat Conduction. The proposed vHeat works upon

an adaptive filtering mechanism. To verify this claim, in

Fig. 7, we visualize the temperature U t defined in (9) under

predicted k when a random patch is taken as the heat source.

With a predicted k, vHeat delivers self-adaptive visual heat

conduction. As the heat conduction time (t) increases, the

correlation between the selected patch and the entire image

improves, which effectively filters out unrelated patches in

the frequency domain. Please refer to Sec. E in the supple-

mentary for vHeat’s effective receptive field visualization.

Ablation of thermal diffusivity. To demonstrate the ef-

fectiveness of shared FVEs, we conduct the following ex-

periments on ImageNet-1K: (1) Fix the thermal diffusiv-

ity k = 0.0/1.0/10.0, (2) Treat k as a learnable parame-

ter for each layer, and (3) Use individual FVEs to predict

k for each layer. As shown in Table 6, when k = 0.0,

the visual heat conduction does not function effectively. A

larger fixed k value, e.g., k = 5.0, allows HCO to op-

erate isotropically without considering the image content,

achieving a top-1 accuracy of 81.7%. Predicting k via FVEs

outperforms treating k as a learnable parameter, likely due

to the enhanced prior knowledge of frequency values pro-

vided by FVEs. After performing DCT, the features lose

explicit frequency values, whereas FVEs offer the model

prior frequency information. Similar to how positional en-

coding enhances performance in models that already incor-

porate positional information [19], predicting k using FVEs

Table 6. Evaluating thermal diffusivity k with vHeat-T.

Settings top-1 acc. (%)

Fixed k = 0.0 81.0

Fixed k = 1.0 81.7

Fixed k = 5.0 81.8

k as a learnable parameter 81.5

Predicting k using individual FVEs 82.0

Predicting k using shared FVEs 82.2

Table 7. Comparison of vHeat with global filters, where vHeat-B�

denotes replacing HCOs in vHeat-B with GFNet operators.

Model #Param. FLOPs top-1 acc. (%)

GFNet-H-B 54M 8.4G 82.9

vHeat-S 50M 8.5G 83.6

vHeat-B� 68M 11.2G 83.5

vHeat-B 68M 11.2G 84.0

rather than treating it as a learnable parameter reinforces

the frequency prior and clarifies the relationship between

frequency and thermal diffusivity. When k is predicted by

shared FVEs, the performance improves to 82.2%, validat-

ing that shared FVEs effectively reduce learning diffusivity

and further enhance performance.

4.3. Comparison With Global Filters
To simulate physical heat conduction in vision tasks, we

developed the Heat Conduction Operator (HCO) in the fre-

quency domain. We compare HCO with (1) GFNet [47],

a model using global filters in the frequency domain, and

(2) an ablation where HCOs are replaced by GFNet’s

frequency-domain operators. The results in Table 7 show

that vHeat-S outperforms GFNet-H-B with a similar model

size. Furthermore, when HCOs are substituted with

GFNet’s operators, there is a noticeable performance drop,

underscoring the unique advantages of the proposed HCO.

These findings validate the efficacy of our proposed HCO

and the underlying visual heat conduction modeling in en-

hancing feature representation.

5. Conclusion
We introduce vHeat, a visual representation model that in-

tegrates the advantages of global receptive fields, computa-

tional efficiency, and enhanced interpretability. Extensive

experiments and ablation studies demonstrate the efficiency

and effectiveness of the vHeat model family, including

vHeat-T/S/B models, which significantly outperform pop-

ular CNNs and ViTs. These results highlight vHeat’s po-

tential as a novel paradigm for vision representation learn-

ing, offering fresh insights for the development of physics-

inspired representation models in computer vision.
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data-efficient image transformers & distillation through at-

tention. pages 10347–10357, 2021. 3, 14

[62] Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier

Martinet, Marie-Anne Lachaux, Timothée Lacroix, Baptiste

Rozière, Naman Goyal, Eric Hambro, Faisal Azhar, et al.

Llama: Open and efficient foundation language models.

arXiv preprint arXiv:2302.13971, 2023. 15

[63] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszko-

reit, Llion Jones, Aidan N Gomez, Łukasz Kaiser, and Illia

Polosukhin. Attention is all you need. In NeurIPS, 2017. 3

[64] Ashish Vaswani, Prajit Ramachandran, Aravind Srinivas,

Niki Parmar, Blake Hechtman, and Jonathon Shlens. Scaling

local self-attention for parameter efficient visual backbones.

