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FlexComposer: Unified Video Compositing from Images to Dynamic
Footage with Flexible Trajectory Control
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Fig. 1. Versatile Video Compositing with FlexComposer. Our framework unifies the insertion of diverse assets into target videos through user-defined
trajectories (visualized as arrows in input thumbnails). Left (Static Foreground Comp.): Given a single static image, the model synthesizes realistic object
motion and view changes while achieving photorealistic lighting adaptation (middle row) and handling depth occlusions (bottom row). Right (Dynamic
Foreground Comp.): For video inputs, FlexComposer preserves the internal dynamics of the asset (e.g., the expansion of the explosion or the flapping of
butterfly wings) while harmonizing it spatially and photometrically with the background scene.

Generative video compositing, which involves inserting external assets seam-
lessly into existing video sequences, is essential for content creation and
visual effects. However, existing approaches suffer from a control-fidelity
trade-off: they either hallucinate motion from static images, failing to pre-
serve the dynamics of pre-animated assets, or lack fine-grained spatial con-
trol for precise asset placement along user-defined trajectories. We propose
FlexComposer, a unified framework that standardizes video compositing as
a trajectory-guided conditional generation task, enabling the seamless inte-
gration of both static images and dynamic footage. Our approach introduces
three key designs: (1) a Unified Canonical Foreground Representation that de-
couples an object’s intrinsic motion from its global displacement, standardiz-
ing heterogeneous inputs into a stabilized, centered latent space; (2) a Spatial-
Aware Latent Injection strategy that exploits the translation equivariance of
VAE latent spaces to transport canonical features onto target trajectories via
a parameter-free mechanism; and (3) a Hybrid Dataset and Synthetic-to-Real
Curriculum that synergizes procedural simulation, real-world cinematic
footage, and generative data to implicitly learn physically plausible illumina-
tion and shadow harmonization. This unified design robustly handles diverse
inputs—from product photos to dynamic subjects—achieving high-fidelity
motion control and environmental integration without the need for explicit
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3D reconstruction or auxiliary learnable adapters. Extensive experiments
demonstrate that FlexComposer significantly outperforms state-of-the-art
methods in visual quality, temporal consistency, and trajectory adherence.
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1 INTRODUCTION
The realistic insertion of virtual assets into existing video sequences
is a fundamental yet challenging problem in computer vision and
graphics. This capability serves as the backbone for visual effects,
augmented reality, and the burgeoning field of personalized video
content creation. Achieving seamless composites requires simultane-
ously preserving background integrity, maintaining spatiotemporal
consistency of inserted foregrounds, and enabling precise motion
control over their trajectories.

While traditional graphics pipelines [Karsch et al. 2014] and har-
monization techniques [Guo et al. 2024a; Ke et al. 2022] excel in
rendering or color adjustment, they operate via explicit decoupled
stages prone to cascading error accumulation, inherently struggling
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to integrate dynamic assets with coherent motion. In contrast, re-
cent generative frameworks [Cai et al. 2025; Chen et al. 2026; Jiang
et al. 2025; Ju et al. 2025; Team et al. 2025; Tu et al. 2025; Yang et al.
2025b; Ye et al. 2025] leverage diffusion models to address these
limitations. These approaches offer promising avenues for compo-
sition, ranging from zero-shot subject animators [Cai et al. 2025;
Tu et al. 2025] to unified in-context editors [Chen et al. 2026; Ju
et al. 2025; Wei et al. 2025; Ye et al. 2025] and large-scale foundation
models [Team et al. 2025; Yang et al. 2025b]. However, despite their
versatility, a critical gap remains: most methods either hallucinate
motion from static references [Tu et al. 2025] or operate at abstract
semantic levels [Ju et al. 2025; Wei et al. 2025]. Crucially, they lack
a unified mechanism to seamlessly integrate both static images and
dynamic video assets—preserving intrinsic fidelity while ensuring
fine-grained spatial control.
To address these limitations, we propose FlexComposer, a uni-

fied conditional video compositing framework (Figure 2, bottom).
We bridge the gap between control and fidelity through three key
technical components. First, to handle heterogeneous inputs, we
introduce a Unified Canonical Foreground Representation that de-
couples intrinsic motion from global displacement by stabilizing
dynamic videos into canonical sequences at the pixel level, enabling
consistent treatment of diverse inputs. Second, to achieve precise
spatial control without auxiliary adapters (e.g., ControlNet [Zhang
et al. 2023]), we propose Spatial-Aware Latent Injection, a parameter-
free mechanism that exploits VAE latent translation equivariance
to directly transport canonical features onto user-defined trajecto-
ries while preserving temporal synchronization. Third, to resolve
photometric inconsistencies, we construct a Hybrid Dataset com-
bining procedural simulation data for geometric grounding, real-
world footage for realism, and generative data for semantic diversity,
trained through a synthetic-to-real curriculum. Extensive experi-
ments demonstrate that FlexComposer achieves superior perfor-
mance in visual quality, temporal consistency, and controllability.

In summary, our contributions are threefold: (1) we propose Flex-
Composer, a unified generative framework that seamlessly in-
tegrates both static images and dynamic video clips into target
sequences by utilizing a canonical representation to decouple intrin-
sic object motion from global trajectory control; (2) we introduce
Spatial-Aware Latent Injection, a parameter-free mechanism that
leverages translation equivariance to enable precise spatial control
while preserving the high-fidelity details of foreground assets with-
out auxiliary adapters; and (3) we implement a synthetic-to-real
curriculum learning strategy that leverages a diverse mixture of
procedural simulation and real-world footage. This approach em-
powers the model to robustly generalize across diverse scenes with
coherent synthesis of lighting and shadows. Extensive experiments
demonstrate that FlexComposer achieves superior performance in
visual quality, temporal consistency, and controllability.

2 RELATED WORK

2.1 Video Generative Models
The landscape of video generation has shifted fundamentally from
early GANs [Goodfellow et al. 2014] and autoregressive transform-
ers [Esser et al. 2021] to Diffusion Models (VDMs) [Blattmann

Lighting

Brittle
Results

Flexible & 
Consistent

Rendering3D Recon.

BG Video

3D Asset

BG Video

Generative 
Backbone

Traditional: Explicit Multi-Stage Pipeline

Ours: Unified Conditional Generation Pipeline

Cascading Error Propagation

Expensive & Rigid Stage

 Unified Repr.

