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Figure 1. Results of light source movement. LightMover demonstrates robust control over light movement, color, and intensity in
diverse illumination scenarios. It maintains global radiometric balance, reconstructs occluded illumination, and infers plausible light–object
interactions under varying geometry and materials. Beyond single-attribute control, LightMover supports compositional manipulation that
simultaneously adjusts light position, color, and intensity. These results highlight the potential of our 2.5D learning paradigm to achieve
physically coherent lighting reasoning within a purely 2D generative framework.
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Abstract

We present LightMover, a framework for controllable light
manipulation in single images that leverages video diffusion
priors to produce physically plausible illumination changes
without re-rendering the scene. We formulate light editing as
a sequence-to-sequence prediction problem in visual token
space: given an image and light-control tokens, the model
adjusts light position, color, and intensity together with re-
sulting reflections, shadows, and falloff from a single view.
This unified treatment of spatial (movement) and appear-
ance (color, intensity) controls improves both manipulation
and illumination understanding. We further introduce an
adaptive token-pruning mechanism that preserves spatially
informative tokens while compactly encoding non-spatial
attributes, reducing control sequence length by 41% while
maintaining editing fidelity. To train our framework, we
construct a scalable rendering pipeline that generates large
numbers of image pairs across varied light positions, colors,
and intensities while keeping the scene content consistent
with the original image. LightMover enables precise, inde-
pendent control over light position, color, and intensity, and
achieves high PSNR and strong semantic consistency (DINO,
CLIP) across different tasks.

1. Introduction

Imagine shopping online for a new floor lamp. Product
photos reveal its appearance, but not what truly matters:
how the lamp would change the mood and illumination of
your own living room. With only a single image of a living
room, a user naturally wants to insert a lamp, drag it across
the room, warm its color, dim its brightness, and observe
how these adjustments reshape shadows, reflections, and
ambience. Achieving such light-centric editing in a single
real image is extremely challenging as illumination interacts
globally with geometry, materials, and occlusion, while the
user expects precise, causal control.

Existing methods fall into two categories. Inverse-
rendering approaches [22, 23, 47, 55, 59] reconstruct dense
geometry, materials, and lighting before re-rendering the
scene. While physically grounded, these pipelines are highly
ill-posed from a single image, computationally expensive,
and do not offer intuitive controls, such as moving or recol-
oring individual lights interactively. Diffusion-based editors
(e.g., LightLab [29]) can manipulate tone and ambient illu-
mination but do not model spatial light movement, while
object-centric diffusion models (e.g., ObjectMover [64]) rely
on video priors to move objects but treat illumination only

* Work done during an internship at Adobe.
† Corresponding author.

implicitly, and thus fail to propagate the correct shadows,
colors, and falloff when moving a light source. More re-
cently, general generative image editing models (SDEdit
[31], DiffEdit [11], InstructPix2Pix [6], Nano-Banana [16],
Qwen-Image(-Edit) [42, 58]) support powerful text- or mask-
driven semantic edits; however, they lack an explicit light-
centric parameterization and thus struggle to provide precise,
physically plausible control over individual lights.

In this paper, we introduce LightMover, a video-diffusion
framework for explicit, parametric illumination control from
a single image. Our key idea is to extend the ObjectMover
[64] token formulation with illumination-specific control to-
kens for color and intensity, embedded using a multi-signal
positional encoding (spatial, temporal, condition-type, and
role). This design yields a unified model that supports both
object edits (movement, insertion, removal) and illumina-
tion edits within the same backbone, avoiding task-specific
adapters. A naive extension of this formulation is to encode
color and intensity as extra “frames”, but this dramatically
increases the token count and thereby limits the model’s
efficiency and resolution. To avoid control tokens inflat-
ing the sequence length, we introduce an adaptive token-
pruning strategy: spatial controls (e.g., movement maps)
retain fine-grained tokens in small, localized regions and are
downsampled elsewhere, while non-spatial controls (color,
intensity) are represented with learnable compression ratios.
This reduces the length of the control token by 41% while
maintaining accurate spatial and illumination control.

