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Figure 1: Light-X enables controllable video relighting and redirection from monocular video inputs,
supporting illumination editing guided by either background images (top) or text prompts (middle),
as well as camera trajectory redirection with user-defined trajectories (bottom).

ABSTRACT

Recent advances in illumination control extend image-based methods to video, yet
still facing a trade-off between lighting fidelity and temporal consistency. Moving
beyond relighting, a key step toward generative modeling of real-world scenes is
the joint control of camera trajectory and illumination, since visual dynamics are
inherently shaped by both geometry and lighting. To this end, we present Light-X,
a video generation framework that enables controllable rendering from monocular
videos with both viewpoint and illumination control. 1) We propose a disentangled
design that decouples geometry and lighting signals: geometry and motion are
captured via dynamic point clouds projected along user-defined camera trajectories,
while illumination cues are provided by a relit frame consistently projected into the
same geometry. These explicit, fine-grained cues enable effective disentanglement
and guide high-quality illumination. 2) To address the lack of paired multi-view and
multi-illumination videos, we introduce Light-Syn, a degradation-based pipeline
with inverse-mapping that synthesizes training pairs from in-the-wild monocular
footage. This strategy yields a dataset covering static, dynamic, and Al-generated
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scenes, ensuring robust training. Extensive experiments show that Light-X outper-
forms baseline methods in joint camera-illumination control and surpasses prior
video relighting methods under both text- and background-conditioned settings.

1 INTRODUCTION

Real-world scenes are inherently rich, dynamic, and high-dimensional, shaped jointly by geometry,
motion, and illumination. Yet monocular videos, the dominant medium for capturing everyday life,
record only a 2D projection of this complexity. Unlocking controllable video generation with camera
and illumination control would allow us to revisit such footage from novel viewpoints and under
diverse lighting, thereby enabling immersive AR/VR experiences and flexible filmmaking pipelines.

Progress toward this goal has evolved along two largely independent lines of research: video relight-
ing and camera-controlled video generation. In the relighting domain, existing video relighting
methods typically extend single-image pipelines such as IC-Light ( , ) to the video
setting, either through training-free fusion ( , ) or by introducing architectural modifi-
cations ( , ). But they suffer from a fundamental trade-off between lighting fidelity
and temporal coherence, and crucially, they do not support camera control. On the other hand,
camera-controlled video generation approaches ( ,

, ) enable novel-view video synthesis with accurate camera motlon and strong
spatio- temporal consistency. However, they are limited to viewpoint manipulation and lack the ability
to edit illumination, leaving the joint control of lighting and camera trajectory an open challenge.

In this paper, we aim to develop a video generation model that jointly controls camera trajectory
and illumination from monocular videos. This goal raises two key challenges: 1) Joint control.
Controlling camera trajectory and illumination together is inherently difficult, as it demands disen-
tangled yet coherent modeling of geometry, motion, and lighting. Even for video relighting alone,
existing methods struggle to balance lighting fidelity with temporal consistency. Viewpoint changes
exacerbate this trade-off, making joint camera—illumination control especially challenging. 2) Data
scarcity. Training requires paired multi-view and multi-illumination videos to disentangle geometry
and lighting, but such data are unavailable in real-world settings.

To address these challenges, we propose the following solutions. 1) Disentangled control for-
mulation. We introduce a conditioning scheme that explicitly decouples geometry/motion from
illumination. Camera trajectories are modeled through dynamic point cloud rendering like ( ,
), while illumination cues are provided by projecting a relit frame (obtained via ( ,

)) into the same geometry, so that the model simultaneously receives projected original frames

for geometry and motion, and a projected relit frame for lighting. These fine-grained cues greatly
facilitate model learning. In addition, we introduce a light-DiT layer that enforces global illumination
consistency. 2) Degradation-based data curation. Since paired multi-view and multi-illumination
videos are scarce, we design Light-Syn, a degradation-based pipeline with inverse mapping that
synthesizes training pairs from in-the-wild footage. Degraded video variants (e.9., relit or edited)
serve as inputs, while the originals provide supervision'. By applying the inverse mapping of the
degradation process, we project geometry and lighting cues from the original video into the degraded
view, yielding diverse pairs from Al-generated, static, and dynamic scenes for robust generalization.

Building on these foundations, we present Light-X, the first framework for video generation with joint
control of camera and illumination from monocular videos. As shown in Fig. 1, by decoupling camera
and lighting conditioning, our method supports joint camera—illumination control, video relighting,
and novel-view synthesis within a single model. Extensive evaluations demonstrate that our approach
consistently outperforms baselines in joint camera—illumination control (Table 1). For individual
tasks, it delivers superior lighting fidelity and temporal consistency in video relighting under both
text (Table 3) and background conditions (Table 5). In addition, a soft-weighted illumination mask
enables seamless integration of diverse lighting cues, such as environment maps and reference images,
further improving the flexibility.

