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Fig. 1: Versatile Video Compositing with FlexComposer. Our framework uni-
fies 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 photo-
metrically with the background scene.

Abstract. Generative video compositing, which involves inserting ex-
ternal assets seamlessly into existing video sequences, is essential for
content creation and visual effects. However, existing approaches suf-
fer from a control-fidelity trade-off: they either hallucinate motion from
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static images, failing to preserve the dynamics of pre-animated assets, or
lack fine-grained spatial control for precise asset placement along user-
defined trajectories. We propose FlexComposer, a unified framework that
standardizes video compositing as a trajectory-guided conditional gen-
eration task, enabling the seamless integration of both static images and
dynamic footage. Our approach introduces three key designs: (1) a Uni-
fied Canonical Foreground Representation that decouples an object’s in-
trinsic motion from its global displacement, standardizing heterogeneous
inputs into a stabilized, centered latent space; (2) a Spatial-Aware La-
tent 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 cine-
matic footage, and generative data to implicitly learn physically plausible
illumination and shadow harmonization. This unified design handles di-
verse inputs—from product photos to dynamic subjects—achieving high-
fidelity motion control and environmental integration without the need
for explicit 3D reconstruction or auxiliary learnable adapters. Extensive
experiments demonstrate that FlexComposer outperforms state-of-the-
art methods in visual quality, temporal consistency, and trajectory ad-
herence.

Keywords: Video Diffusion Models - Trajectory Control - Generative
Video Compositing

1 Introduction

The realistic insertion of virtual assets into existing video sequences is a fun-
damental yet challenging problem in computer vision and graphics. This ca-
pability serves as the backbone for visual effects, augmented reality, 3D-aware
content creation [89,91,92], and the burgeoning field of personalized video con-
tent creation. Achieving seamless composites requires simultaneously preserving
background integrity, maintaining spatiotemporal consistency of inserted fore-
grounds, and enabling precise motion control over their trajectories.

While traditional graphics pipelines [33] and harmonization techniques [22,
34] excel in rendering or color adjustment, they operate via explicit decou-
pled stages prone to cascading error accumulation, inherently struggling to inte-
grate dynamic assets with coherent motion. In contrast, recent generative frame-
works [10,11,31,32,37,60,61,80,82] leverage diffusion models to address these lim-
itations. These approaches offer promising avenues for composition, ranging from
zero-shot subject animators [10,61] to unified in-context editors [11,32,73,82]
and large-scale foundation models [60,80]. However, despite their versatility, a
critical gap remains: most methods either hallucinate motion from static refer-
ences [61] or operate at abstract semantic levels [32, 73]. 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.
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To address these limitations, we propose FlexComposer, a unified conditional
video compositing framework. 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 decouples
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 [88]), we propose Spatial-Aware Latent Injection, a parameter-free
mechanism that exploits VAE latent translation equivariance to directly trans-
port canonical features onto user-defined trajectories while preserving temporal
synchronization. Third, to resolve photometric inconsistencies, we construct a
Hybrid Dataset combining 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 experiments demonstrate that
FlexComposer achieves superior performance in visual quality, temporal consis-
tency, and controllability.

In summary, our contributions are threefold: (1) we propose FlexComposer,
a unified generative framework that seamlessly integrates both static images and
dynamic video clips into target sequences by utilizing a canonical representation
to decouple intrinsic object motion from global trajectory control; (2) we in-
troduce Spatial-Aware Latent Injection, a parameter-free mechanism that
leverages translation equivariance to enable precise spatial control while pre-
serving the high-fidelity details of foreground assets without 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 empowers 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 [18§]
and autoregressive transformers [14] to Diffusion Models (VDMs) [7, 26, 27],
which now serve as the gold standard for high-fidelity generation. While Latent
Diffusion Models (LDMs) [58] balanced quality and efficiency, the recent emer-
gence of Video Diffusion Transformers (DiTs) [36, 54, 81], autoregressive video
models [90], and memory-augmented long video generation [6], exemplified by
Sora [9, 39, 94], 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.
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2.2 Motion-Controlled Video Generation

