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1 DATASETS AND EXPERIMENTAL DETAILS
In this section, we elaborate on the datasets and training settings
utilized for five image restoration tasks. A summary of the datasets
is presented in Table 1.

1.1 Image Motion Deblurring
In line with established methodologies [4, 12], we utilize the Go-
Pro [8] dataset to train our ALGNet. To assess the generalization
capability of ALGNet, we evaluate our GoPro-trainedmodel directly
on the test sets of the HIDE [10] and RealBlur [9] datasets. While
both the GoPro and HIDE datasets are synthetically generated,
the RealBlur dataset consists of image pairs captured under real-
world conditions. This dataset comprises two subsets: (1) RealBlur-J,
which obtained as camera JPEG outputs, and (2) RealBlur-R, gener-
ated offline by applying white balance, demosaicking, and denoising
operations to RAW images. Each subset comprises 980 images. We
adopt the training strategy outlined in MPRNet [12].

1.2 Single-Image Defocus Deblurring
Following the methodology of previous approaches [2, 11], we
employ the recently introduced dataset DPDD [1] for evaluation
purposes. The training strategy follows that of IRNext [3].

2 MORE ABLATION STUDIES
We provide more ablation studies on the GoPro dataset [8].

2.1 Loss function
To investigate the influence of the loss function, we conduct experi-
ments by varying the combination of loss functions. The results are
summarized in Table 2. In our baseline, we use the L1 loss. However,
when employing the proposed loss function (L), we achieve optimal
results, with a 0.17 dB improvement over using only the L1 loss.

2.2 Multi-input and Multi-output
To assess the impact of multi-scale input and output on the exper-
imental results, we compared them with single-input and single-
output configurations, as shown in Table 3. The use of multi-input
and multi-output resulted in a 0.12 dB improvement. Additionally,
we observed that the training process was more stable when em-
ploying the multi-input and multi-output mode.

3 VISUALIZATION
To demonstrate the effectiveness of our FA, we visualize intermedi-
ate feature maps by plotting the resulting feature maps of ALGBlock
for models with and without FA in Figure 1. It is evident that when
equipped with FA, the model recovers more image details compared
to the model without FA.

Table 1: Dataset description for various image deblurring.

Tasks Datasets Train Samples Test Samples

Motion Deblurring
GoPro [8] 2130 1111
HIDE [10] 0 2025
RealBlur [9] 0 1960

Defocus Deblurring DDPD [1] 350 76

Table 2: The impact of loss function.

𝐿𝑐ℎ𝑎𝑟 𝐿𝑓 𝑟𝑒𝑞 𝐿𝑒𝑑𝑔𝑒 PSNR
✘ ✘ ✘ 33.32
✔ ✘ ✘ 33.38
✔ ✔ ✘ 33.45
✔ ✔ ✔ 33.49

Table 3: The impact of multi-input and multi-output.

Multi-input and Multi-output PSNR
✘ 33.37
✔ 33.49

4 ADDITIONAL VISUAL RESULTS
In this part, we provide additional visual results with state-of-the-art
methods to demonstrate the effectiveness of the proposed method,
organized as follows:

Image motion deblurring: Figure 2 3 4.
Single-image defocus deblurring: Figure 5.
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Figure 1: Visualization of intermediate feature maps of models with and without FA.
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MambaIR [6], and our ALGNet.
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Figure 3: Comparison of imagemotion deblurring on theHIDE dataset [10] amongMRLPFNet [5], Restormer [11], FFTformer [7],
MambaIR [6], and our ALGNet.

Figure 4: Comparison of image motion deblurring on the RealBlur dataset [9] among MRLPFNet [5], Restormer [11], FFT-
former [7], MambaIR [6], and our ALGNet.
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Figure 5: Comparison of single-image defocus deblurring on theDDPDdataset [1] among SFNet [4], Restormer [11],MambaIR [6],
and our ALGNet.
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