End-to-end & Implicit

Holistic Latent Injection

Heterogeneous 
Inputs

Fig. 2. Motivation. Traditional explicit pipelines (top) suffer from error
accumulation across decoupled stages. In contrast, our FlexComposer
(bottom) employs a unified conditional generation framework, implicitly
handling geometry and illumination to achieve robust, flexible harmoniza-
tion end-to-end.

et al. 2023; Ho et al. 2020, 2022], which now serve as the gold stan-
dard for high-fidelity generation. While Latent Diffusion Models
(LDMs) [Rombach et al. 2022] balanced quality and efficiency, the
recent emergence of Video Diffusion Transformers (DiTs) [Kong
et al. 2024; Peebles and Xie 2023; Yang et al. 2024], exemplified by
Sora [Brooks et al. 2024; Kuaishou 2024; Zheng et al. 2024], has
demonstrated superior scalability and temporal coherence. Despite
their ability to generate photorealistic content from text, these foun-
dation models inherently lack precise spatial controllability. Our
work builds upon the powerful priors of these large-scale DiTs,
bridging the gap between high-fidelity synthesis and fine-grained,
user-specified control.

2.2 Motion-Controlled Video Generation
While T2V models achieve photorealism, text prompts lack the
granularity required for precise control. Existing spatial guidance
methods fall into three categories. First, trajectory-based control
employs sparse 2D drag points or bounding boxes [Guo et al. 2024b;
Huang et al. 2023; Mou et al. 2024; Namekata et al. 2024; Pandey
et al. 2024; Wang et al. 2024a; Yin et al. 2023; Yu et al. 2024a], with
recent works integrating trajectory adapters directly into DiT archi-
tectures [Chu et al. 2025; Geng et al. 2024; Ma et al. 2024b; Wang
et al. 2025b, 2024c; Zhang et al. 2025]. However, these methods op-
erate in 2D screen space and fail to comprehend the underlying 3D
scene geometry. To incorporate 3D geometric awareness, efforts
have been directed toward camera control. Approaches range from
traditional reconstruction-based methods [Gao et al. 2021; Lee et al.
2024; Wang et al. 2025c; Xian et al. 2021] to generative techniques
using multi-view diffusion, inpainting, or pose conditioning [Bah-
mani et al. 2025; Bai et al. 2025, 2024; He et al. 2024; Ma et al. 2025;
Ren et al. 2025; Sun et al. 2025; Wang et al. 2025d; Wu et al. 2025b;

ACM Trans. Graph., Vol. 1, No. 1, Article . Publication date: January 2026.



229

230

231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

FlexComposer: Unified Video Compositing from Images to Dynamic Footage with Flexible Trajectory Control • 3

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

Inputs Unified Foreground Representation

Spatiotemporal Latent Injection

Generative Composition

OR

VAE
Encoder

VAE
Encoder

Raw FG. Asset

Dynamic BG.
VAE

Decoder

Camera Param. &
User Trajectory

BG. Latent

Latent Mapping

OR OR

DIT BlocksDIT BlocksDIT Blocks

Denoised
Latent

Noise
Latent

Final Composite Video

Composite
Condition

FG. Latent

Y

T

FG. Asset

Traj. ProjectionX

Y Vis.

Feature 
Fusion

Motion Decoupling
& Centering

Static Image
Expansion

X

BG. Latent Dim.

Fig. 3. The Pipeline of FlexComposer. Our framework enables controllable insertion of diverse assets into dynamic videos. (1) Inputs: The system accepts a
dynamic background video, and either a static image or dynamic video as the foreground asset, along with user-defined 3D trajectory and visibility masks. (2)
Unified Representation: Dynamic assets are stabilized, and static assets are temporally expanded with noise. Both are encoded into a unified canonical
feature space, preserving identity and local motion. (3) Spatiotemporal Latent Injection: The core module warps the canonical foreground features into the
background latent space based on the trajectory. A visibility gate is applied to handle occlusions. (4) Generative Composition: The warped features serve as
spatial-aware conditions for video diffusion model, which synthesizes the final photorealistic and temporally consistent composite video.

You et al. 2024; YU et al. 2025; Yu et al. 2024b; Zhou et al. 2025]. Nev-
ertheless, such global control focuses on the ego-motion rather than
the fine-grained spatial dynamics of individual objects within the
scene. Alternatively, structure-based control leverages dense priors
such as skeleton, depth, or normal maps [Gu et al. 2025; Lei et al.
2024; Ma et al. 2024a; Wang et al. 2024b]. While offering geometric
guidance, these methods impose heavy data preparation burdens
that limit their applicability.

2.3 Video Compositing and Harmonization
Traditional approaches to video composition employ explicit decou-
pled pipelines. Graphics-based methods [Karsch et al. 2014] rely on
3D reconstruction, lighting estimation, and ray tracing in separate
stages, with error accumulation across stages limiting robustness.
Professional tools [Adobe 2025; Foundry 2025] built on Porter and
Duff’s compositing operator [Porter and Duff 1984] enable non-
destructive layer-based workflows but require extensive manual
per-frame artistry for masking and effect tuning. Recent lightweight
approaches focus on color harmonization [Guo et al. 2024a; Yang
et al. 2025a], enabling rapid integration through color matching
and tone adjustment. However, these methods operate in a rigid
copy-paste paradigm without accounting for geometric interactions,
lighting adaptation, or dynamic foreground motion—prerequisites
for realistic asset composition. Instruction-based video editing origi-
nated from image-level methods [Brooks et al. 2023] and has evolved
toward video through per-video fine-tuning [Qi et al. 2023; Wu et al.
2023] and inference-only protocols [Cai et al. 2025; Chen et al. 2026;
Cheng et al. 2023; Ju et al. 2025; Ku et al. 2024; Mai et al. 2025; Team

et al. 2025; Wu et al. 2025a; Yang et al. 2025b; Ye et al. 2025]. While
diffusion priors enable semantic editing, they lack precise trajectory
mechanisms for asset insertion. Conversely, generative compositing
frameworks [Cai et al. 2025; Jiang et al. 2025; Tu et al. 2025] address
insertion but primarily hallucinate motion from static references,
failing to preserve the intrinsic dynamics of pre-animated assets. Our
work bridges these complementary research directions by unifying
foreground representation with spatial control mechanisms within
a generative framework specifically designed for composition.

