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Abstract

Illumination and texture rerendering are critical dimensions for world-to-world
transfer, which is valuable for applications including sim2real and real2real visual
data scaling up for embodied AI. Existing techniques generatively re-render the
input video to realize the transfer, such as video relighting models and conditioned
world generation models. Nevertheless, these models are predominantly limited to
the domain of training data (e.g., portrait) or fall into the bottleneck of temporal
consistency and computation efficiency, especially when the input video involves
complex dynamics and long durations. In this paper, we propose TC-Light, a novel
paradigm characterized by the proposed two-stage post optimization mechanism.
Starting from the video preliminarily relighted by an inflated video relighting model,
it optimizes appearance embedding in the first stage to align global illumination.
Then it optimizes the proposed canonical video representation, i.e., Unique Video
Tensor (UVT), to align fine-grained texture and lighting in the second stage.
To comprehensively evaluate performance, we also establish a long and highly
dynamic video benchmark. Extensive experiments show that our method enables
physically plausible re-rendering results with superior temporal coherence and low
computation cost. The code and video demos are available at our Project Page.

1 Introduction

Lighting and its interaction with both real and synthetic environments fundamentally shapes how
humans—and embodied agents—perceive the world. The ability to re-render the illumination and
texture (or so-called relighting) of captured image sequences, especially in complex, highly dynamic
scenes, is critically valuable for various world-to-world transfer use cases like filmmaking [49] and
augmented reality [35]. Crucially, by re-rendering the CG-simulated or realistic video data used to
train embodied agents, it can bridge the sim-to-real gap and enable real-to-real transfer, thus unlocking
access to massive high-quality data that is essential for stepping towards embodied intelligence.

Despite its importance, the video illumination and texture rerendering remains a highly challenging
problem, particularly when camera motion is highly dynamic and foreground objects frequently
enter and exit scenes, as shown in Fig. 1. Most existing generative relighting techniques [60,
35, 23, 48, 29, 57] are tailored for static images. As shown in Sec. 4.2, naively inflating them to
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A busy urban street scene, …, a warm, 
sunny day

Magic lit, sci-fi RGB glowing, studio 
lighting(a)

…, The room is well lit by sunshine from 
window

A busy urban intersection, snow,
      winter. The sky is clear and blue(b)

At home, living room, a clean and 
organized workspace, realistic

…, The sky is clear, suggesting a bright, 
sunny day(c)

Figure 1: Relighting results on long videos under various dynamic scenes, averaging 256 frames per
clip. Though the video involves frequent changes of foreground objects (row (a)), highly dynamic
camera motions (row (b)), the TC-Light realizes consistent and physically plausible relighting results.
Row (c) also shows its potential to mitigate the sim2real gap for synthetic renderings.

a video model with existing zero-shot strategies struggles to balance the consistency and quality.
Moreover, the considerable training cost and scarcity of video lighting datasets hinder fine-tuning
a pretrained model for this task. Besides, though generative video relighting and world generation
models are emerging, they are either restricted on domain of training data [59, 10, 7, 3] or burdened
by considerable computation overhead [64, 17] on long video, as validated in Sec. 4.2.

To address the limitations outlined above, we propose TC-Light. We utilize the SOTA image
relighting model IC-Light [60] as the baseline, and inflate it to a video model in a zero-shot manner
with our decayed multi-axis denoising model, which is distinguished by the proposed Decayed Noise
Weighting and Noise Statistic Alignment. It provides a preliminary video relighting result. The core
innovation of TC-Light lies in a two-stage post-optimization framework that substantially improves
temporal consistency. The first stage introduces per-frame appearance embedding to compensate
for exposure discrepancy. It is optimized with photometric loss against the preliminarily relighted
video and a flow-based loss between adjacent frames. This enforces global illumination consistency
and facilitates consequent optimization. The second stage compresses the output to a canonical
representation, i.e., Unique Video Tensor (UVT), according to priors including optical flow and depth
of the source video. UVT is then optimized by minimizing the warping error across decompressed
frames while aligning the content with the first stage result. As shown in Tab. 2, our optimization
procedure is extremely efficient and introduces minimal VRAM overhead.

