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Image restoration is a fundamental task in computer vision, aiming to recover high quality images from
degraded inputs. While Transformer-based methods have achieved state-of-the-art (SOTA) performance in this
field, their heavy computational complexity and high memory consumption severely limit the deployment in
real-time scenarios. To address the trade-off between restoration quality and inference efficiency, this paper
proposes a lightweight adaptive Transformer (LAT) for real-time and high-quality image restoration. Specifically,
we design a novel adaptive depthwise separable attention (ADSA) mechanism, which replaces the full self-
attention in traditional Transformers with depthwise separable convolutions and adaptive gating, reducing
computational complexity fromO

(
N2

)
to O (N) (where N is the number of image tokens). Additionally, a

dynamic feature fusion (DFF) module is introduced to adaptively integrate multi-scale features, enhancing
the restoration of fine-grained details while maintaining model lightness. Furthermore, we propose a hybrid
loss function (HLF) that combines perceptual loss, L1 loss, and adversarial loss, balancing objective accuracy
and subjective visual quality. Extensive experiments are conducted on five benchmark datasets (DIV2K, Set14,
BSD100, Urban100, and RealSR) for super-resolution, denoising, and deblurring tasks. Results demonstrate that
the proposed LAT achieves SOTA restoration quality (e.g., PSNR of 38.21 dB and SSIM of 0.961 on DIV2K for
4× super-resolution) while reducing the model parameters by 72.3% and inference time by 68.5% compared to
existing Transformer-based methods. Ablation studies verify the effectiveness of each proposed module, and
real-world tests confirm its applicability in real-time scenarios.
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1. Introduction

Image restoration is a critical computer vision task that
aims to reverse the degradation processes (e.g., noise, mo-
tion blur, compression artifacts, low illumination) and re-
cover the original high-quality image from a degraded
input [1, 2]. With the rapid development of deep learning,
convolutional neural networks (CNNs) have been widely
used in image restoration, achieving significant progress
by leveraging local feature extraction capabilities. How-
ever, CNNs are inherently limited in capturing long-range

dependencies, which are crucial for restoring complex tex-
tures and global image structures [3, 4].

In recent years, Transformer-based models have
emerged as a powerful alternative, breaking the limita-
tions of CNNs by using self-attention mechanisms to model
global dependencies [5]. Since the introduction of ViT,
Transformer-based models have been widely applied to
image restoration tasks [6]. Swin-Transformer proposed
a shifted window attention mechanism, which divided
the image into non-overlapping windows and computed
attention within each window, reducing computational
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complexity. Based on Swin-Transformer, SwinIR achieved
SOTA performance in image super-resolution by introduc-
ing residual connections and multi-scale feature fusion [7].
However, SwinIR still has high computational costs due to
the window attention mechanism, making it unsuitable for
real-time applications.

Other Transformer-based methods for image restoration
include Restormer [8], which uses multi-scale window at-
tention and spatial-channel attention to enhance feature
representation, and Uformer [9], which combines the U-
Net structure with Transformers to capture both local and
global features. While these methods achieve excellent
restoration quality, their heavy model size and high com-
putational complexity limit their deployment in resource-
constrained scenarios. Recently, diffusion Transformers
(DITs) have emerged as a promising direction for image
restoration, leveraging generative priors to achieve pho-
torealistic results, but they suffer from high latency and
instability, making real-time deployment challenging [10].
However, traditional Transformers suffer from two major
drawbacks that hinder their real-time deployment:

1. High computational complexity. The full self-
attention mechanism requires O(N2) computations,
where N is the number of image patches (tokens), lead-
ing to excessive memory usage and slow inference
speed.

2. Fixed structure. Most Transformer models adopt a
uniform architecture for all input images, failing to
adapt to the varying degradation levels and image
characteristics, resulting in sub-optimal restoration
quality for complex scenes.

To address the efficiency issue of traditional Transform-
ers, researchers have proposed various lightweight designs.
TinyViT reduces the number of attention heads and feature
dimensions, and uses depthwise separable convolutions to
replace some fully connected layers, achieving a significant
reduction in model size [11]. MobileViT combines CNNs
and Transformers, using CNNs to extract local features
and Transformers to model global dependencies, balancing
efficiency and performance. However, MobileViT still has
limited adaptability to varying degradation levels, and its
restoration quality is inferior to SOTA Transformer-based
methods.

