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1 Addtional Details

This section primarily provides additional implementation details not covered in
the main text, including low-cost degradation synthesis (in Sec. 1.1) and details
of mask attribute conductance (MAC) analysis (in Sec. 1.2).

1.1 Low-Cost degradation synthesis

Low-cost degradation refers to degradations that can be easily synthesized. In
our experimental setup, three types of low-cost degradations were involved: noise,
kernel blur, and JPEG artifact. We obtained paired data for these three degra-
dations through online synthesis during the training time. Here, we provide ad-
ditional details on the specific synthesis process for each type of degradation.
Gaussian Noise. We randomly sample gaussian noise N from the gaussian
distribution N (0, σ2). Subsequently, we add this Gaussian noise N to the original
image I to obtain a noisy image IN . To ensure data correctness, we truncate
values that fall outside the data range:

IN = Clip(I +N) (1)

Here Clip(·) involves truncating data to the minimum or maximum value when
it falls below the minimum or exceeds the maximum.
Kernel Blur. We employ a gaussian blur approach [6] to synthesize kernel-blur
degradation. By specifying the kernel size k and standard deviation σ, we obtain
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Table 1: Quantitative comparison on Rain13k-Test, which consists of Rain100L [20],
Rain100H [20], Test100 [23], Test1200 [22], and Test2800 [5]. Boldface and underlined
indicate the best and second-best results, respectively.

Method
Rain100L [20] Rain100H [20] Test100 [23] Test1200 [22] Test2800 [5] Average
PSNR↑/SSIM↑ PSNR↑/SSIM↑ PSNR↑/SSIM↑ PSNR↑/SSIM↑ PSNR↑/SSIM↑ PSNR↑/SSIM↑

NAFNet [1] 25.83/0.8509 19.02/0.6141 22.46/0.7729 27.90/0.8383 28.02/0.8624 24.65/0.7877
MPRNet [14] 25.34/0.8381 21.92/0.7062 22.51/0.7742 28.24/0.8383 28.78/0.8770 25.36/0.8068
Restormer [21] 28.49/0.8887 25.98/0.8326 22.58/0.7598 28.13/0.8464 30.06/0.9069 27.05/0.8469

DL [4] 20.59/0.7453 13.62/0.3649 18.79/0.6251 21.84/0.7474 22.93/0.7712 19.56/0.6508
TAPE [12] 23.67/0.8135 17.22/0.6135 22.22/0.7750 27.56/0.8413 27.61/0.8665 23.66/0.7818
AirNet [9] 19.66/0.6697 14.32/0.3957 20.70/0.6595 23.37/0.7400 23.02/0.7359 20.21/0.6402

SwinIR [11] 23.85/0.8216 21.88/0.7579 23.19/0.7903 28.28/0.8608 29.43/0.8983 25.32/0.8258
RAM-SwinIR 26.08/0.8718 23.61/0.7931 23.47/0.8085 28.56/0.8663 29.84/0.9033 26.31/0.8486

PromptIR [16] 26.83/0.8609 25.29/0.8181 24.70/0.8254 29.59/0.8746 30.89/0.9135 27.46/0.8585
RAM-PromptIR 28.12/0.8855 26.36/0.8314 25.61/0.8510 30.99/0.8915 31.29/0.9163 28.47/0.8751
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Fig. 1: JPEG artifact removal comparison on LSDIR [10] dataset. Zoom in for details.

a Gaussian blur filter G. Subsequently, convolving this filter with the original
image generates the kernel-blurred image IB :

IB = I ∗G (2)

Here, k is set to 15 and σ is randomly sampled in [0.1, 3.1] for training.
JPEG Artifact. JPEG artifacts, also known as JPEG compression artifacts,
are blocky distortions that occur when an image is compressed using the lossy
JPEG format. The severity of JPEG artifacts varies based on the quality q of the
JPEG compression applied. Therefore, we randomly applied JPEG compression
to the images at different qualities (sampled in [20, 90]), resulting in corrupted
images IJwith varying degrees of compression artifacts:

IJ = JPEG(I; q) (3)

