IntrinsicWeather: Controllable Weather Editing in Intrinsic Space

Supplementary Material

A. Related works

Inverse rendering. Inverse rendering aims to recover
scene-level physical properties such as geometry, material,
and lighting from observed images. Intrinsic image de-
composition is a common formulation of inverse render-
ing, and our method focuses on it, so we mainly review
intrinsic image decomposition in this section. Early studies
[1, 3, 5] predominantly relied on hypothesis priors derived
from Retinex theory [7, 14]. Recent intrinsic image decom-
position methods [9, 23, 27, 30, 32] often used a learning-
based framework on large-scale dataset [15, 24, 32]. These
deep learning-driven approaches have enabled intrinsic im-
age decomposition models to surpass the limitations of
Lambertian reflectance assumptions, achieving predictive
capacities for physically based rendering-oriented material
properties, geometric structures, and illumination parame-
ters.

B. Preliminary: diffusion model for rendering

Given image I € RH*WX3 and intrinsic map y €

RAXWXC " diffusion model employs a pre-trained encoder
to map them from pixel space to a latent space and then get
the latent variable:

wo =E(I), zo=E(y). (D

Following Flow Matching [19], a random noise is added to
the latent variable:

Zt = (1 - t)ZO +le, €~ N(Oa I)a 2

where ¢ represents denoising timestep and € is random noise
sampled from a Gaussian distribution. Then DiT [22] is
used to estimate the velocity field at a specific timestep.
This is achieved by minimizing the following loss function:

Lo = Eirs(0,1),e~n0,n[1v0(21, €, 1) — (€ — 20)[[3]. (3)

Once the velocity field is estimated, the noisy latent vari-
able is progressively denoised step by step, resulting in a
clean estimation of the original latent variable.

C. Implementation details

We repurpose two separate Stable Diffusion 3.5 Medium
(SD3.5)! to enable the inverse and forward renderers fol-
lowing Sec. B. In this section, we will introduce the im-
plementation details of the inverse and forward renderers,
IMAA, CLIP-interpolation, along with the training strategy.

lh:,t,ps : / /huggingface . co/ stabilityai / stable -
diffusion-3.5-medium

C.1. Inverse renderer

VAE [11] of SD3.5 encodes the image into a 16-channel la-
tent space. Following Instruct-Pix2pix [2], we concatenate
the latent original image and diffusion noise together, and
the final input channel size is 32. We notice that the intrin-
sic maps remain consistent when solely supervised by data,
so unlike previous works such as Wonder3D [20], we do not
introduce an explicit mechanism for information exchange
among maps.

C.2. Forward renderer

Following Instruct-Pix2pix [2], we concatenate the set of
intrinsic maps and diffusion noise together, and the final in-
put channel size is 96. Furthermore, to enhance consistency
with the intrinsic maps while maintaining generative qual-
ity, we apply classifier-free guidance. When training, we
drop intrinsic maps randomly following RGB<«>X [31], and
we set the drop probability p = 0.1. In inference, we set the
guidance scale as 7.5 and the image guidance scale as 3.

C.3. Intrinsic Map-Aware Attention (IMAA)

The goal of the IMAA is to generate map-specific spatial at-
tention masks that guide the cross-modal attention between
image features and textual tokens. We present a network
architecture in Fig. 1. It takes patch-level features from a
frozen DINO backbone and combines them with a learn-
able embedding for each map type, projecting both into
a common feature space. The two streams are fused by
lightweight convolutional layers, and a convolutional head
outputs a single-channel gating map. After upsampling and
sigmoid normalization, this gating map is scaled and in-
serted into the attention bias, allowing image tokens to be
weighted adaptively according to the target map.

C.4. Heuristic-guided progressive training for
IMAA.

We find that the model is difficult to converge if we finetune
the DiT [22] with randomly initialized IMAA directly. This
is because IMAA provides auxiliary guidance for DiT. In
the early period of finetuning, the model does not have suf-
ficient capacity to generate plausible estimation, so the loss
cannot provide enough information to help IMAA optimize.
To this end, we propose heuristic-guided progressive train-
ing for IMAA.

