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A Appendix

A.1 Data generation strategy
Our training data comprises a substantial synthetic dataset alongside
auto-labeled real-world datasets, specifically as follows:
Synthetic dataset. We produce a large number of rendered videos
through a data synthesis workflow, complete with their base colors,
roughness, metallicness, normal maps, depth maps, environment
maps, and camera trajectories. Specifically, we first collect 5700 high-
quality PBR material maps and 2241 HDR environment maps from
public resources [Li et al. 2025; Vecchio and Deschaintre 2024]. For
each scene, we initially place a plane as well as up to 12 primitives
(such as cubes, cones, and cylinders), with collision detection applied
to avoid object intersections. Subsequently, we select PBR material
maps randomly to texture both the plane and the primitives. Finally,
we generate three types of videos with random motion patterns,
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namely: 1) Camera rotation with fixed lighting; 2) Lighting rotation
with fixed camera; 3) Simultaneous rotation of both the camera and
lighting. Each scene is rendered under at least two random lighting
conditions for the same motion pattern. In total, we generate 8,000
videos, each consisting of 120 frames at a resolution of 512 × 512.
Real-world dataset.We collected a large number of video clips and
images from real-world datasets, including DL3DV [Ling et al. 2024],
SpatialVID-HQ [Wang et al. 2025], MIT multi-illumination [Mur-
mann et al. 2019], RemovalBench [Wei et al. 2025], and SOBAv2 [Liu
et al. 2024]. Specifically, we used a Vision LanguageModel (VLM) [Yang
et al. 2025] to filter these datasets (excludingMITmulti-illumination),
removing data with blurred frames or significant shadows from ob-
jects outside the frame. Through this filtering process, we selected
13,809 video clips (57 frames) and 792 images. We then generated
pseudo ground-truth G-buffers for the above data using Diffusion
Renderer’s inverse renderer. For MIT multi-illumination, we ex-
ported environment maps based on the dataset’s included reflective
chrome sphere screenshots. For other datasets, we employed the
VLM to determine the camera perspective of all data samples, and
applied DiffusionLight [Phongthawee et al. 2024] exclusively to an-
notate environment maps for images with horizontal perspectives,
while manually filtering out results with obvious errors. Because
we find that the DiffusionLight tends to yield significant estimation
errors for images captured from non-horizontal perspectives. Ul-
timately, we annotated environmental maps for 8,278 videos and
206 images, performing frame-by-frame alignment based on cam-
era trajectories. These datasets with varying levels of completeness,
combined with image data fromMITmulti-illumination, collectively
form a real-world dataset that significantly enriches our training
samples for realistic scenarios.

A.2 Initial training
Considering the significant differences in illumination distribution
between synthetic and real-world datasets, we dynamically adjust
our training mode across different periods. Specifically, we initially
train the model exclusively on synthetic data to learn foundational
rendering. Subsequently, we freeze the cross-attention module and
train on the full dataset to enhance generalization while preserving
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adaptability to varying lighting conditions. During training, we set
the latent zI to zero with a probability of 0.3 to simulate a pure
rendering task. Following UniRelight [He et al. 2025], for the sets of
real-world datasets with and without environment maps, the denois-
ing targets become ẑs (𝜃 ), ẑElog (𝜃 ) = f𝜃 ( [zI, zs𝜏 , z

Elog
𝜏 , z{a,d,m} , z{n,r}+

cE]; ccrossE , 𝜏) and ẑt (𝜃 ) = f𝜃 ( [zI, zt𝜏 , z0𝜏 , z{a,d,m} , z{n,r} + 0]; 0, 𝜏) re-
spectively, enabling training on real-world scenes with single light-
ing conditions.

