
Zero-Shot Video Deraining with Video Diffusion Models

Supplementary Material

Video results for all corresponding figures are organized
in videos.html. Benchmark results on NTURain [4],
GT-Rain [1] and RealRain13 datasets can be found in
videos/benchmark videos. For the best viewing ex-
perience, we strongly recommend opening videos.html

alongside this document.

1. Implementation Details

Our backbone model used in all of our experiments is
CogVideoX-2b [20], a large-scale text-to-video generation
model based on a diffusion transformer architecture. We re-
mark that the existing 2B variant model is restricted to pre-
cisely 49 frames at a 480×720 resolution. However, such a
limitation has already been addressed in the CogVideoX1.5-
5B variant 1 and newer releases of diffusion models are
likely to improve further. Due to the large size of the dif-
fusion model, the inference time of our method is approx-
imately 2 minutes and 50 seconds on one NVIDIA A100
GPU, with half of the time being allocated to video inver-
sion and the other half to video reconstruction.

2. Rain prompt analysis

In Sec.3.2 of the main paper, we did an analysis on the rain
conditions. Here we present the generated videos corre-
sponding the different rain conditions and the correspond-
ing deraining results in Fig. 9.

We first experiment with a simple prompt “rain”, which
is able to remove some rain but generally performs poorly,
see Fig. 9 (top right). To better understand the reason and
analyze the failure, we generate a sample using the prompt,
see Fig. 9 (top left). The prompt shows no visible rain pat-
tern, indicating it has not been able to disentangle the rain
concept properly.

Next, we conduct a large-scale analysis from 1K real-
world rainy video crops. These videos are captioned using
an automatic video captioner [10] and the text-embeddings
are extracted using the T5 text-encoder [15]. We then ex-
tract the text-embeddings associated with the word “rain”,
compute their mean, and use this as the condition for de-
raining. In Fig. 9 (middle), we show results when prompt-
ing the mean text-embedding, computed from the extracted
text-embeddings. Such an approach improves over the base
prompt “rain” and shows a clear rain footprint when used in
generation. However, some rain streaks remain, and a faint
background can still be observed in the generated sample.

1https://huggingface.co/THUDM/CogVideoX1.5-5B-
SAT
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Figure 9. Different rain prompts and their respective results. Left:
Using diffusion model to generate a video based on the prompt.
Right: Deraining results with different prompts. The generated
video from “rain” shows no rain. When using mean of rain
prompts, the generated video shows a clear rain pattern and some
background, indicating the prompt is not fully disentangled. “light
rain” shows excellent rain-background disentanglement, and over-
all it performs the best for deraining.

We hypothesize that the prompt is not fully disentangled,
causing limited deraining performance.

In analyzing the extracted text-embeddings and their
respective prompts further, we observe that context from
neighboring words in the text-encoder [15] plays a crucial
part in the disentanglement of a concept. In Fig. 9 (bottom),
we utilize a simple prompt “light rain”, which is able to
disentangle rain from the background in the generation and
performs best in deraining.

3. Results on Synthetic Data

We test our method on the synthetic test set of NTURain [4],
and compare against supervised methods in Table 1. Note
that S2VD [21]] and RainMamba [18] were trained on
NTURain, while ours is training-free, which explains their
unfair higher metrics. Histoformer [17] and Diff-Plugin
[12] were trained on different synthetic rain datasets and
thus generalize less well to NTURain. Our method, de-

https://huggingface.co/THUDM/CogVideoX1.5-5B-SAT
https://huggingface.co/THUDM/CogVideoX1.5-5B-SAT


Method S2VD RainMamba Histoformer Diff-Plugin Ours

Trained on NTU ✓ ✓

PSNR ↑ 37.37 37.87 29.96 24.91 27.66
SSIM ↑ 0.9683 0.9738 0.9112 0.7683 0.8492

Table 1. Quantitative comparisons on NTURain [4] synthetic set.

Input Ours HistoFormer [17] T3-DiffWeather [5]

Figure 10. Selected frames from derained real-world videos. For best viewing experience see the supplementary video.

spite training-free, performs comparable to other supervised
method under cross dataset validation set up.