While T2V models achieve photorealism, text prompts lack the granularity re-
quired for precise control. Existing spatial guidance methods fall into three cate-
gories. First, trajectory-based control employs sparse 2D drag points or bounding
boxes [21,29,51-53,72,83,86], with recent works integrating trajectory adapters
directly into DiT architectures [13, 17,47, 66,67, 93]. However, these methods
operate in 2D screen space and fail to comprehend the underlying 3D scene
geometry. To incorporate 3D geometric awareness, efforts have been directed to-
ward camera control and 3D-consistent scene generation. Approaches range from
traditional reconstruction-based methods [16,40,68,77] to generative techniques
using multi-view diffusion, inpainting, pose conditioning, or sparse-view recon-
struction [3-5,23,48,57,59,64,75,84,85,87,89,91,92,95]. Nevertheless, such global
control focuses on the ego-motion rather than the fine-grained spatial dynam-
ics of individual objects within the scene. Alternatively, structure-based control
leverages dense priors such as skeleton, depth, or normal maps [20, 41,49, 70].
While offering geometric guidance, these methods impose heavy data prepara-
tion burdens that limit their applicability.

2.3 Video Compositing and Harmonization

Traditional approaches to video composition employ explicit decoupled pipelines.
Graphics-based methods [33] rely on 3D reconstruction, lighting estimation, and
ray tracing in separate stages, with error accumulation across stages limiting
robustness. Professional tools [1,15] built on Porter and Duff’s compositing op-
erator [55] enable nondestructive layer-based workflows but require extensive
manual per-frame artistry for masking and effect tuning. Recent lightweight
approaches focus on color harmonization [22, 79|, 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 originated from image-level
methods [8] and has evolved toward video through per-video fine-tuning [56, 74],
inference-only protocols [10-12, 32, 38, 50, 60, 76, 80, 82|, and concept-level im-
age/video composition [37]. While diffusion priors enable semantic editing, they
lack precise trajectory mechanisms for asset insertion. Conversely, generative
compositing frameworks [10,31,61] 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 V;.q., and a background sequence Vj4, our goal is to syn-
thesize a composite video where the asset follows a user-defined trajectory T ser-
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Fig.2: The Pipeline of FlexComposer. (1) Inputs: A dynamic background, a
static/dynamic foreground asset, a 3D trajectory, and visibility masks. (2) Unified
Representation: Diverse inputs are encoded into a canonical feature space to preserve
identity and local motion. (3) Spatiotemporal Latent Injection: Canonical features
are warped into the background latent space along the trajectory, utilizing a visibility
gate for occlusions. (4) Generative Composition: The warped features condition a
video diffusion model to synthesize the final composite.

Users can optionally specify a visibility schedule Vyser [t] € {0, 1} to control when
the object appears or disappears. As illustrated in Figure. 2, our framework fol-
lows 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 Composi-
tion, which leverages a conditional diffusion transformer to synthesize the final
video.

3.1 Unified Canonical Foreground Representation

We unify heterogeneous inputs (Viaw) into a canonical representation through
pixel-space preprocessing followed by latent encoding.

Dynamic Video Stabilization. To eliminate conflicting camera ego-motion,
we utilize Grounded-SAM2 [35] for segmentation and SpatialTracker v2 [78] for
centroid tracking (c;) and visibility estimation (Viyack). We apply a reverse trans-
lation to align c; to the canvas center, yielding a stabilized, in-place sequence
Istap where the subject animates at the center, effectively decoupling local mo-
tion from global displacement.

Static Image Expansion. For static inputs, we replicate the image to target
duration T" to form Iexpana. 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 back-
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ground contexts, we apply random illumination perturbations to the frames via
a relighting module [45]. The final preprocessed sequence is denoted as I.,y,.
Latent Space Encoding. We encode the preprocessed sequence I.,, using
the Video VAE encoder: Zca, = E(Ican) € RT XH'xW'XC  ywhere 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 [17,20] 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
Tsp = {Pk}fz1 onto the 2D image plane to obtain pixel coordinates pp =
I1(Py), where II(-) incorporates the camera intrinsics and extrinsics. To align
these coordinates with the latent space of VAE, which undergoes spatial down-
sampling by factor f; and temporal compression by factor f;, we compute the
discrete latent coordinate 0, for each latent frame index n:

~ 1 n-fi Pk T
, = | — Z =1, 1<n<=— (1)
ft k=(n—1)f,+1 fs ft

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 ¥ that maps
features from the canonical center ¢ to the target trajectory u,. Let {2 denote
the spatial extent (bounding box) of the foreground object in the latent space.
For every local spatial offset § € {2, we map the feature at the canonical position
c + 6 to the target position u, + & in the composite latent Zi;ans:

Ztrans [n7 1~1n + 6] = ann [nu c+ 6] : V[nv 6] (2)

where V[n,d] = Vis[n] - a[n,d] € {0,1} combines a temporal visibility flag
with the spatial segmentation mask «a[n, §]. During training, Vy;s is derived from
SpatialTracker’s occlusion detection; at inference, it is user-specified via Tyser,
enabling explicit control over when the object appears along the trajectory. Cru-
cially, 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 Transformer [63] as
the generative backbone. However, the standard 12V protocol is insufficient for
our dynamic compositing task that requires dense spatiotemporal guidance. We
therefore adapt the conditioning mechanism to accept our composite features.
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Composite Feature Fusion. We fuse the transported foreground features
Zirans With the background latent Zy, to construct the composite condition
Cfusc:

Cfuse = Zbg © (1 - M) + Ztrans oM (3)

where M denotes the foreground mask in latent space and ® represents element-
wise multiplication.

Conditional Input Formation. The network input is formed by channel-wise
concatenating the noisy latent x; at diffusion timestep ¢ with the composite
condition: Zj, = Concat(x¢, Cyse). This dense spatiotemporal conditioning ex-
plicitly guides generation with strong geometric priors from the transported
features, unlike standard 12V methods that hallucinate motion from a single
frame.

Training Objective. We optimize the model using the Flow Matching objec-
tive [44]. Crucially, the velocity prediction network vy now takes the concate-
nated latent Z;, as its spatial input:

£(6) = B o [[1V6(Zan . c0a) = V()| @)

where x; denotes the flow state at timestep ¢, v; is the ground-truth velocity
field, and cyx¢ 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 hy-
brid dataset construction pipeline and a three-stage curriculum learning strat-
egy. This design is crucial for progressively disentangling geometric motion from
photometric appearance. Additional details are provided in the supplementary
materials.

Simulation Bootstrap. We first utilize procedurally generated data from dy-
namic 3D characters [2] and synthetic environments [19] 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 adhere 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, augmented with estimated
3D trajectories. In this phase, we fine-tune the model for 5k steps. Training on
these canonicalized real sequences 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 content cre-
ation, we introduce a generative synthesis pipeline prompting foundation T21/12V



8

Songchun Zhang et al.

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 d ates realistic

Fig. 3: Qualitative Comparison on Static Foreground Compositing. We com-
pare our method against trajectory-controlled 12V methods on two challenging scenar-
ios. Our method demonstrates superior occlusion handling and trajectory adherence
while maintaining visual fidelity

models. We refine the model for 1k steps on 5k highly diverse clips with pseudo-
ground-truth trajectories. 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 do-
mains: (1) Static Foreground Compositing against motion-controllable 12V meth-
ods; (2) Dynamic Foreground Compositing against video editing baselines; and
(3) Video Harmonization against specialized harmonization algorithms.

4.1 Implementation Details

We implement FlexComposer building upon the Wan2.1-12V-14B architecture [63],
initializing the backbone with Wan-Move weights [13] to leverage robust mo-
tion priors. Unlike methods relying on heavy auxiliary networks, our spatial
injection uses a parameter-free mechanism to preserve feature fidelity. To adapt
the backbone without catastrophic forgetting, we employ Low-Rank Adaptation
(LoRA) [28] (r = 64) on the projection layers of all DiT blocks. Training is con-
ducted on 32 NVIDIA A100 GPUs using FSDP and Ulysses sequence parallelism
(degree 4), optimized via AdamW (Ir = 1 x 10~°) with a total batch size of 32.
More details can be found in supplemental materials.
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Fig. 4: Additional Qualitative Comparison on Static Foreground Compositing. We
compare our method against trajectory-controlled 12V methods on two challenging
scenarios.