In summary, 1) We propose Light-X, the first framework for video generation with joint control of
camera trajectory and illumination from monocular videos. 2) We develop Light-Syn, a degradation-
based data pipeline with inverse geometric mapping, which constructs paired training data under

' As method outputs are typically lower in fidelity than natural footage, we refer to them as degraded.
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controlled camera viewpoints and lighting. 3) We introduce a disentangled conditioning scheme that
explicitly separates geometry and motion from illumination cues, enabling both independent and
coupled control. 4) Extensive experiments show that Light-X achieves SOTA performance in joint
camera—illumination control and video relighting under text- and background-conditioned settings.

2 RELATED WORK

Video Generative Models have progressed from GANs ( , ; , ;

, ; , ) and VAEsS ( ; ,

; , ) to autoregressive transformers ( , ).
Then research focuses shrfted to diffusion models ( , ). VDM ( , ) rst
used a 3D U-Net for video synthesis, and Make-A-Video ( , ) improved resolution
and frame rate via super-resolution and |nterpolat|on Latent d|ffu5|on ( . ) was

later adopted for ef crency ( , ; ,
; ) Most recently, Sora ( ,
) demonstrated the scalab|l|ty of Dn‘fusmn Transformers (D|T) ( , ), inspiring
many DiT- based models ( , ; , ;
, ). Burldlng on these advances, We leverage video diffusion priors for
controllable V|deo synthesis.

Learning-Based lllumination Control enables manipulation of scene lighting in images or videos.
Early studies leveraged physical illumination models ( , ) or deep networks with
explicit Irghtrng representatrons ( . ; . ), especially for portraits (

, ). The recent success of
dlffu3|on models has greatly advanced rellghtlng delity ( , ; , ; ,

) IC-Light ( ) employs a Irght transport consrstency Ioss wrth large- scale
datasets to achleve high- quallty image relighting. Recent works ( ;

, ) have extended image relrghtrng to vrdeos Lrght -A-Video (

, ) employs cross-frame light attention and progressive fusion in a training-free manner,
while RelightVid ( , ) extends IC-Light's 2D U-Net to a 3D backbone with temporal
attention. Yet, these methods still struggle with the trade-off between lighting delity and temporal
consistency. In this paper, we propose a uni ed video generation framework that achieves temporally
consistent and high- delity video relighting, while also supporting camera control.

Camera-Controlled Video Generation. Recent advances in vrdeo generation have emphasrzed
conditional signals for controllable synthesis ( , ; , ; , ;
, ). Camera-controlled methods ( ; ; ,
; ) integrate camera parameters into diffusion models for vrewpornt control In statrc scenes
pose- condltloned diffusion has evolved from object-level ( , ;
, ; , ; , ) to scene- Ievel methods ( , ; ,
; , ; , ; , ; , ). For dynamic settings,
some methods ( : ; ; ; ;
, ) exploit camera parameters or trajectorres for novel -view vrdeos Wh|le others (
; ; , ; , ) develop
multi- vrew vrdeo diffusion. Another direction ( ;
, ) leverages explicit geometric cues such as depth or track|ng to guide camera control
However, existing methods remain focused solely on camera trajectory control. We instead pursue
joint control of camera motion and illumination for high-quality, controllable video generation.

3 METHOD

Given a monocular source vidaos = fl isng , our objective is to synthesize a target video
Vt=1l !gl, of the same dynamic scene, but re-rendered under user-speci ed camera trajectories
and illumination conditions. The camera trajectory is denoted asf[R ;;t;] 2 R34 gile , Where

R; andt; represent the rotation and translation of ittt frame relative to the original coordinate
system. The illumination condition is denotedlaswvhich may be provided in various forms (e.g.,

a text prompt, an HDR environment map, or a reference image) and will be discussed later. The
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Figure 2: Overview of Light-X. Given an input vide °, we rst relight one frame with (

, ), conditioned on a lighting text prompt, to obtain a sparse relit idedVe then
estimate depths to construct a dynamic point clBuidom V $ and a relit point cloud® from V' s.
Both point clouds are projected along a user-speci ed camera trajectory, producing geometry-aligned

renders and mask¥ P;V ™) and(V P; ¥ ™). These six cues, together with illumination tokens
extracted via a Q-Former, are fed into DiT blocks for conditional denoising. Finally, a VAE decoder
reconstructs a high- delity video Vfaithful to the target trajectory and illumination.

generated vide® ! should faithfully preserve the appearance and dynamissSofvhile adhering to
CandL. In the following sections, we rst introduce the camera—illumination decoupling strategy
(Sec. 3.1), then present the camera—illumination conditioned video diffusion model (Sec. 3.2). We
next describe the data curation pipeline Light-Syn (Sec. 3.3) and nally discuss the framework's
exibility under diverse illumination conditions (Sec. 3.4).

3.1 FORMULATION: CAMERA—ILLUMINATION DECOUPLING

As illustrated in Fig. 2, given a input source vid¥&, we disentangle camera and illumination
control by constructing two point clouds that separately encode geometric and lighting information.