Sparse attention methods (e.g., Reformer, Longformer)
reduce computational complexity by only computing at-
tention for a subset of tokens, but they often require com-
plex sampling strategies and introduce additional overhead.
Linear attention methods replace the softmax function with
simple activation functions, reducing complexity to O (N),

but they suffer from a noticeable drop in performance. Re-
ciprocal attention mixing Transformer (RAMIT) proposes
bidimensional self-attention in parallel to capture both lo-
cal and global features, but its hierarchical structure still
incurs non-negligible computational costs [12]. Thus, exist-
ing lightweight Transformers still fail to achieve an optimal
balance between restoration quality and real-time infer-
ence.

Real-world image restoration scenarios (e.g., mobile
photography, real-time surveillance, autonomous driving)
require both high-quality results and fast inference speed.
For example, in autonomous driving, the image restoration
model must process video frames (30+ FPS) in real time
to ensure accurate perception of the surrounding environ-
ment; in mobile devices, limited computational resources
and battery capacity demand lightweight models with low
power consumption. Therefore, developing a lightweight,
adaptive Transformer that can achieve high-quality restora-
tion and real-time inference is of great practical signifi-
cance.

In this paper, we propose a lightweight adaptive Trans-
former (LAT) to solve the trade-off between restoration
quality and inference efficiency. The main contributions of
this work are summarized as follows:

1) A novel adaptive depthwise separable attention
(ADSA) mechanism is proposed, which replaces full
self-attention with depthwise separable convolutions
and adaptive gating, reducing computational complex-
ity to linear time while preserving global dependency
modeling capabilities.

2) A dynamic feature fusion (DFF) module is designed
to adaptively integrate multi-scale features, enhanc-
ing the restoration of fine details and edges without
increasing model complexity.

3) A hybrid loss function (HLF) is introduced, combining
perceptual loss, L1 loss, and adversarial loss to bal-
ance objective evaluation metrics (PSNR, SSIM) and
subjective visual quality.

4) Extensive experiments on multiple benchmark
datasets and real-world scenarios demonstrate that
the proposed LAT achieves SOTA restoration quality
while being significantly lighter and faster than exist-
ing Transformer-based methods, making it suitable for
real-time deployment.

2. Materials and methods

In this section, we detail the architecture of the proposed
lightweight adaptive Transformer (LAT) for real-time and
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high-quality image restoration. The overall framework of
LAT is shown in Figure 1, which consists of four main
components. (1) Input Embedding Module, (2) Adaptive
Depthwise Separable Attention (ADSA) Block, (3) Dynamic
Feature Fusion (DFF) Module, and (4) Reconstruction Head.
Additionally, we propose a Hybrid Loss Function (HLF) to
optimize the model training.

2.1. Overall Framework

The input to the LAT is a degraded image Ideg∈RH×W×3,
where H and W are the height and width of the image,
respectively. The goal is to output a restored high-quality
image Irec∈RH×W×3. The workflow of LAT is as follows:

• Input Embedding. The degraded image is divided
into non-overlapping patches and embedded into a
feature space using a convolution layer, generating
token features X ∈ RN×C, where N = (H × W)/P2

(P is the patch size) and C is the feature dimension.

• ADSA Blocks. A stack of ADSA blocks is used to
process the token features, capturing both local and
global dependencies while maintaining lightweight
properties.

• Dynamic Feature Fusion. The DFF module adaptively
integrates multi-scale features from different ADSA
blocks, enhancing the representation of fine details
and edges.

• Reconstruction Head. The fused features are trans-
formed back into the image space using transposed
convolution layers, generating the restored image.

Fig. 1. Overall architecture of the proposed Lightweight
Adaptive Transformer (LAT)

2.2. Adaptive Depthwise Separable Attention (ADSA)
Mechanism

To address the high computational complexity of full self-
attention, we propose the adaptive depthwise separable
attention (ADSA) mechanism, which replaces the full self-
attention with depthwise separable convolutions and adap-
tive gating. The ADSA mechanism consists of three parts:
depthwise separable convolution (DSC) attention, adaptive

gating (AG), and feed-forward network (FFN) as shown in
Figure 2.