To support training, we build a scalable physically-based
rendering pipeline that generates matched image pairs vary-
ing in light location, spectrum, and intensity. These pairs
enable the model to learn the causal effects of illumination:
how shadows shift, how reflections brighten, and how in-
direct lighting propagates, to unlock capabilities that video
priors alone cannot provide. Moreover, we find that training
these illumination controls jointly in a multi-task manner
produces strong mutual reinforcement: positional, color, and
intensity signals regularize one another, improving accuracy
and stability across all light-related tasks.

In summary, our contributions are threefold:

• We introduce a unified diffusion-based framework that
formulates light control as a sequence-to-sequence task,
enabling fine-grained manipulation of illumination.

• We propose an adaptive token-pruning mechanism that
improves efficiency by compactly encoding non-spatial
attributes while preserving spatial precision.

• We develop a scalable data generation pipeline with physi-
cally accurate rendering and a multi-task training strategy
for light insertion, removal, and movement, resulting in
state-of-the-art photorealistic and controllable lighting ma-
nipulation.
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2. Related Works

Object Movement. Diffusion-based inpainting meth-
ods [3, 28, 31, 46, 52] represent the mainstream approach
for generative removal, while insertion frameworks [9, 27,
49, 50, 62, 66] extend them to conditionally synthesize new
objects under identity constraints. However, inpainting in-
herently limits the handling of global illumination cues, as
expanding masks often destroy scene consistency and fail to
reconstruct shadows or reflections. Shadow-specific meth-
ods [17, 56] partially alleviate this but rely on precise masks
and cannot generalize to broader lighting effects. Mask-
free approaches such as ObjectDrop [57] decouple removal
and insertion into two steps, often leading to misaligned
perspective or inconsistent lighting, while scene-level in-
sertion [53] allows broader context editing but lacks true
movement capability. Recent progress in generative move-
ment seeks to reposition objects directly through single-pass
diffusion. Control paradigms include drag-based manipula-
tion [4, 33, 34, 48], motion-field guidance [15], 3D-aware
conditioning [5, 32, 38, 63], and video diffusion-based se-
quence modeling [64].

Relighting and Light Control. Image-based light editing
has been widely explored in flash photography, addressing
white balancing [18], bounce-flash capture [35], and post-
capture flash control [30]. Murmann et al. [36] collected a
multi-illumination dataset using a motorized flash rig and
trained a U-Net [45] to predict directional lighting. Hui et
al. [19] used flash/no-flash pairs to disentangle illuminants
based on spectral cues, enabling control over individual
light sources. Aksoy et al. [1] curated a large flash/no-flash
dataset and trained a Pix2Pix model [20] to separate ambient
and flash components. Inverse-rendering pipelines [12, 21]
reconstruct geometry and materials for explicit lighting con-
trol, but are computationally expensive and ill-posed from
a single image; recent work [7, 24, 61, 65, 67] incorporates
learned priors to improve scalability while still relying on
intrinsic decomposition or dense video supervision. We fol-
low a similar data-driven paradigm but in a more general
setting where only a single RGB image is available. Unlike
prior flash-specific approaches, we draw inspiration from
LightLab [29], which leverages diffusion models for explicit
light-source control and turn-on/off illumination synthesis.
Note that LightLab does not support light source movement.

General Image Editing. Beyond task-specific pipelines,
diffusion-based editors provide broad semantic and struc-
tural manipulation capabilities. Classical methods such as
SDEdit [31] and DiffEdit [11] enable mask-driven or noise-
based refinements, while instruction-tuned models like In-
structPix2Pix [6] support natural-language edits. Recent
LLM-powered systems, including Nano-Banana [44] and
Qwen-Image(-Edit) [42, 58], further enhance multimodal
reasoning and editing robustness. However, these general-

purpose editors lack an explicit light-centric formulation and
therefore struggle to enforce physically plausible illumina-
tion, realistic shadow propagation, and precise spatial control
needed for light movement and fine-grained relighting.

3. Method
3.1. LightMover
3.1.1. Repurposing Video Diffusion Models
We follow ObjectMover [64] to repurpose a pre-trained
image-to-video diffusion transformer model [39, 54], similar
in design to Sora [37], within a sequence-to-sequence gen-
eration framework that maintains compatibility with the
original video input interface while targeting single-frame
image synthesis. As illustrated in Fig. 2, we formulate all
input conditions as pseudo video frames arranged sequen-
tially. Each frame is encoded by a VAE into latent tokens
and jointly processed by the diffusion transformer.

