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Figure 1. We introduce WEATHERWEAVER, a generative editing method for synthesizing and removing weather effects. Given an input
video, it creates corresponding videos with diverse weather condition (rain, snow, fog, clouds) and precise control over the intensity (left),
removes weather from real footage (right). The results are photorealistic, temporally consistent, and faithfully preserve the original scene.

Abstract

Generating realistic and controllable weather effects in001
videos is valuable for many applications. Physics-based002
weather simulation requires precise reconstructions that003
are hard to scale to in-the-wild videos, while current video004
editing often lacks realism and control. In this work, we in-005
troduce WEATHERWEAVER, a video diffusion model that006
synthesizes diverse weather effects—including rain, snow,007
fog, and clouds—directly into any input video without the008
need for 3D modeling. Our model provides precise control009
over weather effect intensity and supports blending various010
weather types, ensuring both realism and adaptability. To011
overcome the scarcity of paired training data, we propose a012
novel data strategy combining synthetic videos, generative013
image editing, and auto-labeled real-world videos. Exten-014
sive evaluations show that our method outperforms state-015
of-the-art methods in weather simulation and removal, pro-016
viding high-quality, physically plausible, and scene-identity-017
preserving results over various real-world videos.018

1. Introduction 019

Simulating photorealistic weather effects in videos, such 020
as rain, snow, fog, or clouds, is a challenging yet essential 021
task in computer vision and graphics. High-quality weather 022
simulations enable a range of creative applications in film 023
production, AR/VR, and video games. Moreover, control- 024
lable weather simulation is invaluable for training and evalu- 025
ating perception systems in safety-critical domains such as 026
autonomous driving and robotics, where robust performance 027
under diverse weather conditions is crucial. 028

Comprehensive weather simulation must capture both 029
transient effects—such as falling rain, swirling snow, or 030
drifting fog—and persistent or accumulative changes, such 031
as snow buildup on the ground or water puddles after rain. 032
In modern graphics engines, transient effects are often han- 033
dled using particle-based simulations [21, 25, 70], while 034
persistent changes are approximated by modifying scene as- 035
set materials [19]. However, these methods rely on detailed, 036
simulation-ready 3D models, limiting their applicability to 037
synthetic environments. Recent work has attempted to adapt 038
such pipelines to real-world videos by reconstructing scenes 039
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through methods like NeRF [52] or 3DGS [38], but imper-040
fect reconstructions frequently introduce blending artifacts041
and unnatural shading [44].042

Instead of employing a two-stage reconstruct-then-043
simulate approach, we formulate weather simulation in real-044
world videos as a video-to-video translation task, leverag-045
ing the recent success of large video generative models in046
video editing. Nevertheless, straightforward adaptations of047
general video editing methods fail to deliver the necessary048
realism—particularly for transient phenomena—and lack049
precise control over the weather type and intensity (Fig. 5).050
Two main challenges contribute to this: (i) acquiring high-051
quality paired data (videos of the same scene under different052
weather conditions) is difficult to scale in real-world settings,053
and (ii) directly translating from one weather condition to054
another (e.g., rainy to snowy) is inherently complex, as it055
requires removing one weather effect while adding another.056

To overcome these challenges, we draw inspiration from057
modern graphics engines, which treat weather simulation058
as an added effect applied to an existing scene consisting059
of geometry, materials, and lighting. Concretely, we split060
our pipeline into two video diffusion models: a WEATHER061
REMOVAL MODEL that translates a real-world video into a062
“canonical,” weather-free video1, and a WEATHER SYNTHE-063
SIS MODEL that adds weather effects to a “canonical” video064
with precise control over both intensity and type of weather.065
This split offers two main advantages. First, the WEATHER066
REMOVAL MODEL can serve as a pseudo-labeling engine,067
producing paired data with realistically looking weather ef-068
fects. Second, confining the WEATHER SYNTHESIS MODEL069
to solely adding the weather effects simplifies its task.070