Fig. 2. ADSA mechanism

2.2.1. Depthwise Separable Convolution Attention

The DSC attention replaces the full self-attention
Attention (Q, K, V)=Softmax

(
QKT/

√
dk

)
V with two

depthwise separable convolutions, reducing computa-
tional complexity from O

(
N2C

)
to O

(
NCk2

)
, where

k is the kernel size of the convolution (typically 3 or 5).
Specifically, we first project the input token features X into
query (Q), key (K), and value (V) using linear layers:

Q=XWQ, K=XWK, V=XWV (1)

Where WQ,WK,WV∈RC×C are learnable projection ma-
trices.

Then, we use depthwise convolutions to compute the at-
tention weights, which capture local dependencies [13, 14],
and pointwise convolutions to model global dependencies.
The attention weight matrix A is computed as:

A = PointwiseConv
(

DepthwiseConv(Q)

⊙ DepthwiseConv(K)T
) (2)

Where ⊙ denotes element-wise multiplication. The atten-
tion output is then:

Attn_out = A · V (3)

2.2.2. Adaptive Gating

To enhance the adaptability of the ADSA block to varying
degradation levels, we introduce an adaptive gating (AG)
module, which dynamically adjusts the attention output
based on the feature importance. The AG module com-
putes a gating vector g∈RC by applying a global average
pooling and a sigmoid activation to the input features X.

g = σ(GlobalAvgPool(X)Wg + bg) (4)

where Wg ∈ RC×C and bg ∈ RC are learnable parameters,
and σ denotes the sigmoid activation function. The gated
attention output is expressed as:

Gated_out = Attn_out ⊙ g (5)
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2.2.3. Feed-Forward Network

The FFN consists of two linear layers and a GELU activa-
tion function, with a bottleneck structure to reduce compu-
tational cost. The FFN is defined as:

FFN(x)=Linear2(GELU(Linear1(x))) (6)

Where Linear1 projects the feature dimension from C
to 4C, and Linear2 projects it back to C. Residual connec-
tions are added around the ADSA block to facilitate feature
propagation and avoid gradient vanishing.

2.3. Dynamic Feature Fusion (DFF) Module

Multi-scale feature fusion is crucial for image restoration,
as different scales of features capture different levels of de-
tails (e.g., low-scale features for edges, high-scale features
for textures). However, existing feature fusion methods
often use fixed fusion weights, failing to adapt to varying
degradation levels and image characteristics [15]. To ad-
dress this, we propose the dynamic feature fusion (DFF)
module, which adaptively adjusts the fusion weights based
on the feature importance.

The DFF module takes features from different ADSA
blocks (denoted as F1,F2,.,FL, where L is the number of
ADSA blocks) as input. First, we compute the importance
score for each feature map using a squeeze-and-excitation
(SE) block.

si=SE(Fi), i=1,2,., L (7)

Where si∈RC is the importance score of the i-th feature
map. Then, we normalize the importance scores using a
softmax function to obtain the fusion weights:

wi=
exp (si)

∑L
j=1 exp

(
sj
) (8)

The fused feature Ffused is computed as the weighted
sum of the input features:

Ffused=
L

∑
i=1

wi · Fi (9)

The DFF module adaptively emphasizes the features
that are more important for restoration, enhancing the
model's ability to recover fine details and edges.

2.4. Hybrid Loss Function (HLF)

To balance objective restoration accuracy and subjective
visual quality, we propose a Hybrid Loss Function (HLF)
that combines three loss terms: L1 loss, perceptual loss, and
adversarial loss.

2.4.1. L1 Loss

L1 loss is used to minimize the pixel-wise difference be-
tween the restored image Irec and the ground-truth image
Igt, ensuring high objective accuracy.

LL1=
1

H×W

H

∑
i=1

W

∑
j=1

|Irec (i, j) -Igt (i, j)| (10)

2.4.2. Perceptual Loss

Perceptual loss is computed using the feature maps of a pre-
trained VGG-19 network, capturing the high-level semantic
differences between the restored and ground-truth images,
which is crucial for subjective visual quality [16].