To comprehensively assess the effectiveness of our model, we introduce a challenging benchmark
tailored for complex and highly dynamic scenes. It comprises 58 videos of averagely 256 frames
per clip, spanning both indoor and outdoor environments, realistic and synthetic settings, and a
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wide range of lighting and weather conditions. Extensive experiments demonstrate that our method
achieves high-quality, temporally consistent video relighting while maintaining low computational
overhead, highlighting its great potential for downstream applications such as embodied AI. Our
main contributions are as follows:

� A novel optimization-based video relighting paradigm for long videos with high and compli-
cated dynamics, signi�cantly improving the temporal consistency of the relighting result.

� We establish a new long-video relighting benchmark characterized by high motion dynamics
and broad scene diversity, covering various environments and data domains.

� Extensive experiments validate that our method achieves SOTA performance in producing
temporally consistent, naturally relighted videos with minimal computational cost.

2 Related Work

2.1 Learning-based Illumination Editing

Over the past few years, deep neural networks have become one of the main forces behind re-
search in the �eld of illumination control. Pioneering works [55, 42, 44, 13] train convolutional
encoder–decoder networks on light-stage data. The learned prior knowledge enables models to relight
a portrait according to the speci�ed light conditions. More recently, large diffusion-based generators
have gained popularity for illumination editing. LightIt [32] explicitly conditions the diffusion process
on estimated shading and normal maps, giving �ne-grained lighting control ability, while SwitchLight
[29] incorporates a physics-guided architecture to simulate light-surface interactions better. [63, 4]
leverage video foundation models to generate realistic lighting variations over a static image. IC-Light
[60], the current state of the art, learns illumination mixture and decomposition from a large quantity
of data. Building on these advances in image relighting, video relighting has started to gain traction.
[59, 10] learns to disentangle light and intrinsic appearance on portrait videos. [7] represents talking
faces as relightable NeRFs guided by predicted albedo and shading features. Extending IC-Light,
Light-A-Video [64] introduces zero-shot cross-frame attention modi�cation, while RelightVid [17]
trains a temporally in�ated IC-Light with a carefully designed video relighting dataset. However,
these methods are either restricted to portrait scenarios or struggle with computational ef�ciency on
long videos. In contrast, our model delivers high-quality relighting with strong temporal consistency
and low computation cost, even in complex and highly dynamic scenes.

2.2 Diffusion-based Video Editing

The diffusion model [20] has become the go-to model for visual domain transfer and content editing.
Based on training paradigms, recent advancements can be grouped into three categories:(i) training-
basedmodels extend pretrained image diffusion models with temporal layers and are trained on
large-scale video datasets, such as [37, 9, 41, 38, 46, 58]. CCEdit [18] and FlowVid [36] further
integrate depth and �ow cues for improved consistency and control.(ii) training-free models mainly
rely on cross-frame attention to enforce temporal coherence. TokenFlow [19] and FLATTEN [12]
guide attention using estimated optical �ow. RAVE [24] enhances latent interactions by denoising
over a reorganized latent grid, while Slicedit [11] uses spatiotemporal slices to inject motion priors.
VidToMe [34], on the other hand, exploits temporal redundancy through token merging and unmerging.
(iii) one-shot-tunedmodels typically learn a canonical video representation in a few iterations and
propagate its edits across frames. StableVideo [8] learns to represent video as a foreground and
background atlas. CoDeF [43] learns a hash table and decoding MLP to map frames to a single
canonical image. Video-3DGS [53] adapts deformable 3DGS [26] to model input video. Our method
combines(ii) and(iii) and proposes an explicit, compact, and ef�cient canonical representation, i.e.,
Unique Video Tensor. It enables optimization to be �nished within several minutes, which is much
faster than 10-30 minutes cost [53] of CoDF and Video-3DGS. Our method also inherits the diffusion
model design from training-free algorithms to reduce overall memory and time cost, enabling the
processing of long videos.
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Figure 2: TC-Light overview. Given the source video and text promptp, the model tokenizes input
latents inxy plane andyt plane separately. The predicted noises are adaptively combined together
for denoising (cf. Sec. 3.2). Its output then undergoes two-stage optimization to enhance temporal
consistency of illumination and texture, which are respectively detailed in Sec. 3.3.1 and Sec. 3.3.2.

3 Method

In this section, we �rst introduce the task setting and preliminary knowledge about latent diffusion
models in Sec. 3.1. Sec. 3.2 further illustrates how our proposed Decayed Noise Weighting and Noise
Statistics Alignment helps effectively lift the image relighting model to video space. Sec. 3.3 details
how ourkey innovation, i.e., the two-stage temporal consistency optimization strategy, helps align
overall illumination and texture appearance.