High-quality paired video training data is crucial to en-071
sure both realism and scene preservation for the proposed072
models. However, acquiring real-world paired videos of the073
same dynamic scene is challenging. To address this, we intro-074
duce a new data strategy and train our models on a carefully075
curated combination of three data sources (see Table 1). First,076
we render a synthetic video dataset using standard graphics077
engines and fully modeled 3D environments, allowing pre-078
cise control over weather attributes but yielding a synthetic079
appearance. Second, we generate paired image data via large080
image generative models (e.g., SDXL [58]) by leveraging081
Prompt-to-Prompt [31] method. This strategy yields more082
realistic outputs, albeit with lack of precise control and limi-083
tation to image data. Finally, we use these datasets to train084
the WEATHER REMOVAL MODEL and apply it to automati-085
cally convert real-world videos with weather effects to their086
“canonical” clear-day video, thus creating a large dataset087
of highly realistic video pairs. For training the WEATHER088
SYNTHESIS MODEL, we use all three sources of data.089

Our resulting framework, WEATHERWEAVER, outper-090

1Note that canonical weather representation is not strictly defined. In
this work, we use the term to refer to a clear sunny or overcast sky.

forms state-of-the-art methods by producing high-quality, 091
controllable weather effects in real-world videos with pre- 092
cise control of intensity and type of weather. In summary, 093
our contributions are: 094

• A controllable weather synthesis model that adds diverse 095
weather effects to real-world videos, offering precise con- 096
trol over both intensity and type. 097

• A weather removal model that effectively handles both 098
transient (e.g. rain, snow) and persistent (e.g. clouds, rain 099
puddle, snow coverage) weather effects. 100

• A data curation strategy that combines synthetic data, gen- 101
erative models outputs, and auto-labeled real-world videos, 102
thus improving realism and diversity of the paired data. 103

2. Related Work 104

Video Editing Image editing with generative priors has 105
been extensively studied [3, 31, 51, 76]. However, directly 106
applying image diffusion models in a frame-wise manner to 107
video often leads to temporal inconsistencies. To mitigate 108
flicker and jitter artifacts, recent methods [11, 39, 91] inverts 109
the initial latent code and employs cross-attention control to 110
enforce frame consistency. Similarly, [26, 59] fuse attention 111
maps or diffusion features from the source video with those 112
from the generated video, thereby preserving fine details 113
and ensuring content consistency with source frames. Other 114
approaches [20, 22, 46, 47] incorporate structural constraints 115
or auxiliary information—such as depth maps, optical flow 116
or G-buffers—to align generated frames with the original 117
geometry and motion. Alternatively, some methods [30, 34] 118
build 3D representations from source videos and apply a 119
diffusion prior for 3D editing to ensure consistency. 120

Given sufficient computational budget, an alternative line 121
of work explored one-shot fine-tuning to personalize the 122
model to target video [53, 68, 82]. Our work builds on a 123
pretrained video diffusion model, but eliminates the need for 124
per-video fine-tuning and provides more precise control. 125

Weather Synthesis serves as a valuable augmentation to 126
existing data and benefits perception tasks under adversarial 127
weather conditions [64, 74, 78, 79]. ClimateGAN [16, 66] 128
generates flood images from depth information; [29] synthe- 129
size controllable fog based on depth and semantics. These 130
methods focus on specific weather effects for static images. 131
Similarly, [65] uses CycleGAN [92] for image editing on a 132
climate dataset. In contrast, WEATHERWEAVER is a general 133
framework that synthesizes and controls various weather 134
effects, including transient effects (e.g. rain, snow) in videos. 135

An alternative line of works synthesizes weather effects 136
in 3D representations with graphics techniques [71]. [21, 137
27, 70] simulate snow particles and their interaction with 138
objects and wind. These methods are typically limited to 139
synthetic environments. ClimateNeRF [44] and subsequent 140
works [17, 23] extend classic weather simulation by inserting 141
physical entities into neural 3D reconstructions [38, 54], 142
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Figure 2. Model Overview. Our controllable weather simulation framework includes two complementary models for both weather removal
and weather synthesis. These models can be used both independently and combined for weather editing tasks.