A.3 Additional Details on Intrinsic Perception
Enhancement

In this section, we focus on the details of multi-illumination data gen-
eration in Intrinsic Perception Enhancement. In fact, this approach
was inspired by our observations of the initial model’s generated
results. As introduced in our discussion of the Relit-LiVE archi-
tecture’s flexibility, our model supports both relighting (w/ zI) and
rendering (w/o zI) tasks. The distinction in their specific inference
processes lies solely in whether the raw reference image is input.
Ideally, these two inference modes should produce identical results
for the same scene. But that’s not the case. We found that for relight-
ing mode, the initial model has a certain probability of extracting the
original lighting from the raw reference image. In other words, while
the information in the raw reference image significantly shapes the
high-quality details of the relit video, it may also cause the result
to deviate from the target lighting. We illustrate an example in
the first row and first column of Figure A1. Overall, relighting re-
sults exhibit high quality with occasional lighting anomalies, while
rendering results feature reasonable lighting but lack visual real-
ism. Therefore, we attempt to fuse both outputs to achieve stable,
high-quality data augmentation with consistent lighting. During the
implementation of Intrinsic Perception Enhancement, we generated
multi-illumination data multiple times using the optimal model at
each corresponding time point to continuously improve the quality
of generated data. For each multi-illumination data generation, we
adjusted the appropriate parameter𝑤 for the corresponding model.
Figure A1 simultaneously displays the multi-illumination data gen-
erated by the initial model and the later model. It is evident that the
quality of our generated data has achieved substantial improvement.
This high-quality data enhances our model’s ability to decouple
original illumination, thereby improving relighting performance.

Potential Discussion: Why not use existing relighting models to gener-
ate multi-illumination data? According to the IPE strategy, the gener-
ated data serves as (pseudo) original reference images. These should
exhibit accurate and physically realistic lighting effects, which exist-
ing open-source relighting models cannot achieve. As demonstrated
in Section 4.1 in main text, even advanced open-source methods still
fail to produce realistic relighting results that adhere to material
properties.

A.4 Experimental details
Training Details. We adopt Wan2.1-T2V-1.3B [Wan et al. 2025]
as the base model and achieve our Relit-LiVE by fine-tuning its
components. As mentioned in Section 3.4 in main text, our training
is divided into three stages. In the first stage, we first train the

model for 10,000 iterations using synthetic data only, then train it
for 20,000 iterations on the full dataset to obtain the initial model.
In the second stage, we use the initial model to generate 8 pseudo-
realistic images with different illuminations for each scenario in
the real-world dataset, training the model for 5,000 iterations. In
the third stage, we implement the SIC strategy with a probability
of 0.1, training the model for a final 5,000 iterations. All training
is conducted on 8 A800 GPUs with a batch size of 16, resolution
of 832 × 480, and AdamW optimizer with a learning rate of 1e-5.
Total training takes about 7 days. We only fix the training video
length to 17 during the synthetic data training in the first stage. In
subsequent processes, the training video length is incrementally
increased cyclically (from 1 to 57, following the 8n+1 pattern) to
ensure the model’s generalization capability across different frame
lengths.
Baselines. For video relighting, we compare Relit-LiVE against
multiple advanced video relightingmethods, includingUniRelight [He
et al. 2025](as of now, it has not been open-sourced, so we directly
replicate the results from the paper report), Cosmos-Diffusion Ren-
derer [Liang et al. 2025], Light-A-Video [Zhou et al. 2025], TC-
Light [Liu et al. 2025], and advanced image relighting method
NeuralGaffer [Jin et al. 2024]. For scene rendering, we compare
our approach with two representative neural rendering methods
RGBX [Zeng et al. 2024] and Cosmos-Diffusion Renderer. For en-
vironment light estimation, we compare with the image lighting
estimation methods DiffusionLight [Phongthawee et al. 2024] and
StyleLight [Wang et al. 2022].
Dataset. We curate test datasets through multiple channels for
evaluating various tasks. First, we have created a high-quality syn-
thetic test set, comprising 1,000 high-motion videos, each consist-
ing of 120 frames (covering the three “camera-light” motion pat-
terns mentioned in Section A.1). Meanwhile, we employ the MIT
multi-illumination test set [Murmann et al. 2019], comprising 30
high-quality scenes across 25 lighting configurations. To ensure
fair comparison, the evaluation methodology of relighting on this
dataset is identical to that used in UniRelight: images under the
i-th lighting condition are paired with those under the (i+12)-th
lighting condition to form test pairs. Additionally, we have collected
a series of videos from diverse domains, encompassing scenarios
such as portraits, nature, roadways, and robotics, to evaluate the
method’s generalization in the real world. Specifically, we collected
277 high-quality videos from Pexels [Pexels 2025] and Sora [Ope-
nAI 2024], covering subjects such as humans, animals, and objects,
and including various camera movements and object motions. Be-
yond that, we also collected 100 representative videos each from
PandaSet [Xiao et al. 2021] and Bridgev2 [Walke et al. 2023] for
evaluation in embodied and autonomous driving domains. These
videos are completely unrelated to our training data.
Evaluation metrics. Due to differences in dataset composition, we
conduct distinct evaluations on different test sets. 1) We evaluate the
performance of relighting, rendering, and lighting estimation simul-
taneously on the synthetic test set and the MIT multi-illumination
test set. (i) For relighting and rendering, we employ PSNR, SSIM,
and LPIPS as evaluation metrics to frame-by-frame assess the visual

