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Abstract

Efficient transformer-based models have made remarkable
progress in image super-resolution (SR). Most of these works
mainly design elaborate structures to accelerate the inference
of the transformer, where all feature tokens are propagated
equally. However, they ignore the underlying characteristic
of image content, i.e., various image regions have distinct
restoration difficulties, especially for large images (2K-8K),
failing to achieve adaptive inference. In this work, we propose
an adaptive token sparsification transformer (AdaFormer) to
speed up the model inference for image SR. Specifically, a
texture-relevant sparse attention block with parallel global
and local branches is introduced, aiming to integrate informa-
tive tokens from the global view instead of only in fixed local
windows. Then, an early-exit strategy is designed to progres-
sively halt tokens according to the token importance. To es-
timate the plausibility of each token, we adopt a lightweight
confidence estimator, which is constrained by an uncertainty-
guided loss to obtain a binary halting mask about the tokens.
Experiments on large images have illustrated that our pro-
posal reduces nearly 90% latency against SwinIR on Test8K,
while maintaining a comparable performance.

Introduction
Single image super-resolution (SISR) aims to reconstruct
high-resolution (HR) images from the degraded low-
resolution (LR) counterparts. With the remarkable progress
of transformer on high-level vision tasks (Yin et al. 2022b;
Pang et al. 2023), a growing number of transformer-based
methods (Liang et al. 2021a; Cai et al. 2023) have emerged
for image SR, which significantly exceed the convolutional
neural network (CNN) based methods in performance by
mining the long-range pixel dependencies. However, most
of these methods are time-consuming with substantial com-
putational complexity. It is unbearable for intelligent devices
with image resolution reached 4K (4096× 2160) or even 8K
(7680 × 4320). Therefore, how to achieve efficient SR for
large images with lower computational complexity and in-
ference time is an urgent problem to be solved.

*These authors contributed equally.
†Corresponding authors.
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Figure 1: The SR result (4×) of AdaFormer. It visualizes
the token halted at different layers in yellow, green, and
brown masks. Compared with ELAN (Zhang et al. 2022),
our method achieves better PSNR with lower latency.

Recently, several efficient transformer-based SR meth-
ods have been proposed to reduce computational expenses.
SwinIR (Liang et al. 2021a) is the first efficient transformer
for image restoration, which introduces the local sliding
window mechanism and performs self-attention (SA) within
each window to speed up inference. ESRT (Lu et al. 2022)
designs a lightweight hybrid backbone, which reduces the
channel number of multi-head SA with a high-frequency fil-
ter module. Besides, ELAN (Zhang et al. 2022) employs
group-wise multi-scale SA with different local window sizes
and the shared-attention mechanism to save more compu-
tational costs. Although these methods have made some
progress in inference speed, there still exist two underlying
limitations. Firstly, they cannot achieve dynamic inference
once the model is trained, since all the tokens are propa-
gated without distinction and the relevance between recov-
ery degree and computational resources for different tokens
is ignored. Secondly, they mainly focus on designing the ef-
ficient window-based local SA, whereas the global edge and
texture information cannot be well captured due to the lim-
ited receptive field of fixed window size.

According to the fact that different image patches have
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various reconstruction difficulties (Kong et al. 2021), some
effective dynamic inference strategies for CNN-based mod-
els have been proposed (Xie et al. 2021; Wang et al. 2022),
while it is still undeveloped for transformer-based SR mod-
els. Meanwhile, the dynamic token selection in high-level
tasks (Fayyaz et al. 2021; Liang 2022; Yin et al. 2022b; Feng
and Zhang 2023) motivates us to explore the token sparsifi-
cation for efficient image SR. Note that these methods can-
not be directly applied to low-level tasks. They either rely on
the class token or introduce an extra scoring network to eval-
uate the token importance. However, image SR is a regres-
sion task, i.e., the output is pixel intensities, which lacks ex-
plicit semantic information and cannot provide direct guid-
ance for token exiting. Thus, how to dynamically select the
well-recovered tokens for SR is challenging.