Camera control. To accurately regulate the camera trajectory, inspired by ( ,
, ), we leverage dynamic point clouds as an epr|C|t mductlve
bias for modehng V|ewp0|nt transformations. Concretely, we rst estimate a sequence of depth maps

Ds=1fD ,SgI=1 from the source vide¥ S using video depth estimation approaches ( , ).
Each frame is then back-projected to 3D space to form a dynamic point cloud P g{zflP:

Pi= 1 (I5D5K); @)

where ! denotes the inverse perspective projectionlériR 33 is the camera intrinsics matrix.
Given a user-speci ed trajectoi@ = f[R i;ti]g{:l , the point clouds are projected into the target
viewpoints, yielding geometry-aligned views = fl -pgif_l and visibility masksy ™ = fM ipgile :

I1P;MP= (R P +ti;K): (2

Together, these projected views and their masks serve as a strong geometric prior, guiding the
diffusion model to produce videos that remain geometrically coherent along the speci ed trajectory.

[llumination control. For illumination, we apply IC-Light ( ) to an arbltrary
frame from the source video (the rst frame is used for illustration in Flg 2), producing an image

relit according to the desired textual prompt. Subsequently, we construct a sparse relif Video

f I’\isg};l , in which the relit frame is retained while all other frames remain blank. Using the previously
estimated depthf® g, together with the camera intrinsiks and extrinsicd[R ;;ti]g, this sparse
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Figure 3: Overview of Light-Syn. From an in-the-wild vidé6!, we generate a degraded and
derive renders, masks fyV™), and relit counterpartsq®; ¥ ™) via inverse transformations.

relit video is lifted into a relit point cloud® = f Pigl_, :
Bi= 1 (fDPK): 3

We reuse the depths predicted from the original video, rather than estimating them again from the relit
video, to ensure geometric alignment between the relit and original content. Analogous to the source
video branch, the relit point cloud is projected along the target trajectory, yielding geometrically
aligned relit viewsV P = f g, with corresponding binary mask™ = f M Pgl_, , which
indicate where illumination information is available and serve as lighting cues:

P MP= R P +ti; K): 4)

3.2 ARCHITECTURE: CAMERA—ILLUMINATION CONDITIONED VIDEO DIFFUSION

With the obtained projected source view$ and mask¥ ™, together with the relit projection@ P
and mask& ™, the target video can be formulated as a conditional distribution as

X p XjVSVs VPP ym}m (5)

which not only provides explicit geometric and illumination cues, but also disentangles the two factors
in a geometrically aligned space, offering ne-grained guidance and enabling effective learning.

Fine-grained cues. The conditional cu&sP, V™, P, andV ™ are rst fed into the VAE encoder.

The resulting latents are concatenated with sampled noise (see the middle of Fig. 2) along the channel
dimension and then patchi ed into a sequence of vision toKgRs, . These tokens encode two
complementary ne-grained cues: the projected vi&s which carry scene content, geometry,

and motion, and the projected relit vieWs, which provide illumination cues. These tokens are
then merged along the sequence axis with text toRegs (not shown in Fig. 2 due to space limit)
obtained from the source video via ( , ) and ( , ). The fused text-vision
tokens are then passed through DiT blocks for denoising.

Global control. While the rendered ne-grained cues facilitate learning of camera and illumination
control, we observe that illumination strength gradually diminishes as the synthesized frames move
further away from the relit frame. To mitigate this issue, we introduce a global illumination control
module. Speci cally, we encode the relit frame with a VAE encoder and patchify its latent to obtain
the relit tokenT,jit . Inspired by ( , ; , ), we employ a Q-Former (

, ) to extract illumination information. A set of learnable illumination toﬁ'q‘ﬁ};\ serves
as queries, while the relit tokéli; provides the keys and values (Fig. 2 right top). The resulting
tokens Tum are then injected into our introduced Light-DiT layer through cross-attention:

Toion = CrossAttn Q= Tyision ;K =V =T jjum (6)

In addition, we retain the original DiT and Ref-DiT modules from ( , ), which respectively
aggregate text-vision information and preserve 4D consistency with the input source video.
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Figure 4: Left: Data curation pipelines for reference-image and HDR-map conditioned video
generation. Right: Conditioning cues with soft masks used for model training.

3.3 DATA CURATION

Effective training requires paired videos with varied camera viewpoints and illumination, yet collect-
ing such data in the real world is almost infeasible. We rst analyze the training data requirements
in detail and then introduce Light-Syn, a degradation-based pipeline with inverse mapping for
synthesizing paired data from in-the-wild monocular videos, as illustrated in Fig. 3.

Training Data Requirements. Our model takes as input a source vidked, a target vided/ !, and
conditioning sequencasP, VS, andV} P, each with speci ¢ requirements. The taryet should have
high quality and consistency, and the input must remain 4D-consistent with! in overlapping
regions. Projected source vieWd provide reliable geometric priors aligned with the target, while
the sparse relit vide¥ s provides explicit illumination cues matching the target's lighting, and the
projected relit viewd? P deliver ne-grained lighting information geometrically aligned withPy

Light-Syn Pipeline. To construct such training pairs, we take an in-the-wild video as t&ret
degrade it to obtaiW °, and record the degradation transformations. Applying their inverses transfers
the geometry and illumination of * ontoV $, producing spatially aligned conditioning cues. We
curate our dataset from three complementary sources: static scenes (8k), dynamic scenes (8k), and
Al-generated videos (2k), where the rst provide accurate multi-view data, the second capture realistic
motion, and the third enrich illumination diversity. All sources satisfy the training requirements,
yielding paired inputs, targets, and geometrically aligned conditioning cues. Detailed construction
procedures are illustrated in Fig. C and described in detail in Sec. B of the Appendix.

