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Abstract

Transformer-based image deblurring methods have achieved remarkable results. Currently, most
existing Transformer-based image restoration approaches adopt a design pattern of self-attention
and feed-forward networks for their internal modules. To reduce the substantial computational
overhead and time costs associated with such designs, this paper proposes a deep sparse gated self-
attention solver capable of simultaneously integrating spatial and channel features. By employing
Top-k sparse selection and ReLU? sparse activation, this method transforms attention into a deep
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sparse form, effectively eliminating redundant representations caused by token-wise global inter-
actions while enhancing channel feature fusion capabilities. Furthermore, this paper designs a dis-
criminative frequency-domain gating module to adaptively preserve and enhance features benefi-
cial for image restoration, thereby further improving spatial feature fusion. The neural network
composed of these fundamental modules achieves state-of-the-art results on the GoPro benchmark
dataset.
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Figure 1. The neural network architecture. (a) The overall architecture of the deep sparse gated transformer. (b) Deep sparse
gated attention. (c) Dynamic Top-k sparse attention scores. (d) Discriminative frequency-domain gated block. (e) Symbol
explanation
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Table 1. Comparison of quantitative evaluations for different methods on the GoPro dataset
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FRR TR I#J PSNR I3 SSIM BRZHE (M)
MPRNet (CVPR 2021) 32.66 0.959 20.1
Restormer (CVPR 2022) 32.92 0.961 26.1
Stripformer (ECCV 2022) 33.08 0.962 19.7
ConvIR (TPAMI 2024) 33.28 0.963 14.83
MB-TaylorFormer-V2 (TPAMI 2025) 33.24 0.963 7.29
DSGformer (A3 5 15) 33.72 0.966 15.57
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Figure 2. The visual comparison examples from the GoPro dataset
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Table 2. Effectiveness analysis of the proposed modules in the target model on the RealBlur-J dataset
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