Specifically, the sequence elements are defined as fol-
lows: (1) Reference Image Iref: the original input image
for relighting or motion editing. (2) Object Frame Iobj: the
cropped and resized target object to be manipulated. (3)
Movement Map Imove: the spatial control signal indicat-
ing object displacement. It encodes two bounding boxes:
source (Msrc) and target (Mtgt) across separate RGB chan-
nels, where the R channel denotes the region to be removed
(source), and the GB channels indicate the target region to
which the object will move. (4) Color Control Icolor: a
global conditioning frame specifying the desired lighting
hue or color temperature. (5) Intensity Control Iintensity: a
frame that encodes the variation in light exposure, expressed
in photographic stops. A single stop corresponds to a twofold
increase or decrease in the amount of light reaching the sen-
sor and serves as a standard unit for quantifying exposure
changes in imaging research [14]. The corresponding il-
lumination gain, representing the multiplicative change in
radiometric intensity induced by an exposure adjustment of
SEV stops, is defined as:

Gillum = 2SEV , (1)

where Gillum is the illumination gain (a dimensionless ratio
of radiometric intensity), and SEV denotes the exposure
adjustment in stops (Exposure Value, EV). An increment
of +1EV doubles the illumination, whereas a decrement of
−1EV halves it. (6) Output Frame Xt: the noisy latent
frame to be denoised at timestep t. All frames are encoded
by the video VAE into latent tokens before being fed to the
diffusion model.

During inference, generation begins from Gaussian noise
X0 ∼ N (0, 1). At each denoising step t, the conditional
sequence St is formed as:

St = [Iref, Iobj, Imove, Icolor, Iintensity, X
t], (2)
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Figure 2. Overview of LightMover. Left: our sequence-to-sequence formulation encodes a reference image, object crop, movement map,
and optional color/intensity controls as input frames. Right: additional supported tasks, including light removal and insertion.

and iteratively refined by the model vθ to predict the clean
target image X1. The model outputs an updated sequence
St+∆t, and prior to the next step, all condition frames are
reset to their original latent states for stability.

During training, the control signals can be flexibly com-
bined to synthesize compositional editing tasks, or selec-
tively dropped to enable single-attribute editing. Training
follows a flow-matching objective [25, 26]. Noisy inputs
are generated by linear interpolation:

Xt = tX1 + (1− t)X0, X0∼N (0, 1), (3)

where the model predicts the instantaneous velocity:

V t =
dXt

dt
= X1 −X0. (4)

The loss is expressed as:

L = Et,X0,X1

[∥∥v(St, t; θ)[6] − V t
∥∥2] , (5)

where v[6] denotes the output token of the target frame.

3.1.2. Multi-Signal Positional Encoding
To ensure the diffusion transformer interprets each input
frame according to its spatial meaning and control semantics,
we augment the model with a specialized positional encod-
ing method. To jointly encode spatial, temporal, and condi-
tional context within the diffusion transformer, we introduce
a Multi-Signal Positional Encoding (MSPE) mechanism
that extends beyond standard rotary positional embeddings

(RoPE) [51]. MSPE integrates four orthogonal positional
subspaces: (1) Spatial Encoding (W,H): Each latent patch
token is assigned a 2D sine-cosine positional encoding ac-
cording to its horizontal (W ) and vertical (H) coordinates,
preserving spatial structure within each frame. (2) Temporal
Encoding (T ): Tokens receive temporal indices reflecting
the sequence order, enabling temporal consistency across
diffusion steps. (3) Condition-Type Encoding (C): Tokens
are annotated with discrete condition identifiers (reference,
object, movement, color, intensity, output), to distinguish
different conditioning modalities. (4) Frame-Role Encod-
ing (R): To differentiate input conditions from the output
frame, a binary encoding is applied, marking whether a token
contributes to conditioning or prediction.

These four components are projected into the transformer
embedding space and additively combined, followed by a
rotation-aware modulation analogous to RoPE to preserve
relative phase relationships. For variable-length sequences
and spatial resolutions, we employ NTK-aware interpola-
tion [40] to dynamically adapt positional frequencies dynam-
ically. This unified encoding enables the model to reason
jointly over spatial alignment and condition interdependence,
supporting precise and disentangled control over object mo-
tion, color, and light intensity.

