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Overview
In this document, we first introduce the deraining datasets in Section 1. Then, we present the details of the RAG-based
dataset distillation pipeline in Section 2, followed by a validation of VLM reliability in Section 3. Next, we provide an
overview of the constructed dataset in Section 4. The architecture and implementation details of UniRain are described in
Section 5. Finally, we report additional evaluations on extended benchmarks and deraining models in Section 6, followed by
more experimental results on both synthetic and real-world rainy images in Section 7.

1. Deraining Datasets
To better evaluate the image deraining methods, lots of image deraining datasets have been proposed. Table 1 presents an
overview of the existing datasets for single image deraining, including synthetic and real-world datasets. In total, the publicly
available deraining training and testing datasets contain 2,386,565 images, demonstrating that the community has already
accumulated a very large amount of rainy data. However, despite the large quantity, the quality and realism vary significantly
across datasets. As illustrated in Figure 1, synthetic datasets typically exhibit low realism, diverse scene coverage, and
over-simplified rain patterns. These datasets are often generated using procedural streak rendering, patch-based raindrops,
or simplified accumulation simulation, resulting in unrealistic photometric effects and domain gaps with real rainy scenes.
In contrast, real-world datasets possess high realism and faithful rain appearance, yet their scene diversity is limited due
to hardware constraints, restricted capture conditions, and the difficulty of collecting paired ground truth. Moreover, the
rain in real datasets tends to be subtle, lacking sufficiently strong degradation variety. To address these limitations, we
distill a new dataset from the entire corpus of existing synthetic and real data. The distilled dataset exhibits high realism,
rich scene diversity, and complex rain degradations, effectively bridging the gap between synthetic controllability and real-
world authenticity. This distilled collection provides a more challenging and representative benchmark for evaluating unified
deraining models, and serves as a stronger training resource for robust rain removal across diverse environments.

2. Details of RAG-based Dataset Distillation
The RAG-based dataset distillation pipeline consists of two stages: a retrieval stage that identifies real-world reference
images, and a generation stage that evaluates data quality and selects reliable samples for training. Figures 2a and 2b provide
examples of these two stages. Before retrieval, we implement a proactive quality assurance step to ensure the reliability
of reference data. Specifically, mixed real-world data is filtered using IQA models (e.g., DepictQA [39]) combined with
manual selection to extract high-quality samples. This process ensures that the retrieval stage operates on a curated pool
of reliable references, effectively serving as a high-quality proxy. For Figure 2a, each query image is first processed by
BLIP [18] to generate an initial caption, which is then expanded with Qwen2.5 [13] for richer semantics. KeyBERT [7]
extracts representative keywords to form the final caption for retrieval. CLIP [26] extracts visual features and keyword-based
text features from the query image, while database descriptions are encoded with MiniLM [32] to achieve more consistent
semantic alignment across different granularities.

*Corresponding author.
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Table 1. Summarization of public datasets for single image deraining task. “Syn”and “Real” is the synthetic and real-world rainy datasets.

Datasets Number Syn/Real Category Venue Paired

Rain12 [22] 0/12 Syn Day Rain Streaks CVPR 2016 "

Rain100L [38] 1,800/100 Syn Day Rain Streaks CVPR 2017 "

Rain100H [38] 1,800/100 Syn Day Rain Streaks CVPR 2017 "

Rain200L [38] 1,800/200 Syn Day Rain Streaks CVPR 2017 "

Rain200H [38] 1,800/200 Syn Day Rain Streaks CVPR 2017 "

DDN-Data [6] 12,600/1,400 Syn Day Rain Streaks CVPR 2017 "

DID-Data [45] 12,000/1,200 Syn Day Rain Streaks CVPR 2018 "

RainDrop [24] 861/249 Syn Day Raindrops CVPR 2018 "

Rain800 [20] 700/100 Syn Day Rain Streaks TCSVT 2019 "

SPA-Data [31] 638,492/1,000 Real Day Rain Streaks/Day Raindrops CVPR 2019 "

MPID [20] 3,961/419 Syn+Real Day Rain Streaks CVPR 2019 "

RainCityscapes [12] 9,432/1,188 Syn Day Rain Streaks CVPR 2019 "

Outdoor-Rain [19] 9,000/1,500 Syn Day Rain Streaks CVPR 2019 "

Rain13K [14] 13,712/4,298 Syn Day Rain Streaks CVPR 2020 "

RainKITTI2012 [46] 4,062/4,085 Syn Day Rain Streaks ECCV 2020 "

RainKITTI2015 [46] 4,200/4,189 Syn Day Rain Streaks ECCV 2020 "