To address the above issues, we propose an efficient
transformer with adaptive token sparsification (AdaFormer)
to speed up the inference on large images. Specifically, a
texture-relevant sparse attention block (TSAB) is first de-
signed, which includes a global cross-attention branch and
a standard local SA branch. The global branch aims to re-
trieve global edge or texture information, which makes up
for the limited receptive field of local windows. Then, a to-
ken early-exit strategy is introduced to dynamically filter out
the trivial tokens in the two branches. To evaluate the token
importance, a lightweight confidence estimator constrained
with an uncertainty-guided loss is adopted to obtain a pixel-
wise confidence map. Then, a binary halting mask is gen-
erated by accumulating the confidence score so as to adap-
tively halt the corresponding tokens. As shown in Fig. 1, we
present the visualization diagram of adaptive token halting
depth for our AdaFormer, where the image is divided into
different windows (SA calculation units) to match the cor-
responding tokens. It is observed that different layers are al-
located to tokens with various restoration difficulties. To the
best of our knowledge, this is the first work to investigate
the dynamic inference of the transformer with token-level
sparsification for image SR.

In summary, the main contributions are four-fold:

• An adaptive token sparsification transformer
(AdaFormer) is proposed for efficient image SR,
which introduces a texture-relevant sparse attention
block (TSAB) with a token early-exit strategy.

• TSAB is designed for integrating the global and local tex-
ture information, which aims to eliminate the limited re-
ceptive field of the standard local sliding window.

• The early-exit strategy is adopted to achieve dynamic in-
ference, where the token importance is evaluated via a
confidence estimator constrained by an uncertainty loss.

• Extensive experiments demonstrate that our AdaFormer
outperforms the state-of-the-art efficient transformer-
based SR methods with less inference time.

Related Work
Efficient CNN-based SR Methods

The CNN-based SR methods have revealed remarkable
progress, whereas most efficient models mainly rely on elab-

orate structure design. SRCNN (Dong et al. 2016) firstly
designs a three-layer CNN to learn the mapping relation
between the bicubic-upsampled LR image and the HR im-
age. IMDN (Hui et al. 2019) designs information multi-
distillation blocks to capture multi-level features by enlarg-
ing the receptive field. RFDN (Liu, Tang, and Wu 2020)
and RLFN (Kong et al. 2022) propose the feature distil-
lation connection and residual local feature learning for
lightweight SR. LatticeNet (Luo et al. 2023) proposes a lat-
tice block to assemble pair-wise residual blocks by learn-
able combination coefficients. EDTS (Chao et al. 2023)
transforms time-consuming operations and speeds up the in-
ference without damaging reconstruction accuracy. Though
these models have obtained excellent results, the perfor-
mance is still restricted by the local property of the convolu-
tion operation and the equal treatment of spatial features.

Efficient Transformer-based SR Methods

Transformer has emerged promising potential in computer
vision (Cai et al. 2023; Hsu, Liao, and Huang 2023). IPT
(Chen et al. 2021) is a backbone model based on the standard
transformer for various low-level tasks and is pre-trained on
large-scale datasets with abundant computational resources.
SwinIR (Liang et al. 2021a) utilizes multiple swin trans-
former blocks with local attention and shifted-window inter-
action to generate excellent results. ESRT (Lu et al. 2022)
designs a hybrid model including a lightweight CNN back-
bone with a high preserving block and a lightweight trans-
former backbone with a folding technique to reduce the
channel numbers. ELAN (Zhang et al. 2022) excavates the
long-range image dependency by calculating SA with differ-
ent window sizes on non-overlapping feature groups. GRL-
B (Li et al. 2023) models feature hierarchies within the re-
gional, local and global range by the window-based SA,
channel attention enhanced convolution operation and an-
chored stripe SA. N-Gram (Choi, Lee, and Yang 2023) in-
troduces the N-Gram context to enlarge the receptive field
for restoring the degraded pixel via the sliding-WSA. How-
ever, these methods only focus on how to design efficient SA
structures. Here, we propose a token early-exit mechanism
to accelerate inference by the recovery degree of each token.

