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1. Key Differences between PIR [13] and the Proposed Method

The key differences between PIR [13] and the proposed method are highlighted in Table S 1. In brief, the
proposed method handles multiple simultaneous weather degradations, and has better input adaptability in accor-
dance to the weather prompts. Further, the proposed method has better performance in terms of computational
complexity. Also, the quantitative metrics verify the effectiveness of the proposed method over PIR [13].

Table S 1. Key differences between existing method PIR [13] and proposed (Ours) method.

PIR [13] Ours

Tasks

Handles Multiple Individual
Degradation Removal (where only

single weather degradation is present
in each image).

Handles Multiple Simultaneous
Degradation Removal (where more than one
degradation may be present in each image).

Prompts Input Feature Attentive Input Feature Attentive + Weather Code Aware
Prompt Position Restoration Decoder Domain Translation Encoder
Parameters (M) 35.5M 3.9M
GFLOPs 158.15 28.60
Runtime (sec/image) 0.15 0.06
PSNR on SOTS Dataset 30.58 36.92
SSIM on SOTS Dataset 0.974 0.981

2. Detailed Explanation of Dynamic Attention

The schematic of the proposed dynamic attention block is represented in Figure S 1. The proposed dynamic
attention block consists of multi-head attention, where the queries (Qd) are extracted using dynamic convolu-
tions [3]. In the dynamic convolutions [3], initially, the attentive weights (πn(x), n ∈ [1, N ]) are extracted to be
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Figure S 1. Architecture of the proposed Dynamic Attention Block.

multiplied with convolution kernels (Wn). The attentive weights are obtained by passing the input features x
through squeeze excitation block [4] consisting of a global average pooling layer, shrinking and expanding fully
connected layers and ReLU activation function and finally, softmax activation for obtaining the attention weights
(πn). Each weight is then multiplied with respective convolution kernel (Wn). These kernels are then aggregated
to get a convolution layer (DynC):

DynC =
N∑

n=1

πn(x)Wn (1)

Further, for query extraction from input features x, this dynamic convolution is used as:

Qd = ReLU(DynC(x)) (2)

The keys (K), and the values (V ) are calculated as K = Cdepth
3×3 (x), V = Cdepth

3×3 (x) respectively for input features
x extracted using depthwise convolutions (Cdepth

3×3 (·)). Finally, the dynamic attention on input features (x), i.e.,
DAtt(x) is calculated as:

DAtt(x) = x+ σ(Qd ·KT ) · V (3)
where, σ(·) is the softmax activation.

3. Detailed Equations of Loss Functions

Here, we elaborate on the loss functions used to optimize the networks in the proposed method.



3.1. Domain Translation Loss Functions

For domain translation, we have the domain translated images Ii, and domain translation ground truth IDT
gti , i ∈

{Haze,Rain, Snow}. With these, the contrastive loss CLDT is calculated as:

CLDT =

∥∥ϕk (Ii)− ϕk

(
IDT
gti

)∥∥
1

∥ϕk (Ii)− ϕk (Ij)∥1
(4)

where, i, j ∈ {Haze,Rain, Snow}; i ̸= j. ϕk(·) is the kth (k ∈ {3, 8, 15}) layer of pretrained VGG-16 model
[16].

3.2. Multi-Weather Restoration Loss Functions

For multi-weather image restoration, we have the restored image IR, the restoration ground-truth IRgt, and the
domain translated images Ii, i ∈ {Haze,Rain, Snow}. With these, the L1 loss is calculated as:

L1 =
∥∥IR − IRgt

∥∥
1

(5)

and the contrastive loss CLR is calculated as:

CLR =

∥∥ϕk (IR)− ϕk

(
IRgt

)∥∥
1

∥ϕk (IR)− ϕk (Ii)∥1
(6)

where, ϕk(·) is the kth (k ∈ {3, 8, 15}) layer of pretrained VGG-16 model [16].

4. Qualitative Results on Synthetic and Real-World Datasets

In this section, we provide more qualitative results on synthetic (SOTS [8], ORD [7], and CSD [1]), and real-
world (RTTS [8], RID [9], and Snow-Realistic [10]) datasets for multi-weather image restoration.