IVIPC-DQA [35] 206 Real Day Rain Streaks TCSVT 2020 %

RainDS [25] 3,450/900 Syn+Real Day Rain Streaks/Day Raindrops CVPR 2021 "

RainDirection [23] 2,920/430 Syn Day Rain Streaks CVPR 2021 "

Real3000 [23] 2,700/300 Real Day Rain Streaks ICCV 2021 %

GT-RAIN [1] 28,217/2,100 Real Day Rain Streaks ECCV 2022 "

RealRain-1K [21] 1,568/224 Real Day/Night Rain Streaks arXiv 2022 "

SynRain-13K [21] 13,711/1200 Syn Day Rain Streaks arXiv 2022 "

GTAV-NightRain [43] 11,860/1186 Syn Night Rain Streaks arXiv 2022 "

VRDS [34] 7,200/3,000 Syn Day Rain Streaks/Day Raindrops ACM MM 2023 "

LWDDS [33] 67,500/600 Syn Day Raindrops ICRA 2023 "

LHP-Rain [11] 1,000,000/1,000 Real Day Rain Streaks ICCV 2023 "

UAV-Rain1k [2] 800/220 Syn Day Raindrops CVPR 2024 "

RoadScene-rain [29] 181/40 Syn Night Raindrops TMM 2024 "

RaindropClarity [15] 13,368/1,818 Syn Day/Night Raindrops ECCV 2024 "

HQ-NightRain [8] 10,000/300 Syn Night Rain Streaks/Night Raindrops NeurIPS 2025 "

WeatherBench-Rain [9] 14,729/200 Real Day/Night Rain Streaks ACM MM 2025 "

FoundIR-Rain [16] 204,789/300 Syn+Real Day Rain Streaks/Raindrops ICCV 2025 "

GenDeg-Rain [27] 239,441/1298 Syn+Real Day Rain Streaks/Raindrops CVPR 2025 "

CDD-11-Rain [10] 3,549/800 Syn Day/Night Rain Streaks CVPR 2025 "

URIR-8K [37] 7,200/800 Syn+Real Day Rain Streaks/Raindrops AAAI 2025 "
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(a) Mixed synthetic data (low realism and simplified rain)

(b) Mixed real-world data (limited scene and subtle rain)

(c) Our distilled data (high realism, diverse scene, and complex rain)

Figure 1. Visualization of rainy images from different mixed datasets.
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Our distillation pipeline adopts a coarse-to-fine hierarchical reference retrieval strategy. Specifically, we first leverage text-
label similarity for efficient semantic-level filtering, where L2 distance is used to obtain the top-K candidate samples. This is
followed by CLIP-based cosine similarity to further enforce visual consistency, particularly in terms of rain patterns. Finally,
structural similarity (SSIM) is employed for pixel-level refinement, selecting the most consistent reference images. This
progressive matching strategy ensures accurate and reliable retrieval of high-quality reference samples. For the generation
stage shown in Figure 2b, we follow the same procedure described in the main paper. After obtaining the retrieved set, we
combine it with the query image and a predefined prompt template as input to a vision–language model (VLM) to assess
sample reliability. To improve robustness, we employ an ensemble of three VLMs (InternVL2.5-8B, LLaVA-NeXT-7B, and
MobileVLM-3B), each producing a binary decision, with the final result determined by majority voting.
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A rainy street scene with a parked 
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Figure 2. Example of the retrieval stage and the generation stage.

3. Validation of VLMs Reliability
We conduct a user study to measure human–VLMs agreement on a representative sample subset. The results in the Table 2
show the consistency between VLMs scores and human preferences, showing the reliability of the VLMs evaluation metric.

Table 2. Human–VLMs agreement.

Pairs (Distilled/Discarded) Users Human–VLMAgreement (%)
20 43 90

4. Dataset Overview
Table 3 provides a detailed overview of our proposed RainRAG dataset, including the number of images in each subset. The
dataset covers four types of rainy conditions: daytime rain streaks (DRS), daytime raindrops (DRD), nighttime rain streaks
(NRS), and nighttime raindrops (NRD). For each subset, we report the number of paired images in both the training and
testing sets, offering a comprehensive summary of the dataset composition.
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Table 3. Overview of our proposed RainRAG dataset. The dataset includes daytime rain streaks (DRS),daytime raindrops (DRD), nighttime
rain streaks (NRS), and nighttime raindrops (NRD).