but they require accurate geometry that is challenging to143
acquire from sparse capture. WEATHERWEAVER leverages144
a data-driven video diffusion model, bypassing the need for145
geometry reconstruction and enabling realistic effects on146
diverse and dynamic videos.147

Weather Removal is a long-standing problem for robust148
computer vision systems. Early methods targeted specific149
weather effects, such as deraining [60, 61, 85, 87], dehazing150
[10, 42, 49, 81], and desnowing [12, 14, 50], using spe-151
cialized architectures tailored to each weather type. Recent152
approaches unify weather removal under a single model. All-153
in-One [43] handles fog, rain, and snow with a unified CNN154
model. [73, 77, 93] used transformer architectures with ded-155
icated attention mechanisms to further improve restoration156
quality across diverse weather effects. ViWS-Net [88] intro-157
duced a video weather removal framework that incorporates158
temporal information for enhanced video restoration. Re-159
cent works explored using generative modelsfor weather re-160
moval [13, 56, 90]. WeatherDiffusion [56] uses patch-based161
diffusion denoising to effectively remove weather artifacts162
while preserving image details. Prior works and benchmarks163
in weather removal primarily focus on transient effects like164
fog, rain, and snow, neglecting persistent weather effects165
such as cloud, puddle, and snow coverage.166

3. Preliminary: Video Diffusion Model167

Diffusion models generate samples from a data distribu-168
tion pdata(I) by iteratively refining noisy inputs through a169
denoising process [18, 32, 69]. In the context of videos,170
video diffusion models (VDMs) typically operate in a com-171
pressed latent space to reduce computational complexity [7].172
An input video I ∈ RL×H×W×3, with L frames at res-173
olution H × W , is encoded into a latent representation174
z = E(I) ∈ Rl×h×w×C using a pre-trained VAE encoder E .175
The diffusion process is then applied within this latent space.176

During training, noisy versions of the latent represen-177
tation zτ are generated by adding Gaussian noise ϵ to the178
original latent z0 using a predefined noise schedule [37]179
zτ = ατz0 + στ ϵ at timestep τ . The diffusion model is180
trained to reverse this process using a denoising score match-181
ing objective [37] ∥fθ (zτ ; c, τ) − z0∥22 where c denotes182

Dataset Size Weather
Controllability

Temporal
Consistency Realism Scene

Diversity
Trajectory
Diversity

Simulation 2080k ✓ ✓ ✓ × ✓
Generation 1147k ✓ × ✓ ✓ ×
Real videos 460k × ✓ ✓ ✓ ✓

Table 1. Dataset Statistics. We collect the weather data from three
heterogeneous data sources, and mark each properties as high (✓),
moderate (✓), and low/none (×). The data size is the number of
image pairs (with and without weather effects).

optional conditioning information. Once trained, the model 183
generates new video samples by iteratively denoising Gaus- 184
sian noise. The final output video Î is reconstructed by de- 185
coding the denoised latent with the VAE decoder D. 186

Our method is designed to be model-agnostic and can be 187
applied to any video diffusion model. In this work, we build 188
on Stable Video Diffusion [7], which compresses the spatial 189
dimensions of the video by a factor of 8 while preserving 190
the temporal resolution, using a latent dimension of C = 4. 191

4. Method 192

We formulate weather simulation in real-world videos as 193
a video-to-video translation task using two complementary 194
and controllable video diffusion models. The WEATHER RE- 195
MOVAL MODEL removes existing weather effects to generate 196
a clear day video, while the WEATHER SYNTHESIS MODEL 197
adds weather effects to the clear day video with precise 198
control over both type and intensity. 199

To train these models, we decompose weather into its 200
fundamental components (Sec. 4.1), curate a diverse multi- 201
source dataset (Sec. 4.2), and propose a staged training strat- 202
egy (Sec. 4.3). The overall pipeline is shown in Fig. 2. 203

4.1. Model Design 204

Our method is designed to flexibly represent and control 205
individual weather effects. Both the weather removal and 206
synthesis are formulated as conditional video generation task 207
and use the same network architecture. 208