Firstly, we pretrain IMAA heuristically. Following the
observation mentioned in the main paper, we design a sim-
ple yet effective heuristic to generate importance masks for
various intrinsic maps according to the ground-truth, iden-
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Figure 1. Network architecture of intrinsic map-aware attention.

tifying the most visually or physically significant regions in

a scene. The detailed design is as follows.

* Albedo. Brighter regions are emphasized, as they are per-
ceptually more salient.

e Normal. Areas with sharp geometric changes or large
homogeneous surfaces are highlighted.

* Roughness. Smooth surfaces (low roughness) are priori-
tized, since they dominate reflections.

* Metallicity. Metallic regions are emphasized due to their
unique appearance.

* Irradiance. Both brightly lit areas and shadow bound-
aries are emphasized for lighting consistency.

After obtaining masks m for different maps, we use a
supervised learning paradigm to train IMAA, using the fol-
lowing loss function:

Livaa = A1 - Livmag + A2 - Lssivm + Az - Lorad,  (4)

where Lysg provides pixel-level fidelity, , Lgsmy maintains
perceptual similarity, and Lg;,q ensures structure preserva-
tion. We set A1 = 1.0, Ao = 0.5, A3 = 0.1.

Though we find that applying the pretrained IMAA to the
finetuned diffusion model can help improve performance
(as shown in Sec. E), we freeze the IMAA and finetune DiT
to help it adapt IMAA’s guidance better.

C.5. CLIP space interpolation

We leverage a linear interpolation to achieve fine-grained
weather control. A naive approach is to directly interpolate
between two weather prompts, such as “An overcast day”
and “A rainy day”. However, this approach results in un-
controllable generation results. Thus, we design an interpo-
lation approach based on weather direction, as introduced
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Figure 2. Different interpolation approaches. The naive approach
produces uncontrollable results, while our method generates more
consistent results.

in the main paper. We conduct a simple experiment on the
original Stable Diffusion, as shown in Fig. 2.

C.6. Feature distillation of forward renderer

To preserve the strong generative prior of the original pre-
trained Stable Diffusion model, we employ a feature distil-
lation strategy during the training of our forward renderer.
This technique regularizes the student model (our forward
renderer), encouraging its internal feature representations to
remain aligned with those of a frozen, pre-trained teacher
model (SD3.5). This helps enhance the realism when ap-
plying CLIP-interpolation to generate fine-grained weather
control. The teacher model is the original, frozen SD 3.5
DiT backbone. It does not receive any intrinsic map condi-
tioning. The student model is our forward renderer, which
has the same architecture but is fine-tuned to accept intrin-
sic maps as additional conditions concatenated to the noisy
latents. We extract intermediate features from a predefined
set of layers Lgisin from both the student and teacher DiT
backbones. Let fs(l) and ft(l) be the feature maps from the
l-th layer of the student and teacher, respectively, where
l € Lgsin. To align the features, we apply Layer Normal-
ization (LN) to mitigate scale differences between feature
activations. The distillation loss for a single layer [ is a
combination of Mean Squared Error (MSE) and a cosine
similarity-based loss:

1
‘CC(IQtill = §£MSE(LN(f§l))7 LN(ft(l)))

+ % (1 — simeos (Y, ff”)) )
where simos denotes the cosine similarity. The MSE term
enforces a strict, token-wise numerical match, while the co-
sine similarity term ensures that the features are structurally
similar by aligning their vector directions. The total feature
distillation loss is the average loss across all selected layers:
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The feature distillation loss is incorporated into the main
training objective as a weighted regularization term. The
final loss for the forward renderer is:

Lol = Lem + Adistin Laistitt @)

where Lgy is the Flow matching loss, and Agisqn is a hy-
perparameter that controls the strength of the distillation.
In our experiments, we use Lgisin = [5, 10, 15, 20] and set
Adistinn t0 0.1,