3 METHOD
Given a foreground asset 𝑉𝑟𝑎𝑤 and a background sequence 𝑉𝑏𝑔 , our
goal is to synthesize a composite video where the asset follows a
user-defined trajectoryT𝑢𝑠𝑒𝑟 . Users can optionally specify a visibility
schedule V𝑢𝑠𝑒𝑟 [𝑡] ∈ {0, 1} to control when the object appears or
disappears. As illustrated in Figure. 3, our framework follows a three-
stage pipeline: (1) Unified Canonical Foreground Representation,
which standardizes diverse inputs into a stabilized, centered latent
space; (2) Spatial-Aware Latent Injection, which transports canonical
features onto the target trajectory via a parameter-free mechanism;
and (3) Generative Composition, which leverages a conditional
diffusion transformer to synthesize the final video.

3.1 Unified Canonical Foreground Representation
We unify heterogeneous inputs (𝑉raw) into a canonical representa-
tion through pixel-space preprocessing followed by latent encoding.
Dynamic Video Stabilization. To eliminate conflicting camera
ego-motion, we utilize Grounded-SAM2 [Kirillov et al. 2023] for
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segmentation and SpatialTracker v2 [Xiao et al. 2025] for centroid
tracking (c𝑡 ) and visibility estimation (Vtrack). We apply a reverse
translation to align c𝑡 to the canvas center, yielding a stabilized,
in-place sequence Istab where the subject animates at the center,
effectively decoupling local motion from global displacement.
Static Image Expansion. For static inputs, we replicate the image
to target duration 𝑇 to form Iexpand. We further inject Gaussian
noise along the temporal dimension after encoding, encouraging
the generative backbone to hallucinate plausible temporal dynamics
while preserving the subject’s identity.
Relighting Augmentation. To prevent the network from merely
copy-pasting the source appearance and to enforce photometric
consistency with diverse background contexts, we apply random
illumination perturbations to the frames via a relightingmodule [Liu
et al. 2025]. The final preprocessed sequence is denoted as Ican.
Latent Space Encoding. We encode the preprocessed sequence
Ican using the Video VAE encoder: Zcan = E(Ican) ∈ R𝑇 ′×𝐻 ′×𝑊 ′×𝐶 ,
where 𝑇 ′ = 𝑇 /𝑓𝑡 , 𝐻 ′ = 𝐻/𝑓𝑠 , 𝑊 ′ = 𝑊 /𝑓𝑠 reflect temporal and
spatial downsampling factors. For static inputs, we inject Gaussian
noise along the temporal axis to break frame-wise redundancy and
encourage motion synthesis

3.2 Spatial-Aware Latent Injection
Unlike existing methods [Geng et al. 2024; Gu et al. 2025] that rely
on auxiliary adapters which often suffer from signal degradation,
we introduce a parameter-free injection strategy.
Spatiotemporal Coordinate Mapping. We first project the 3D
trajectory T3𝐷 = {P𝑘 }𝑇𝑘=1 onto the 2D image plane to obtain pixel
coordinates p𝑘 = Π(P𝑘 ), where Π(·) incorporates the camera intrin-
sics and extrinsics. To align these coordinates with the latent space
of VAE, which undergoes spatial downsampling by factor 𝑓𝑠 and
temporal compression by factor 𝑓𝑡 , we compute the discrete latent
coordinate ũ𝑛 for each latent frame index 𝑛:

ũ𝑛 =


1
𝑓𝑡

𝑛·𝑓𝑡∑︁
𝑘=(𝑛−1) 𝑓𝑡+1

p𝑘
𝑓𝑠

 , 1 ≤ 𝑛 ≤ 𝑇

𝑓𝑡
(1)

where ⌊·⌉ denotes the nearest integer rounding operation. This
discretization ensures that the continuous projected coordinates are
accurately mapped to the fixed integer grid indices of the latent
feature map Z.
Frame-wise Feature Transport. We define a transport operation
Ψ that maps features from the canonical center c to the target tra-
jectory ũ𝑛 . Let Ω denote the spatial extent (bounding box) of the
foreground object in the latent space. For every local spatial offset
𝜹 ∈ Ω, we map the feature at the canonical position c + 𝜹 to the
target position ũ𝑛 + 𝜹 in the composite latent Ztrans:

Ztrans [𝑛, ũ𝑛 + 𝜹] = Zcan [𝑛, c + 𝜹] · V[𝑛, 𝜹] (2)

where V[𝑛, 𝜹] = Vvis [𝑛] · 𝛼 [𝑛, 𝜹] ∈ {0, 1} combines a temporal
visibility flag with the spatial segmentation mask 𝛼 [𝑛, 𝜹]. During
training, Vvis is derived from SpatialTracker’s occlusion detection;
at inference, it is user-specified via T𝑢𝑠𝑒𝑟 , enabling explicit control
over when the object appears along the trajectory. Crucially, by
coupling the temporal index 𝑛 on both sides of Eq. 2, we preserve
the object’s intrinsic dynamics while updating its global location.

3.3 Generative Composition
Our video synthesis leverages the Wan Video Diffusion Trans-
former [Wan et al. 2025] as the generative backbone. However,
the standard I2V protocol is insufficient for our dynamic composit-
ing task that requires dense spatiotemporal guidance. We therefore
adapt the conditioning mechanism to accept our composite features.
Composite Feature Fusion. We fuse the transported foreground
features Ztrans with the background latent Zbg to construct the com-
posite condition Cfuse:

Cfuse = Zbg ⊙ (1 −M) + Ztrans ⊙ M (3)

where M denotes the foreground mask in latent space and ⊙ repre-
sents element-wise multiplication.
Conditional Input Formation. The network input is formed by
channel-wise concatenating the noisy latent x𝑡 at diffusion timestep
𝑡 with the composite condition: Zin = Concat(x𝑡 ,Cfuse). This dense
spatiotemporal conditioning explicitly guides generationwith strong
geometric priors from the transported features, unlike standard I2V
methods that hallucinate motion from a single frame.
Training Objective.We optimize the model using the Flow Match-
ing objective [Lipman et al. 2022]. Crucially, the velocity prediction
network v𝜃 now takes the concatenated latent Zin as its spatial
input:

L(𝜃 ) = E𝑡,x𝑡 ,ctxt
[
∥v𝜃 (Zin, 𝑡, ctxt) − v𝑡 (x𝑡 )∥2

]
(4)

where x𝑡 denotes the flow state at timestep 𝑡 , v𝑡 is the ground-truth
velocity field, and ctxt represents the text embeddings injected via
cross-attention. This formulation ensures the diffusion process is
strictly conditioned on our trajectory-aligned composite features.