3.4 FRAMEWORK FLEXIBILITY

Camera—illumination decoupled control. Although our training data are curated for joint control,

the decoupling and masking mechanisms also allow for independent usage exibly. For camera
control, the conditioned relit frame is replaced with the original frame to preserve lighting. For
illumination control (i.e., video relighting), we s&tP =V , makeV ™ fully visible, and substitute

V' P with the sparse relit vide¥' s, with ¥ ™ updated accordingly. Our framework also supports
foreground video relighting conditioned on background images, wtérés composed of the
foreground video and background using foreground masks, and the sparse relvidegenerated

with IC-Light ( , ). Further details are provided in Sec. A.2 of the Appendix.

Extension to diverse illumination conditions. Our framework has the potential to accommodate
diverse illumination hints as conditioning inputs, such as HDR environment maps and reference
images. A reference image here denotes an image from a different scene that conveys lighting
information, analogous to a style-transfer source. As shown in Fig. 4, we extend the data curation
pipeline accordingly. For HDR maps, we extract environment lighting with DiffusionLight (
, ) and apply the degradation pipeline to obtain 16k samples from ( ,
; , ). For reference-image conditioning, we generate pairs of IC-Light (
, ) relitimages with matched prompts ( , ; , ): one serves as the
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Figure 5: Qualitative comparison for camera-illumination control with light prompts “neon light” (left)
and (right). Our method outperforms baselines in relighting quality, temporal consistency,
and novel-view content generation. Refer to the supplementary video for clearer comparisons.

Table 1: Quantitative results for the joint camera-illumination control task. User preference indicates
the percentage of participants who selected our method.

Method Image Quality Video Smoothness User Study (%, Ours) Time #
FID# Aesthetic" MotionPres.# CLIP" RQ VS IP  4DC

TC+IC-Light / 0.573 6.558 0.976 89.3 91.7 88.3 885 3.25min

TC+LAV 138.89 0.574 4.327 0.986 86.0 844 88.0 89.0 4.33min

LAV+TC 144.61 0.596 5.027 0.987 85.1 89.3 888 87.5 4.33min

TL-Free 122.73 0.595 3.356 0.987 88.0 89.2 882 882 5.50min

Ours 101.06 0.623 2.007 0.989 / / / / 1.83 min

ilumination reference, while the other is animated it by a commercial video model ( ,
), yielding about 1k samples for each of the text- and background-conditioned settings. During
training, conditioning inputs are assigned by modality:

(VP:™)=(V; «1); k2 fref; hdrg; 7)

with s =0:25 and g, = 0:50. These soft masks act as domain indicators ( , ),
enabling a single model to generalize across diverse illumination conditions.

4 EXPERIMENTS

4,1 EXPERIMENTAL SETTINGS

Baselines. Our evaluation focuses on two tasks: joint camera-illumination control and video relighting.
For the joint control, as no prior work addresses it directly, we construct baselines by combining
existing methods: TrajectoryCrafter (TC) ( , )+IC-Light ( ), Light-
A-Video (LAV) ( , )+TC, TC+LAV, and a training-free baseline TL- Free (Sec. A.1).
For video relighting, we assess both text- and background-conditioned settings, comparing with IC-
Light ( , ), IC-Light+AnyV2V ( , ), Light-A-Video (

and RelightVid ( , ). We use the Wan2.1 ( , ) |mplementat|on of LAV
with default hyperparameters. As RelightVid currently offers only a background-conditioned model,
we evaluate it exclusively in that setting. More details are provided in Sec. A.3 of the Appendix.

Metrics. Following ( ), the evaluation focuses on two aspects: relighting quality
and temporal consistency. Rellghtlng quality is measured by FID ( , ) between each
method's outputs and frame-wise IC-Light results, and by the Aesthetic Preference metric, de ned
as the mean of the aesthetic score and image quality in ( , ). Temporal consistency
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Table 2: Evaluation of joint camera—illumination control using real in-the-wild videos as reference.

Method PSNR" SSIM" LPIPS# FVD#
TC +IC-Light  10.96 0.456 0.474 58.85
TC + LAV 12.18 0.470 0.508 73.78
LAV +TC 12.48 0.463 0.479 60.95
TL-Free 13.49 0.547 0.418 54.44
Ours 13.96 0.582 0.378 45.91

Table 3: Quantitative results for video relightingindicates evaluation on the rst 16 frames.