1.2 Detials of MAC Analysis

MAC analysis is a gradient-based attribution method used to measure the
sensitivity of various network layers to the change from masked input to whole
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Fig. 2: Kernel deblur comparison on LSDIR [10] dataset. Zoom in for details.
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Fig. 3: Derain comparison on Rain13k-Test [5, 20,22,23] dataset. Zoom in for details.

input. We believe that network layers more sensitive to this change should un-
dergo fine-tuning. In the main text of our paper, we refer to this sensitivity as
layer importance. Considering that gradient-based attribution methods are sel-
dom applied in the low-level domain, we provide additional explanations and
specific implementation details.

Mask Attribute Path. Methods [3, 7, 18, 19] based on integrated gradient
attribution often require specifying an integration path, which describes the
process of input changes. For example, Integrated Gradients (IG) [18] aims to
attribute the impact of the original input, defining a linear path (which we refer
to γ(α) in our paper) from an all-black image to the input image. In this paper,
we aim to attribute the impact of changes from masked input to whole input.
Therefore, we define a differentiable path that gradually reduces the masking
rate along the path, i.e. mask attribute path.
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Fig. 4: Importance of each layer in RAM-SwinIR.

Details of MAC. For ease of explanation, we will copy Eq.(8) from the main
text in our paper as follows:

MACy
r(x) ≈

∑
i

∫ 1

1−r

∂F (X̃m
i (α;αi))

∂y
· ∂y
∂α

dα. (4)

We adopt the expression from previous gradient-based attribution methods [3,
17], describing y as a hidden neuron. This expression might not be sufficiently
clear. Certainly, y can be understood as the intermediate output obtained through
hidden neurons, i.e. Fy(x). Therefore, it can be understood as the gradient of
the network through a specific unit, which can be a neuron, a layer, or even an
activation function.
Hyperparameters. From Eq.(6) and Eq.(9) in the paper, the hyperparameters
to be determined include {αi}, δ, r, and N . In practice, {αi} represents a shuffled
arrangement of H ×W equidistant points from [0, 1], where δ, r, and N are set
to be 10000, 0.5, and 200 respectively.
Sampling. To more accurately evaluate the MAC of each network layer, we
uniformly sampled several images containing different types of degradation for
attribution analysis. More precisely, for each degradation in our settings, we
randomly sampled 10 images and computed the mean across all samples.
Statistical result for MAC. Fig. 4 displays the heat maps of the importance
of each layer in RAM-SwinIR using IG and MAC methods. Generally, the im-
portance of the layer decreases with depth. In detail, MAC highlights the last
conv layer of each transformer block, while IG doesn’t. It makes sense to adjust
features at the end of each block to solve the distribution shift caused by input
integrity.

2 Additional Results

2.1 More quantitative results

Deraining. Tab. 1 shows the detailed results on Rain13-Test datasets, which
is collected from Rain100L [20], Rain100H [20], Test100 [23], Test1200 [22], and
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Fig. 5: Dehaze visual comparison on SOTS [8] dataset. Zoom in for details.

Fig. 6: Low light enhancement visual comparison on LOL [2] dataset. Zoom in for
details.

Test2800 [5]. In Tab.1 of the main text of our paper, the results for theRain13k-
Test column are also the average values obtained from the results of these �ve
sub-test sets. It can be observed that SwinIR and PromptIR equipped with our
RAM show performance improvements on almost all the deraining test sets.
Furthermore, they achieved average improvements of 0.99dB and 1.01dB, re-
spectively on these �ve datasets.

2.2 More qualitative results

Kernel Deblurring & JPEG Artifact Removal. Fig. 1 and Fig. 2 are the
results for JPEG artifact removal and kernel deblurring, respectively, as men-
tioned in the main text. While achieving state-of-the-art performance on all
other degradations, our performance on kernel-blurred images can also reach
comparable performance.
More Results. We provide more visual comparison on several restoration tasks
in Fig. 3 to Fig. 8. The visual results indicate that our model signi�cantly out-
performs other methods in color correction and texture restoration.
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