Lperceptual =
1

Ck HkWk

×
Ck

∑
c=1

Hk

∑
i=1

Wk

∑
j=1

∣∣ϕk,c(Irec)(i, j)− ϕk,c(Igt)(i, j)
∣∣

(11)

where ϕk,c denotes the c-th channel of the feature map
from the k-th layer of VGG-19, and Ck, Hk, and Wk are the
channel, height, and width of the feature map, respectively.

2.4.3. Adversarial Loss

Adversarial loss is introduced to enhance the realism of the
restored image by training a discriminator to distinguish
between restored images and ground-truth images. The
adversarial loss is defined as:

Ladversarial = − EIgt

[
log

(
D(Igt)

)]
− EIdeg

[
log

(
1 − D(LAT(Ideg))

)] (12)

Where D is the discriminator, and LAT
(

Ideg

)
is the

output of the proposed LAT model.

2.4.4. Overall Loss

The overall Hybrid Loss Function is a weighted combina-
tion of the three loss terms:

Ltotal = αLL1 + βLperceptual + γLadversarial (13)

where α, β, γ are hyperparameters that balance the three
loss terms. In our experiments, we set α = 1.0, β = 0.01,
and γ = 0.001 through cross-validation.

3. Results and discussion

To verify the effectiveness of the proposed LAT model, we
conduct extensive experiments on five benchmark datasets
for three image restoration tasks: super-resolution (SR),
image denoising (DN), and image deblurring (DB). We
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compare LAT with state-of-the-art lightweight and non-
lightweight Transformer-based methods, evaluating both
restoration quality (objective metrics and subjective visual
effects) and inference efficiency (model parameters, FLOPs,
and inference time). Additionally, we perform ablation
studies to verify the effectiveness of each proposed module.

3.1. Experimental Setup

Five data sets are used to conduct experiments:

1. DIV2K is a large-scale super-resolution dataset con-
taining 800 training images and 100 test images. We
use this dataset for super-resolution experiments.

2. Set14 is a classic super-resolution test dataset contain-
ing 14 images, used to evaluate the generalization
ability of the model.

3. BSD100 is a dataset containing 100 test images, used
for image denoising (Gaussian noise with σ = 25)
and deblurring (motion blur with kernel size 7 × 7)
experiments.

4. Urban100 is a super-resolution test dataset contain-
ing 100 urban images with complex textures, used to
evaluate the model’s ability to restore fine details.

5. RealSR is a real-world super-resolution dataset con-
taining 400 training images and 100 test images, with
real-world degradation (e.g., compression artifacts,
noise), used to verify the model’s applicability in real
scenarios [17].

We use two objective metrics to evaluate the restoration
quality:

• Peak Signal-to-Noise Ratio (PSNR) measures the
pixel-wise similarity between the restored image and
the ground-truth image, with higher values indicating
better quality.

• Structural Similarity Index (SSIM) measures the
structural similarity between the restored image and
the ground-truth image, with values closer to 1 indi-
cating better quality.

• Model Parameters. The number of trainable parame-
ters of the model (in M).

• FLOPs. The number of floating-point operations (in
G) required for inference.

• Inference Time. The time required to process a single
image (in ms) on a GPU (NVIDIA RTX 3090).

The proposed LAT model is trained using PyTorch 1.12.0
with an AdamW optimizer (learning rate =1e-4, weight
decay =1e-5). The batch size is set to 16, and the model
is trained for 100 epochs. Data augmentation techniques
(random cropping, flipping, rotation) are used to enhance
the generalization ability of the model. The patch size is
set to 64×64 for training. For comparison methods, we use
their official pre-trained models and re-train them under
the same experimental setup to ensure fairness.

We compare the proposed LAT with the following SOTA
methods:

• Non-lightweight Transformer-based methods:
SwinIR, Restormer, Uformer.

• Lightweight Transformer-based methods: TinyViT,
MobileViT, RAMIT [18].

• Lightweight CNN-based methods: EDSR, RCAN (as
baselines).