3.4 Hybrid Dataset and Curriculum Learning
To achieve precise motion control and robust generalization, we
introduce a hybrid dataset construction pipeline and a three-stage
curriculum learning strategy. This design is crucial for progressively
disentangling geometric motion from photometric appearance. Ad-
ditional details are provided in the supplementary materials.
Simulation Bootstrap. We first utilize procedurally generated
data from dynamic 3D characters [Adobe Systems Inc. 2025] and
synthetic environments [Greff et al. 2022] to establish geometric
grounding. We train the model for 2k steps on 12k synthetic clips
with explicit 3D vertex trajectories. This strict supervision warms
up the spatial injection mechanism, enforcing the network to ad-
here to rigid spatial transport priors before tackling appearance
harmonization.
Real-World Adaptation. To bridge the domain gap, we curate a
hybrid dataset comprising 54k high-quality real-world clips, aug-
mented with estimated 3D trajectories. In this phase, we fine-tune
the model for 5k steps. Training on these canonicalized real se-
quences enables the model to disentangle local motion from global
movement and synthesize coherent environmental interactions (e.g.,
shadows and lighting) that are absent in synthetic data.
Open-Domain Refinement. Finally, to support open-domain con-
tent creation, we introduce a generative synthesis pipeline prompt-
ing foundation T2I/I2V models. We refine the model for 1k steps
on 5k highly diverse clips with pseudo-ground-truth trajectories.
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Against a warm sunset sky, a hot air balloon 
floats from right to left, passing directly 
behind a tall lattice signal tower. 

A silver SUV drives from left to right across a 
grassy field, passing behind a stone tower, 
which demonstrates realistic occlusion.
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Fig. 4. Qualitative Comparison on Static ForegroundCompositing.We compare our method against trajectory-controlled I2Vmethods on two challenging
scenarios. Our method demonstrates superior occlusion handling and trajectory adherence while maintaining visual fidelity

Table 1. Quantitative comparison on DAVIS. Comparison of video qual-
ity (FID, FVD) and trajectory consistency (EPE) against recent baselines.

Method EPE ↓ FID ↓ FVD ↓ PSNR ↑ SSIM ↑
ImageConductor [Li et al. 2024] 14.92 54.5 512.8 11.55 0.468
LeviTor [Wang et al. 2025a] 3.65 22.3 116.1 13.20 0.515
Tora [Zhang et al. 2025] 3.52 26.1 128.5 13.65 0.492
MagicMotion [Li et al. 2025] 3.48 24.5 112.9 12.90 0.535
Wan-Move [Chu et al. 2025] 2.50 14.7 94.3 16.50 0.610

Ours (I2V) 2.38 14.1 89.5 16.85 0.625
Ours (V2V) 2.15 13.4 82.6 17.40 0.658

This strategy effectively prevents overfitting to limited real-world
categories and broadens semantic coverage for novel assets.

4 EXPERIMENTS
To evaluate our method, we consider its nature as both a trajectory
control framework and a video compositing tool. Since standard
benchmarks typically focus on isolated tasks, we adopt a structured
evaluation protocol across three domains: (1) Static Foreground Com-
positing against motion-controllable I2V methods; (2) Dynamic Fore-
ground Compositing against video editing baselines; and (3) Video
Harmonization against specialized harmonization algorithms.

4.1 Implementation Details
We implement FlexComposer building upon the Wan2.1-I2V-14B
architecture [Wan et al. 2025], initializing the backbone with Wan-
Move weights [Chu et al. 2025] to leverage robust motion priors.
Unlike methods relying on heavy auxiliary networks, our spatial
injection uses a parameter-free mechanism to preserve feature fi-
delity. To adapt the backbone without catastrophic forgetting, we

Table 2. Quantitative comparison on the MoveBench dataset. We
report trajectory consistency and video quality metrics. Bold indicates the
best results, and underline denotes the second best.

Method EPE ↓ FID ↓ FVD ↓ PSNR ↑ SSIM ↑
ImageConductor [Li et al. 2024] 15.55 34.8 422.5 13.50 0.485
LeviTor [Wang et al. 2025a] 3.45 18.3 99.2 15.55 0.538
MagicMotion [Li et al. 2025] 3.25 17.6 97.1 14.85 0.562
Tora [Zhang et al. 2025] 3.32 22.8 101.5 15.65 0.548
Wan-Move [Chu et al. 2025] 2.60 12.2 83.5 17.80 0.640

Ours (I2V) 2.42 11.9 80.4 17.95 0.655
Ours (V2V) 2.38 11.2 74.9 18.60 0.682

employ Low-Rank Adaptation (LoRA) [Hu et al. 2022] (𝑟 = 64) on
the projection layers of all DiT blocks. Training is conducted on 32
NVIDIA A100 GPUs using FSDP and Ulysses sequence parallelism
(degree 4), optimized via AdamW (𝑙𝑟 = 1 × 10−5) with a total batch
size of 32. More details can be found in supplemental materials.

4.2 Static Foreground Compositing
In this setting, we aim to animate a static image along a user-defined
trajectory while maintaining identity.
Setup.Weevaluate onDAVIS [Wang et al. 2019] andMoveBench [Chu
et al. 2025]. Following standard protocols, we evaluate the fidelity of
generated videos using FVD [Unterthiner et al. 2018] and FID [Heusel
et al. 2017] for perceptual quality, alongside PSNR and SSIM [Wang
et al. 2004] for frame-level accuracy. We compare against state-of-
the-art motion-controllable methods [Chu et al. 2025; Li et al. 2025,
2024; Wang et al. 2025a; Zhang et al. 2025] under two settings: I2V
(first frame only) and V2V (full background context).
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Fig. 5. Qualitative Comparison on Dynamic Foreground Compositing. We evaluate our method against video editing and compositing approaches on
the V2V task. Our method effectively preserves intrinsic object dynamics while following user-defined trajectories, achieving superior motion fidelity and
background consistency compared to baseline methods.

Table 3. Quantitative comparison on the V2V task using VBench met-
rics. Comparision with recent video compositing and editing approaches.

Method Sub. Cons. ↑ BG. Cons. ↑ Motion ↑ FVD ↓
AnyV2V [Ku et al. 2024] 88.02% 92.90% 96.85% 983.56
VACE [Jiang et al. 2025] 89.51% 92.63% 98.21% 942.52
GenCompositor [Yang et al. 2025a] 89.75% 93.43% 98.69% 535.71

Ours 91.20% 93.85% 98.71% 468.30

Input GencompositorHarmonizer OursVTT

Fig. 6. Harmonization Results. Our method synthesizes shadows and
reflections alongside color adaptation.