3.1.3. Adaptive Token Pruning
In our formulation, adding additional control signals in-
evitably increases the sequence length. For instance, a
512×512 image encoded by a video VAE with a down-
sampling factor of 32 yields 256 latent tokens per frame.
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Figure 3. Illustration of training samples. Top: our synthetic
data varis from scenes, objects and lighting conditions; Bottom: the
image relighting post-processing during training.

However, certain attribute frames, such as those for color or
intensity lack explicit spatial structure, making it unneces-
sary to preserve their full two-dimensional token layout.

To improve computational efficiency while maintaining
generation fidelity, we introduce an adaptive token pruning
mechanism that dynamically adjusts the number of latent
tokens for each condition. Two complementary strategies
are employed: (1) Spatially-Aware Pruning: For control
signals with explicit spatial information, such as the move-
ment map Imove, we compute the area ratio of the bounding
box relative to the full frame. If the ratio is below a threshold
τ = 0.2 (i.e., corresponding to a small object), we retain
the full-resolution latent map; otherwise, we downsample
the latent tokens proportionally to the area ratio, effectively
reducing redundant background information. (2) Learnable
Downsampling for Non-Spatial Signals: For non-spatial
control frames such as color and intensity, we introduce
learnable downsampling ratios. The number of retained to-
kens for the color frame (Icolor) and intensity frame (Iintensity)
are both optimized jointly with the diffusion model, balanc-
ing efficiency and representational fidelity.

This adaptive pruning mechanism minimizes redundant
computation across spatially sparse or low-dimensional con-
ditions while preserving fine-grained control for localized
edits such as object movement or illumination adjustment.
In practice, it reduces the average control sequence length
by 41% in LightMover, significantly improving efficiency
without compromising generation quality.

3.2. Data Generation Pipeline

To train a model capable of accurate and physically consis-
tent light manipulation, we combine real captured data with
a large-scale synthetic corpus. Real-world photographs
provide natural appearance and material diversity, while syn-
thetic data enable systematic variation of lighting parameters
and scalable supervision across light movement, color, and
intensity. Together, these two sources form a comprehen-
sive dataset that supports learning both visual realism and
physical consistency.

3.2.1. Synthetic Rendering Data Pipeline
Scene and Lighting Setup. We use 25 artist-designed in-
door environments created in Blender [10], from which we
systematically render scenes under varying lighting and ob-
ject configurations. To diversify scenes, we randomly sam-
ple plausible fixture placements (e.g., ceiling lamps, wall
sconces, desk lights), vary HDRI environment maps, and
adjust ambient-to-direct light ratios. For object diversity, we
retrieve 100 light source assets from Objectverse-XL [13],
selected by CLIP similarity to the query “light,” and prepro-
cess them in Blender to normalize scale, emissive materials,
and mounting anchors. In each scene, a selected light is
animated along a smooth trajectory, with ten virtual cameras
capturing multi-view motion. Consecutive frames form light
movement pairs. This pipeline generates about 32,000 com-
binations of data pairs with various light sources, camera
views, and illumination conditions, as illustrated in Figure 3.
Physically Disentangled Rendering. During training, ad-
ditional perturbations of light intensity, hue, and ambient
tone are applied in post-processing, creating effectively un-
bounded variations. Each rendered frame is decomposed
into two physically disentangled components: ambient base
image Iamb and direct light contribution Ilight. These are ren-
dered independently under a Monte Carlo path-tracing setup
and later composited in linear RGB space as:

Ilin = Iamb + Ilight. (6)

Parametric Light Control. To synthesize illumination vari-
ations, we adjust the relative strength and color of control-
lable light sources. Let α ∈ [0, 1] denote the ambient scaling
factor, Gillum ∈ [0, 1] the target-light intensity gain, and
ct ∈ R3 the desired RGB tint in linear color space. The relit
image is computed as:

Irelit(α,Gillum, ct) = α Iamb +Gillum Ilight ⊙ ct, (7)

where ⊙ denotes element-wise multiplication across RGB
channels. During rendering, each light’s emission color is
set to pure white and unit intensity, so the target tint color
could be directly applied in post-processing.
Tone Mapping. Since physically based rendering operates in
linear RGB, pixel intensities may exceed displayable ranges
due to rare high-energy samples. We stabilize the dynamic
range via percentile-based normalization followed by sRGB
tone mapping. Let Emax be the 99.95th percentile of pixel
luminance over 1,024 random samples. The tone-mapped
image is computed as:

Isrgb = clip

(
Ilin

Emax

)1/2.2

, (8)

where the exponent 1/2.2 approximates the standard sRGB
gamma curve and clip(·) bounds values to [0, 1].
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Input Ours Ours (w/ pruning) ObjectMover Gemini-2.5-Flash-Image

Figure 4. Comparison of light movement results. The blue bounding box in the input indicates the target light location. For Gemini-
2.5-Flash-Image, the first column shows the two-step modular editing setup, and the second column shows the one-step editing result.
Compared with ObjectMover, LightMover accurately handles light propagation and its interaction with the environment. Compared with
Gemini-2.5-Flash-Image, LightMover provides more precise control and produces more coherent and photometrically consistent relighting.

3.2.2. Real Data Capture
We capture a set of real-world image pairs using off-the-shelf
mobile devices, a tripod, and synchronized triggering equip-
ment. Each pair depicts the same scene in two conditions,
where the only physical change is the location of a visible
light source. The dataset covers 106 indoor scenes, each
with 3-4 lighting variations, resulting in 360 high-resolution
photographs. Beyond the pairs used for the light movement
task, we also capture a background reference image for each
scene, in which the light source is physically removed. These
background images enable additional training objectives for
light insertion and removal.

4. Experiments
We train LightMover on a 5B-parameter video diffusion
transformer. Training samples are drawn at mixed resolu-
tions of 512×512 and 1024×1024 with a 1:1 ratio. The
dataset combines synthetic and real data at a 10:1 ratio. Syn-
thetic tasks are distributed across seven categories: (1) light
movement, (2) object movement, (3) light color change, (4)
light intensity change, (5) joint movement and color/intensity
change, (6) light removal, and (7) light insertion, following a
ratio of 6:3:3:3:1:1, respectively. We additionally apply light-
illumination augmentation using the Physically Disentangled
Rendering procedure described in Section 3.2, which dynam-
ically varies ambient and direct light components during
training. More implementation details and training hyperpa-

rameters will be provided in the supplementary file.

Evaluation. We evaluate LightMover quantitatively
and qualitatively across two complementary benchmarks
designed to assess controllable illumination editing:
LightMove-A for real captured data and LightMove-B for
synthetic scenes with ground-truth illumination variations.

LightMove-A (Real). LightMove-A comprises 200 real-
world image triplets captured by experienced photographers.
Each set includes (1) a scene with the light source, (2) the
same scene with the light moved. The dataset enables the
evaluation of realistic light movement.

LightMove-B (Synthetic). LightMove-B is a synthetic
benchmark to evaluate illumination control with known
ground-truth light variations. These pairs are curated as
described in Section 3.2 and contain 2 held-out scenes with
unseen light sources, objects, and materials.

Metrics. For quantitative analysis, we use perceptual similar-
ity metrics including DINO-Score [8] and CLIP-Score [43],
computed over the local regions affected by illumination
changes. We additionally report PSNR on the full image to
assess overall photometric consistency.

Additional Evaluations. For qualitative evaluation, where
explicit ground truth is not required, we use a collection
of 50 diverse real images from Pexels [41]. We manually
annotate light-source regions and corresponding masks, and
use these as references for visual comparison.

9002



Table 1. Quantitative comparison on light movement. Light-
Mover outperforms prior methods on the light-movement task in
all metrics. * indicate one-step editing set up.

Method PSNR↑ DINO↑ CLIP↑

Qwen-Image [58] 19.01 69.94 87.27
Gemini-2.5-Flash-Image* [44] 18.18 52.06 82.21
Gemini-2.5-Flash-Image [44] 19.59 72.46 89.72
ObjectMover [64] 19.49 78.12 90.48
LightMover (ours) 20.38 81.27 91.85

