
IllumiCraft: Unified Geometry and Illumination
Diffusion for Controllable Video Generation

Yuanze Lin♣ Yi-Wen Chen♮ Yi-Hsuan Tsai♢
Ronald Clark♣ Ming-Hsuan Yang♠♡

♣University of Oxford ♠UC Merced ♮NEC Labs America ♢Atmanity Inc. ♡Google DeepMind

Project Page: https://yuanze-lin.me/IllumiCraft_page

Input  Video          Background                                      Relit  Video  Frames        

“...,  strong lighting”

“..., cool-blue spotlights pierce mist, moody depth”

“..., natural light”

“..., bright white spotlights cut through grey haze, stark contrast”

Figure 1: Given a prompt and input video, IllumiCraft edits scene illumination conditioned on the
static background image. It handles a variety of illumination scenarios, including spotlight effects.

Abstract

Although diffusion-based models can generate high-quality and high-resolution
video sequences from textual or image inputs, they lack explicit integration of geo-
metric cues when controlling scene lighting and visual appearance across frames.
To address this limitation, we propose IllumiCraft, an end-to-end diffusion frame-
work accepting three complementary inputs: (1) high-dynamic-range (HDR) video
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maps for detailed lighting control; (2) synthetically relit frames with randomized
illumination changes (optionally paired with a static background reference image)
to provide appearance cues; and (3) 3D point tracks that capture precise 3D ge-
ometry information. By integrating the lighting, appearance, and geometry cues
within a unified diffusion architecture, IllumiCraft generates temporally coherent
videos aligned with user-defined prompts. It supports background-conditioned
and text-conditioned video relighting and provides better fidelity than existing
controllable video generation methods.

1 Introduction

Illumination plays an important role in creating appealing visuals as it helps accentuate the three-
dimensional structure of scenes in otherwise flat 2D images. For example, an apple in the sun
typically has a bright specular highlight on the side where the surface normal most directly faces the
light source, while the far side has a dark soft shadow. This accentuates both the roundness and the
glossy texture of the apple. However, despite the importance of this light-geometry interaction, most
video generation models [1, 2, 3] treat illumination as an uncontrollable implicit factor.

Achieving coherent relighting in videos involves two main challenges: maintaining consistent
illumination over time and ensuring physically plausible light-scene interactions. Light sources
should not change abruptly between frames, as this introduces distracting flicker. In addition,
shadows, highlights, and reflections need to move consistently with the camera and object motion.
Traditional inverse-rendering techniques [4, 5, 6, 7] decompose scenes into albedo, normals, and
lighting, but rely on specialized inputs (e.g., HDR captures or spherical harmonics) and typically
assume static scenes. This inhibits their practicality for motion-rich, real-world videos.

Recent diffusion models such as RelightVid [8] and Light-A-Video [1] extend the single-image
relighting model (i.e., IC-Light [9]) to the video domain. RelightVid [10] modifies the 2D U-
Net in IC-Light to a 3D backbone and adds temporal attention layers to enforce frame-to-frame
consistency, while Light-A-Video [1] integrates a cross-frame light-attention module into the self-
attention blocks of IC-Light and applies a progressive fusion step to suppress flicker and smooth
illumination transitions. However, both methods rely on implicit temporal correlations and omit
explicit geometric guidance. As such, they suffer from overall loss of lighting fidelity and coherence
whenever the scene’s geometry changes.

To address these shortcomings, we propose to jointly model lighting and geometry within a unified
diffusion framework for controllable video generation. By fusing precise 3D geometry trajectories
with detailed illumination cues, our model learns the joint evolution of appearance and motion under
dynamic illumination. This approach enables high-fidelity editing of scene illumination, preserving
accurate illumination-geometry interactions at every frame.

Specifically, we present IllumiCraft, an end-to-end diffusion architecture that enables controllable
video generation, tailored for video relighting, by specifying either: (1) HDR environment maps
encoding detailed lighting information; (2) synthetically perturbed video frames with randomized
illumination shifts (optionally paired with static background references) to capture appearance
variations; and (3) 3D trajectory videos that trace object geometry through space and time. During
training, these streams are fused within a DiT-based diffusion model [11, 2], enabling the generation
of temporally consistent geometry-aware relit videos. The main contributions of this work are:

• We propose a unified diffusion architecture that jointly incorporates illumination and geometry
guidance, enabling high-quality video relighting. It supports text-conditioned and background-
conditioned relighting for videos.