Results and Analysis. Table 1 summarizes the quantitative evalua-
tion. In the I2V setting, our method demonstrates reliable trajectory
adherence, comparing favorably to representative baselines such as
ImageConductor [Li et al. 2024] and Tora [Zhang et al. 2025]. These
results suggest that our trajectory injection mechanism effectively
guides motion generation, offering a robust alternative to pixel-level
injection approaches for handling complex paths. Regarding visual
quality, our method exhibits improved FVD and consistency. This
indicates that full video context ensures temporal consistency, while
our I2V variant maintains high fidelity without temporal priors.

4.3 Dynamic Foreground Compositing
This task involves transforming a dynamic video foreground. The
challenge lies in altering the global trajectory while preserving the
object’s intrinsic dynamics.

Setup. We evaluate on a curated test set containing 50 video assets
with diverse intrinsic motions and pre-defined trajectories. We com-
pare against Video Editing & Compositing methods: AnyV2V [Ku
et al. 2024], VACE [Jiang et al. 2025], and GenCompositor [Yang
et al. 2025a]. We adopt the VBench [Huang et al. 2024] evaluation
protocol, reporting Subject Consistency, Background Consistency,
Motion Smooth, and FVD to comprehensively assess the quality of
the composited videos.
Results and Analysis. Table 3 displays the results. Video editing
methods, which often prioritize texture editing, may sometimes
distort motion patterns or fail to blend the subject seamlessly. Flex-
Composer achieves the highest scores in Subject Consistency and
Background Consistency, outperforming GenCompositor. As shown
in Figure 5, we demonstrate compositing results on two scenarios.
Baseline methods exhibit various artifacts: AnyV2V occasionally
loses subject coherence or introduces background inconsistencies,
VACE struggles with temporal stability across frames, and Gen-
Compositor sometimes alters the object’s natural gait pattern or
produces misaligned trajectories (see yellow bounding boxes in
right columns). In contrast, our method maintains both the intrinsic
motion dynamics and precise trajectory adherence throughout the
sequence, while seamlessly harmonizing the subject with the target
background.

4.4 Video Harmonization
This task evaluates the adaptability of foreground lighting and shad-
ows to the new background environment.
Setup. We use the HYouTube [Lu et al. 2022] dataset, which con-
tains paired unharmonized and harmonized examples. We compare
against Harmonizer [Ke et al. 2022], VTT [Guo et al. 2024a] and
Gencompositor [Yang et al. 2025a], which are specialized for har-
monization. We report PSNR, SSIM [Wang et al. 2004], LPIPS, and
CLIP Score [Hessel et al. 2022] to evaluate the fidelity.
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Table 4. Video Harmonization. Comparison of lighting and shadow adap-
tation quality.

Method PSNR ↑ SSIM ↑ LPIPS ↓ CLIP ↑
Harmonizer [Ke et al. 2022] 39.8 0.942 0.041 0.961
VTT [Guo et al. 2024a] 40.1 0.931 0.046 0.956
Gencompositor [Yang et al. 2025a] 42.0 0.949 0.039 0.971

Ours 42.5 0.952 0.037 0.974

Table 5. Ablation Study. Quantitative analysis of key components. We
evaluate across different ablation variants.

Variant EPE ↓ FVD ↓ Motion ↑ LPIPS ↓ CLIP ↑
w/o Canonical Repr. 4.87 145.3 95.1 0.068 0.945
w/o Static Expansion 2.94 128.7 96.8 0.042 0.968
w/o Noise in Static Exp. 2.56 118.2 96.3 0.039 0.969
w/o Relighting Aug. 2.61 106.5 98.1 0.058 0.952
w/o Visibility Gate 2.83 92.4 97.6 0.041 0.969
w/o Latent Transport 5.68 138.9 94.5 0.072 0.938

Curriculum Variants
Synthetic Only 2.14 154.2 98.4 0.061 0.948
Real Only 3.82 102.6 97.3 0.045 0.965
w/o Generative Data 2.53 98.1 98.2 0.043 0.966

Full Model 2.39 79.8 98.8 0.036 0.975

Results and Analysis. As shown in Table 4, FlexComposer demon-
strates competitive performance across different metrics. Figure 6
presents two representative lighting scenarios: a coastal scene with
warm sunset illumination (top) and a beach environment with di-
rectional lighting (bottom). Specialized harmonization methods ef-
fectively adjust color tones to match ambient lighting conditions,
showing their strength in appearance adaptation. Our method at-
tempts to complement color harmonization with geometric cues
such as cast shadows. While each method has its merits in different
aspects of harmonization, our approach aims to balance both photo-
metric and geometric consistency for composite video generation.

4.5 Ablation Study
To validate the effectiveness of our design choices, we conduct a
comprehensive ablation study. We remove key components and
analyze their impact on trajectory accuracy (EPE), temporal consis-
tency (FVD), motion preservation (Motion Score from VBench), and
harmonization quality (LPIPS, CLIP Score). Results are summarized
in Table 5. More details can be found in supplementary materials.
Canonical Representation & Noise. Removing the canonical
pipeline (w/o Canonical Repr.) causes severe motion conflicts, degrad-
ing trajectory adherence. For static inputs, disabling noise injection
(w/o Static Noise) results in rigid, statue-like outputs. As shown in
Figure 7, noise is essential for synthesizing plausible micro-motions.
Latent Injection & Visibility. This core module governs the pre-
cise placement and integration of the asset into the scene, relying
on three components. First, the Latent Transport mechanism aligns
canonical features with the trajectory. Without it (w/o Latent Trans-
port), sliding artifacts emerge as objects fail to anchor to the scene
geometry. Second, as shown in Figure 8 (middle), omitting this con-
text (w/o BG Context) compromises environmental stability, leading
to severe hallucinations in non-edited regions. Finally, the Visibility

W/o noise

W noise

Fig. 7. Visual Ablation Analysis. Impact of noise injection in static image
expansion.

W/o Vis. Gate

Ours

W/o BG Context

Fig. 8. Visual Ablation on Context and Visibility. Impact of the Back-
ground Context and the visible gate in latent injection module.