Representing Weather Effects To enable precise control 209
over weather type and intensity, we decompose weather into 210
six distinct effects: 1) cloud, 2) fog, 3) rain, 4) snow, 5) pud- 211
dle, and 6) snow coverage (i.e., persistent snow accumulation 212
on the ground and objects). Each effect is parameterized by 213
a continuous strength value s ∈ R+, where higher values 214
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Figure 3. Data Strategy. We collect paired image and video data from (a) simulation engine, (b) text-to-image generative models with
Prompt-to-prompt [31], and (c) auto-labeling real-world online videos.

indicate stronger manifestations (e.g., denser fog or heav-215
ier rain). The overall weather condition for a video is thus216
represented by the vector217

s = (scloud, sfog, srain, ssnow, spuddle, ssnow coverage) ∈ R6.218

This parametric representation precisely captures weather219
variations and offers intuitive control over both the type and220
intensity of effects applied to the input video. By combining221
individual conditions, our model can synthesize a wide array222
of realistic weather conditions (Fig. 5, 7).223

Weather Synthesis Given an input video Ic and a condi-224
tioning signal s, our WEATHER SYNTHESIS MODEL outputs225
the synthesized video with desired weather effects Îw. We226
formulate weather synthesis as a conditional video gener-227
ation task, and aim to approximate weather synthesis in a228
data-driven manner, allowing the model to operate on arbi-229
trary input videos without relying on explicit 3D geometry.230

Our WEATHER SYNTHESIS MODEL f c→w
θ is initialized

with the pre-trained weights of Stable Video Diffusion and
operates in the VAE latent space. Specifically, for each data
sample (Ic, Iw, s), we encode both the input video Ic and
the corresponding weather-affected video Iw into the latent
space using the VAE encoder:

zc0 = E(Ic) ∈ Rl×h×w×C , zw0 = E(Iw) ∈ Rl×h×w×C

To represent the strength of the weather effect, we construct231
a condition map S by expanding the condition vectors across232
spatial and temporal dimensions S = 1 ⊗ s ∈ Rl×h×w×6,233
where 1 ∈ Rl×h×w denotes an all-one tensor.234

During training, noisy video latents are obtained by235
adding Gaussian noise following the predefined noise sched-236
ule zwτ = ατz

w
0 + στ ϵ. In each denoising step, the noisy237

latent zwτ , the video latent zc0, and the weather strength map 238
S are concatenated as input into the UNet denoising function 239
f c→w
θ . To handle the concatenated input conditions, we add 240

zero-initialized extra channels to the first convolution layer 241
of the UNet. The model is optimized using the denoising 242
score matching objective [37]: 243

Lc→w = ∥f c→w
θ (zwτ ; z

c
0,S, τ)− zw0 ∥22 (1) 244

Weather Removal is similarly formulated as a conditional 245
video generation task, sharing the same architecture as the 246
WEATHER SYNTHESIS MODEL. Given an input video with 247
weather effects Iw, and weather strengths s indicating the ef- 248
fects to remove, the WEATHER REMOVAL MODEL generates 249
the corresponding clear-day video Îc. 250

During training, Gaussian noise is added to the clear-day 251
video latent zc0 to create noisy latent zcτ . The noisy latent is 252
concatenated with the input video latent zw0 and the weather 253
strength map S to form the input for the UNet denoising 254
function fw→c

θ . The training objective is defined as: 255

Lw→c = ∥fw→c
θ (zcτ , z

w
0 ,S, τ)− zc0∥22 (2) 256

At inference time, both weather synthesis and removal 257
models produce photorealistic edited videos by iteratively 258
denoising Gaussian noise with learned denoising functions. 259

4.2. Data Collection 260

High-quality paired video data (Ic, Iw, s) is essential for 261
training our models, where Ic denotes clear-day videos 262
without weather effects, Iw the corresponding videos with 263
weather effects, and s represents the strength of these effects. 264
Collecting such data in real-world scenarios is challenging, 265
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and existing public datasets [5, 7, 67] do not meet these spe-266
cific requirements. To bridge this gap, we propose a data col-267
lection strategy that leverages three complementary sources:268
Simulation, Generation, and auto-labeled Real-World Videos.269
Table 1 summarizes the key properties of these sources, and270
Fig. 3 shows examples of the collected data.271