• We introduce a high-quality video dataset comprising 20,170 video pairs, featuring paired original
videos and synchronized relit videos, HDR maps, and 3D tracking videos. This dataset supports
video relighting and serves as a valuable resource for broader controllable video generation tasks.

• We conduct extensive evaluations demonstrating our model’s effectiveness against state-of-the-art
methods on the video relighting task.
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2 Related Work

Diffusion Models. Building on the success of text-to-image diffusion techniques [12, 13, 14, 15],
researchers have �ne-tuned diffusion models to tackle a wide range of vision tasks. Interactive
image manipulation frameworks like InstructPix2Pix [16], ControlNet [17] and LearnableRegion [18]
enable semantic editing conditioned on textual prompts, while geometry-aware extensions such as
DreamFusion [19] and DreamPolisher [20] repurpose diffusion priors for text-to-3D generation. In
parallel, single-view 3D reconstruction methods [21, 22, 23, 24] leverage score-based priors for 3D
reconstruction from a single image. Specialized relighting models [10, 25, 26, 27] have achieved
precise per-image illumination adjustments. Recently, IC-Light [9] enforces light-transport indepen-
dence for image relighting; instead of extending it to video like RelightVid [8] or Light-A-Video [1],
we build on the DiT architecture [11] to achieve temporally coherent video relighting.

Video Diffusion Models and Video Editing. In recent years, diffusion-based video genera-
tion [28, 29, 3, 30, 31, 32] has seen rapid advancements. Building on these foundations, training-free
approaches like AnyV2V [33], MotionClone [30], and BroadWay [34] enable prompt-driven inpaint-
ing, style transfer, and motion retargeting without additional tuning. For frame-precise coherence,
�ne -tuning approaches such as ConsistentVideoTune [35] and Tune-A-Video [36] adapt pretrained
video diffusion models to user references, delivering seamless object insertion and consistent color
grading. Although current video editing approaches [36, 37, 33] achieve impressive performance, they
do not explicitly model lighting cues. In contrast, our method embeds both illumination and geometry
cues directly into the diffusion model, unlocking the capacity of high-�delity video relighting.

Video Relighting. Recent video relighting techniques have primarily focused on facial videos.
SunStage [38] reconstructs facial geometry and re�ectance from a rotating outdoor sel�e video,
using the sun as a natural “light stage” to enable on-device portrait relighting under novel lighting
conditions. DifFRelight [39] uses diffusion-based image-to-image translation for free-viewpoint
facial performance relighting, conditioning on �at-lit captures and uni�ed lighting controls to produce
high-�delity relit sequences. SwitchLight [40] predicts per-frame normals and shading maps guided
by HDR environment maps. More recently, Light-A-Video [1] enhances IC-Light [9] with a consistent
light attention module for cross-frame lighting coherence, while RelightVid [8] introduces temporal
attention layers into IC-Light to improve temporal consistency. However, they depend exclusively on
illumination cues and omit geometric guidance, which hinders their video relighting quality.

3 Method

We introduce IllumiCraft, a uni�ed diffusion framework that jointly leverages geometry and illu-
mination cues for controllable video generation. First, in Section 3.1 we describe IllumiPipe, our
data collection pipeline that constructs a high-quality dataset from real videos, complete with HDR
environment maps, 3D tracking video sequences, and synthetically relit foreground clips. Next, Sec-
tion 3.2 details the core architecture of IllumiCraft, which fuses appearance, geometric, and lighting
guidance in a single architecture. Finally, in Section 3.3 and 3.4 we present our training strategy
and inference work�ow, respectively, highlighting how each component contributes to high-�delity,
controllable video generation.

3.1 IllumiPipe

Collecting a paired video dataset with comprehensive annotations is essential for training a robust
video generation model capable of supporting high-�delity video relighting. However, public video
datasets rarely include both HDR environment maps and 3D tracking sequences, limiting progress in
video relighting and geometry-guided video editing performance. To address this gap, we introduce
IllumiPipe, an ef�cient data collection pipeline designed to extract HDR environment maps data, relit
video clips, and precise 3D tracking video sequences from real-world videos. Figure 2 illustrates the
detailed work�ow of IllumiPipe.