Gate manages the interactions; removing it (w/o Vis. Gate) results
in ghosting artifacts (Figure 8, top), where objects incorrectly blend
with occluders rather than disappearing behind them.
Relighting Augmentation & Curriculum. Removing the relight-
ing module leads to a sticker effect with flat lighting. While tra-
jectory metrics remain strong, the perceptual quality significantly
degrades as objects appear inconsistent with the target scene light-
ing. Regarding data, Synthetic Only yields precise control but poor
realism, while Real Only suffers from noisy trajectory signals. Our
hybrid curriculum effectively balances geometric precision with
photorealistic harmonization.

5 CONCLUSIONS & LIMITATIONS
We presented FlexComposer, a unified framework that bridges
the gap between precise geometric controllability and photorealis-
tic video compositing. By decoupling motion from appearance via
our Canonical Representation and Latent Transport, FlexComposer
achieves precise trajectory adherence for both static and dynamic
assets while maintaining high visual fidelity. Extensive experiments
demonstrate that our method effectively balances motion precision
with photometric harmonization, establishing a robust foundation
for controllable video synthesis. Despite these advancements, practi-
cal challenges remain to be addressed. While lighting is harmonized,
physical interactions are not simulated and rely solely on diffusion
priors, leading to implausible physics. Besides, generating long-
duration videos with extreme viewpoint changes can suffer from
inconsistency. Future work will explore integrating lightweight
physics engines to guide the diffusion process and leveraging 3D
representations to enhance consistency and temporal stability.
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Fig. 9. Qualitative results of complex 3D rotations. Our framework enables the synthesis of challenging 3D motions, such as flips, rolls, and axial rotations.
This process begins by reconstructing the target foreground assets using SAM3D to obtain a manageable 3D representation. We then apply precise 3D
transformations to these reconstructed objects and extract the resulting trajectory as a motion guidance signal. By injecting this trajectory into our model, we
can synthesize video sequences that maintain consistency during extreme pose changes.

A airplane flies from left to right over a steel 
truss bridge, set against a backdrop of 
mountains and a city skyline at dusk.

Kling 1.5

Tora

Wan-Move
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A teddy bear wearing aviator goggles and a 
scarf floats upwards in front of a high school 
building with two yellow buses parked outside.

Kling 1.5

Tora

Wan-Move

Ours

Fig. 10. Additional Qualitative Comparison on Static Foreground Compositing. We compare our method against trajectory-controlled I2V methods on two
challenging scenarios. Our method demonstrates superior occlusion handling and trajectory adherence while maintaining visual fidelity.
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Fig. 11. Qualitative results of flexible video composition. The first column illustrates the Background Video annotated with user-defined spatial trajectories
(indicated by white bounding boxes and motion arrows). The following columns display the Composite Video sequences generated by our model.
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Fig. 12. Qualitative results of motion transfer. By mapping source trajectories to target characters via latent transport, our framework facilitates motion
synthesis in new background. This approach supports non-pixel-aligned transfer, allowing for motion transfer across different character and backgrounds.
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A IMPLEMENTATION DETAILS
In this section, we provide precise specifications regarding the archi-
tecture, optimization strategy, and evaluation protocols to facilitate
reproducibility.

A.1 Architectural Specifications
Our framework leverages the Wan2.1-I2V-14B backbone [Wan et al.
2025] as the core generative engine. To strictly preserve the pre-
trained open-domain priors, we freeze all original parameters of the
Variational Autoencoder (VAE) and the Diffusion Transformer (DiT).
To introduce spatial controllability, we employ Low-Rank Adapta-
tion (LoRA) [Hu et al. 2022] with a rank 𝑟 = 64 and an alpha scaling
factor of 32. These learnable matrices are injected into the Query,
Key, Value, and Output projection layers of every Self-Attention and
Cross-Attention block within the DiT. This configuration strikes a
balance between trainability and expressiveness, allowing the model
to learn trajectory-guided feature transport without disrupting the
pre-trained motion manifold.

A.2 Optimization and Parallelism
We optimize the model using the AdamW optimizer with 𝛽1 =

0.9, 𝛽2 = 0.999, a weight decay of 1 × 10−3, and a constant learning
rate of 1 × 10−5. The training is distributed across a cluster of 32
NVIDIAA100 (80GB) GPUs. Given the substantial memory footprint
of the 14B parameter model and the requirement for long temporal
contexts (up to 128 frames), we utilize a hybrid parallelism strategy:

• Data Parallelism: Fully ShardedData Parallel (FSDP) shards
model parameters, gradients, and optimizer states across
GPUs.

• Sequence Parallelism: We adopt Ulysses parallelism with
a degree of 4. This splits the spatiotemporal sequence along
the attention head dimension, ensuring efficient memory
usage and computation for high-resolution video training.

A.3 Dynamic Trajectory Sampling & Annealing
A critical component of our training strategy—specifically during
the Real-World Adaptation phase—is balancing precise trajectory
adherence with the base model’s intrinsic generative priors. We
design a dual-mechanism sampling strategy:
Probabilistic Motion Dropout. To prevent catastrophic forgetting
of the foundation model’s Image-to-Video (I2V) capabilities, we
employ a probabilistic dropout mechanism. For each iteration, the
number of trajectory points 𝑘 is sampled as:

𝑘 ∼
{
0 with 𝑝 = 0.05 (Motion Dropout)
𝑘 with 𝑝 = 0.95

(5)

When 𝑘 = 0, the motion condition is explicitly nulled, compelling
the model to rely solely on image contexts to synthesize natural
dynamics.
Dense-to-Sparse Annealing Schedule. When motion condition-
ing is active (𝑘 > 0), we implement a dense-to-sparse annealing
schedule. This curriculum progressively adapts the model to vary-
ing levels of guidance sparsity. Let 𝑡 be the current training step
and 𝑇𝑡𝑜𝑡𝑎𝑙 be the total steps for Phase 2. The sampling upper bound

Bboy UprockPunch Silly Dancing

Rendered Frames

BG. Frames

Motion

FG. Frames

Fig. S1. Synthetic Data Generation and Multi-Character Protocol. This fig-
ure illustrates our data synthesis pipeline designed to disentangle motion
dynamics from visual appearance. (Top Row) Rendered Frames: The final
high-fidelity composite featuring realistic lighting and multiple characters.
(Second Row) BG. Frames: Dynamic background environments that include
other moving characters as "distractors." (Third Row) FG. Frames: The iso-
lated target foreground character. (Bottom Row) Motion: Representative
motion sequences from the Mixamo library. By designating only one target
subject while treating others as dynamic background elements, this protocol
forces the model to learn robust motion preservation and discrimination in
complex, cluttered environments.