SIGGRAPH Conference Papers ’26, July 19–23, 2026, Los Angeles, CA, USA.



Supplemental Material: Relit-LiVE: Relight Video by Jointly Learning Environment Video • 3

w
/o

 IP
E 

(I
ni

t M
od

el
)

Input

w
ith

 IP
E 

(L
at

er
 M

od
el

)

Tgt Env

Fig. A1. Example of latent space interpolation between relighting and rendering results. We demonstrate model interpolation outcomes before and
after applying the Intrinsic Perception Enhancement strategy. Note: When 𝑤 = 0, the interpolated result is fully equivalent to the relighting result; when
𝑤 = ∞, it is fully equivalent to the rendering result. This visualization not only illustrates the interpolation process but also validates the effectiveness of the
Intrinsic Perception Enhancement strategy.

fidelity between generated results and ground truth. (ii) For illumi-
nation estimation, we report angular error in degrees in scenes with
concentrated sunlight.
2) For real-world videos across various domains under other

single-lighting conditions, we evaluate the motion preservation
and material consistency of relit results using existing pre-trained
models, and assess the physical consistency of relit effects through
user studies. (i) Specifically, we employ RAFT to estimate optical
flow for both the source video and the relit video. The motion
preservation scores for each method are evaluated by calculating the
optical flow differences. (ii) Then, we evaluate material consistency
between the source video and the generated video by calculating the
average CLIP score (CLIP-MC) and average DINOv3 score (DINO-
MC) for corresponding frames according to A1, where higher scores
indicate better consistency. It is worth noting that our CLIP scores
are computed between the source video and the generated video,
rather than between consecutive frames as in previous methods [Liu
et al. 2026; Zhou et al. 2025] (which are used to measure video
smoothness). To validate these metrics, we produce paired datasets
with identical layouts but varying lighting/materials, and compute
DINOv3 and CLIP similarity. Both metrics exhibit invariance (≥
0.94) to lighting variations and sensitivity (≤ 0.89) to object material
differences. (iii) Our user study focuses on whether generated results
are physically plausible, which is crucial for fields like simulation
that demand high realism. Specifically, the evaluation involves visual
realism (VR), physical consistency (PC) and lighting alignment(LA).

MC = 1 − 1
2𝑁

𝑁∑︁
𝑖=1

(1 − cos(fsrc𝑖 , fgen
𝑖

)) ∈ [0, 1] (A1)

A.5 User Study
Figure A2 illustrates the interface used for our user study. Partic-
ipants evaluated the results based on three questions: (i) Which
result is inconsistent with the input video’s realism (e.g., anoma-
lous glowing or artifacts)? (ii) Which result fails to modify original
shadows or metallic highlights? (iii) Which result exhibits lighting
inconsistent with the target condition shown in the bottom-left (de-
fined by text description or environment map)? For each question,

Fig. A2. The visual interface for our user research. Participants simulta-
neously observed the input video, target lighting (text or environment map)
and the results of four methods (randomly shuffled) displayed side-by-side.
They evaluated each set of results based on three criteria by selecting meth-
ods that clearly failed.

participants could select between 0 and 2 options. In total, we col-
lected responses from 37 participants. Each participant was required
to complete 10 sets of comparisons. We recorded instances where
our method outperformed the baselines and vice versa. It is worth
noting that in cases of a tie, we administered the survey repeatedly
until a clear judgment was reached. Finally, we calculated the ratio
of our method outperforming each baseline as the final metric.