Speci�cally, each appearance videoVappr 2 RT �H�W �3 is accompanied by 6 types of distinct
augmentation data, which together enable joint modeling of geometry and illumination:

Vappr $ fV rf ; Vbg; Vhdr; Vgeo; Vmask; Cg;
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Figure 2: Data collection mechanism of our proposed IllumiPipe. For each input video, our
proposed IllumiPipe extracts various types of data: (1) HDR maps, (2) foreground video and mask
video, (3) relit video, (4) background video, and (5) 3D tracking video. The details and collection
process for each data type are described in Section 3.1.

whereVrf 2 RT �H�W �3 represents the relit foreground video,Vbg 2 RT �H�W �3 is the background
video,Vhdr 2 RT �32�32�3 denotes the HDR environment maps,Vgeo 2 RT �H�W �3 represents the
3D tracking video sequences, Vmask 2 RT �H�W �3 denotes the masks of the foreground video, and
C is the caption describing the appearance videoVappr. Here,T, W andH denote the number of
frames, frame width and frame height, respectively.

HDR Environment Maps. HDR environment maps encode per-direction radiance values that
represent both the angular distribution and absolute intensity of scene illumination, enabling physically
accurate image-based lighting. We leverage DiffusionLight [41] to extract these HDR maps. However,
since DiffusionLight is designed for single-image inputs, applying it independently to each video
frame introduces severe temporal inconsistency, where the synthesized chrome ball often varies
signi�cantly from frame to frame. To enforce temporal stability, we extract the chrome ball image
only from the �rst frame of each video, and then warp this initial chrome ball onto all subsequent
frames, yielding temporally coherent HDR environment maps across the entire sequence.

Speci�cally, given the chrome ball image from the �rst frameI c (extracted using DiffusionLight [41]),
we use Video Depth Anything [42] to obtain depth maps for the video. We then (1) track a sparse set
of reliable image points across frames, (2) use their depth values to infer the camera's 3D motion
via a constrained af�ne �t, and (3) apply that motion to warp the reference chrome ball by lifting
its pixels to a representative depth, projecting them through the estimated transform and camera
intrinsics, and resampling to estimate current frame's chrome ball image. We explain more details
about the whole process in the Appendix.

Relit Videos and Background Videos. Given a real-world videoVappr, we �rst apply Grounded
SAM-2 [43] to obtain the foreground mask from the �rst frame. We then feed the appearance video
Vappr together with the �rst frame's mask into the video object matting model MatAnyone [44] to
extract the foreground appearance video Vfg and the corresponding mask video Vmask.

Next, we generate a relit videoVrelit by applying the video relighting method Light-A-Video [1] to Vfg,
conditioned on a diverse set of user-de�ned lighting prompts. In total, we curated 100 distinct lighting
prompts: some are drawn from the of�cial Light-A-Video lighting prompts examples (e.g., “red and
blue neon light”, “sunset over sea”, “in the forest, magic golden lit”), while others are generated via
GPT-4o mini to cover more challenging or unusual settings (e.g., “urban jungle glow”, “subtle of�ce
glow”). The resulting relit videoVrelit retains the original motion and viewpoint but exhibits the new
target illumination. The full list of all 100 lighting prompts is shown in the Appendix. To obtain the
background videoVbg, we feed the foreground mask videoVmask together with the appearance video
Vappr into the video inpainting model DiffEraser [45].

3D Tracking Videos. For real-world appearance videosVappr, where ground-truth geometry is
unavailable, we employ SpatialTracker [46] to detect and localize salient 3D interest points directly
in 3D space. We initialize a uniform grid of 4,900 points per video to ensure even spatial coverage
across the scene. For each consecutive frame pair, SpatialTracker estimates the 3D positions of these
points and computes their correspondences using learned spatial matching. The output is a dense and
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Figure 3: Famework of IllumiCraft. It uses HDR maps, relit foreground video, 3D tracking, and an
optional background image to jointly model illumination, appearance, and geometry, then generates
videos from an illumination-aware text prompt. The �gure shows an example with 3 illumination
tokens; HDR maps, background images, and 3D tracking videos are all optional during training.

temporally coherent set of 3D point tracks that closely approximates the true motion of the scene,
even in unconstrained and dynamic environments.

Video Captions. To generate detailed descriptions of each video, we employ CogVLM2-Video-
LLaMA3-Chat [47] with the following prompt: “Carefully watch the video and describe its content,
the object's motion, lighting and atmosphere in vivid detail, highlighting the object's movement (e.g.,
drifting left slowly, darting forward quickly, bouncing up and down, �oating upward gently), lighting
conditions (e.g., red-and-blue neon, natural sunlight, studio spotlights, sci-� RGB glow, cyberpunk
neon, a sunset over the sea, or magical forest illumination) and the overall atmosphere (e.g., warm,
moody, ethereal, cozy, gritty urban, or futuristic haze).” This prompt guides the model to produce
rich captions emphasizing visual content, object motion, lighting, and overall atmosphere.