• The qualitative results on SOTS dataset are provided in Figure S 2.

• The qualitative results on ORD dataset are provided in Figure S 3.

• The qualitative results on CSD dataset are provided in Figure S 4.

• The qualitative results on RTTS dataset are provided in Figure S 5.

• The qualitative results on RID dataset are provided in Figure S 6.

• The qualitative results on Snow-Realistic dataset are provided in Figure S 7.

• The qualitative results on night-time weather degraded images are provided in Figure S 8.

5. Domain Translation Results Comparison

As restoration performance depends on diversity of domains produced, domain translation network needs to
generate a diverse range of domains in an effective manner. To verify this, we provide qualitative results in
comparison with existing domain-translation based restoration method DMIR [12] in Figure S 9 and Figure S 10.
As seen from the results, the proposed domain translation strategy produces more diverse weather degraded results
as compared to DMIR [12], leading to a more robust restoration network.



6. Ablation on Feature Routing

We tested PSNR and MSE as routing metrics, but these pixel-wise measures are dominated by global intensity
differences and often misidentify the degradation. SSIM, by jointly evaluating luminance, contrast, and struc-
ture, is more sensitive to local distortions and consistently selected the correct translation branch, improving
no-reference scores. Table S 2 further confirms that SSIM routing outperforms PSNR and MSE routing across
NIQE, Entropy, and BRISQUE, validating our choice.

Table S 2. Ablation on routing metrics for no-reference evaluation averaged on RTTS, RID, and Snow-Realistic datasets.

Routing Technique → PSNR MSE SSIM
Avg. NIQE (↓) 5.132 4.982 4.506
Avg. Entropy (↑) 7.042 7.188 7.565
Avg. BRISQUE (↓) 24.893 23.671 22.491

7. Applications on Various Computer Vision Tasks

Restoration capability of any algorithm is utilized in many higher-level computer vision tasks. Results on
applicability of the proposed method on tasks of depth estimation [14], object detection [15], and semantic seg-
mentation [14] are given in Figure S 11. As seen from the figure, the performance of these applications is better
when applied to restored outputs using our method as compared to degraded images.



Figure S 2. Qualitative results comparison with the proposed method (Ours) and state-of-the-art methods UMVR [6], TW [5],
KD [2], WGWS [17], PIR [13], and DMIR [12] on SOTS dataset.



Figure S 3. Qualitative results comparison with the proposed method (Ours) and state-of-the-art methods UMVR [6], TW [5],
KD [2], WGWS [17], WD [11], and DMIR [12] on ORD dataset.



Figure S 4. Qualitative results comparison with the proposed method (Ours) and state-of-the-art methods UMVR [6], TW [5],
KD [2], and DMIR [12] on CSD dataset.



Figure S 5. Qualitative results comparison with the proposed method (Ours) and state-of-the-art methods UMVR [6], TW [5],
KD [2], WGWS [17], WD [11], and DMIR [12] on real-world hazy images.



Figure S 6. Qualitative results comparison with the proposed method (Ours) and state-of-the-art methods UMVR [6], TW [5],
KD [2], WGWS [17], WD [11], and DMIR [12] on real-world rainy images.



Figure S 7. Qualitative results comparison with the proposed method (Ours) and state-of-the-art methods UMVR [6], TW [5],
KD [2], WGWS [17], WD [11], and DMIR [12] on real-world snowy images.



Figure S 8. Qualitative results comparison with the proposed method (Ours) and state-of-the-art methods UMVR [6], TW [5],
KD [2], WGWS [17], WD [11], and DMIR [12] on real-world weather degraded night-time images.



Figure S 9. Domain translation results comparison with DMIR [12] (top row per image) and the proposed method (bottom
row per image). Here, I is the input weather degraded image, and IHaze, IRain, ISnow represent the domain translated
images.



Figure S 10. Domain translation results comparison with DMIR [12] (top row per image) and the proposed method (bottom
row per image). Here, I is the input weather degraded image, and IHaze, IRain, ISnow represent the domain translated
images.



Figure S 11. Results analysis on depth estimation [14], object detection [15], and semantic segmentation [14].
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