Image Quality Video Smoothness User Study (%, Our.ﬂ

Method me #
FID# Aesthetic" MotionPres.# CLIP" RQ VS IP

IC-Light / 0.632 3.293 0.983 88.3 90.3 91.7 1.42min

LAV 112.45 0.614 2.115 0.991 85.2 885 92,5 2.50min

Ours 83.65 0.645 1.137 0.993 / / / 1.50 min

IC-Light+AnyV2V  106.05 0.612 3.777 0985 976 951 0984 1.67min

ours 77.97 0.625 1.452 0.992 / / / /
is assessed through the average CLIP ( , ) similarity between consecutive frames
and Motion Preservation, computed as the deviation between RAFT ( , ) estimated

optical ow and that of the source video. Considering that IC-Light-referenced FID may induce a
bias toward the reference model, we additionally perform an evaluation that compares model outputs
directly against real in-the-wild videos. In this evaluation protocol, real videos are treated as ground
truth. Their lighting descriptions are extracted using LLaVA ( , ), and a degraded
counterpart is synthesized using LAV ( , ) under a neutral-lighting prompt to serve as
the model input. At test time, the degraded video is paired with its LLaVA-inferred lighting prompt,
which is provided as the illumination condition. The relit outputs are then assessed against the real
videos using standard perceptual and temporal metrics, including PSNR, SSIM (

LPIPS ( , ), and FVD ( . ). We also conduct a user stu67W|th
participants to evaluate relighting quality (RQ, lighting delity and alignment with the prompt), video
smoothness (VS), ID preservation (IP, consistency of the object's identity and albedo after relighting),
and 4D consistency (4DC, spatio-temporal coherence in the novel-view setting). During evaluation,
lighting prompts, directions, and camera trajectories are randomly sampled for each video.

Datasets. For evaluation data, we collect 200 high-quality videos from sources including Pexels (

, ), Sora ( , ), and Kling ( , ). These videos cover a wide range
of subjects such as humans, animals, and objects, across diverse scenes with substantial motion,
incorporating both in-the-wild and Al-generated content. For background conditioned relighting, we
use 10 background images and 30 foreground videos from ( , ) and ( , ),
producing 300 combinations. None of these videos is used for training in any compared methods.

Implementation Details. The framework is based on ( ; ;

). Training uses videos of resolutg®4 672 and 49 frames for 16,000 |terat|ons W|th
a Iearnlng rate o2 10 ° and a batch size of 8 on eight H100 GPUs. Video depths are estimated
with ( , ) to construct dynamic point clouds, with camera intrinsics set empirically.

4.2 CAMERA-ILLUMINATION CONTROL RESULTS

Qualitative results are shown in Fig. 5 and better inspected in supplementary videos. TC ( ,
)+LAV ( , ) is limited by LAV's weak relighting, especially under large camera
motion, causing poor lighting quality and temporal instability. For LAV+TC, relit outputs degrade
point cloud reconstruction, leading TC to produce artifacts from novel viewpoints. TL-Free suffers
from a trade-off between delity and consistency. In contrast, our approach achieves a good balance
of relighting quality, novel-view synthesis, and temporal stability, and outperforms all baselines in
both delity and smoothness, as demonstrated in Table 1. Additional visual results are provided in
Fig. Q in the Appendix. We further assess joint camera-illumination control using real in-the-wild
videos as ground truth. As reported in Table 2, our method achieves the best PSNR, SSIM, LPIPS,
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Figure 6: Qualitative comparison for video relighting with light prompts “neon light” (left) and
(right). Our method outperforms baseline methods in both relighting quality and temporal
consistency. Please refer to the supplementary video for clearer comparisons.

Table 4: Evaluation of video relighting using real in-the-wild videos as reference.

Method PSNR" SSIM" LPIPS# FVD#

IC-Light  11.75 0.517 0.422 67.50
LAV 12.66 0.530 0.429 74.64
Ours 13.84 0.581 0.369 56.60

Table 5: Quantitative results for background image-conditioned foreground video relighting. Methods
marked with" are evaluated on the rst 16 frames.

Method Image Quality Video Smoothness User Study (%, Ours)
FID# Aesthetic" Motion Preservation# CLIP" RQ VS IP
IC-Light / 0.645 0.374 0.987 818 91.7 88.0
Light-A-Video 76.05 0.619 0.296 0.990 855 87.1 88.0
Ours 61.75 0.680 0.220 0.992 / / /
Relightvid 86.94 0.635 0.230 0.988 818 87.1 873
Ours 56.60 0.682 0.199 0.990 / / /

and FVD scores, further con rming its advantages in both lighting delity and temporal consistency.
User studies further validate these improvements.

4.3 VIDEO RELIGHTING RESULTS

Text-conditioned relighting. Fig. 6 and Fig. R in the Appendix show qualitative comparisons.
Frame-wise IC-Light ( , ) achieves high single-frame quality but lacks temporal
constraints, causing icker in lighting and appearance. LAV ( . ) integrates VDM (

, ) priors via a training-free fusion, improving stability but reducing delity. Our method
attains both signi cant lighting accuracy and temporal coherence. Quantitative results in Table 3
con rm consistent gains in relighting delity and temporal smoothness, further supported by user
studies. We additionally evaluate text-conditioned relighting using real in-the-wild videos as ground
truth. As shown in Table 4, our method achieves the best performance across all metrics, further
demonstrating its strengths in lighting delity and temporal stability.