Subset Number
DRS DRD NRS NRD

Training set 24,864 (pairs) 6,692 (pairs) 10,249 (pairs) 11,087 (pairs)
Testing set 100 (pairs) 100 (pairs) 100 (pairs) 100 (pairs)

5. Details of the UniRain
As illustrated in Figure 3a, the overall pipeline adopts a U-shaped architecture with an asymmetric encoder-decoder de-
sign [40]. The degraded input image is first processed by a 3 × 3 convolution to extract shallow features, which are sub-
sequently propagated through four hierarchical encoding and decoding stages. Although both stages employ Transformer
blocks, we integrate the soft-MoE into the encoder and deploy the hard-MoE within the decoder, as shown in Figure 3b.
The structures of both the soft-MoE and hard-MoE modules are detailed in Figure 3c. The encoder consists of four levels
containing [2, 4, 4, 6] Transformer blocks [41] from the top layer to the bottom. Each MoE layer contains a set of n nested
experts with different capacities, following R = C/2i for i ∈ {1, . . . , n}. In addition, the number of experts decreases across
layers, reducing computational cost while preserving representational diversity. The network’s initial embedding dimension
is set to C = 48, providing a compact yet expressive feature space for subsequent multi-scale processing.

6. Evaluationon Additional Benchmarks and Deraining Models
Table 4 further conducts an evaluation on an additional recent benchmark, FoundIR-R [17] (ICCV 2025), and compare with
existing deraining models (i.e., DRSformer [4], MSDT [3], and CST-Net [8] (NeurIPS 2025)) trained on the original SPA-
Data dataset versus our RainRAG dataset. The PSNR/SSIM results in the table below indicate that our RainRAG leads to
consistent performance gains across diverse benchmarks and models, underscoring its generalizability.

Table 4. Evaluationon additional benchmarks and deraining models.

Training Datasets MSDT DRSformer CST-Net UniRain (ours)
SPA-Data 24.12/0.7920 22.57/0.7587 26.28/0.8404 30.41/0.9031

RainRAG (ours) 30.23/0.9097 31.29/0.9162 30.02/0.9163 32.56/0.9203

7. More Experimental Results
This section presents additional experimental results to further validate the effectiveness of our method. Figure 4 shows results
on the daytime rain streaks (DRS) subset, where UniRain produces cleaner structures and preserves fine textures across
different streak densities. Figure 5 illustrates the daytime raindrop (DRD) subset, demonstrating that UniRain effectively
removes adherent droplets while maintaining sharp edges and avoiding over-smoothing. For nighttime degradations, Figure 6
presents comparisons on the nighttime rain streaks (NRS) subset. Despite low illumination, UniRain restores clearer contours
and more natural luminance than prior methods. Figure 7 shows the nighttime raindrop (NRD) subset, where UniRain
successfully removes raindrop occlusions and recovers structural details in dark environments. Finally, Figure 8 presents
results on real-world rain mist scenes. UniRain removes rain artifacts while preserving fine structures, such as the chair legs,
demonstrating generalization to complex real-world rain mist conditions.
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Figure 3. Detailed structure of the proposed UniRain framework.
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LQ PReNet [28] MPRNet [42]

IDT [36] CST-Net [8] MSDT [3]

NeRD-Rain [5] URIR [37] RCDNet [30]

RLP [44] UniRain (Ours) GT

Figure 4. Visual results on the daytime rain streaks subset (DRS). UniRain produces cleaner structures and more faithful texture restoration.
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LQ PReNet [28] MPRNet [42]

IDT [36] CST-Net [8] MSDT [3]

NeRD-Rain [5] URIR [37] RCDNet [30]

RLP [44] UniRain (Ours) GT

Figure 5. Visual results on the daytime raindrop subset (DRD). UniRain removes adherent raindrops while preserving fine image details.
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LQ PReNet [28] MPRNet [42]

IDT [36] CST-Net [8] MSDT [3]

NeRD-Rain [5] URIR [37] RCDNet [30]

DRSformer [4] UniRain (Ours) GT

Figure 6. Visual results on the nighttime rain streaks subset (NRS). UniRain achieves cleaner removal of rain streaks with fewer artifacts.
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LQ PReNet [28] MPRNet [42]

IDT [36] CST-Net [8] MSDT [3]

NeRD-Rain [37] URIR [37] UniRain (Ours)

Figure 7. Visual results on the nighttime raindrop subset (NRD). UniRain removes raindrop occlusions in dark environments.
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LQ MPRNet [42] PReNet [28]

MSDT [3] CST-Net [8] RLP [44]

IDT [36] NeRD-Rain [37] UniRain (Ours)

Figure 8. Visual results on the rain mist from MPID [20]. UniRain effectively removes rain artifacts while preserving fine structural details.
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