C.7. Training details

Besides WeatherSynthetic and WeatherReal, we also use In-
teriorVerse [32] and Hypersim [24] in training our inverse
rendering diffusion and forward rendering diffusion. Al-
though there is a distributional difference between indoor
datasets and our task scenario, they can still help the model
learn the relationship between intrinsic maps and rendered
images. For the inverse rendering model, we freeze the VAE
and text encoders and train only the DiT and IMAA mod-
ules. We first only finetune the Diffusion model. The in-
verse renderer is optimized using AdamW [21] with a learn-
ing rate of le-5 and batch size of 24 on each GPU, training
for approximately 2K iterations with 512 resolution, costing
about 20 hours on eight 4090 GPUs. We then train IMAA
for about 5 hours on a single 4090 GPU, with a learning
rate of le-4 and batch size of 96. Then we resume training
the inverse renderer with frozen IMAA for 1K iterations,
costing about 10 hours on eight 4090 GPUs. To help the
inverse renderer generate higher-quality results, we then re-
sume training it on a 1024 resolution for 2K iterations with
a batch size of 8 for about 2 days on eight 4090 GPUs. For
the forward renderer, we use Qwen2.5-VL-7B-Instruct’ to
generate a text prompt for each image first. Similar to the in-
verse renderer, we only train the DiT module using a learn-
ing rate of le-5 and batch size of 48 for nearly 40 hours on
7 L40s GPUs. The LoRA [8] finetuning with feature distil-
lation costs 8 hours on four 4090 GPUs, with a learning rate
of le-4 and the LoRA rank of 32.

D. Dataset construction details

Our WeatherSynthetic contains 35 thousand images of au-
tonomous driving scenes under various weather conditions,
simulating diverse weather and lighting scenarios. It in-
cludes detailed annotations of intrinsic maps, including
albedo, normal, roughness, metallicity, and irradiance. A
comparison between our dataset and other datasets is shown
in Tab. 1. Additionally, to facilitate generation tasks, we
provide a detailed prompt for each image, including scene
elements, weather, time of day, and more. More examples
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Figure 3. Ablation on intrinsic representation. We show a compar-
ison between the model trained on intrinsic representation (Ours)
and RGB image (RGB repr.).

are shown in Fig. 8. The WeatherReal contains 18 thou-
sand real-world images. We first leverage Qwen2.5-VL-
7B-Instruct to filter sunny scenes and then use the inverse
rendering model to obtain intrinsic maps. Specifically, we
use “Generate a sentence describing this {weather_type}
weather driving scene.” as the template, guiding Qwen2.5-
VL-7B-Instruct to generate a reasonable and appropriately
concise description. More examples are shown in Fig. 9.

E. More ablation results

Effect of intrinsic representation. The intrinsic repre-
sentation imposes a physical inductive bias that enables
high-fidelity editing with limited training data. We replace
the intrinsic representation with a clean-weather image sim-
ilar to WeatherWeaver [18], and train the model with the
same setup as the forward renderer. We find that the model
struggles to maintain geometry and material details when
modifying the weather conditions, as shown in Fig. 3.
Moreover, our intrinsic-based editing pipeline supports ma-
terial editing better.

Effect of IMAA. Following the heuristic-guided progres-
sive training strategy proposed in Sec. C.4, we first train
IMAA and the Diffusion model, respectively. The pre-
trained IMAA can be applied to the finetuned Diffusion
model without additional finetuning, as shown in row 2 of
Tab. 2, and the performance of the original Diffusion model
without further finetuning is reported in row 4 in Tab. 2.
IMAA helps the Diffusion model generate more plausible
estimations, especially the roughness (PSNR from 22.56 to
23.85) and metallicity (PSNR from 26.30 to 31.15). Then
we further finetune the Diffusion model with frozen IMAA,
and the results are shown in row 1 of Tab. 2. We also fine-
tune the Diffusion model without IMAA for the same steps,
as shown in row 3. After additional finetuning, our full
model achieves the best performance on almost all metrics.