3.2 Model Architecture

We build our framework on top of the pre-trained video generation model Wan2.1 [2], which utilizes
a transformer-based video diffusion architecture [11]. By initializing our network with Wan's learned
weights, we both leverage its strong video priors and signi�cantly accelerate training. The overall
architecture of IllumiCraft is illustrated in Figure 3.

Latent Feature Extraction. We �rst zero-pad the reference imageI ref 2 RH�W �3 (the �rst frame
of the background videoVbg ) along the temporal axis to form a reference videoVref 2 RT �H�W �3 .
Note that during training, we randomly zero out the reference image with a 10% probability to
enable �exible video editing even when no reference image is provided. Next, we apply the VAE
encoderEVAE to the appearance videoVappr , the relit foreground videoVrf , and the reference
videoVref to obtain their corresponding latent representations:z = E VAE (Vappr ) 2 R

T
4 � H

8 � W
8 �16 ,

zrf = E VAE (Vrf ) 2 R
T
4 � H

8 � W
8 �16 , andzref = E VAE (Vref ) 2 R

T
4 � H

8 � W
8 �16 . We concatenate the

relit foreground latent and reference latent along the channel dimension to form the control latent:
zc = Concat(z rf ; zref ) 2 R

T
4 � H

8 � W
8 �32 . We then corrupt the appearance latentz overt diffusion

steps to producezt , concatenatezt with the control latentzc along the channel dimension, and feed
the result into the diffusion transformer [11, 2] for iterative denoising. Finally, the denoised latent is
passed through the VAE decoder DVAE to reconstruct the output video.

Inject Illumination Control. To extract illumination cues from the HDR maps, we �rst encode the
tensorVhdr 2 RT �32�32�3 via the lighting encoder, a compact MLP-Transformer (see Appendix),
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producing a feature matrixXhdr 2 RN�D . We then introduce the learnable illumination embedding
X 2 R N�D , updated asX  X + X hdr . To encourageX to internalize a robust illumination prior,
we randomly zero outXhdr with 50% probability during training, simulating the absence of HDR
inputs at inference time. To condition the diffusion model, we concatenateX with the text prompt
embeddingP 2 R L�D to obtain the �nal prompt embeddingP0 2 R (L+N)�D (with N = 3 in our
experiments). At inference, users can steer illumination solely via the text prompt, asX has learned a
standalone representation of lighting priors, eliminating the need for explicit HDR map input.

Integrate 3D Geometry Guidance. We extend ControlNet [17] in IllumiCraft by using the 3D
tracking videoVgeo 2 RT �H�W �3 as an additional conditioning signal. We encodeVgeo with the
VAE encoderEVAE to produce geometry latentszg = E VAE (Vgeo) 2 R

T
4 � H

8 � W
8 �16 . To inject these

signals into DiT, we clone the �rst 4 blocks of the pretrained 32-block denoising transformer, forming
a lightweight “condition DiT”: at each cloned block, we pass its output through a zero-initialized
linear layer (matching the DiT hidden dimension) and add the result to the corresponding feature
map in the main DiT stream, thereby hierarchically fusing geometry information. During �ne-tuning,
we optimize all DiT blocks under the diffusion denoising loss [31], and we have a 30% possibility of
replacing 3D tracking videos with zero tensors to simulate inference without any 3D tracking input.

3.3 Training

Building on the DiT backbone [11, 2], we freeze the VAE and CLIP text encoder to retain pretrained
priors, optimizing only the DiT blocks and zero-initialized linear layers for stable integration of
appearance, geometry, and illumination. LetE = fz g; zc; P0g be the conditional latents andzt the
noisy latent at diffusion stept; we then minimize the diffusion loss by predicting the added noise� as:

min
�

Ez�E VAE (x); t; ��N (0;1)






 � � � �

�
zt ; t; E

� 






2

2
; E = fz g; zc; P0g: (1)

Here� � is the 3D UNet andx denotes the appearance videoVappr. Conditioning on composite latents
E enables joint reasoning over geometry, appearance, and lighting. Embedding the zero-padded
reference frame with text and lighting ensures edits align with the scene and user intent.

3.4 Inference

At inference time, users provide a text prompt and an input video, without HDR or geometry
to relight the scene, optionally including reference images for video customization. IllumiCraft
leverages geometric cues (i.e., 3D tracking videos) during training, and it can generate coherent,
illumination-aware videos. We will release the model and curated dataset to support future research.