Adaptive Inference in Visual Transformers

Dynamic inference in vision transformers for high-level
tasks has been widely explored, which can be classified as
hard pruning and soft pruning. The hard pruning approaches
aim to filter out the trivial tokens by a predefined scoring
mechanism. DynamicViT (Rao et al. 2021) and AdaViT
(Meng et al. 2022) introduce additional predictive networks
to score tokens. Evo-ViT (Xu et al. 2022), ATS (Fayyaz et al.
2021), and EViT (Liang 2022) use the class tokens to assess
other token importance. However, it is difficult to achieve
accurate scoring so as to suffer from a significant drop in
accuracy. The soft pruning method generates new tokens
from image tokens via introducing additional attention mod-
els (Ryoo et al. 2021). Various attempts have been made in
high-level tasks, whereas few discuss them for low-level.

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

4010



C
onv

U
psam

ple

.........

Ada

T
SA

B...

LR SR

......

HR|SR-HR|Confidence
Map

Encoder Decoder

C
onv

C
onv

Confidence Estimator

T
SA

B

T
SA

B

C
onv

......

S

K,V

Q
K,V

TSAB
Q,K,VInput

Linear

M
L

P

Confidence Estimator

Prototype

Figure 2: The overall framework of the proposed AdaFormer. It includes an Encoder, an Adaptive token sparsification Module
(AdaM) with the token early-exit strategy, a Decoder, and an Upsampling module. AdaM mainly consists of L texture-relevant
sparse attention blocks (TSAB), which combine a local self-attention (SA) branch with a global cross-attention (CA) branch.
The confidence estimator aims to measure the token importance and provide the halting indication.

Proposed Method
Network Architecture

Overview. In Fig. 2, AdaFormer includes an Encoder, an
Adaptive token sparsification Module (AdaM), a Decoder,
and an Upsampling module. Let’s denote the LR image as
Ilr ∈ RH×W×3, where H and W are the height and width.
First, Ilr is fed into the Encoder Hef consisting of several
residual blocks to extract the local context feature Fef :

Fef = Hef (Ilr) ∈ RH×W×C , (1)
where C is the number of feature channels. Then, AdaM
(HAdaM ) is employed to adaptively mine the global and lo-
cal similarity dependence among Fef :

Fgf = HAdaM (Fef ) ∈ RH×W×C . (2)
Next, Fgf is input to the Decoder Hdf , which includes

several residual blocks to further enhance local information:
Fdf = Hdf (Fgf ) ∈ RH×W×C . (3)

Finally, Fdf is fed to the Upsampling module Hup with
pixel shffule (Shi et al. 2016) to obtain the SR output:

Isr = Hup(Fdf ). (4)
By integrating the convolution-based encoder and de-

coder with the transformer, the advantages of local infor-
mation extraction and global context modeling can be suffi-
ciently exploited so as to enhance model representation.
Adaptive token sparsification module. AdaM consists of
texture-relevant sparse attention blocks (TSAB) and convo-
lutional layers. Given the input feature Fef from the En-
coder, we first tokenize it by a 1× 1 convolutional layer:

T 0 = Hconv(Fef ) ∈ RH×W×D. (5)
where D is the embedding dimension. Then, we excavate

local and global texture dependencies by L TSABs Htsab:
T l = Htsab(T

l−1), l = 1, 2, ..., L, (6)
Finally, a 1× 1 convolutional layer is adopted to align the

feature dimension and obtain the output Fgf :
Fgf = Hconv(T

L). (7)
Texture-relevant sparse attention block. The existing
transformer-based SR works adopt the window based self-
attention (SA) as the basic component. However, they can-
not effectively aggregate global information since SA is cal-
culated within limited local range. To address this, we design
TSAB, which introduces a global cross-attention branch par-
allel with the local SA branch. It aims to mine effective in-
formation within local windows and global dependencies.