We also validate the effect of heuristic-guided progres-
sive training, as shown in row 5 of Tab. 2. The performance
of the diffusion model with IMAA training from scratch is
similar to the model without IMAA. Moreover, we find that
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Table 1. Comparison of our datasets and previous datasets. Our dataset includes both synthetic and real-world data, and simulates a wide
variety of weather and lighting conditions. Meanwhile, we provide detailed map annotations for each scene. Each feature is marked as

satisfied (\/ ), partially satisfied (v ), or not satisfied (X ).

Intrinsic map

Images  Scene Source Weather
Albedo Normal Roughness Metallicity Irradiance
InteriorVerse 50K  Indoor  Synthetic X v v v v X
Hypersim 70K Indoor  Synthetic X v v X X v
Openrooms 118K Indoor  Synthetic X v v v X X
Matrixcity 316K City  Synthetic v v v v X
WeatherSynthetic 35K City Synthetic v v v v v v
WeatherReal 18K City  Real-world v v v v v v

Table 2. Ablation study of IMAA. All results are evaluated on the WeatherSynthetic test set. We highlight the best results in red and the

second-best results in orange.

Method Albedo Normal

Roughness Metallic Irradiance

PSNRf SSIMtT LPIPS| PSNRT SSIMT MAE| PSNRT LPIPS|, PSNRfT LPIPS| PSNRf LPIPS|

Ours (M+, F+) 27.99 0.86 0.35 25.06 0.84 4.24 25.81 0.23 29.29 0.04 29.66 0.22
Ours (M+, F-) 27.49 0.79 0.38 23.85 0.75 4.58 24.53 0.21 31.15 0.04 27.98 0.36
Ours (M-, F+) 26.78 0.84 0.43 23.63 0.79 6.33 24.60 0.25 28.16 0.05 26.99 0.32
Ours (M-, F-) 26.66 0.83 0.45 22.56 0.77 5.15 2291 0.29 26.30 0.06 27.03 0.34
Ours (M+, no prog)  24.63 0.74 0.47 22.89 0.76 6.35 21.60 0.25 22.37 0.08 26.32 0.45

Note: M+ = with IMAA; M- = without IMAA; F+ = with additional finetune; F- = without additional finetune; no prog = without heuristic-

guided progressive training.

the map-aware mask generated by IMAA is close to a zero
matrix. These results suggest that without heuristic-guided
progressive training, IMAA collapses during training, pro-
ducing near-zero masks and thus failing to provide effective
supervised signals.

Effect of WeatherSynthetic. We train our Intrin-
sicWeather with only the indoor dataset [24, 32]. We show
results in Fig. 4. The estimation is flawed despite the gen-
eralization of the diffusion model.

Effect of WeatherReal. We show results of the model
trained only on synthetic data in Fig. 5. Due to the domain
gap, the performance of the model without WeatherReal in
some severe weather is heavily affected.

Effect of distillation for fine-grained weather control
We train a LoRA [8] based on the forward renderer trained
on the synthetic data without feature distillation. The com-
parison is shown in 6. Without feature abolition (Ours w/o
dis.), the intermediate weather states tend to resemble the
two endpoints, lacking a natural transition. When applying
distillation (Ours w/ dis.), the results are more natural.

Inverse renderer w/o WeatherSynthetic

-

Figure 4. Ablation on WeatherSynthetic. We show a compari-
son between the model trained only on the indoor dataset and the
model trained on the indoor dataset and WeatherSynthetic.
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Figure 5. Ablation on WeatherReal. We show a comparison be-
tween the model trained with real-world data and the one trained
without it.
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Figure 6. Ablation on feature distillation. When applying distilla-
tion, the intermediate results are more natural.