Simulation To obtain paired video data with precise272
weather control, we use synthetic environments in Unreal273
Engine [19]. Specifically, we select four large-scale, artist-274
generated outdoor scenes consisting of city streets, wild275
forests, towns, and rural areas and simulate six weather ef-276
fects at varying intensities. To mimic real-world conditions,277
we also randomly combine these individual effects.278

We generate diverse camera trajectories by sampling an279
initial pose and then randomly selecting subsequent poses280
within defined spatial bounds, using collision detection to281
avoid asset intersections. Lighting was varied by randomly282
sampling environment maps covering different times of day.283

By automating this workflow via Unreal Engine scripting,284
we produced 20.8k video pairs, each comprising 100 frames285
with labeled ground truth weather effects.286

Generation High-quality synthetic assets are costly to287
obtain and often lack scene diversity. In contrast, genera-288
tive models can synthesize a rich variety of data and scale289
with compute. To make use this resource, we follow Brooks290
et al. [8] and use Prompt-to-Prompt [31] in combination with291
SDXL [58] to generate paired images—with and without292
weather effects—while maintaining structural consistency.293

Specifically, we use large language models [9, 55] to gen-294
erate 61k scene descriptions (e.g. “A coastal road bordered295
by palm trees”) and 10 pairs of weather-related captions for296
each of the six weather effects (e.g. “on a sunny day” versus297
“on a snowy day”). These paired captions enable us to gen-298
erate image pairs through Prompt-to-Prompt. To synthesize299
varying weather intensities, we adjust the cross-attention300
weights for weather-related tokens (e.g., “snowy”) and use301
these weights as strength labels (see [31] for further details).302

We observed that the generative model often fails to ad-303
here to the provided prompts. To address this, we filter the304
generated samples by measuring the consistency between im-305
age pairs and their corresponding caption pairs in the CLIP306
embedding space [62], following the approach in [8, 24].307
We then select the top 4% of samples based on their con-308
sistency scores. For each selected sample, we generate 5309
image pairs with varying effect strengths, resulting in a total310
of 1,147k high-quality paired images that capture diverse311
weather variations across numerous scenes.312

Although this pipeline produces image pairs rather than313
video pairs, the diversity provided by these images signifi-314
cantly benefits our model. Extending attention-based tech-315
niques to text-to-video generation [7, 33, 89] is promising316
but demands considerably more resources and less scalable.317
Hence, we leave video-based data generation for future work.318

Real-world Videos offer high diversity and realism, yet 319
obtaining paired examples with and without weather effects 320
remains challenging. To address this, we introduce an auto- 321
labeling strategy that leverages the abundance of photoreal- 322
istic weather videos available online to generate additional 323
training data for our WEATHER SYNTHESIS MODEL. 324

Specifically, we collect online videos capturing significant 325
weather events such as heavy rainstorms and snowfall. We 326
then use our pre-trained WEATHER REMOVAL MODEL and 327
generate corresponding weather-free versions, effectively 328
transforming the input videos into clear-day sequences (see 329
Fig.3). To label the weather effect strengths we use a vision- 330
language model (VLM) [80] with in-context learning. By 331
providing the VLM with simulation data examples and their 332
corresponding strength labels, we instruct them to estimate 333
weather effect strengths for the collected real-world videos. 334

In total, we collected and processed 4.6k video pairs (100 335
frames per video) that capture the realistic appearance and 336
dynamic variations of diverse weather conditions. 337

4.3. Training Strategy 338

We use a multi-stage training strategy to combine the 339
strengths of different data sources. We first train the 340
WEATHER REMOVAL MODEL fw→c

θ using a combination of 341
simulation and generation data. Since the generation dataset 342
contains only images, we perform image-video co-training 343
by treating each image as a single-frame video. Once trained, 344
we use the model and auto-label real-world videos by gener- 345
ating corresponding videos with weather effects removed. 346

For WEATHER SYNTHESIS MODEL f c→w
θ , we start by 347

training on both simulation and generation data, enabling the 348
model to learn precise control over weather effects. Finally, 349
we jointly train f c→w