w/ adaptive pruning 20.39 80.26 91.42

4.1. Comparison to SoTA Models

In this section, we extensively evaluate the light movement
performance of LightMover on various settings, as well as
its general object movement ability.
Light Movement. We evaluate the light movement per-
formance of LightMover on the LightMove-A dataset for
quantitative analysis and the Pexels dataset for qualitative
comparison. Quantitative results are reported in Table 1, and
visual examples are shown in Figure 4. We compare against
two representative baseline streams: (1) LLM-powered text-
to-image (T2I) models, including Gemini-2.5-Flash-Image
[16] and Qwen-Image [58], which interpret text instructions
through large language model integration. To ensure fair
comparison, we evaluate these models under two settings:
(a) a one-step editing setup, where both the source object
and target location are marked with bounding boxes and
specified in the text prompt, and (b) a two-step pipeline,
where the model first removes the light source and then in-
serts it at the target position indicated by the bounding box.
Details including the prompt templates are provided in the
Supplementary Material. (2) ObjectMover [64], an object
movement model, serving as a structural baseline.

As shown in Table 1, LightMover significantly outper-
forms both LLM-powered editors and ObjectMover. Com-
pared to text instruction-based models, LightMover provides
markedly higher precision in localizing and adjusting light
positions, avoiding the ambiguous or global scene modifi-
cations typical of text-conditioned diffusion models. Com-
pared to ObjectMover, our model exhibits superior global
illumination reasoning. It can accurately capture reflection,
shadow, and multi-light interactions to produce consistent
and physically plausible light movement results.

Besides, we also present qualitative results on light inser-
tion and removal in Figure 5. LightMover better preserves
the background scene and demonstrates a more coherent
understanding of illumination composition, effectively re-
moving all illumination-related effects.
Light Movement with Illumination Control. Beyond spa-
tial movement, we further evaluate LightMover’s ability to
jointly control movement and illumination attributes using
the synthetic LightMove-B benchmark. The evaluation is
divided into three folds: (1) Color change only, where the

Reference Image Ours Gemini-2.5-Flash-Image

Light Insertion

Light Removal

Figure 5. Light insertion/removal results. Compared to Nano-
Banana [44], LightMover produces more physically consistent
edits, preserving background while correctly adding or removing
illumination effects associated with the target light source.

light source is shifted among ten distinct target colors; (2)
Intensity change only, with ten target illumination levels;
and (3) Joint movement with illumination change, which
combines spatial relocation with either color or intensity
modulation. Each single-attribute split contains 100 paired
examples, while the compositional split includes 150 pairs.

As shown in Table 2, LightMover consistently outper-
forms LLM-based baselines across all settings, demonstrat-
ing strong generalization to both individual and multiple
light controls. Notably, our adaptive token pruning achieves
comparable or superior accuracy in single-attribute tasks
and yields substantial efficiency gains for multi-attribute
sequences by reducing redundant tokens while preserving
controllability.
General Object Movement. Beyond light source manipu-
lation, we evaluate the generalization ability of LightMover
on the ObjMove-A benchmark [64], following the evalua-
tion protocol introduced in ObjectMover. This benchmark
assesses general object movement, removal, and insertion.

We compare LightMover on the core task of object
movement against representative baselines, including Mag-
icFixup [2], 3DiT [32], Drag-Anything [60], AnyDoor [9],
and Paint-by-Example [62]. For a fair comparison, insertion-
based methods such as AnyDoor and Paint-by-Example are
combined with an inpainting step to first remove the source
object, while Drag-Anything generates the final frame of a
short trajectory between source and target positions. Further
implementation details are provided in the Supplementary.

As shown in Table 3, LightMover maintains strong per-
formance on general object movement, consistently outper-
forming all baselines. This demonstrates that our unified
formulation and joint training effectively generalizes beyond
light-specific manipulation to broader spatial editing tasks.

4.2. Ablation Studies
Effect of Training Data. We first study the impact of differ-
ent training data configurations. We ablate variants trained
with and without Light Aug., light color change, and light

9003



Table 2. Quantitative comparison on light color change, intensity change, and light movement with color and intensity change.

Method Light Color Change Light Intensity Change Combine

PSNR↑ DINO↑ CLIP↑ PSNR↑ DINO↑ CLIP↑ PSNR↑ DINO↑ CLIP↑

Qwen-Image [58] 18.49 68.90 87.72 20.41 71.05 88.96 17.12 67.85 87.30
Gemini-2.5-Flash-Image [44] 22.14 81.72 88.65 25.09 80.93 89.14 18.42 76.21 88.22
LightMover (ours) 24.06 85.34 90.90 27.12 83.04 91.58 19.97 79.86 91.02

w/ adaptive pruning 24.15 85.30 91.40 27.01 83.11 91.21 19.88 78.92 90.66

Table 3. Quantitative comparison on object movement, insertion, and removal. Best results are in bold and second-best are underlined.