Background-conditioned relighting. We also evaluate foreground video relighting conditioned on
background images. As shown in Table 5, our method surpasses all baselines in both image quality
and video smoothness. The corresponding qualitative analyses are provided in Sec. D.3. Additionally,
we present results for HDR map-conditioned relighting (Sec. D.4) and reference image-conditioned
relighting (Sec. D.5) in the Appendix.
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Table 6: Qualitative ablation results for the joint camera-illumination control across different compo-
nents: (a) training data, (b) architecture and lighting conditions, (c) training and conditioning strategy.

Method FID Score # Aesthetic" Motion Pres. # CLIP Score "
(a.i) w/o static data 123.35 0.594 3.749 0.987
(a.ii) w/o dynamic data 108.70 0.621 2.635 0.988
(a.iii) w/o Al-gen data 102.09 0.613 2.498 0.988
(b.i) w/o ne-grained lighting cues 143.02 0.602 2.242 0.989
(b.ii) w/o global lighting control 103.13 0.612 2.348 0.989
(b.iii) light+text concat 137.05 0.596 2.654 0.989
(c.i) algorithm-generated GT 137.83 0.524 4.066 0.986
(c.ii) relit all frames 71.10 0.571 4.238 0.986
(c.iii) w/o soft mask 148.51 0.545 2.879 0.988
Ours 101.06 0.623 2.007 0.989

4.4 ABLATION STUDIES

We conduct ablation studies on (a) training data, (b) architecture and lighting design, and (c) training
and conditioning strategy. Quantitative results are in Table 6, and qualitative comparisons are shown
in Fig. D of the Appendix. Removing static data (a.i) weakens unseen-view synthesis, as static
videos provide natural cross-view pairs. Excluding dynamic data (a.ii) causes motion artifacts, while
omitting Al-generated data (a.iii) lowers robustness to rare lighting, such as neon, where brightness
may decay. Skipping ne-grained cues (b.i) limits the use of illumination priors from IC-Light (

. ), degrading relighting quality. Disabling global control (b.ii) causes fading or abrupt
shifts under complex lighting, whereas adding it stabilizes results. Replacing our conditioning with
light—text concatenation (b.iii), as in ( , ), also fails to leverage ne-grained lighting
priors. Reversing supervision (c.i) by treating algorithm-generated outputs as ground truth harms
delity, consistency, and novel-view synthesis. Relighting all frames instead of a single frame (c.ii)
increases cost and reduces temporal coherence despite better FID. Discarding the soft mask (c.iii)
blurs illumination domains and introduces interference, lowering overall performance.

5 CONCLUSION

We introduce Light-X, the rst video generation framework that jointly controls camera trajectory
and illumination from monocular videos. Our disentangled conditioning design leverages dynamic
point clouds along user-de ned trajectories to provide geometry and motion cues, while a relit
frame is re-projected into the same geometry to provide illumination cues. To enable training,
we further propose Light-Syn, a degradation-based data synthesis pipeline that constructs paired
videos without requiring multi-view, multi-illumination captures. Extensive experiments show that
Light-X consistently surpasses existing baselines in both joint camera—illumination control and video
relighting, while exibly adapting to diverse lighting conditions. We believe this work paves the way
toward scalable generative modeling and controllable editing of complex real-world scenes.

Limitations and Future Work. 1) Our method relies on single-image relighting priors (e.g., IC-
Light ( )) to provide ne-grained I|ght|ng cues. In some scenes, the lighting
quality of these pnors may be suboptimal, which can in turn affect the quality of subsequent video
generation. 2) The approach depends on point clouds as priors for novel camera viewpoints. When
depth estimation is inaccurate, the resulting biased geometry may degrade generation quality, and
the framework also struggles with very wide camera motions (86§.,) due to limited 3D cues

and the constrained generation length of the video diffusion model. 3) Like other video diffusion
approaches, handling ne details (e.g., hands) remains challenging, and the multi-step denoising
process is computationally expensive. Future work may explore stronger video generation backbones

(e.g., Wan2.2 ( , )) to enhance video quality, progressive point-cloud expansion to better
support large camera ranges, and techniques such as Diffusion Forcing ( , ) and Self
Forcing ( , ) to extend video length.
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A MORE IMPLEMENTATION DETAILS