Given the input tokens T l ∈ RH×W×D from the l-th
TSAB, we feed them into the local and global branches.
Note that the token early-exit strategy is performed on T l

to get the local tokens T l
local and global tokens T l

global.
(1) Local self-attention branch. Similar to SwinIR (Liang

et al. 2021b), we adopt the standard window-based SA for
the local branch. The local tokens T l

local ∈ R
HW
S2 ×S2×D

consist of HW
S2 windows, which are obtained by partition-

ing T l into non-overlapped S × S local windows. Then, SA
is performed within each local window feature X ∈ RS2×D

to get the enhanced feature T̂ l
local:

Ql = WqlX,Kl = WklX,Vl = WvlX, (8)

T̂ l
local = SoftMax(QlK

T
l /
√
d)Vl, (9)

where Ql, Kl and Vl are generated by linear projections with
matrix Wql, Wkl and Wvl, respectively.

(2) Global cross-attention branch. The global branch is

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

4011



Confidence
Estimator

Adaptive Token Exit 

. . . 
Adaptive

Token
Exit

Layer L

TSABTSAB

???

HBM:

split mean

Adaptive Token Exit

Local halting mask generation

Confidence
Estimator

CM: 
HSM:

CM: 
HSM:

??

HBM:

???

Figure 3: The pipeline of the token early-exit strategy. The confidence map (CM) Cl is measured for the input tokens T l from
the l-th layer. Then, a halting score map (HSM) Rl is calculated by accumulating the confidence map to generate a halting
binary mask (HBM) M l. Finally, with the guide of M l, only the kept tokens will participate in the attention calculation.

adopted to remedy the limited receptive field of the local
SA branch. Inspired by (Yin et al. 2022a), we introduce the
texture-relevant prototype P ∈ RM×D as the query to re-
trieve the global edge and texture, which is initialized as 1
and learns M texture-shared prototypes as seed vectors. It
acts as the role of class token in image classification, which
represents the global attention of the image by weight allo-
cation to other tokens to some extent. Therefore, the cross-
attention (CA) between the texture-relevant prototype P and
the global tokens T l

global is calculated as:

Qp = WqpP,Kg = WkgT
l
global, Vg = WvgT

l
global, (10)

P̂ = SoftMax(QpK
T
g /
√
d)Vg, (11)

where P̂ is the learned informative prototype, Qp ∈ RM×D

and Kg, Vg ∈ RHW×D are the query, key and value tensors,
projected by learnable linear matrix Wqp, Wkg and Wvg .
Next, we aggregate informative texture by performing cross-
attention between the global tokens T l

global with P̂ :

Qg = WqgT
l
global,Kp = WkpP̂ , Vp = WvpP̂ , (12)

T̂ l
global = SoftMax(QgK

T
p /
√
d)Vp, (13)

where Wqg , Wkp and Wvp are learnable matrices. Finally,
we project the element-wise sum of these extracted local and
global features by a multi-layer perception (MLP) to obtain
the output of the l-th TSAB as:

T l+1 = MLP(T̂ l
local + T̂ l

global) ∈ RH×W×D, (14)
where MLP follows a standard structure composed of 1× 1
convolution, GLUE, and 1× 1 convolution layers.

Token Early-Exit Strategy
Inspired by the dynamic inference in high-level tasks (Yin
et al. 2022b; Liang 2022), we propose a token early-exit
strategy to speed up the model inference. The whole pipeline
is depicted in Fig. 3. The core idea is to adaptively halt
the SA calculation of well-recovered tokens as the network
depth increases. Unlike image classification where the im-
portance of each token depends on its contribution to the
classified result, the main challenge for image SR is how to
provide accurate halting signals.

Specifically, we adopt a confidence estimator to calculate

the token importance, which indicates the recovery degree
of tokens in the TSAB. The higher the confidence, the better
the recovery effect. In order to halt tokens at different depths,
the confidence map is progressively accumulated to obtain
the halting score map, thus generating a binary halting mask
to indicate whether the current token should exit or not.
Confidence estimation. Given the intermediate tokens T l ∈
RH×W×D from the l-th TSAB, the confidence map Cl ∈
RH×W×1 for T l is measured by a weight-shared lightweight
confidence estimator, which consists of Conv-Tanh-Conv-
Sigmoid layers, i.e.,

Cl = Sigmoid(Conv(Tanh(Conv(T l)))). (15)
where Conv denotes a 3× 3 convolutional layer.