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

Method |[EPE | FID | FVD | PSNR 1 SSIM 1
ImageConductor [43]| 14.92 54.5 512.8 11.55  0.468
LeviTor [65] 3.66 223 116.1 13.20 0.515
Tora [93] 3.52  26.1 1285 13.65 0.492
MagicMotion [42] 348 245 1129 1290 0.535
Wan-Move [13] 2.50 14.7 943 16.50  0.610
Ours (I2V) 238 141 895 16.85  0.625
Ours (V2V) 2.15 13.4 82.6 17.40 0.658

4.2 Static Foreground Compositing

In this setting, we aim to animate a static image along a user-defined trajectory
while maintaining identity.

Setup. We evaluate on DAVIS [69] and MoveBench [13]. Following standard pro-
tocols, we evaluate the fidelity of generated videos using FVD [62] and FID [25]
for perceptual quality, alongside PSNR and SSIM [71] for frame-level accuracy.
We compare against state-of-the-art motion-controllable methods [13,42,43, 65,
93] under two settings: I2V (first frame only) and V2V (full background con-
text).

Results and Analysis. Table 1 summarizes the quantitative evaluation. In
the 12V setting, our method demonstrates reliable trajectory adherence, com-
paring favorably to representative baselines such as ImageConductor [43] and
Tora [93]. These results suggest that our trajectory injection mechanism ef-
fectively guides motion generation, offering a robust alternative to pixel-level
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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.

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

Method |EPE | FID | FVD | PSNR 1 SSIM 1
ImageConductor [43]| 15.55 34.8 4225 1350  0.485
LeviTor [65] 345 183 99.2 15.55 0.538
MagicMotion [42] 3.25 176 971 14.85 0.562
Tora [93] 332 228 1015 1565  0.548
Wan-Move [13] 2.60 122 835 17.80 0.640
Ours (I2V) 242 119 804 17.95  0.655
Ours (V2V) 2.38 11.2 74.9 18.60 0.682

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 12V variant maintains high fi-
delity 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 compare against Video Editing
& Compositing methods: AnyV2V [38], VACE [31], and GenCompositor [79)].
We adopt the VBench [30] evaluation protocol, reporting Subject Consistency,
Background Consistency, Motion Smooth, and FVD to comprehensively assess
the quality of the composited videos.
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Fig. 6: Harmonization Results. Our method synthesizes shadows and reflections
alongside color adaptation.

Table 3: Quantitative comparisons. Left: V2V task using VBench metrics against
recent video compositing and editing approaches. Right: Video Harmonization com-
parison of lighting and shadow adaptation quality.

Method ‘Sub. Cons.T BG. Cons.T MotionT FVD| Method PSNR? SSIM?t LPIPS| CLIP}
AnyV2V [38] 88.02% 92.90% 96.85% 983.56 Harmonizer [34] 39.8 0942 0.041 0.961
VACE [31] 89.51% 92.63%  98.21% 942.52 VTT [22] 401 0931  0.046  0.956
GenCompositor [79] 89.75% 93.43% 98.69% 535.71 GenCompositor [79] 42.0  0.949  0.039  0.971
Ours ‘ 91.20% 93.85% 98.71% 468.30 Ours 42.5 0.952 0.037 0.974

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. FlexComposer achieves the highest scores in
Subject Consistency and Background Consistency, outperforming GenComposi-
tor. 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 tem-
poral stability across frames, and GenCompositor 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 intrin-
sic 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 shadows to the
new background environment.

Setup. We use the HYouTube [46] dataset, which contains paired unharmonized
and harmonized examples. We compare against Harmonizer [34], VI'T [22] and
Gencompositor [79], which are specialized for harmonization. We report PSNR,
SSIM [71], LPIPS, and CLIP Score [24] to evaluate the fidelity.

Results and Analysis. As shown in Table 3, FlexComposer demonstrates com-
petitive performance across different metrics. Figure 6 presents two representa-
tive lighting scenarios: a coastal scene with warm sunset illumination (top) and
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Table 4: Ablation Study. Quantitative analysis of key components. We evaluate
across different ablation variants.