F. Comparison with image editing methods

F.1. More qualitative comparisons

In Fig. 10, we compare our method’s weather removal
performance with state-of-the-art pixel-space editing meth-
ods (i.e., Flux-Kontext [13] and Qwen-Image-Edit [28]), a
classic instruction-based method (Instruct-Pix2Pix [2]), an
inversion-based method (i.e., TurboEdit [29]), and weather
specific editing method (i.e., WeatherWeaver [18]). Our
method removes snowflakes, raindrops, and snow cover
while maintaining material and geometric details. Flux-
Kontext struggles to remove weather artifacts across most
scenes effectively. Qwen-Image-Edit partially removes
the air particles, but fails to remove the splash and rain
trace. Instruct-Pix2Pix tends to misinterpret the task, of-
ten producing stylized outputs rather than realistic, weather-
free reconstructions. WeatherWeaver can remove partial
weather effects, but fails to keep original details, and gen-
erates blurry images. Inversion-based methods struggle to
handle global editing tasks such as weather editing, and
they often produce irrelevant or unintended modifications.
Moreover, other pixel-space editing methods struggle to
preserve material and geometry details when synthesizing
new weather conditions.

In Fig. 11 we show the performance of weather synthe-
sis. Our method leverages inverse rendering to decouple
the material and lighting first, and then re-renders the im-
age under new weather and illumination conditions. This
framework helps modify the lighting more naturally. Flux-
Kontext and Qwen-image-Edit tend to generate unnatural
phenomena, such as significant shadows on an overcast day.

Table 3. User preference across different weather conditions.

Method User Preference (%)71
Weather Removal ~ Weather Synthesis
Ours 77.07 86.28
Flux-Kontext 13.70 7.58
Qwen-Image-Edit 7.90 1.32
WeatherWeaver 1.33 4.82

F.2. More results on real-world dataset

In Fig. 12, we present the full weather editing process of
our IntrinsicWeather. Note the consistent preservation of
scene geometry and object identity across all generated
weather conditions, demonstrating the robustness of our
editing framework in intrinsic space.

In Fig. 13, we present weather editing on the ACDC
dataset [25]. The weather-aware inverse renderer decouples
different weather conditions from material and geometry.
Then the weather-conditioned forward renderer re-renders
images under target weather conditions. We show robust
editing under different original weather conditions (rows 1-
2: fog, rows 3-4: snow, rows 5-6: rain).

F.3. User study

We conducted a user study to evaluate the consistency and
realism of different editing methods. Eight representative
cases were prepared, each showing our results alongside
several baselines under various weather conditions. For
each task, participants saw randomized, anonymized out-
puts from all methods and selected the most realistic. The
order was randomized per participant. A total of 61 partici-
pants were asked to vote for the most realistic and consistent
result in each case. As shown in Tab. 3, our methods won
the most preference in both weather removal and synthesis
tasks.

G. Validation on ACDC dataset

Setup. For the ACDC [25] benchmark, we apply our In-
trinsicWeather to every image in the validation set and ob-
tain a re-rendered version under the target weather condi-
tion. We then feed both the original images and the edited
images into off-the-shelf DETR® and Segformer models*
(without any further fine-tuning) and compare their detec-
tion/segmentation accuracy. This allows us to quantify the
contribution of our editing model to downstream perception
robustness.

3https://huggingface.co/facebook/detr-resnet-50
“https://huggingface . co/nvidia/segformer — b5 -
finetuned-cityscapes—-1024-1024
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Table 4. Quantitative evaluations of our method against existing methods on indoor scenes. Albedo, normal, roughness, and metallicity
evaluations are conducted on the InteriorVerse dataset, and irradiance evaluation is conducted on the Hypersim dataset. Due to corruption
in the metallicity channel of the open-source RGB+<+X model, we exclude it from the comparison. We highlight the best results in red and

the second-best results in orange.