Method
Object Movement Object Insertion Object Removal

PSNR↑ DINO↑ CLIP↑ PSNR↑ DINO↑ CLIP↑ PSNR↑ DINO↑ CLIP↑
Drag-Anything [60] 16.36 55.56 84.44 - - - - - -
3DiT [32] 19.72 45.30 81.69 - - - 20.52 41.83 85.02
Paint-by-Example [62] 20.83 55.46 85.23 22.64 54.80 81.81 - - -
Anydoor [9] 21.86 69.32 88.95 24.10 77.49 88.33 - - -
MagicFixup [2] 23.82 78.49 91.06 - - - - - -
ObjectMover [64] 25.27 85.07 93.16 24.99 85.69 91.45 28.90 83.94 94.84
LightMover (ours) 25.73 88.59 91.86 25.27 88.51 91.43 28.90 85.80 93.94

w/ adaptive pruning 25.74 88.09 92.74 24.97 88.01 92.21 29.01 84.74 93.85

Table 4. Ablation on training data composition for Light Move-
ment. We study the contribution of each augmentation: Light Aug.,
Color Change, and Intensity Change.

Training Data Light Movement

Light Aug. Color Intensity PSNR↑ DINO↑ CLIP↑
✗ ✗ ✗ 19.88 79.93 91.06
✓ ✗ ✗ 20.07 79.73 91.62
✓ ✓ ✗ 20.25 81.02 91.02
✓ ✗ ✓ 20.11 80.73 90.66
✓ ✓ ✓ 20.38 81.27 91.85

intensity change tasks. Light Aug. denotes online illumina-
tion augmentation using physically disentangled rendering,
where image pairs are dynamically rendered with varied light
colors and intensities. As shown in Table 4, these auxiliary
tasks are highly correlated and jointly enhance the model’s
capability for precise light movement. Co-training with all
tasks yields the best performance, as color and intensity
variation help the model better disentangle the target light
source’s contribution and learn the global light composition.
Effect of Token Pruning Strategy. In this experiment, we
investigate how different token pruning strategies affect per-
formance when handling long control sequences. We evalu-
ate three variants: (i) w/o frame-as-condition: the light con-
trol attributes are not represented as image frames. Instead,
two learned embeddings are introduced to encode color and
intensity changes, which are concatenated to the token se-
quence. (ii) w/o object frame: the object frame is removed
from the control input to shorten the sequence length; and
(iii) w/o adaptive downsampling: all condition frames are
uniformly downsampled to a fixed 8×8 resolution, remov-
ing the spatial adaptivity of our pruning scheme. As shown

Table 5. Ablation on Light Movement with color change. We set
LightMover as the baseline and study variants: (i) w/o frame as
condition, (ii) w/o object frame, (iii) w/o adaptive downsampling.

Method PSNR ↑ DINO ↑ CLIP ↑

LightMover (ours) 19.97 79.86 91.02
w/ adaptive pruning (ours) 19.88 78.92 90.66

w/o frame as condition 19.53 77.32 90.01
w/o object frame 19.27 78.59 89.93
w/o adaptive downsample 19.38 75.62 89.81

in Table 5, removing frame-based conditioning or spatially
adaptive downsampling leads to a notable drop in controlla-
bility and visual fidelity. Our full model, equipped with the
adaptive pruning strategy, achieves the best balance between
efficiency and precision, demonstrating its importance for
modeling complex multi-attribute illumination control.

5. Conclusion
This work demonstrates that physically consistent light
manipulation can be achieved through a data-centric and
learning-based approach. By constructing an automatic ren-
dering pipeline for large-scale paired illumination data and
leveraging a “2.5D” formulation that use video diffusion
models for single-image light reasoning, LightMover bridges
the gap between fully 2D generative models and costly 3D
physical rendering. We show that a learned model can ap-
proximate complex global light transport with far greater ef-
ficiency while maintaining photorealistic fidelity. We believe
this paradigm opens new directions for scalable, physically
aware image editing and for integrating learned illumination
control into general 2D and 3D generative frameworks.
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