4. Additional Results on Deraining
Fig. 10 demonstrates additional results on deraining tasks.
Unlike HistoFormer [17] and T3-DiffWeater [5], the pro-
posed method is able to remove rain from both scenes.
Fig. 11 shows a qualitative comparison between our method
and other baselines on GT-Rain [1]. The supplementary
videos illustrate the difference more clearly. Please open
videos.html to view the video results.

5. Additional Results on Attention Switching
In Sec. 3.3 of the main paper, we propose using a subset
of blocks B for attention switching to enhance structural
preservation. The selection of B is based on the statistical
analysis of high-frequency information in different blocks.
We provide an attention map visualization in Fig. 12, show-
ing the attention maps between the prompt “dog” and the
first frame of the generated latent frame. Note that for the
first four blocks, the attention is not localized but focuses
more on the global features, while for the last fifteen blocks,
the features show redundancy in spatial locality. We per-
form an ablation study on attention switching across the
different blocks in Fig. 13. When attention switching is
not applied in any of the transformer blocks, the result is

distorted. In utilizing attention switching in both the initial
(the first four blocks) and the last fifteen blocks, the optimal
result is obtained. Fig. 13 (bottom row) shows that using
only the initial or the latter blocks results in less optimal
results.

6. Inversion Techniques

To the best of our knowledge, no previous work has at-
tempted to invert a video using video diffusion models,
where the video is represented as a block instead of a set
of frames. Frame-based inversion [2, 6–8] methods often
lack temporal consistency and hence propose extended at-
tention modules between frames, rely on depth maps and
structured noise maps. By using a video diffusion model,
the complexity in models can be significantly reduced with
regard to temporal consistency.

We experimented with SDEdit [13], DDIM inver-
sion [16], Null-text inversion [14] and DDPM inver-
sion [11]. As Null-text inversion requires optimization at
every time step, the method becomes impractical due to
a long runtime of 50 minutes for a single video. Hence,
we have not included it in this comparison. The results are
shown in Fig. 14. Both video SDEdit and video DDIM in-
version struggle to retain details for full inversion. An inver-
sion that starts from ts is more practical since these values
can be used for modifying the content. At ts = 25, both



Input Ours S2VD [21] Histoformer [17] T3diffweather [5]

Figure 11. Qualitative comparison on real rain videos from GT-Rain [1]. Please refer to the supplementary for best viewing experience.

Figure 12. Attention map from the prompt A dog walking in a rainy forest. The maps are constructed from the query Q corresponding to
the word dog, and keys K are from the first latent frame. Note that the first four blocks mainly contain global information, while the last
∼ 15 blocks contain mostly redundant spatial information.

approaches can get the global scene structure but are still
unable to produce scene details. Video DDPM inversion is
capable of reconstructing the scene with fine-grained details
even from the initial timestep.

7. Additional Results on Desnowing

Desnowing [3] is the task of removing snow, akin to derain-
ing. The problem has been less studied, likely due to less
available data and posing issues less frequently for appli-
cations. We experimented with our approach on snow in



Input No blocks used (Base) Blocks 0-4 and 15-30 (ours)

Blocks 15-30 Blocks 0-4

Figure 13. Ablation study on different selection of blocks B for attention switching. Using both the initial four blocks and the later fifteen
blocks for attention switching obtains the best results. This can be observed by analyzing the distortions caused by other settings when
compared to the input image.

Fig. 15 with samples collected from the internet and Real-
Snow85 [19]. The proposed method is able to better remove
snow compared to the state-of-the-art method TURTLE [9].
However, compared to rainy cases, the proposed method is
less effective at removing all of the snow and sometimes
struggles with structural preservation.

After performing a similar analysis to that in Fig. 9, we
find that the base model CogVideoX has not properly dis-
entangled the concept of snow. Fig. 16 shows how the
snow prompt generates a forest background, whereas the
rain prompt in Fig. 5 generates no background. We hypoth-
esize that the forest background is due to the training data,
where snowy scenes mainly contain a forest in the back-
ground. This property harms the desnowing process, as
the score estimate ϵ̂θ(xt) is not only pushed away from the
snowy concept but also the forest concept, leading to worse
structure preservation. Using larger video diffusion mod-
els in the future would likely disentangle the concepts bet-
ter, potentially improving different restoration tasks, e.g.,
desnowing.
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