Method Albedo Normal Roughness Metallic Irradiance
PSNRT SSIMtT LPIPS| PSNRT SSIMT MAE| PSNRt LPIPS| PSNRtT LPIPS| PSNRt LPIPS|

IID 17.40 0.80 0.22 - - - 14.58 0.27 13.83 0.28 - -
RGB+X 16.40 0.78 0.54 17.18 0.78 5.53 10.90 0.53 - - 14.10 0.22
GeoWizard - - - 10.40 0.62 6.14 - - - - - -
IDArb 6.04 0.48 0.65 11.70 0.66 10.32 9.60 0.59 9.09 0.62 - -
DiffusionRenderer ~ 22.40 0.87 0.19 20.97 0.83 10.90 10.63 0.57 12.08 0.36 - -
Ours 23.58 0.93 0.18 22.88 0.85 3.11 17.90 0.18 20.95 0.18 16.54 0.20
Ours (w/o IMAA)  22.19 0.88 0.26 20.01 0.83 4.58 15.57 0.20 18.16 0.22 15.08 0.33

H. More results of inverse rendering

H.1. Indoor scenes

We show quantitative comparison for indoor scenes in
Tab. 4, and our IntrinsicWeather outperforms state-of-the-
art methods. Qualitative comparison is shown in Fig. 14 and
more qualitative results in Fig. 16. Our IntrinsicWeather
set a special weather controller to present “indoor”. Our
method provides an accurate estimation of all intrinsic
maps. As shown in Fig. 14, the albedo maps predicted
by other methods exhibit color deviations on the ceiling,
whereas our method correctly produces a prediction that is
close to white. Our method generates constant and sharp
normal predictions, while others fail to recover geometry
details. In the roughness and metallicity map, our Intrin-
sicWeather can predict maps with sharp boundaries, while
other methods, such as IID [12], RGB<«+X [31], and Diffu-
sionRenderer [17] tend to produce predictions with blurred
edges. Last, our IntrinsicWeather and RGB+<+X both gener-
ate accurate irradiance maps.

H.2. Autonomous driving scenes

Synthetic scenes. An overall qualitative comparison is
shown in Fig. 7. On a sunny day (row 1), both ours and Dif-
fusionRenderer produce reasonable estimations, whereas
the other methods fail. Under adverse weather conditions
(rows 2-5), the performance of all other methods deterio-
rates significantly due to the presence of airborne particles.
In contrast, our method effectively removes the influence of
fog, snowflakes, and rain, yielding clean and faithful predic-
tions. We show extra qualitative comparison between our
IntrinsicWeather and other methods in Figs. 17 to 19. More
results are shown in Fig. 20. After fine-tuning, IID and
RGB++X can generate reasonable results on autonomous
driving scenes. But in detail, these methods fail to generate
an accurate estimation (e.g., the albedo of the car hiding in
the shadow). We further validate the consistency of our in-
verse renderer across weather conditions (see Fig. 21). For

each scene, we run the inverse renderer on images captured
under different weather types and compute the PSNR be-
tween the recovered intrinsic maps and those obtained un-
der sunny conditions.

Real-world scenes. We show a qualitative comparison in
Fig. 22. Our method remains robust under various weather
conditions. We show more results on real-world scenes
in Fig. 23. The figure includes heavy rain (rows 3, 4), bliz-
zard (rows 2, 6, and 7), dense fog (row 8), and sandstorm
scenarios (row 5). In particular, we additionally showcase
the strong reflections caused by wet roads after rain (row 1)
and the impact of accumulated snow (rows 6, 7) on model
stability. As can be seen, our model produces reasonable
predictions under all these challenging conditions.

H.3. Other outdoor scenes.

In this subsection, we will show results on several out-of-
distribution outdoor scenes that never appear in our training
dataset. Surprisingly, due to the generalization ability of the
diffusion model, our IntrinsicWeather can generate decent
results.

I. Failure case

We show some typical failure cases in Fig. 26. When facing
extreme heavy weather, such as dense fog, our inverse ren-
derer may generate hallucinations in the background where
information is completely occluded. Though the forward
renderer can remain robust when the intrinsic maps are im-
precise, the details in the re-rendered background are con-
sequently unreliable and may not reflect the true scene.
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Image Albedo Normal Roughness Metallic Irradiance Prompt

(i - ' 3 m A storm blankets a city street at

i i i ' i i . dusk, with light reflecting off the

. - ~ ' wet pavement and the building's
windows.

A quiet urban street scene on a
sunny morning with bare trees
casting long shadows across the
pavement.