A.6 Evaluation of forward rendering
Besides video relighting, Relit-LiVE also supports forward ren-
dering. To validate our model, we compare the neural rendering
performance of different methods in Table A1. Note that our syn-
thetic video dataset includes dynamic cameras, dynamic lighting,
and combinations of both. These three motion patterns present
fundamentally different challenges for our method, as its lighting
conditions originate from the initial viewpoint. Both dynamic cam-
eras and dynamic lighting introduce additional complexity for our
approach. In contrast, this poses no significant theoretical difference
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Fig. A3. Error distribution across different frames. We compute the
average PSNR for each frame across 200 synthetic videos. Our results exhibit
high stability over time, comparable to methods that condition on per-frame
environment maps.

for Diffusion Renderer, which defines environment maps frame-by-
frame. Nevertheless, our approach achieves optimal performance,
showcasing its robustness across diverse dynamic scenes.

We visualize the error distribution of each method across different
frames for video rendering task, as shown in Figure A3. Our method
and Diffusion Renderer both demonstrate relatively stable rendering
performance across different frames. Despite only being fed the
environment map from the initial viewpoint, our model robustly
perceives camera viewpoint changes, accurately propagating the
lighting from the initial viewpoint to all viewpoints.

A.7 Supplement to ablation studies
Experimental settings. For the ablation studies onmodel architecture,
we first train the model for 10,000 iterations using only synthetic
data, followed by training it for 20,000 iterations on the full dataset.
Throughout training, we employ standard supervised learning with-
out incorporating the two training strategies proposed in this paper.
For the ablation studies on training strategies, we additionally train
the models from the architecture ablation, applying each strategy
sequentially for 5,000 iterations. All training runs on a single A800
GPU with a batch size of 4, consistently fixing the training video
length to 17 frames to reduce computational overhead. Note that
to ensure fairness and rigor, we train each ablation model starting
from the base model Wan2.1-T2V-1.3B, using the same number of
training steps. These models are unrelated to our final model.

Why use G-buffer latent group-wise addition? We use group-wise
addition to preserve semantic separability within each group. This
strategy is also used in UniRelight. In this section, we perform
the ablation of the operation and present the results in Table A2.
Experiments demonstrate that our group-wise addition performs
comparably to frame-concat while consuming 25% fewer resources.

Why choose dual-input light conditions? We compare the results
of relighting under different lighting control implementations, as
shown in Figure A4. We find that compared to models that only
inject lighting conditions via cross-attention, models that solely fuse
environment light features into scene-intrinsic latent achieve better
visual quality in overall detail across natural scenes. However, this
does not imply an architectural advantage. As shown in the red box,
in natural scenes, this model tends to directly replicate content from
the raw reference image, often leading to degradation in relighting
tasks. In contrast, methods that inject lighting conditions solely
through cross-attention generate color temperatures closer to the

Input & Tgt Env Cross A. & FusingOnly Cross A. Only Fusing

Fig. A4. Qualitative comparison under different light conditions.Only
Cross A.: Input light conditions via cross-attention. Only Fusing: By fusing
with scene property latents to input light conditions. The dual-path light-
ing control method achieves the most balanced performance in terms of
reflection quality and color temperature.

target lighting, but lack reflective details. We speculate this is be-
cause our base model is a T2V model, which transmits text prompt
information to the video generation model via cross-attention. How-
ever, textual information inherently possesses a natural sparsity
compared to image data, making it challenging to describe fine-
grained spatial structural details.

In other words, relying solely on cross-attention to input lighting
conditions fails to accurately convey texture details from environ-
ment maps, resulting in degraded reflection effects. In contrast, the
duplicate light control approach achieves the best overall perfor-
mance and is therefore adopted in our final architecture.

A.8 Scene editing workflow
We illustrate our scene editing workflow in Figure A6. Specifically,
we modify materials within the scene and insert new objects by
editing intermediate intrinsics. We utilize Ground-SAM [Ren et al.
2024] to obtain object masks, enabling material adjustments for
specific objects. Simultaneously, we directly insert new objects into
the original image to serve as the reference image for model input.
Since the processed reference image still contains elements awaiting
material modification, we employ latent space interpolation from
Equation.4 in main text to generate the edited image.