θ on all three data sources of simulation, 350
generation, and auto-labeled real-world video data. 351

5. Experiments 352

We extensively evaluate our method on real-world video se- 353
quences and compare with state-of-the-art. Both qualitative 354
and quantitative results demonstrate the effectiveness of our 355
approach for weather synthesis, removal, and downstream 356
applications. Video results are included in the Supplement. 357

Datasets To evaluate generalization and ensure a fair com- 358
parison with baselines, we collect test video sequences from 359
three distinct, non-overlapping sources: driving sequences 360
from the Waymo Open Dataset [72], outdoor scenes from 361
DL3DV [48], and casual in-the-wild videos from Pexels [1]. 362
In total, we use 40 videos for weather synthesis and 55 videos 363
(with fog, rain, or snow) for weather removal evaluation. 364

Baselines We compare our method with diffusion- 365
based video editing approaches, including Text2Live [6], 366
AnyV2V [41], TokenFlow [26], and FRESCO [86]. These 367
works rely on text input for guidance. To enable scalable 368
evaluation and reduce human bias, we use state-of-the-art 369
VLM [80] to generate synthesis/removal prompts from the 370
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Figure 4. Qualitative comparison with state-of-the-art methods on weather removal.
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Figure 5. Qualitative comparison with state-of-the-art methods on weather synthesis.

first frame of each input sequence. We also compare with371
specialized methods for weather removal, including Weath-372
erDiffusion [56] and Histoformer [73]. Finally, we perform373
qualitative comparison with ClimateNeRF [44] on weather374
synthesis.375

Evaluation Metrics For weather synthesis, all methods376
generate three effects (fog, rain, snow) for each input video.377
Our method uses a fixed effect strength of 1.0 to generate378
the results. To measure how well the output aligns with tar-379
get effects, we use VLM [80] to estimate alignment scores380
(denoted as Align. VLM) based on weather descriptions,381
and measure the average cosine similarity of edited frames382
using CLIP [62] (denoted as Align. CLIP). Following prior383
works [15, 82], we also adopt PickScore [40], which esti-384
mates alignment with human preferences. Temporal consis-385
tency is evaluated using VBench++ [35, 36], which com-386
putes CLIP feature similarity across frames and evaluate mo-387

tion smoothness using motion priors from video model [45]. 388
Structure preservation is measured using the DINO Struc- 389
ture score (DINO Struct.), following [57, 75], with all scores 390
multiplied by 100. Finally, we evaluate the perceptual quality 391
of generated videos with a user study. 392

5.1. Quantitative Evaluation 393

Table 2 shows the quantitative comparison of weather synthe- 394
sis and removal tasks compared with four baseline methods. 395
Our method consistently outperforms all baselines in terms 396
of Align. VLM, Align. CLIP, and PickScore, demonstrat- 397
ing its effectiveness in synthesizing diverse weather con- 398
ditions and removing existing weather effects. For struc- 399
ture preservation (DINO Struct.), our method ranks second 400
best in synthesis and third best in removal, suggesting that 401
while videos are modified with weather change, the overall 402
structure is preserved well. While WeatherDiffusion [56] 403
and Histoformer [73] achieve higher structure preservation 404
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Weather Synthesis

Method
Align.
VLM ↑

Align.
CLIP ↑ PickScore ↑ Temporal

Consistency ↑
Motion

Smooth. ↑
DINO

Struct. ↓
Text2Live [6] 70.45 0.22 20.41 0.96 0.99 3.86
AnyV2V [41] 65.62 0.18 20.11 0.95 0.98 3.98
TokenFlow [26] 62.38 0.17 19.89 0.96 0.97 1.93
FRESCO [86] 70.23 0.18 19.81 0.95 0.98 2.42
Ours 77.29 0.22 20.75 0.96 0.99 2.30