In CVPR, pages 12894–12904, 2021. 3

[65] Jue Wang, Wentao Zhu, Pichao Wang, Xiang Yu, Linda Liu,

Mohamed Omar, and Raffay Hamid. Selective structured

state-spaces for long-form video understanding. In CVPR,

pages 6387–6397, 2023. 3

[66] Sinong Wang, Belinda Z Li, Madian Khabsa, Han Fang, and

Hao Ma. Linformer: Self-attention with linear complexity.

arXiv preprint arXiv:2006.04768, 2020. 3

[67] Wenhai Wang, Enze Xie, Xiang Li, Deng-Ping Fan, Kaitao

Song, Ding Liang, Tong Lu, Ping Luo, and Ling Shao.

Pyramid vision transformer: A versatile backbone for dense

prediction without convolutions. In ICCV, pages 568–578,

2021. 3

[68] Wenhai Wang, Enze Xie, Xiang Li, Deng-Ping Fan, Kaitao

Song, Ding Liang, Tong Lu, Ping Luo, and Ling Shao. Pvt

v2: Improved baselines with pyramid vision transformer.

Computational Visual Media, 8(3):415–424, 2022. 3

[69] Wenhai Wang, Jifeng Dai, Zhe Chen, Zhenhang Huang,

Zhiqi Li, Xizhou Zhu, Xiaowei Hu, Tong Lu, Lewei Lu,

Hongsheng Li, Xiaogang Wang, and Yu Qiao. Internim-

age: Exploring large-scale vision foundation models with de-

formable convolutions. In CVPR, pages 14408–14419, 2023.

3

[70] David Vernon Widder. The heat equation. Academic Press,

1976. 1, 3

[71] Ross Wightman. Pytorch image models, 2019. 6

[72] Tete Xiao, Yingcheng Liu, Bolei Zhou, Yuning Jiang, and

Jian Sun. Unified perceptual parsing for scene understand-

ing. In ECCV, pages 418–434, 2018. 7, 13

[73] Jianwei Yang, Chunyuan Li, Pengchuan Zhang, Xiyang Dai,

Bin Xiao, Lu Yuan, and Jianfeng Gao. Focal self-attention

for local-global interactions in vision transformers. arXiv
preprint arXiv:2107.00641, 2021. 3

[74] Fisher Yu and Vladlen Koltun. Multi-scale context

aggregation by dilated convolutions. arXiv preprint
arXiv:1511.07122, 2015. 3

[75] Weihao Yu, Chenyang Si, Pan Zhou, Mi Luo, Yichen Zhou,

Jiashi Feng, Shuicheng Yan, and Xinchao Wang. Metaformer

baselines for vision. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 46(2):896–912, 2024. 15

[76] Kai Zhang, Wangmeng Zuo, Yunjin Chen, Deyu Meng, and

Lei Zhang. Beyond a gaussian denoiser: Residual learning of

deep cnn for image denoising. IEEE transactions on image
processing, 26(7):3142–3155, 2017. 7

[77] Kai Zhang, Yawei Li, Wangmeng Zuo, Lei Zhang, Luc

Van Gool, and Radu Timofte. Plug-and-play image restora-

tion with deep denoiser prior. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 44(10):6360–6376,

2022. 7

[78] Lei Zhang, Xiaolin Wu, Antoni Buades, and Xin Li. Color

demosaicking by local directional interpolation and nonlocal

adaptive thresholding. Journal of Electronic imaging, 20(2):

023016–023016, 2011. 7

[79] Xiaosong Zhang, Yunjie Tian, Lingxi Xie, Wei Huang, Qi

Dai, Qixiang Ye, and Qi Tian. Hivit: A simpler and more

efficient design of hierarchical vision transformer. In ICLR,

2023. 3

[80] Weixi Zhao, Weiqiang Wang, and Yunjie Tian. Graformer:

Graph-oriented transformer for 3d pose estimation. In

CVPR, pages 20438–20447, 2022. 3

[81] Lei Zhu, Xinjiang Wang, Zhanghan Ke, Wayne Zhang, and

Rynson Lau. Biformer: Vision transformer with bi-level

routing attention. Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), 2023.

15

[82] Lianghui Zhu, Bencheng Liao, Qian Zhang, Xinlong Wang,

Wenyu Liu, and Xinggang Wang. Vision mamba: Efficient

visual representation learning with bidirectional state space

model. In Forty-first International Conference on Machine
Learning, 2024. 1, 2, 3, 6

9717



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