Inspired by (Ning et al. 2021), we adopt aleatoric uncer-
tainty to perform confidence estimation, which aims to trans-
form texture and edge pixels with high uncertainty into low-
confidence representations, and flat regions with low un-
certainty into high-confidence representations. Specifically,
given the LR image Ilr and the corresponding HR image
Ihr and the SR image Isr, the aleatoric uncertainty can be
modeled with an additional parameter term θ. In order to
accurately estimate θ, Laplace distribution is used to model
the Likelihood Function, which can be formulated as:

ln p (Ihr,θ | Ilr) = −
∥Ihr − Isr∥1

θ
− lnθ − ln 2. (16)

To transform the uncertainty estimation into the confi-
dence estimation, we model θ = 1

(Cl)↑ , where the bilinear
interpolation (·) ↑ is adopted to upsample Cl to align the
size with Ihr. Then, Eq. (16) can be reformulated as:

LUSL =
L∑

l=1

(Cl ∥Ihr − Isr∥1 + log
1

(Cl + ϵ)
), (17)

where ϵ = 1e−8 is a small constant for stable training. By
the confidence estimation about the recovery credibility of
each token, the tokens with high enough confidence can be
halted in the current layer to reduce inference time.
Sparse attention with halting mask. Here, we present how
to calculate the sparse attention in the local and global
branches of the TSAB with dynamic token selection. To
achieve this, we first calculate the halting score map Rl ∈
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RH×W×1 by accumulating Cl layer by layer:
Rl = Rl−1 + Cl−1. (18)

When Rl exceeds some threshold, we can obtain a halting
mask to indicate whether the tokens should halt.

In the local SA branch, the local halting mask Mloc is
generated to progressively reduce well-recovered patch win-
dows. As depicted in the upper right corner of Fig. 3, we
partition the halting score map Rl ∈ RH×W×1 into non-
overlapping windows with the size of HW

S2 × S2 × 1, and
calculate the mean value within each window to obtain Rl

loc.
Then, Mloc can be obtained by:

Mloc =

{
0 if Rl

loc ≤ 1− ϵh,

1 if Rl
loc ≥ 1− ϵh,

(19)

where ϵh is a small positive constant. The local window with
Mloc = 1 will be halted for the next attention calculation.
Therefore, the input token T l

local for the local branch is:
T l
local ← T l ⊙ (1−Mloc). (20)

Next, the SA calculation within each kept window is per-
formed as Eq. (8) and Eq. (9) to obtain T̂ l

local during the
inference and the number of local tokens entered in TSAB
is less than HW/S2. And then we reshape T̂ l

local and Mloc

back to the size of H ×W ×D and H ×W × 1, respec-
tively. The original input value of halted windows are added,
so the output of the local branch is represented as:

T̂ l
local ← T̂ l

local ⊙ (1−Mloc) + T l ⊙Mloc. (21)
In the global CA branch, the global halting mask Mglo is

calculated for each spatial position as follows:

Mglo =

{
0 if Rl ≤ 1− ϵh,

1 if Rl ≥ 1− ϵh,
∈ RH×W×1 (22)

When M ij
glo = 1, it means that the token in the position (i, j)

is credible enough to be halted. Conversely, it will be fed to
the next processing. With the guide of Mglo, the kept tokens
T l
global are selected from T l with Mglo = 0 as:

T l
global ← T l ⊙ (1−Mglo). (23)

Then, T l
global is flattened to RHW×D to calculate CA as

Eq. (13). Finally, T̂global and Mglo are reshaped to the origi-
nal dimensions RH×W×D and RH×W×1, and add the orig-
inal halt tokens to get the output of the global branch:

T̂ l
global ← T̂ l

global ⊙ (1−Mglo) + T l ⊙Mglo. (24)

Training Objective
Our AdaFormer adopts the commonly used L1 loss and the
uncertainty loss in Eq. (17) as the training objective, i.e.,

L = L1 + αLUSL, (25)
where α is a regularization coefficient, empirically set as 1.