Weather Removal

Method
Align.
VLM ↑

Align.
CLIP ↑ PickScore ↑ Temporal

Consistency ↑
Motion

Smooth. ↑
DINO

Struct. ↓
TokenFlow [26] 66.39 0.15 19.07 0.98 0.98 2.20
FRESCO [86] 60.98 0.16 18.94 0.97 0.98 2.71
WeatherDiffusion [56] 22.79 0.15 18.82 0.98 0.99 0.26
Histoformer [73] 13.30 0.15 18.81 0.98 0.99 0.05
Ours 71.61 0.17 19.10 0.98 0.99 2.09

Table 2. Quantitative evaluation for weather synthesis and removal.

scores, their outputs often fail to remove weather effects,405
resulting in videos that are nearly identical to the inputs.406
This limitation is reflected in their lower alignment scores,407
PickScores, and the qualitative results shown in Fig. 4. The408
supplementary video shows that our method also demon-409
strates good temporal consistency and motion smoothness.410

User Study We conducted a user study to assess the per-411
ceptual quality of our method’s video outputs. Participants412
were shown the reference input video alongside two edited413
video results–one generated by our method and the other by414
a baseline model, with the order randomized. For each sam-415
ple pair, we invited 11 users to perform binary selection from416
the video pairs, and used majority voting to determine the417
preferred video for each comparison. For the task of weather418
synthesis, users are instructed to select the video with more419
realistic weather effects. For weather removal, users select420
the videos with least visible weather effects. We repeat the421
full user study three times, and report the average percentage422
of samples where our method is preferred over baselines in423
Table 3. We also provide the standard deviation across the424
three experiments.425

Additionally, following recent research on using VLMs426
as perceptual evaluators [83], we randomly extract a single427
frame of each video and conduct the same evaluation on428
image pairs using Qwen2.5-VL-72B [80] as the perceptual429
evaluator. Our method is consistently preferred by both hu-430
man and VLM evaluators on both weather synthesis and431
removal tasks.432

5.2. Qualitative Evaluation433

Fig. 5 compares our weather synthesis results with state-434
of-the-art video editing models [26, 41, 86]. Our method435
effectively adapts lighting conditions for different weather,436
such as removing shadows and dimming lake reflections to437
simulate cloudy shading. Compared to baselines, our method438
introduces realistic weather elements that prior methods can-439
not handle, including reflective puddles, snow-covered roofs,440
falling snow and rain. Our approach preserves the overall441
structure by only modifying weather-related regions, while442
previous methods often change shapes, colors, and halluci-443
nate new contents.444

Weather Synthesis

Baselines Human Evaluator VLM Evaluator

Fog Rain Snow Fog Rain Snow

AnyV2V [41] 85%± 24% 86%± 18% 82%± 19% 80% 70% 58%
FRESCO [86] 60%± 17% 76%± 4% 78%± 23% 60% 50% 53%
Text2Live [6] 89%± 4% 88%± 10% 76%± 19% 80% 80% 73%
TokenFlow [26] 59%± 10% 66%± 10% 67%± 10% 58% 55% 50%

Weather Removal

Baselines Human Evaluator VLM Evaluator

Fog Rain Snow Fog Rain Snow

AnyV2V [41] 74%± 6% 62%± 21% 70%± 7% 63% 75% 63%
FRESCO [86] 59%± 6% 71%± 15% 67%± 22% 88% 65% 67%
Text2Live [6] 85%± 17% 94%± 11% 93%± 12% 75% 90% 92%
TokenFlow [26] 52%± 6% 65%± 18% 75%± 17% 50% 60% 58%
Histoformer [73] 82%± 6% 80%± 14% 82%± 16% 75% 65% 75%
WeatherDiffusion [56] 89%± 11% 87%± 14% 87%± 14% 100% 60% 75%

Table 3. User study. Evaluated by human and VLM evaluators, we
report the percentage of samples where Ours is preferred over base-
lines. A preference > 50% indicates Ours outperforming baselines.

Fog: sfog = 0.5 Fog: sfog = 0.8 Fog: sfog = 1.0

Puddle: spuddle = 0.2 Puddle: spuddle = 0.5 Puddle: spuddle = 1.0

Figure 6. Controlling the strength of weather effects.