A.1 TRAINING-FREE BASELINE: TL-FREE

The baseline method TL-Free is inspired by Light-A-Video (LAV) ( , ), which
integrates TrajectoryCrafter ( , ) and IC-Light ( , ) in a training-free
manner. LAV introduces three key components: consistent light attention, progressive light fusion,
and details compensation, to achieve temporally coherent video relighting. However, unlike LAV,
which directly processes original video frames for relighting, our objective is to simultaneously
perform relighting and camera viewpoint changes. Thus, the model input is not the raw video but
point-cloud projected views, which are geometrically aligned yet inevitably contain black borders
and holes. This critical difference necessitates adapting the LAV modules as follows: 1) Details
compensation. While effective in LAV for enhancing frame-level delity, this module relies on
the input video to supplement missing details. For our projected views, however, it propagates
black borders and holes, severely degrading the results. We thus discard this module in TL-Free.
2) Progressive light fusion. In LAV, the fusion ratio between IC-Light and the video diffusion
backbone is controlled by a schedule: IC-Light dominates early denoising steps and gradually
diminishes. For our projected views, applying IC-Light early is problematic, since relighting images
with black borders or incomplete regions is ill-posed. We therefore disable IC-Light fusion during
early denoising and only activate it in later steps, once the model has lled in missing content. 3)
Consistent light attention. This module is retained, as it ensures temporally consistent illumination
across frames and remains effective even when operating on projected views.

A.2 BACKGROUND-CONDITIONED CONTROL

As shown in Fig. A, our framework supports background-conditioned video relighting. Speci cally,
the source vided/ s is obtained by fusing a foreground video with a background video using
foreground masks. IC-Light ( , ) is then applied to generate a sparse rei ¥ideo
which provides illumination cues. Finally, both® andV s are fed into our model to produce the
relit video with consistent illumination and motion.

A.3 BASELINE

For Light-A-Video (LAV) ( , ), we adopt the of cially released Wan2.1 ( ,

) implementation and use the default hyperparameter settings. For AnyV2V ( ,
we evaluate the of cially released model built on 12VGen-XL ( , ) under its default
con guration. The released model generates 16-frame videos at a resolutidi2 0612 . For
RelightVid ( , ), as it currently only provides a background-image-conditioned model
without text-conditioned variants or training code, we evaluate it exclusively under the background-
conditioned setting using the of cial model released by the authors. Its outputs also have 16 frames
with a spatial resolution 12 512 . For fair comparison, all baseline outputs are uniformly resized
to match the resolution adopted in our evaluation.

A.4 EVALUATION PROTOCOL AND USER STUDY

Evaluation Protocol. For text-conditioned relighting, we randomly select one lighting prompt

(e.g., sunlight, soft light, neon light, or red and blue neon light) and one lighting direction (top,
bottom, left, or right) for each video. For novel-view video generation, one of four prede ned camera
trajectories is randomly chosen. After the condition is determined, we apply the same lighting prompt
and camera trajectory to all methods to ensure fair comparison. In the joint camera—illumination
control evaluation, we rst employ TrajectoryCrafter ( , ) to generate the novel-view
sequence. This sequence is then compared against relit sequences produced by other methods under
the same trajectory to compute the ow error (i.e., Motion Preservation). Additionally, we apply
IC-Light ( , ) to relight the novel-view video from TrajectoryCrafter, which serves

as the reference for calculating FID with respect to the relit outputs of all baselines.

User Study. We conducted a user study to evaluate the effectiveness of our method across three
tasks: 1) joint camera—illumination control, 2) text-conditioned video relighting, and 3) background-
conditioned video relighting. The study was conducted online, and screenshots of the interface
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are shown in Fig. B. The interface displayed the input video, the corresponding relighting prompt
(text or background image), and two relit results (denoted as Method 1 and Method 2) side by side.
Participants could play both videos in parallel and directly compare their quality. On the left panel,
four criteria were listed with radio buttons for selection: Relighting Quality (RQ, lighting delity,

and alignment with the condition), Video Smoothness (VS, temporal stability across frames), Identity
Preservation (IP, consistency of the object's identity and appearance), and 4D Consistency (4DC,
spatio-temporal coherence under novel-view settings). For each criterion, participants were required
to select which method performed better. They were also allowed to choose “Hard to judge” or
skip to the next example if necessary. To reduce fatigue and ensure reliable feedback, the system
required participants to submit responses after completing 10 groups of comparisons. The study was
conducted anonymously, and no personally identi able data were collected. In total, we collected
responses from 57 participants.

B DEeTAILED DATA CURATION

Training Data Requirements Analysis. As discussed in Sec. 3.3 in the main text, training our
framework requires an input vidé6$, a paired target vided ', and conditioning sequenc¥s,

V' s, andV P. To ensure effective training, these modalities should satisfy the following requirements:

« Target videoV !. Serving as the ground truth, the target video should be of high visual quality and
exhibit temporal consistency.

* Input video V 5. Serving as the reference sequence injected into the network, the input video
should remain 4D-consistent with the target videbiW their overlapping regions.

* Projected source views/ P. Serving as a geometric view-transformation prior, these projections
should maintain content consistency with the target vidéarvshared visible regions.

« Sparse relit videoV S. Serving as an explicit lighting prior for the diffusion model, the relit frame
should share the same illumination as the target vidéo V

« Projected relit views \/'P. Serving as ne-grained illumination cues, these projections should be
geometrically aligned with the corresponding projected source Weyensuring that illumination
information is accurately fused with the geometric prior.