Experiments
Experimental Setup

Datasets. We use DIV2K (Timofte et al. 2017) (0001-0800)
as the training dataset and evaluate our model on 100 images
(0801-0900) of DIV2K. Following ClassSR (Kong et al.
2021), the model is tested on 300 images (1201-1500) from

the DIV8K (Gu et al. 2019) for 4× SR, which consists of
Test2K, Test4K, and Test8K. The LR images are captured
by bicubic downsampling to HR images. To further illustrate
the effectiveness and robustness of our proposal, we also test
on four SR benchmarks: Set5, Set14, B100 and Urban100.
Implementation details. The hyperparameters of
AdaFormer are set as: the number of residual blocks
in the Encoder and Decoder is 8; the number of TSABs L is
6; the number of feature channels C is 64, the embedding
dimension D is 64, ϵh is 0.05 and M is 16. Following
SwinIR, the window size S in the local branch of TSAB
is 8. During training, we randomly crop 16 LR patches
with the size of 48 × 48 as the input, which are further
augmented by randomly rotated with 90◦, 180◦, 270◦ and
flipped horizontally. ADAM optimizer with β1 = 0.9,
β2 = 0.999 and ϵ = 10−8 is adopted to train the model.
The learning rate is initialized as 2 × 10−4 and decreased
by half every 200 epochs. We implement our model using
PyTorch on 1 NVIDIA 2080Ti GPU and train for 1000
epochs in total. PSNR and SSIM are adopted as objective
metrics, which are measured on the Y channel of YCbCr
space. Besides, we present the inference time (Latency) and
FLOPs to measure the model complexity, which are both
measured by averaging each benchmark.

Comparisons with the State-of-arts
Quantitative results. To demonstrate the effectiveness of
AdaFormer, we first compare with state-of-the-art effi-
cient transformer-based SR models, including SwinIR-light
(Liang et al. 2021a), ELAN-light (Zhang et al. 2022) and N-
Gram (Choi, Lee, and Yang 2023) on large images for 4×
SR. In Tab. 1, it is observed that AdaFormer obtains compa-
rable performance with less latency. Especially, it reduces
281ms latency and gains 0.05dB improvement in PSNR
when compared with ELAN-light on Test8K. Meanwhile,
we compare with several efficient CNN-based SR methods
on four standard benchmarks in Tab. 2, i.e., IMDN (Hui et al.
2019), RFDN (Liu, Tang, and Wu 2020), RLFN (Kong et al.
2022), LAPAR-A (Li et al. 2020), and ETDS (Chao et al.
2023). Compared with CNN-based methods, transformer-
based methods perform much better in accuracy, while infe-
rior in latency. Compared with transformer-based methods,
AdaFormer has obvious superiority in latency time, which
is nearly 1.22× faster than ELAN-light with comparable re-
sults on B100. Our method unites the advantages of trans-
former and CNN, balancing latency and accuracy well.
Qualitative results. The visual comparisons on Test2K and
Test4K datasets are presented in Fig. 5. For “1215” in
Test2K, our AdaFormer recovers more clear edge and tex-
ture details than ELAN-light and SwinIR-light. Especially,
our AdaFormer obtains a clear boundary between leaves and
branches. For “1318” in Test4K, our AdaFormer also obtains
more favorable results on the building texture than other
methods. Therefore, the proposed AdaFormer has the supe-
riority of capturing better structural information.
The sparsity of halting mask. As shown in Fig. 4, we an-
alyze the sparsity (the percentage of halted tokens to all to-
kens) of the global and local halting masks on Test4K and
Set14 datasets. It shows that the sparsity gradually increases
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Model DIV2K Test2K Test4K Test8K
PSNR SSIM Latency(ms) PSNR SSIM Latency(ms) PSNR SSIM Latency(ms) PSNR SSIM Latency(ms)

SwinIR-light 30.60 0.8427 934.96 27.69 0.7786 466.48 29.11 0.8249 2103.71 35.04 0.8969 11766.19
ELAN-light 30.60 0.8417 147.26 27.69 0.7778 82.61 29.12 0.8246 300.31 35.08 0.8970 1636.38
N-Gram 30.60 0.8418 345. 27.70 0.7780 508.15 29.10 0.8245 1908.14 35.08 0.8971 3441.76
AdaFormer (ours) 30.63 0.8424 112.35 27.70 0.7782 71.99 29.15 0.8252 257.94 35.13 0.8974 1355.34

Table 1: The quantitative (PSNR(dB)/SSIM) and latency (ms) comparisons with different efficient transformer-based SR models
on DIV2K, Test2K, Test4K, and Test8K for 4× SR. The best and second best results are highlighted in bold and underline.