𝐾𝑚𝑎𝑥 (𝑡) decays from a dense set to a sparse subset:

𝑘 ∼ U(1, 𝐾𝑚𝑎𝑥 (𝑡)), 𝐾𝑚𝑎𝑥 (𝑡) =
⌊
200 ·

(
1 − 𝑡

𝑇𝑡𝑜𝑡𝑎𝑙

)
+ 20 · 𝑡

𝑇𝑡𝑜𝑡𝑎𝑙

⌋
(6)

In early stages, dense trajectories (∼200 points) facilitate rapid learn-
ing of the geometric mapping between 2D tracks and latent features.
As training progresses, the reduced density (∼20 points) forces the
model to interpolate motion between sparse keypoints, ensuring
robustness to minimal user inputs during inference.

A.4 Evaluation Protocol
To ensure fair comparison with text-driven methods (e.g., Tora),
we generate detailed captions from reference images as prompts.
For instruction-based editing methods (e.g., AnyV2V), we construct
specific editing instructions aligned with the ground-truth intent.

• Quantitative Metrics: End-Point Error (EPE) calculates the
average Euclidean distance between the tracked centroid
(via SpatialTrackerV2) and the ground truth trajectory, nor-
malized by the image diagonal.

• Perceptual Metrics:We adopt the VBench protocol to re-
port Subject Consistency, Motion Smoothness, and Aesthetic
Quality.
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Fig. S2. Illustration of our data pipeline.

B DATASET CURATION AND PROCESSING
Our three-stage curriculum relies on a diverse mixture of syn-
thetic, real-world, and generative data, processed through a rigorous
pipeline to ensure geometric and semantic quality.

B.1 Phase 1: Synthetic Data with Dynamic Environments
To facilitate the Simulation Bootstrap phase, we engineered a proce-
dural dataset aimed at disentangling motion dynamics from visual
appearance.
Environment&Lighting.We synthesize high-fidelity backgrounds
using Kubric [Greff et al. 2022] assets combined with HDRI maps
from Polyhaven. This ensures physically plausible shadows and
reflections, narrowing the domain gap with real-world illumination.
Multi-Character Protocol. We utilize the Mixamo library [Adobe
Systems Inc. 2025] (40 characters, 582 sequences). In each generation,
1 to 5 characters are instantiated with independent trajectories.
Crucially, only one character is designated as the target subject,
while others act as dynamic distractors. This forces the network to
learn unsupervised motion preservation and distinguish the target’s
dynamics from environmental clutter.

B.2 Phase 2: Real-World Adaptation Pipeline
We construct the primary training set from diverse Pexels footage.
To transform raw videos into high-quality training pairs, we imple-
ment a four-stage pipeline:

1. Filtration.We employ PySceneDetect to enforce temporal conti-
nuity, partitioning sequences into 81–100 frame clips. We then apply
a feature-based displacement metric (ORB features and RANSAC)
to eliminate static or low-information scenes, and further filter out
low-luminance clips and facial close-ups.
2. Geometric Extraction.We employ SpatialTrackerV2 [Xiao et al.
2024] to lift 2D pixel dynamics into 3D space, providing dense
trajectories and 6DoF camera poses. Simultaneously, we use the
Grounded-SAM2 pipeline [Ren et al. 2024]—combining Grounding
DINO and SAM—to generate pixel-perfect binary masks for the
primary moving subjects.
3. Background Reconstruction. Using the masks and camera
tracks, we hallucinate clean background plates. We prioritize scale
via a hybrid strategy: Gen-Omnimatte [Lee et al. 2025] is used for
complex occlusion decomposition, while the computationally ef-
ficient Minimax-Remover [Zi et al. 2025] handles the majority of
inpainting. We deliberately retain samples with minor inpainting ar-
tifacts to serve as data regularization, enhancing robustness against
occlusions.
4. Semantic Annotation. We employ Keye-VL to generate dense
semantic annotations describing scene layout and temporal evo-
lution. These motion-aware captions enable the cross-attention
mechanism to align textual verbs with induced motion trajectories.

B.3 Phase 3: Generative Diversity Expansion
To support open-domain generalization, we synthesize ∼5,000 clips
using state-of-the-art T2V models based on imaginative prompts
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Fig. S3. Additional qualitative results of video harmonization.

(e.g., “cyberpunk animals”, “underwater physics”). Pseudo-ground-
truth trajectories are estimated via the same tracking pipeline as
Phase 2. This strategy prevents overfitting to specific object cate-
gories found in real-world footage.

C DETAILED ABLATION SETTINGS AND ANALYSIS
To provide a comprehensive understanding of the design choices in
FlexComposer, we detail the exact configurations for the ablation
variants reported in the main paper and analyze the implications of
removing these components.

C.1 Canonical Representation and Preprocessing
w/oCanonical Representation. This variant disables theDynamic
Video Stabilization step. Raw, cropped foreground video clips are
fed directly into the VAE. Without our stabilization-then-transport
logic, the model fails to reconcile the conflicting ego-motion of the
source video with the target trajectory, leading to severe motion
conflicts and sliding artifacts.
Static Image Expansion Strategies. To unify static and dynamic
inputs, our full model expands images into pseudo-sequences with
Gaussian noise injection. We analyze two degraded settings:

• w/o Static Expansion: Treats the static image as a single-
frame condition broadcasted implicitly.

• w/o Noise Injection: Replicates the static image 𝑇 times
without noise (𝐼𝑒𝑥𝑝𝑎𝑛𝑑 [𝑡] = 𝐼𝑟𝑎𝑤 ).

Simply replicating frames often causes the backbone to produce a
frozen video ("statue effect"). Our noise injection strategy breaks
this redundancy, encouraging the model to hallucinate plausible
micro-motions (e.g., breathing, fabric movement) while adhering to
the global trajectory.
w/o Relighting Augmentation. This configuration disables ran-
dom illumination perturbations and color jittering. Without this
module, the model defaults to a "copy-paste" behavior, retaining the
original lighting of the source asset (the "sticker effect"). Our aug-
mentation effectively forces themodel to predict lighting parameters
implicitly from the background context to minimize reconstruction
loss.

C.2 Spatial-Aware Injection Mechanism
w/o Latent Transport (LearnedAdapter).We replace our parameter-
free injection with a learnable convolutional encoder that processes
trajectory heatmaps and foreground features. Results indicate that
while a learnable encoder can approximate motion, it suffers from
signal degradation and "sliding" artifacts. Our explicit geometric
transport mathematically enforces alignment without auxiliary pa-
rameters, ensuring superior trajectory adherence.
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Table S1. User Study Statistics. Preference rate (%) of Ours vs. Baselines.
Our method demonstrates superior control and visual integration, maintain-
ing competitive performance even against state-of-the-art motion models.