Variant EPE | FVD | Motion 1 LPIPS | CLIP 4

w/o Canonical Repr. 4.87  145.3 95.1 0.068  0.945
w/o Static Expansion 294 1287 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 2.83 924 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 253  98.1 98.2 0.043  0.966
Full Model 2.39 79.8 98.8 0.036 0.975

| W/s Vis Gate: 8
B W/o noise
N B c.'r“ # v
g W e T A8 G

Fig.7: Visual Ablation Analysis. Im- Fig.8: Visual Ablation on Context

pact of noise injection in static image ex- and Visibility. Impact of the Background

pansion. Context and the visible gate in latent in-
jection module.

a beach environment with directional lighting (bottom). Specialized harmoniza-
tion methods effectively adjust color tones to match ambient lighting conditions,
showing their strength in appearance adaptation. Our method attempts to com-
plement 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 photometric and geometric consistency for composite video
generation.

4.5 Ablation Study

To validate the effectiveness of our design choices, we conduct a comprehen-
sive ablation study. We remove key components and analyze their impact on
trajectory accuracy (EPE), temporal consistency (FVD), motion preservation
(Motion Score from VBench), and harmonization quality (LPIPS, CLIP Score).
Results are summarized in Table 4. More details can be found in supplementary
materials.
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Fig. 9: Qualitative results of complex 3D rotations. FlexComposer synthesizes chal-
lenging out-of-plane motions (e.g., flips, rolls) by applying explicit 3D transformations
to a SAM3D-reconstructed proxy. Injecting the resulting trajectory ensures temporally
consistent synthesis even during extreme pose changes.

Canonical Representation & Noise. Removing the canonical pipeline (w/o
Canonical Repr.) causes severe motion conflicts, degrading 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 precise place-
ment and integration of the asset into the scene, relying on three components.
First, the Latent Transport mechanism aligns canonical features with the tra-
jectory. Without it (w/o Latent Transport), sliding artifacts emerge as objects
fail to anchor to the scene geometry. Second, as shown in Figure 8 (middle),
omitting this context (w/0 BG Context) compromises environmental stability,
leading to severe hallucinations in non-edited regions. Finally, the Visibility Gate
manages the interactions; removing it (w/o Vis. Gate) results in ghosting arti-
facts (Figure 8, top), where objects incorrectly blend with occluders rather than
disappearing behind them.

Relighting Augmentation & Curriculum. Removing the relighting module
leads to a sticker effect with flat lighting. While trajectory metrics remain strong,
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Fig. 10: Qualitative results of motion transfer. By mapping source trajectories to tar-
get 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.

the perceptual quality significantly degrades as objects appear inconsistent with
the target scene lighting. 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.

4.6 Downstream Applications

FlexComposer’s unified representation and flexible trajectory control naturally
enable advanced video editing tasks beyond standard compositing.

Complex 3D Motion Synthesis. Our framework can synthesize challenging
out-of-plane motions, such as flips, rolls, and axial rotations (see Figure 9). We
first reconstruct a 3D proxy of the target asset using SAM3D. By applying ex-
plicit 3D transformations to this proxy, we extract a precise 2D motion guidance
trajectory. Injecting this signal ensures temporally consistent synthesis even dur-
ing extreme pose changes.

Trajectory-Driven Motion Transfer. By decoupling intrinsic asset features
from global spatial coordinates, FlexComposer intrinsically supports non-pixel-
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aligned motion transfer (see Figure 10). We can extract the trajectory from
source video and seamlessly map it to an entirely different target subject in a
new background. This achieves robust motion retargeting across diverse subjects
and scenes without requiring rigid alignment or specific fine-tuning.

5 Conclusions & Limitations

We presented FlexComposer, a unified framework that bridges the gap be-
tween precise geometric controllability and photorealistic video compositing. By
decoupling motion from appearance via our Canonical Representation and La-
tent Transport, FlexComposer achieves precise trajectory adherence for both
static and dynamic assets while maintaining high visual fidelity. Extensive ex-
periments demonstrate that our method effectively balances motion precision
with photometric harmonization, establishing a robust foundation for control-
lable video synthesis. Despite these advancements, practical challenges remain
to be addressed. While lighting is harmonized, physical interactions are not sim-
ulated 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 con-
sistency and temporal stability.
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