We compare weather removal methods in Fig. 4. Token- 445
Flow [26] slightly changes the shading and synthesizes some 446
background details, but struggles with strong fog, rain, pud- 447
dle, and snow. WeatherDiffusion [56] and Histoformer [73] 448
are designed to remove transient snow and rain, but since 449
they are trained only on images with synthetic patterns [77], 450
they do not generalize well to diverse real-world videos and 451
cannot handle other weather effects such as fog, puddles, 452
and snow coverage. In contrast, our method is trained on 453
diverse data sources, and effectively generalize to various 454
weather conditions. It not only removes weather effects but 455
also generates realistic scene content and simulates natural 456
shading, consistently transforming videos into a clear-day 457
appearance. In Fig. 6, we control the fog density and pud- 458
dle reflection by changing the corresponding effect strength, 459
demonstrating the high controllability of our method. Please 460
refer to the supplementary for the results of all six effects. 461

5.3. Ablation Study 462

We qualitatively ablate our method in Fig. 8. Compared 463
to our full method, the image-model variant (i.e., without 464
temporal modules) often fails to generate transient effects 465
such as falling raindrops and snowflakes. 466

We also ablate the benefit of each data source described 467
in Sec. 4.2. When simulation data are excluded, the model 468
struggles to control effects and shading precisely. Excluding 469
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Figure 7. Weather Editing with Multiple Effects. Our method allows sequential application and combination of multiple effects. From left
to right, we control the weather effect strengths and simulate how weather changes during rainy/snowy days.

Input Image model No simulation data

No generation data No real data Full model

Figure 8. Ablation Study. Our video model formulation improves
the quality of transient effects and temporal consistency. Joint
training with all data sources produces the best results.

Input w/ original weather Weather removal Weather synthesis

Figure 9. Weather Editing. Combined weather removal and syn-
thesis models allow users to edit existing weather to different states.
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Figure 10. Improved perception with weather removal. After
removing dense fog with our weather removal model, Grounded
SAM [63] detects objects (e.g. train, tree) more accurately.

generation data impacts the generalization of specific effects,470
such as rain, leading to their absence in the output. Without471
real-world data, the generated videos often appears less472

realistic. In general, our full model combines a video-based 473
approach with three diverse data sources, achieving the best 474
quality and controllability. 475

5.4. Applications 476

Realistic weather editing in videos enables real-world ap- 477
plications. Combining both weather removal and synthesis 478
models, our method enables weather editing by first apply- 479
ing the weather removal model, and re-generate weather 480
effects with weather synthesis model in Fig. 9. Furthermore, 481
in Fig.7, we show that our method can be sequentially ap- 482
plied to the same scene to simulate “time-lapse” sequences 483
with diverse weather changes. 484

Effective weather removal also enhances the accuracy of 485
perception models. In Fig. 10, Grounded-SAM [63] fails to 486
detect trains in dense fog, but succeeds after applying our 487
weather removal model, demonstrating potential applications 488
for self-driving and robotics. 489

6. Conclusion 490

We propose a scalable, data-driven framework for control- 491
lable weather simulation in real-world videos. Drawing in- 492
spiration from modern graphics engines, we decompose the 493
task into WEATHER REMOVAL and WEATHER SYNTHESIS 494
and train two complementary conditional video diffusion 495
models that can be applied independently or combined. By 496
leveraging synthetic, generated, and automatically labeled 497
real-world data in a unified training scheme, WEATHER- 498
WEAVER consistently outperforms state-of-the-art methods. 499

Limitations While WEATHERWEAVER demonstrates real- 500
istic, controllable, and temporally consistent weather synthe- 501
sis and removal, its performance is bounded by the quality of 502
the underlying Stable Video Diffusion model. Consequently, 503
fine details such as text and facial features are not always 504
preserved. Our model also struggles with nighttime videos, 505
in part due to the scarcity of such footage in our current 506
data-curation pipeline. Finally, Stable Video Diffusion is an 507
offline model that can only process relatively short videos. 508
With rapid progress in video diffusion quality and efficiency, 509
we anticipate that integrating a more robust and efficient 510
base model will lead to even stronger performance. 511
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