A.9 Analysis of failure cases
In this section, we focus on analyzing some typical failure cases of
this method. As shown in Figure A5, some objects in the relight-
ing results exhibit color shifts and abnormal lighting. We think
these issues stem from inherent pseudo-label errors (G-buffer &
environment map) in the real-world training set. This is unavoid-
able for methods applied to real scenes, such as Diffusion Renderer.
Inaccurate base-color labels may cause color shifts. Inaccurate en-
vironment map pseudo-labels impair the model’s learning of light
sources, causing it to occasionally misclassify background pixels as
strong light sources.
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Table A1. Quantitative comparison of neural rendering on the synthetic dataset. The D. denotes dynamic, while the S. denotes static.

Methods Synthetic Image
Synthetic Video

S.Lighting - D.Camera D.Lighting - S.Camera D.Lighting - D.Camera

PSNR (↑) SSIM (↑) LPIPS (↓) PSNR (↑) SSIM (↑) LPIPS (↓) PSNR (↑) SSIM (↑) LPIPS (↓) PSNR (↑) SSIM (↑) LPIPS (↓)
RGBX [Zeng et al. 2024] 11.97 0.503 0.429 - - - - - - - - -
Diffusion Renderer [Liang et al. 2025] 18.71 0.692 0.256 18.09 0.676 0.265 17.46 0.662 0.256 17.72 0.666 0.274
Ours 24.31 0.760 0.197 25.09 0.792 0.216 25.13 0.810 0.201 25.59 0.802 0.215

Table A2. Ablation of G-buffer latent group-wise addition. We compare the performance of the Frame-concat method and our method on two datasets:
Synthetic Video and MIT multi-illumination. Performance metrics include PSNR, SSIM, LPIPS, and GPU memory usage for both training and inference.

Method Synthetic Video MIT multi-illumination Training57𝑓 𝑟𝑎𝑚𝑒𝑠 Inference57𝑓 𝑟𝑎𝑚𝑒𝑠

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ GPU_memory𝑡𝑟𝑎𝑖𝑛 ↓(MiB) GPU_memory𝑖𝑛𝑓 𝑒𝑟𝑒𝑛𝑐𝑒 ↓(MiB)

Frame-concat 23.55 0.789 0.214 21.21 0.851 0.137 69678 33154
Ours 23.63 0.778 0.228 21.49 0.849 0.135 51990 26840
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Fig. A5. Failure cases of relighting: color shift (left) and abnormal illumina-
tion (right).

A.10 More visualizations of our methods
Figure A7 visualizes the performance of our training strategy. Fig-
ures A8-A10 present additional visual comparisons of our method
against other methods on in-the-wild data. Figures A11-A22 show
the results of our method under dynamic lighting and various envi-
ronment lights.
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Fig. A6. Overview of the scene editing workflow. Includes object insertion and material modification.
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Fig. A7. Ablation on training strategies. IPE: Intrinsic Perception Enhancement. SIC: Self-supervised learning based on Illumination Consistency.
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Fig. A8. Qualitative comparison of video relighting. Our method achieves superior relighting quality, temporal consistency, and photorealistic generation
results compared to baseline methods.
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Fig. A9. Qualitative comparison of video relighting. Our method achieves superior relighting quality, temporal consistency, and photorealistic generation
results compared to baseline methods.
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Fig. A10. Qualitative comparison of video relighting. Our method achieves superior relighting quality, temporal consistency, and photorealistic generation
results compared to baseline methods.
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Fig. A11. Image relighting results of our method on portraits.
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Fig. A12. Video results under dynamic lighting in a dynamic scene.
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Fig. A13. Video results under dynamic lighting in a dynamic scene.
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Fig. A14. Video results under dynamic lighting in a dynamic scene.
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Fig. A15. Video results under dynamic lighting in a dynamic scene.
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Fig. A16. Video results under dynamic lighting in a dynamic scene.
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Fig. A17. Video results under dynamic lighting in a dynamic scene.
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Fig. A18. Video results under dynamic lighting in a dynamic scene.
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Fig. A19. Video results under dynamic lighting in a dynamic scene.
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Fig. A20. Video results of the same scene under different environment lighting conditions.
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Fig. A21. Video results of the same scene under different environment lighting conditions.
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Fig. A22. Video results of the same scene under different environment lighting conditions.
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