A foggy city street at dawn
features a mix of modern cars and
a mannequin on the sidewalk,
creating an eerie and atmospheric
scene.

A quiet urban street scene on a
sunny morning, with brick
buildings lining the sidewalk and a
clear blue sky overhead.

A afternoon scene in an urban
plaza with puddles reflecting the
surrounding architecture and trees.

A foggy city street at dawn, with
snowflakes gently falling and
casting a soft, ethereal glow on the
wet pavement.

A serene urban street scene bathed
in soft sunlight, with bare trees
lining the sidewalks and tall
buildings towering in the
background, suggesting a calm
morning or early afternoon.

Figure 8. More samples of WeatherSynthetic.
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A quiet, tree-lined residential
street is seen on a bright, sunny
afternoon under a clear blue sky.

Pedestrians cross a bustling city
street lined with shops and
buildings under an overcast sky
during the late afternoon.

A bright, sunny afternoon on a
hilly city street with cars parked
alongside residential buildings
under a clear blue sky.

A quiet city street with cars parked
alongside multi-story residential
buildings is pictured on a bright,
sunny day under a clear blue sky.

A silver tour bus drives down a
city street lined with buildings on
one side and trees on the other
during a bright late afternoon.

A quiet suburban street is seen

under a clear sky during what

appears to be either sunrise or
sunset.

A row of cars is parked along an

urban street with a construction

crane in the background, during

what appears to be a bright, clear
day.

Figure 9. Samples of WeatherReal. We choose the pseudo-labels generated by the inverse renderer randomly and check the quality. Most
pseudo labels are high-quality.
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Figure 10. Comparison of weather removal with image editing methods.
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Figure 11. Comparison of weather synthesis with image editing methods.
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Figure 12. Examples of weather editing on the Waymo dataset. We first leverage the inverse render to obtain the weather-invariant
material and geometry maps, along with an irradiance map to capture lighting and weather effects. For the sunny condition, we use all the
maps, including the irradiance map, which forces the re-rendered image to have the same illumination as the input. For the other weather
conditions, we use the material and geometry maps as input to the forward renderer. Across diverse driving scenes, our model consistently
produces coherent intrinsic decomposition and weather editing, demonstrating strong domain generalization.
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Figure 13. Examples of weather editing on the ACDC dataset. Our weather-aware inverse renderer decouples weather effects from material
and geometry, helping clean and consistent weather editing. Across diverse weather conditions, our model consistently produces coherent
intrinsic decomposition and weather editing, demonstrating strong domain generalization.
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Figure 14. Comparison between IntrinsicWeather and existing methods on indoor scenes. Our method provides more accurate estimations
compared with RGB«+X [31], IID [12], GeoWizard [4], IDArb [16], and DiffusionRenderer (DR) [17].
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Figure 15. Extra comparison between IntrinsicWeather and existing methods on indoor scenes.
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Figure 16. More results on indoor scenes. The inputs are randomly sampled from the test set of InteriorVerse [32]. The irradiance map has
no GT, but our IntrinsicWeather can provide accurate estimations.



Input

Albedo Normal Roughness Metallicity

Figure 17. Full comparison between IntrinsicWeather and other methods.
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Figure 18. Qualitative comparison between IntrinsicWeather and other methods.
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Figure 19. Extra qualitative comparison.
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More results on synthetic driving scenes.
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Figure 21. Validation of the consistency of the inverse renderer across weather conditions. PSNR between the recovered intrinsic maps
and those obtained under sunny conditions is reported.
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Figure 22. Qualitative comparison on real-world data. Our IntrinsicWeather estimates reasonable results under various weather conditions,
while other methods are affected by weather.
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Figure 23. More results on real-world data with diverse weather and lighting conditions. The images are randomly sampled from Tran-
Weather [26], FogCityScapes [6] and DAWN [10].
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Figure 24. Examples of out-of-distribution data. Humans never appear in our training dataset, but our IntrinsicWeather can generate
reasonable results while deriving snowflakes in the air.



Figure 25. Examples of forward rendering on the Waymo dataset.
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Figure 26. Failure case.
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