4 Experiments

4.1 Baselines and Evaluation Metrics

Our work addresses the task of video relighting, benchmarking our approach against 4 state-of-the-art
approaches: IC-Light [9], adapted to video by processing each frame independently; IC-Light +
AnyV2V [ 33], where IC-Light relights only the �rst frame, and AnyV2V then propagates those
changes to later frames while preserving the original content; RelightVid [8], which natively supports
the �rst 16 frames (we therefore report results on both the full 49-frame video sequence and on its
�rst 16 frames); and Light-A-Video [1], using Wan2.1 1.3B [2] as its backbone (the same base model
used in our method). All evaluation results are based on each baseline's publicly released code.

We report 5 metrics for evaluation. The visual quality of the generated videos is evaluated by
computing the FVD [48], LPIPS [49] and PSNR [50] scores against the results of the existing
methods. Text alignment is quanti�ed as the mean CLIP [51] cosine similarity score between each
individual frame and the text prompt. Temporal consistency, on the other hand, is measured as the
average CLIP cosine similarity score across every pair of consecutive frames.

4.2 Implementation Details

We collect 20,170 high-quality, free-to-use videos from Pexels (https://www.pexels.com/ ) for
training. Wan2.1 1.3B [2] serves as the DiT backbone. Models are trained for 3,000 iterations on
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Figure 4: Visual results under the text-conditioned setting. We compare IC-Light [9], AnyV2V
[33], Light-A-Video [8] (abbreviated LAV in the �gure), and our proposed method, IllumiCraft.

Table 1: Quantitative comparison of text-conditioned video relighting with existing methods.
Method FVD (#) LPIPS (#) PSNR (") Text Alignment (") Temporal Consistency (")

IC-Light [9] 4914.83 0.7330 8.55 0.3091 0.9508
AnyV2V [33] + IC-Light 3857.09 0.6979 11.12 0.2781 0.9808

Light-A-Video [1] 3946.71 0.6754 11.71 0.3020 0.9910
IllumiCraft 2186.40 0.5623 12.03 0.3342 0.9948

4� A6000 GPUs with a batch size of 2 and gradient accumulation over 4 steps, taking approximately
90 hours. Videos are center-cropped and resized to 720� 480 (width� height) resolution with 49
frames. We use the AdamW optimizer [52] with a learning rate of 4e-5, weight decay of 0.001, and
100 warmup steps. The learning rate follows a cosine schedule with restarts. For evaluation, we
collect an additional 50 high-quality Pexels videos and show the results on this set.

4.3 Comparison with State-of-the-art Methods

Text-Conditioned Video Relighting. In this setting, only a foreground video and a text prompt
are provided for relighting. As shown in Table 1, our method signi�cantly outperforms prior work,
achieving the lowest FVD and improved perceptual quality across all metrics. Compared to baselines
like IC-Light [9], AnyV2V [33], and Light-A-Video [1], our approach yields sharper visuals, better
alignment with text descriptions, and higher temporal stability. For instance, we observe a 43%
reduction in FVD compared to the strongest baseline. Qualitative comparisons in Figure 4 further
illustrate the differences: under prompts like “soft lighting” for a rabbit or “dark, shadowy light”
for a man, IC-Light produces overly smoothed fur, AnyV2V introduces color distortions, and Light-
A-Video blurs �ne details and dampens contrast. In contrast, IllumiCraft preserves �ne textures,
captures lighting nuances, ensures prompt relevance, and produces �icker-free, coherent videos.

Background-Conditioned Video Relighting. We also evaluate on background-conditioned video
relighting, where both the input foreground and background are given. Table 2 reports results
across multiple baselines, including IC-Light [9], AnyV2V [33] + IC-Light, Light-A-Video [1], and
RelightVid [8]. Our method consistently achieves superior performance in both short (16-frame)
and long (49-frame) sequences. For example, on 49-frame inputs, our method cuts FVD by 37%
compared to Light-A-Video, while improving perceptual similarity, alignment with prompts, and
temporal consistency. On 16-frame sequences, we further improve �delity and detail preservation,

7


	Introduction
	Related Work
	Method
	IllumiPipe
	Model Architecture
	Training
	Inference

	Experiments
	Baselines and Evaluation Metrics
	Implementation Details
	Comparison with State-of-the-art Methods
	Ablation Studies
	Discussion

	Conclusion
	Appendix
	Overview
	HDR Map Transformation
	Sparse Feature Tracking
	3D Motion Estimation via Constrained Affine Fit
	Warping the Reference Chrome Ball
	Discussion

	Lighting Encoder
	Additional Experimental Results
	Comparison with Existing Methods
	Ablation Study
	Failure Cases

	Additional Visualization Results