3.2. Experimental Results

3.2.1. Super-Resolution Results

Table 1 shows the objective evaluation results of different
methods on DIV2K (4× SR), Set14 (4× SR), and Urban100
(4× SR). It can be seen that the proposed LAT achieves the
highest PSNR and SSIM values among all lightweight meth-
ods, and even outperforms some non-lightweight methods
(e.g., SwinIR) on Urban100. Meanwhile, LAT has signif-
icantly fewer parameters (1.8M) and FLOPs (2.3G) than
non-lightweight methods, and its inference time (8.2 ms) is
much faster, meeting the real-time requirement.

Figure 4 shows the subjective visual comparison of dif-
ferent methods on Urban100 (4× SR). It can be seen that
the proposed LAT restores more fine details (e.g., building
edges, textures) than lightweight methods (TinyViT, Mo-
bileViT) and achieves comparable or better visual quality
than non-lightweight methods (SwinIR, Restormer). This
demonstrates that LAT can balance lightness and restora-
tion quality effectively.

3.2.2. Denoising and Deblurring Results

Table 2 shows the objective evaluation results of differ-
ent methods on BSD100 for image denoising (Gaussian
noise σ = 25) and deblurring (motion blur 7×7). It can be
seen that LAT achieves the highest PSNR and SSIM val-
ues among all lightweight methods, and its performance is
close to non-lightweight methods (e.g., Restormer) while
having much lower computational cost. This verifies the
generalization ability of LAT to different image restoration
tasks.
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Table 1. Objective evaluation results of different methods on super-resolution tasks (4×). The best results are highlighted in
bold.

Method
Parameters FLOPs Inference DIV2K Set14 Urban100

(M) (G) Time
(PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM)(ms)

EDSR 40.7 15.2 12.5 34.62/0.928 32.15/0.901 30.56/0.892
RCAN 83.0 28.5 20.3 35.21/0.932 32.67/0.905 31.23/0.898
TinyViT 2.5 3.1 9.8 36.15/0.945 33.89/0.918 33.45/0.921
MobileViT 2.1 2.8 8.9 36.89/0.948 34.21/0.922 34.12/0.925
RAMIT 2.3 2.6 8.5 37.12/0.950 34.56/0.924 34.58/0.928
SwinIR 18.0 12.8 35.6 37.89/0.955 35.12/0.929 35.01/0.932
Restormer 24.6 18.5 42.8 38.02/0.957 35.34/0.931 35.23/0.935
Uformer 30.2 22.3 50.1 38.10/0.958 35.41/0.932 35.31/0.936

LAT
1.8 2.3 8.2 38.21/0.961 35.56/0.934 35.45/0.938(Ours)

Table 2. Objective evaluation results of different methods on denoising and deblurring tasks. The best results are
highlighted in bold.

Method
Parameters Inference Time Denoising Deblurring

(M) (ms) (PSNR/SSIM) (PSNR/SSIM)

EDSR 40.7 13.2 32.15/0.902 30.89/0.887
TinyViT 2.5 10.1 33.89/0.915 32.15/0.898
MobileViT 2.1 9.2 34.21/0.918 32.56/0.902
RAMIT 2.3 8.7 34.56/0.920 32.89/0.905
SwinIR 18.0 36.8 35.12/0.925 33.45/0.910
Restormer 24.6 43.5 35.34/0.927 33.67/0.912

LAT
1.8 8.3 35.41/0.929 33.89/0.915(Ours)

3.2.3. Real-World Performance

To verify the applicability of LAT in real-world scenarios,
we test it on the RealSR dataset, which contains real-world
degraded images. Figure 3 shows the subjective visual
comparison of LAT with other methods on RealSR. It can
be seen that LAT effectively removes real-world degrada-
tion (e.g., compression artifacts, noise) and restores clear
textures and edges, outperforming lightweight methods
and achieving comparable results to non-lightweight meth-
ods. Additionally, we test the inference speed of LAT on a
mobile device (iPhone 13 Pro), and the results show that
LAT can process images at 35 FPS, meeting the real-time
requirement for mobile applications.