Method Set5 Set14 B100 Urban100
PSNR SSIM Latency(ms) PSNR SSIM Latency(ms) PSNR SSIM Latency(ms) PSNR SSIM Latency(ms)

IMDN 32.21 0.9605 8.40 28.58 0.7811 8.78 27.56 0.7353 6.92 26.04 0.7838 12.22
LAPAR-A 32.15 0.8944 12.28 28.61 0.7818 17.75 27.61 0.766 12.89 26.14 0.7871 37.14
RFDN 32.28 0.8957 44.22 28.61 0.7818 19.55 27.58 0.7363 17.96 26.20 0.7883 29.55
RLFN 32.24 0.8952 - 28.62 0.7813 - 27.60 0.7364 - 26.17 0.7877 -
ETDS 31.69 0.8889 11.19 28.31 0.7751 11.39 27.37 0.7302 13.22 25.47 0.7643 8.49
SwinIR-light 32.44 0.8976 54.41 28.77 0.7858 79.83 27.69 0.7406 64.02 26.47 0.7980 202.21
ESRT 32.19 0.8947 22.75 28.69 0.7833 26.60 27.69 0.7379 21.54 26.39 0.7962 88.22
ELAN-light 32.43 0.8975 36.06 28.78 0.7858 29.52 27.69 0.7406 27.06 26.54 0.7982 59.11
N-Gram 32.33 0.8963 82.76 28.78 0.7859 116.05 27.66 0.7396 96.26 26.45 0.7963 238.51
AdaFormer (ours) 32.43 0.8974 22.28 28.80 0.7858 25.28 27.70 0.7407 20.87 26.48 0.7982 55.05

Table 2: The quantitative (PSNR(dB)/SSIM) and latency (ms) comparisons with different efficient SR models on benchmark
datasets for 4× SR. The best and second best results are highlighted in bold and underline.

Figure 4: The sparsity of the global and local halting masks
of TSAB for different depths on Test4K and Set14.

as the number of TSAB increases. Especially, the sparsity
on Test4K is almost 90% in the last TSAB. Therefore, it
demonstrates that our adaptive token-exit strategy reduces
latency and computational costs substantially.
Visualization of confidence map and halting mask. We vi-
sualize the learned confidence map and the halting mask on
Test4K in Fig. 6. Remarkably, our method adaptively halts
tokens according to different restoration difficulties. For flat
regions, plenty of the tokens are halted in the early stage to
speed up the inference, while for regions with more com-
plicated textures and edges, the model tends to keep the to-
kens restored until they reach the required confidence score.
Therefore, it demonstrates the reliability of the exit signals
guided by the uncertainty constraint.

