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This supplementary document is organized as follows:
Section 1 shows the details of the frequency dimension Mamba.
Section 2 shows a detailed ablation study on scanning methods.
Section 3 provides a comparison of GPU memory consumption
between several methods.
Section 4 shows average error map comparison with or without
degradation prior.
Section 5 shows more visual results.

1 ALGORITHM
We provide specific details of frequency dimension Mamba in this
section, including wavelet packet transform and the locality strat-
egy in frequency dimension scanning.

We use a 2-layer wavelet packet transform to decompose the
original features into 16 sub-bands, arranged in order from upper
left to lower right (distinguished by the red line in Fig. 1). Since
the vanilla 2D scan of the full image range spans different 1-order
sub-bands, it does not exactly follow the frequency dimension.
We adopt a local strategy similar to LocalMamba [3] to make the
scanning completely follow the frequency dimension. We provide
an overview of the operations in Algorithm 1.

Algorithm 1 Frequency Dimension Mamba

Input: X: (𝐵,𝐶, 𝐻,𝑊 )
Output: Y: (𝐵,𝐶, 𝐻,𝑊 )
1: 𝑋𝑖 :

(
𝐵,𝐶, 𝐻2 ,

𝑊
2

)
←𝑊𝑇 (𝑋 ), 𝑖 ∈ {1, 2, 3, 4}

2: for 𝑖 = 1 to 4 do
3: 𝑋𝑖, 𝑗 :

(
𝐵,𝐶, 𝐻4 ,

𝑊
4

)
← 𝑊𝑇 (𝑋𝑖 ), 𝑗 ∈ {1, 2, 3, 4} // Wavelet

package transform.
4: end for
5: 𝑋𝑤𝑝𝑡 : (𝐵,𝐶, 𝐻,𝑊 ) ← Arrange (𝑋𝑖, 𝑗 ), 𝑖, 𝑗 ∈ {1, 2, 3, 4}
6: 𝑋𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 : (𝐵,𝐶, 𝐿) ← Frequency2DScan (𝑋𝑤𝑝𝑡 ) // Fre-

quency dimension scan(see Fig.3 in the main body or Fig. 1 ).
7: 𝑌 : (𝐵,𝐶, 𝐿) ←Mamba (𝑋𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 )
8: 𝑌𝑜𝑢𝑡 : (𝐵,𝐶, 𝐻,𝑊 ) ← 2DReconstruct (𝑋𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 )
9: return 𝑌𝑜𝑢𝑡

2 ABLATION STUDY
In this section, we compare the effects of three scanning methods
on wavelet features: horizontal two-direction scanning, horizontal
and vertical four-direction scanning (Fig. 3 (a) in the main body),
and local scanning strategy (Fig. 3 (b) in the main body). The result
is shown in Tab. 1. The performance of four-direction scanning
is better than that of two-direction scanning, but it also increases
the amount of computation. Our strategy does not increase the
computational complexity and improves the performance compared
with four-direction scanning.
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Figure 1: The illustration of frequency dimension scanning.
Firstly, a 2-layer wavelet packet transform is used to decom-
pose input features. Sub-bands are arranged as shown in the
bottom-right of the figure. Lastly, we use a locality strategy
to process the scanning.

Table 1: Ablation study of the effects of different scanning
strategies.

Scanning method PSNR ↑ SSIM ↑
two-direction 39.11 0.9796
four-direction 39.13 0.9801
local scanning 39.18 0.9814

Figure 2: Memory consumption of different methods. Our
method has minimal consumption and maintains linear
growth.
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Figure 3: Comparison of more error maps with and without degradation priors. From top to bottom, there are (a) Inputs, (b) GT,
(c) Outputs w/o prior, (d) Error maps w/o prior, (e) Outputs with prior, (f) Error maps with prior.

3 COMPARISON
In this section, we compare our method with MambaIR [2], SwinIR
[4], and Attention [5] mechanism in terms of GPU memory. As im-
age resolution increases, the memory consumption of the attention
mechanism increases rapidly, while the memory consumption of
our method still increases linearly and is lower than that of SwinIR
and MambaIR.

4 ERROR MAP COMPARISON
Obtaining degraded priors using Mamba’s input-dependent prop-
erties is one of our core efforts, and we show more examples in
Fig. 3 to illustrate its importance. Especially when the degradation
is pretty severe, the error reduction provided by the degradation
prior is obvious. Further, we calculate the average error map of 100
images in the Rain100H test set as shown in Fig. 4.

5 MORE VISUALIZATION RESULTS
In this section, we provide more visual comparisons in Fig. 5, Fig.
6, and Fig. 7 to validate the effectiveness of the proposed method.

(a) (b)

Figure 4: Average error maps of 100 images in the Rain100H
test set. (a) Average error map with degradation prior and (b)
Average error map without degradation prior.
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Figure 7: Visual comparison of low-light image enhancement results on LOL-V2-Syn [6] dataset.
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