Pipeline Design. As shown in Fig. C, we design a degradation-based pipeline to construct paired
videos based on these requirements. Speci cally, we treat an in-the-wild video as the target sequence
V! and generate its degraded counterpart as the input sequénioesatisfy the above constraints.
Furthermore, by recording the transformations applied during the degradation process, we apply their
inverses to map the geometry and illumination of the target video back to the degraded sequence,

thereby producing the corresponding conditioning Adé@sV s and\V'P that conform to the training
requirements and enable training with the degraded video as input.

Data Sources. We curate training pairs from three complementary sources:

 Static scenes. Monocular videos of static scenes naturally provide multi-view observations of
the same scene. We adopt two strategies to construct paired samples with only varied viewpoints:
1) sample a video clip as one view and create the other by repeating a randomly selected frame
from the same sequence; 2) select two clips with overlapping content as a pair. For both cases, we
employ VGGT ( , ) to reconstruct depths and camera poses, thereby establishing
the geometric transformations between views. To further introduce illumination variation, we
process the data according to the pairing type: 1) relight the image-repeated video using IC-
Light ( ), which serves as the degraded Wipuwthile naturally maintaining
temporal con3|stency due to the repeated frames, and take the other vidép2selight one clip
with Light-A-Video (LAV) ( , ), treating the relit clip &° and the remaining clip as
V t. Although the latter approach yields slightly weaker temporal consistency, it still preserves the
scene content and meets our data requirements. Finally, leveraging the geometric transformations
estimated by ( ), we warp the informatiovi into the viewpoint ofv !, thereby
constructing the data requwed for training. With this approach, we curate 8k static training samples
from the DL3DV ( , ) dataset.
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« Dynamic scenes. Given a dynamic monocular vidéb, we construct degraded counterpart

using three strategies: 1) relighit' with Light-A-Video ( , ) and then synthesize a
novel-view videoV ® via TrajectoryCrafter ( , ); 2) synthesize a novel-view video
using ( , ) and then apply ( , ) to introduce illumination variations,

producingV 3. 3) directly generate a relit and novel-view vidéd through our designed training-

free pipeline TL-Free (details are provided in the Sec. A.1). The degraded wdfepsoduced

by these strategies are used as inputs for model training. Although their temporal consistency
and visual quality are not perfect, they satisfy our data requirements, such as maintaining content
consistency with the target vidaé! in overlapping regions. To ensure geometric alignment,

all warping operations rely on depths estimated once from the original video rather than being
re-estimated from intermediate results. During degradation, we derive the correspondence ow
Fus from the depth and relative pose and warp the original frame to the degraded view. When
constructing the training set, we then apply the reverseFow to warp the degraded samples
back to the original viewpoint, thereby obtaining geometrically aligned conditions. Using this
procedure, we curate 8k dynamic training samples from the VDW ( . ) dataset.

 Al-generated videos. While the above methods use high-quality real-world videos as supervision,

most videos exhibit relatively uniform and soft lighting, limiting the diversity of illumination
conditions. To address this, we design a data pipeline based on commercial video generation
models to synthesize videos with richer lighting variations. Speci cally, we rst employ ( ,

) to generate a novel-view video from the original sequdhgeghen extract its rst frame and
relight it using ( , ). The relit frame, together with the novel-view video, is fed
into the rst-frame-guided video-to-video mode of a commercial generative model (e.g., Runway
or Luma) to produce a relit video, resulting in the paired video This approach yields videos
with diverse illumination while maintaining high temporal consistency, thanks to the commercial
model's powerful capability. For this set of data, we follow the standard training strategy,Wising
as the input an¥ S as the target video. However, a limitation of this approach is that, although it
ensures temporal consistency, the commercial model tends to generate content inconsistent with the
original video when the scene or camera motion is relatively large, violating the data requirements
discussed above and adversely affecting the learning of our model. Therefore, we only retain videos
with small motion, which we identify and Iter using an optical- ow-based criterion ( ,

), and we ultimately curate 2k samples from the OpenVid-1M ( , ) dataset.

Together, the three data sources provide complementary training pairs for our framework: static scenes
offer accurate multi-view data, dynamic scenes supply samples with scene motion, and Al-generated
videos enrich illumination diversity. All of them satisfy the training requirements, providing paired
inputs, targets, and geometrically aligned conditioning cues.

C PRELIMINARY: VIDEO DIFFUSION MODELS

Video diffusion models consist of two stages: a forward process and a reverse process. The forward
process starts from clean video da@2 Rf3"V and gradually injects noise to create noisy
statesag; = (Xo+ ¢ ,where N(0;I) and 2+ 2=1.The reverse process removes noise
with a predictor (x;t), optimized by

min Eqy(0;1); N k (xi;t) k 3 8

For computational ef ciency, vrdeos are rstcompressed into latertsE (x) using a pre-trained 3D
VAE ( , ). The latents are then patchi ed, concatenated
with text embeddrngs and fed into the n0|se estimator. Recent works (

, ; , ) commonly adopt
the Drffusron Transformer (D|T) ( , ) as the norse estimator, owing to its strong
modeling capacity and exible scalability. During inference, noisy latents are iteratively denoised,
then reconstructed by the VAE decoder to produce the nal vigled(z).
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