Comparison Pair Trajectory Harmony Fidelity Overall

Task 1: Static Foreground Compositing
Ours vs. Tora 82.4% 77.6% 65.2% 75.1%
Ours vs. Wan-Move 53.2% 55.8% 51.4% 53.5%
Ours vs. Kling 1.5 87.6% 57.2% 55.4% 66.7%

Task 2: Dynamic Foreground Compositing
Ours vs. AnyV2V 79.2% 84.4% 87.6% 83.7%
Ours vs. GenCompositor 71.6% 66.4% 75.2% 71.1%

w/o Visibility Gate. Setting the visibility term V ≡ 1 globally
ignores depth cues. This leads to ghosting artifacts where objects
incorrectly blend with occluders rather than disappearing behind
them.
w/o BG Context. Removing the background latent 𝑍𝑏𝑔 from the
fusion step tasks the model with generating the background from
scratch. This compromises environmental stability, leading to hallu-
cinations in non-edited regions.

C.3 Curriculum Learning Strategy
We analyze the impact of our curriculum stages by isolating spe-
cific data sources. Synthetic Only trains exclusively on procedural
simulation clips. While it benefits from perfect ground-truth super-
vision and achieves high geometric precision (low EPE), the model
suffers from a severe sim-to-real domain gap. Consequently, it fails
to synthesize photorealistic textures or complex lighting interac-
tions when applied to real-world footage, often yielding composites
with artificial, "game-like" appearances. Conversely, the Real Only
variant bypasses the synthetic warm-up stage. Without the strong
initial geometric priors established by clean synthetic data, the
model is forced to learn motion control directly from estimated
trajectories, which inherently contain noise and occlusion errors.
This "noisy supervision" prevents the model from effectively disen-
tangling intrinsic object motion from global displacement, resulting
in jittery trajectories and reduced control fidelity. Finally, w/o Gen-
erative Data omits the open-domain refinement phase. While the
model maintains robust performance on common categories present
in the real-world dataset (e.g., humans, vehicles), it exhibits poor
generalization to out-of-distribution or imaginative scenarios. This
highlights the critical role of diverse generative data in expanding
the model’s semantic coverage and preventing overfitting to limited
real-world distributions.

D ADDITIONAL USER STUDY RESULTS
To assess perceptual quality and controllability, we conducted a
Two-Alternative Forced Choice (2AFC) user study. The study panel
consisted of 25 independent evaluators. We utilized a diverse dataset
of 20 randomly selected test cases covering a spectrum of motion
complexities, ranging from simple 2D translations to challenging
3D rotations. In each trial, participants were presented with the
reference inputs (Trajectory, Asset, and Background) alongside two
anonymized video results (Ours vs. Baseline) displayed side-by-side
in randomized order. Evaluators were asked to select the preferred

Ours

Runway

Pixelverse

Fig. S4. Failure case analysis on large motion. We compare methods on
a challenging breakdancing sequence. Commercial models struggle with
consistency: Pixelverse exhibits identity drift, while Runway alters the
background layout. In contrast, our method preserves better structural and
identity fidelity, though it suffers from motion blur on fast-moving limbs
due to the backbone’s limitation in handling rapid dynamics.

video based on three specific criteria: Trajectory Adherence ("Which
video better follows the indicated arrow path?"), Visual Harmony
("Which video shows more realistic lighting, shadows, and blend-
ing?"), and Identity Fidelity ("Which video better preserves the
details of the reference object?").
As summarized in Table S1, our method achieves comparable

performance with Wan-Move, the leading motion-controlled model,
while showing a clear user preference for Visual Harmony (55.8%)
due to our canonical representation’s handling of lighting. Against
commercial models like Kling 1.5, which prioritize per-frame quality
over control, we maintain a dominant lead in Trajectory Adher-
ence (87.6%). In dynamic compositing tasks, FlexComposer signif-
icantly outperforms AnyV2V and GenCompositor, particularly in
Identity Fidelity (87.6% vs. AnyV2V), by avoiding the texture flick-
ering and distortion common in video-to-video translation pipelines.

E FAILURE CASE ANALYSIS
We investigate the robustness of our model on scenarios with rapid,
large-scale bodymotions (e.g., breakdancing). As illustrated in Fig. S4,
such extreme dynamics present a challenge for both our method
and commercial tools. Commercial video generation models (e.g.,
Pixelverse, Runway) tend to prioritize motion smoothness at the
cost of consistency. Pixelverse often exhibits identity drift, while
Runway frequently hallucinates background details deviating from
the input layout. In comparison, our method maintains higher fi-
delity regarding background structure and subject identity due to
explicit compositional constraints. However, it struggles with high-
frequency details during rapid articulation, occasionally resulting in
motion blur or geometric artifacts on limbs. This suggests that while
our approach effectively anchors global structure, the underlying
priors face difficulties resolving sharp details under extreme motion
magnitude.
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F DISCUSSION OF CONCURRENT WORKS
The field of generative video editing is evolving rapidly. Several
works have been developed concurrently with FlexComposer. Re-
cently, several approaches have explored trajectory-based video
manipulation. MotionV2V and Edit-by-Track focus on editing exist-
ing scene dynamics (e.g., altering the path of a car already present
in the video). In contrast, FlexComposer addresses the challenge of
compositing, which necessitates harmonizing external assets into a
new environment. Unlike editing approaches that leverage existing
pixel context, our framework explicitly learns to synthesize plausible
lighting and shadows for novel objects via our hybrid synthetic-to-
real curriculum. Closer to our goal, GenCompositor and WorldCan-
vas explore generative object insertion. However, GenCompositor

primarily relies on learned adapters that often struggle to preserve
the intrinsic motion fidelity of complex pre-animated assets (as
analyzed in Sec. 4.3). Similarly, while WorldCanvas offers a power-
ful general-purpose simulator, our method is specifically tailored
for precise compositing workflows. Our key distinction lies in the
Unified Canonical Foreground Representation and Parameter-free
Latent Injection, which effectively decouple intrinsic object dynam-
ics from global trajectory control. This design allows FlexComposer
to transport dynamic footage with high fidelity—preserving micro-
motions and identity—while enforcing strict geometric adherence,
a capability that remains challenging for generalist world models.
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