3.1 Preliminaries

Task Setting. As shown in Fig. 2, we take RGB video as input. The axes of the video space-time
volume are denoted by(x; y; t ), wherexy planes correspond to video frames andyt planes are de�ned
asspatiotemporal slices[11]. Since the camera motion is highly dynamic, the target illumination
can no longer be simply appointed by a static image or an HDR environment map. Due to superior
�exibility and operability, we use textual prompts as the control signal and relight the entire frame.

Latent Diffusion Models (LDMs). Denoising Diffusion Probabilistic Models (DDPMs) [20] are a
class of generative models that aim to recover target data distribution through an iterative denoising
process. Due to the high computational cost of operating directly in pixel space, LDMs [47, 50, 52]
perform diffusion in a lower-dimensional latent space. Given a clean imagex0, and a pretrained
autoencoderfE (�); D(�)g, LDMs �rst encode the image into latent spacez0 = E(x0). The forward
diffusion process then gradually corruptsz0 with Gaussian noise� over time steps� = 1 ; :::; T

z� =
p

� � z0 +
p

1 � � � �; (1)

wheref � � g is a monotonically decreasing noise schedule. The reverse process begins from pure
noisezT � N (0; I ). With guidance from control signal (image, text, depth, etc)c, the trained
UNet [51] � � estimates the noise direction and progressively removes the noise fromzT . After the
�nal denoising step, the estimated clean latentẑ0 is decoded byD(�) to obtain the generated image
x̂0 = D(ẑ0), which approximates the training distribution.

3.2 Lifting Image Diffusion Model to Video Space

Considering outstand ability in physical plausibility and intrinsic property preservation, we adapt
IC-Light [60] into a zero-shot video diffusion model. Concretely, we(i) enhance its diffusion blocks
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to capture spatiotemporal dependencies and(ii) introduce consistency prior from original frames. For
(i), we apply the token merging and unmerging technique of VidToMe [34] to self-attention blocks. It
divides the video frames into chunks and applies intra-chunk local token merging and inter-chunk
global token merging, enabling short- and long-term consistency. The derived model� � serves as the
basis of(ii) . Since it reduces the token count fed to the self-attention module, the computation cost is
signi�cantly decreased. For full details, please refer to the original VidToMe paper [34].

For (ii) , we apply multi-axis denoising and adapt it with our Decayed Noise Weighting and Noise
Statistics Alignment strategy. This modi�ed version is nameddecayed multi-axis denoising. Similar
to Slicedit [11], the denoiser has two components with shared weights� xy

� (�; p) that tokenizes each
frame and merges tokens from local temporal slots, while� yt

� (�; \ ") tokenizes theyt planes (cf.
Sec. 3.1) and merges tokens from local image width slot. Note that� xy

� conditions on target promptp,
while � yt

� takes empty prompt\ " as input (making the denoiser unconditional). The noises separately
predicted by two parts according to the same input latents are combined together [11]

� V
� (�; p) =

p

� xy

� (�; p) +
p

1 � 
� yt
� (�; \ ") ; (2)

where hyperparameter
 2 [0; 1] balances effect from� yt
� . However, the unconditional� yt

� would
overly biases texture and lighting toward the source video, and therefore lead to unnatural relighting
results, as validated in Fig. 3 and Fig. 4. To alleviate this problem, we introduce Decayed Noise
Weighting, which replaces
 with a timestep-dependent
 � that exponentially decays during denoising.
To further align predicted noise from� yt

� to that of� xy
� , we use Adaptive Instance Normalization

(AIN ) [21] to align noise statistics

� V
� (�; p) =

p

 � � xy

� (�; p) +
p

1 � 
 �
c� yt
� (�; \ ") ; (3)

c� yt
� (�; \ ") = � � xy

�

 
� yt

� (�; \ ") � � � yt
�

� � yt
�

!

+ � � xy
�

; (4)

where� � and� � are the channel-wise mean and standard deviation of each frame. This design
preserves motion guidance from the source video while reducing unwanted texture and lighting bias,
as validated by ablation studies in Sec. 4.3. The output denoised video is denoted asf I t g.