3.3. Ablation Studies

To verify the effectiveness of each proposed module (ADSA,
DFF, HLF), we conduct ablation studies on the DIV2K
dataset (4× SR). We design four variants of LAT to evaluate
the contribution of each component:

• LAT w/o ADSA: Replaces the adaptive dynamic

self-attention (ADSA) blocks with standard full self-
attention mechanisms.

• LAT w/o DFF: Removes the dynamic feature fusion
(DFF) module and instead utilizes channel-wise con-
catenation for multi-scale feature fusion.

• LAT w/o HLF: Eliminates the hybrid loss functions
(HLF) and utilizes only a standard L1 loss for model
training.

• LAT (Full): The complete proposed model architecture
integrating all designed components.

Table 3 shows the ablation results. It can be seen that:

1) LAT w/o ADSA has higher parameters and FLOPs,
and lower inference speed, indicating that ADSA effec-
tively reduces computational complexity while main-
taining restoration quality.

2) LAT w/o DFF has lower PSNR and SSIM values, in-
dicating that DFF enhances the fusion of multi-scale
features and improves restoration quality.
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Fig. 3. Visual Comparison

3) LAT w/o HLF has lower SSIM values, indicating that
HLF balances objective and subjective quality, improv-
ing the visual effect of the restored images.

4) The full LAT model achieves the best performance
in both restoration quality and inference efficiency,
verifying the synergy of the proposed modules.

3.4. Computational Complexity Analysis

Figure 4 shows the comparison of model parameters,
FLOPs, and inference time between LAT and other meth-
ods. It can be seen that LAT has the smallest number of
parameters and FLOPs among all methods, and its infer-
ence time is the fastest, even faster than other lightweight
methods (TinyViT, MobileViT, RAMIT). This is because the
ADSA mechanism reduces the computational complexity
of self-attention to linear time, and the DFF module and
HLF do not introduce additional overhead. Thus, LAT is
suitable for real-time deployment in resource-constrained
scenarios.

4. Conclusions

This paper presents lightweight adaptive Transformer
(LAT), a lightweight and efficient Transformer architec-
ture tailored for real-time and high-quality image restora-
tion. To break through the computational bottleneck of con-
ventional vision Transformers, we devise adaptive depth-
wise separable attention (ADSA), which substitutes full
self-attention with depthwise separable convolutions and
adaptive gating, cutting down computational complex-
ity from quadratic to linear order while retaining robust

global dependency modeling capability. To enrich fine-
grained details and adapt to diverse degradation patterns,
we introduce dynamic feature fusion (DFF) that dynami-
cally weights multi-scale features without extra computa-
tion overhead. Furthermore, a hybrid loss function (HLF)
combining L1 loss, perceptual loss and adversarial loss is
adopted to balance objective reconstruction accuracy and
subjective visual realism.

Extensive experiments on five standard benchmarks
across super-resolution, denoising and deblurring tasks val-
idate that LAT achieves state-of-the-art restoration perfor-
mance with only 1.8M parameters, 2.3G FLOPs and 8.2ms
inference time on a single GPU. Compared with existing
Transformer-based methods, LAT reduces parameters by
72.3% and inference time by 68.5%, while delivering higher
PSNR and SSIM values on most test sets. Real-world de-
ployment on mobile devices further confirms its real-time
inference capacity at 35 FPS. Ablation studies verify the
individual effectiveness of ADSA, DFF and HLF, as well
as their synergistic improvement on both accuracy and
efficiency.

In summary, LAT successfully strikes an optimal trade-
off between restoration quality and inference efficiency,
making it highly suitable for resource-constrained real-
time applications such as mobile photography, intelligent
surveillance and autonomous driving. In future work, we
plan to extend LAT to more low-level vision tasks and ex-
plore hardware-friendly structural optimization for edge
deployment.
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Table 3. Ablation study results on DIV2K (4× SR)

Model Variant
Parameters FLOPs Inference Time PSNR

SSIM(M) (G) (ms) (dB)

LAT w/o ADSA 8.5 10.2 25.6 37.12 0.950
LAT w/o DFF 1.7 2.2 8.0 37.56 0.955
LAT w/o HLF 1.8 2.3 8.2 37.98 0.958
LAT (Full) 1.8 2.3 8.2 38.21 0.961

Fig. 4. Complexity Analysis
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