Ablation Study

The ablation analysis includes the local and global branches
and the early-exit strategy. Note that all SR models in the
ablation are trained for 400 epochs and tested on Test4K.
Break-down ablation. As shown in Tab. 3, we perform an
ablation to investigate the effect of different components in
AdaFormer, which includes the following variants: Case 1:
following SwinIR (Liang et al. 2021a), we adopt the local
branch as the baseline model, which calculates the SA in a
local sliding window. It obtains 29.03dB on Test4K. Case
2: introducing the global CA branch based on the baseline
model. It gains by 0.03dB with 42G FLOPs and 92ms la-
tency increase. This means that the global CA branch can
lead to an increase in performance, FLOPs, and latency.
Case 3: adopting the early-exit strategy on Case 2 with the
local halting mask. The FLOPs and latency are reduced by
10G and 72ms with comparable performance. Case 4: ap-
plying the early-exit strategy on both branches. The Flops
and latency are further reduced by 63G and 77ms, while the
performance is slightly improved by 0.06dB. It also shows
that the token early-exit strategy reduces FLOPs and infer-
ence time. Meanwhile, it alleviates the overfitting problem
and unnecessary noise by performing attention calculations
on the informative tokens Therefore, our method strikes an
excellent tradeoff between latency and accuracy.
Early-exit strategy comparison. To validate the effective-
ness of our token early-exit strategy, we compare it with
several other halting strategies as shown in Tab. 4. 1) Com-
parison to uniform-exit and random-exit. We first compare
with uniform-exit and random-exit strategies. It is observed
that our strategy obtains 0.32dB and 0.25dB improvement
in PSNR with lower FLOPs and inference time. 2) Com-
parison to A-Vit. Following the exit strategy of A-Vit (Yin
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Figure 5: Visual comparisons with the state-of-the-art methods on Test2K and Test4K for 4× SR. Zoom in for a better view.

‘1376’ from Test4K Global Mask from Layer.1 Global Mask from Layer.6

Confidence Map from Layer.6 Local Mask from Layer.1 Local Mask from Layer.6

Figure 6: Visualization of the confidence map (left bottom) and binary halting mask (right) for the original image (left upper). In
the confidence map, light/dark color represents a higher/lower confidence score requiring less/more computation. In the halting
mask, the halting pixel/patch is represented by the white color. Please zoom in for a better view.

Case TSAB Early-exit Test4K
LB GB LM GM FLOPs(G) Latency(ms) PSNR(dB)

1 ✓ 654.25 314.98 29.03
2 ✓ ✓ 696.08 406.83 29.06
3 ✓ ✓ ✓ 686.83 334.69 29.04
4 ✓ ✓ ✓ ✓ 623.51 257.94 29.10

Table 3: Ablation study of the proposed AdaFormer on
Test4K dataset for 4× SR.

Early-Exit Strategy PSNR (dB) Latency(ms) FLOPs (G)
Uniform Exit 28.78 310.01 671.78
Random Exit 28.85 238.10 653.67
A-Vit 28.81 374.87 648.52
APE 29.10 499.45 664.92
WU estimator 29.09 279.92 666.44
WS estimator 29.10 267.24 623.51

Table 4: Quantitative comparisons of different early-exit
strategies on Test4K for 4× SR.

et al. 2022b), we adopt the ponder loss to encourage early
exit and regularize the halting distribution towards Gaussian
distribution using KL divergence. It suffers a 0.29dB drop
in PSNR with higher latency and FLOPs compared to our
method. The reason is that A-Vit is designed for image clas-
sification task, which adopts predefined prior knowledge to
constrain the token halting distribution to Gaussian distribu-
tion. Since objects in classification tasks are mainly concen-

trated in the image center, it is consistent with the fact that
most samples in ImageNet are centered. However, image SR
is more concerned with the image texture than the central
object, so it is unreasonable to use predefined priors for the
constraints. 3) Comparison to APE. APE (Wang et al. 2022)
introduces an incremental capacity measured by PSNR for
CNN-based methods to judge whether the patch should exit
or not. We apply the incremental capacity as an exit signal
to train the transformer-based SR model. It shows that our
proposal reduces the inference time by nearly 50% with sim-
ilar performance. Besides, we compare weight-shared (WS)
and weight-unshared (WU) confidence estimators , showing
that the shared-weight estimator performs better with less
latency. Therefore, it demonstrates that our adaptive token
early-exit strategy is superior in performance and efficiency.

Conclusion
In this paper, we propose an adaptive token sparsification
module with an early-exit strategy to accelerate the infer-
ence of the transformer for image SR. The key idea is using
a confidence estimator constrained by an uncertainty-driven
loss to obtain the binary halting mask, which provides a halt-
ing signal for each token to indicate its recovery importance.
Besides, a texture-relevant sparse attention block is designed
for local and global texture information interaction. Exten-
sive experimental results show that our proposal outper-
forms the mainstream efficient transformer-based methods
in less latency with comparable performance.
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