3.3 Post Optimization for Temporal Consistency

Although the video diffusion extension in Sec. 3.2 has introduced spatial-temporal awareness and
motion prior from the source video, noticeable illumination and texture �icker persist. To ef�ciently
remove these artifacts, we introduce a two-stage post-optimization framework, as illustrated in parts
(b) and (c) of Fig. 2.

3.3.1 Stage I: Exposure Alignment

As shown in part (b) of Fig. 2, the �rst stage introduces a per-frame appearance embeddingE t to
compensate for exposure misalignment between adjacent frames. Inspired by [27], we modelE t
as a3 � 4 af�ne transformation matrix, initialized to the identity and optimized via Adam [30]. Its
supervision combines a photometric term with a �ow-warp alignment term using hyperparameter� e

L exposure = (1 � � e) L photo

�
~I t ; I t

�
+ � eL 1

�
~I t � M t ; Warp t +1 ! t

�
~I t +1

�
� M t

�
; (5)

where the homogeneously transformed pixel color~I t (x; y) = E t [I t (x; y) j1]T . The photometric loss
L photo is the weighted sum of L1 loss and D-SSIM loss [27], ensuring the transformed frame retains
its original content and structure. The second term warps the next frame back to the current timestamp
t, according to forward and backward �owsFfwd;t andFbwd;t estimated through MemFlow [15]
or provided by the dataset. Then it applies an L1 penaltyL 1 to align their exposures. To mask out
regions with unreliable �ow or occlusion, we apply a soft maskM t

5



M t = sigmoid ( � (� f low � E f low )) � sigmoid (� (� rgb � E rgb )) ; (6)

E f low = Norm
�
Fbwd;t + Warp t � 1! t (Ffwd;t � 1)

�
; E rgb = jI t � Warp t +1 ! t (I t +1 ) j: (7)

Here,� is a constant scaling factor,� f low and� rgb are thresholds set from the statistics of error map
E f low andE rgb . This soft mask is also applied in the second stage of optimization. As shown in
Tab. 4, soft masking outperforms the hard one in both temporal consistency and prompt alignment.

3.3.2 Stage II: Optimization over Unique Video Tensor

In the second stage, we re�ne illumination and texture details. Compared with vanilla video, its
canonical representation can incorporate spatial-temporal priors and facilitate consistency [43, 53].
But popular NeRF or 3DGS are too complex and costly for learning (cf. Sec. 2.2). Instead, we
compress the video to a one-dimensional RGB vector of shape(N; 3), as shown in part (c) of Fig. 2.
Speci�cally, we de�ne ad-dimensional index� (x; y; t ) for each pixel based on priors extracted from
the source video. An example index could be[22; 127; 0; 255], where the �rst element is the �ow ID
(pixels connected by the optical �ow predicted by MemFlow share the same �ow ID), and the rest are
8-bit quantized RGB values. It is also allowed to extend this 4-element index to more elements with
voxel coordinate (from depth projection) or any other cues that indicate spatial–temporal similarity
and locality. All pixels with identical� are gathered via averaging to form one element of the
one-dimensional vector, whereN is the number of unique� . Take the source videof I in

t g as an
example, thegathering andscatteringoperations are formulated as

U (� n ) = Avg
��

I in
t (x; y) j� (x; y; t ) = � n

	�
; I in

t (x; y) = U (� (x; y; t )) ; (8)

whereU is referred to as theUnique Video Tensor (UVT). With an appropriate de�nition of� , the
scatteredI in

t (x; y) reconstructs the originalI in
t (x; y) with minimal information loss, as validated in

Tab. 5. For relighting, the ideal edited video frames must preserve consistent motion and intrinsic
image details with the source; thus, they share the same index tensor� for UVT representation.
Accordingly, we compress the �rst-stage output~I t (x; y) into ~U via Eq. (8), which then serves as
the primary optimization target. This formulation not only facilitates optimization but also naturally
embeds spatial-temporal similarity priors (cf. Sec. 4.3). With CUDA parallelism, the gathering and
scattering process can be performed instantly. The optimization of~U is supervised by

L unique = � tv L tv

�
~I t

�
+ (1 � � u ) L SSIM

�
~I t ; ~I t

�
+

+ � u L 1

�
~I t � M t ; Warp t +1 ! t

�
~I t +1

�
� M t

�
;

(9)

where~I t (x; y) = ~U (� (x; y; t )) , and� tv and� u 2 [0; 1] balance the loss terms. The total variation
lossL tv suppresses noise. Notably, Eq. (9) applies SSIM loss instead of photometric loss. This
leaves space to �ne-grained appearance and illumination adjustment without altering image structure.
Finally, the optimizedbU is used to reconstructbI t (x; y) according to Eq. (8) as the �nal output.

4 Experiments

4.1 Experiment Setting

Implementation Details. Following IC-Light [60], we applyT = 25 sampling steps and a classi�er-
free guidance scale of 2.0. When in�ated to video model with VidToMe [34], the local and global
token merging ratios are 0.6 and 0.5, respectively, to accommodate high video dynamics. In our
decayed multiaxis denoising strategy, the initial
 � is set to 0.2 and decays exponentially to 0.002
until the �nal sampling step. For the post-optimization stages, we use Adam [31] as optimizer and run
35 epochs in the �rst stage and 70 in the second with a batch size of 16, ensuring fast yet suf�cient
convergence.� (x; y; t ) mainly contains quantized RGB and estimated masked �ow, and optionally
depth if provided. Emperically, the weighting coef�cients� tv is set to 0.01,� e and� u are set to 0.8.
Following [26], the learning rate in the �rst stage decays from 0.01 to 0.001, while the second stage
uses a �xed learning rate of 0.05. Additional details are included in the Appendix.
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Table 1: Datasets [39, 16, 54, 14, 2, 28, 33, 25] contained in established benchmark.Nseq: and
�N f rames denote number of sequence and average frames. C, F, D, S respectively denote RGB image,

Optical Flow, Depth, Instance Segmentation. Notably, AgiBot here denotes AgiBot Digital World.
Due to lacking of extrinsics, its depth is indeed not applicable. Only DRONE is self-collected data.

Datasets SceneFlow CARLA Waymo NavSim AgiBot DROID InteriorNet SCAND DRONE

Agent Vehicle Vehicle Vehicle Vehicle Robot Robot Robot Robot Drone
Synthetic X X X X
Modality C,F,D,S C,D,S C C C C C,D,S C C

Nseq: 4 8 5 5 8 12 5 6 5
�N f rames 300 208 198 250 305 243 300 289 213
Width 960 960 960 960 640 960 640 960 1280
Height 512 536 640 536 480 536 480 536 720

Figure 3: Qualitative comparison of results. The proposed TC-Light avoids unnatural relighting
like Slicedit [11] and COSMOS-Transfer1 [3] in (a) and blurring like [3] in (b), or inconsistent
illumination like per-frame IC-Light [60] and VidToMe [34] as highlighted by the red squares.

Dataset.To comprehensively evaluate the generation capability, we collect video clips with high
motion dynamics and broad scene diversity. Thissubjectiveevaluation benchmark, as detailed in
Tab. 1, covers scenarios like autonomous driving, robot manipulation, and navigation, as well as drone
�ight. It includes data from synthetic and realistic environments under various weather conditions.
Each clip is a long video with on average 256 frames, making it extremely challenging. To provide a
more accurate and robust probe on the performance, we also conductobjectiveground-truth-based
evaluation on the Virtual KITTI 2 dataset [6]. We selected �ve scenes and relit them to match the
illumination of morning, sunset, rain, overcast, and fog settings. Each sequence averages 281 frames
at a resolution of 1248×384. To obtain edit prompts, we use some prompts from [60] and generate
others using COSMOS [1].

Metrics. Following prior works [45, 34, 24, 58], we assess the relighting performance along following
four dimensions: (i)Temporal consistencyis quanti�ed via motion smoothness (Motion-S) [22] and
structural warping error (Warp-SSIM). Motion-S evaluates the continuity and physical plausibility
of motion in the edited sequence, whereas Warp-SSIM computes the SSIM between a frame and its
warped neighbors using �ow from RAFT [56]. (ii) Textual alignmentis measured by average CLIP
embedding similarity between the text prompt and all edited frames (CLIP-T ). (iii) User preferenceis
evaluated by a study on 19 randomly selected videos and 65 valid submissions collected. Participants
choose their preferred relighting results among our method and established baselines, from which
we derive the Bradley–Terry preference rate (User-PF) [5]. Additional details are included in the
Appendix. (iv)Alignment with Groundtruthis measured usingSSIM andLPIPS [26] with ground
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