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Fig. 1: Video Composition via Split-then-Merge. (a) Training: The Decom-
poser splits an unlabeled video into foreground and background layers and generates
a caption, while the Composer learns to merge them for reconstruction. (b) Infer-
ence: The Composer integrates a foreground video into novel background videos with
a�ordance-aware placement (e.g ., placing the pig on a rigid NYC walkway or uneven
forest soil) with realistic harmonization of motion, lighting, and shadows.

Abstract. We present Split-then-Merge (StM), a controllable genera-
tive video composition framework that minimizes reliance on annotated
datasets and handcrafted rules. Instead of requiring manual supervision,
StM decomposes unlabeled videos into dynamic foreground and back-
ground layers. By self-composing these elements, the model learns to
synthesize complex interactions between moving subjects and diverse
scenes, capturing the intricate dynamics necessary for high-�delity video
generation. Speci�cally, StM introduces a transformation-aware train-
ing pipeline utilizing multi-layer fusion and augmentation to address af-
fordance challenges in video composition. An identity-preservation loss
further maintains foreground �delity during blending. Extensive exper-
iments show that StM outperforms state-of-the-art methods on both
quantitative benchmarks and qualitative evaluations, including human
studies and Vision-Language Model assessments. Finally, we release StM-
50K, the �rst multi-layer video dataset, to facilitate future research in
generative video composition. Data, code, and more details are available
at our project page.

† Work done during an internship at Google.
‡ Joint last authors.

https://split-then-merge.github.io
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Fig. 2: Video Composition. Given input foreground and background videos, image-
based methods (a)�(b) use only the �rst frame, while (c)�(e) take full video inputs.
(a) Object insertion [59] followed by Image-to-Video (I2V) and (b) end-to-end I2V
composition SkyReels [13] fails to retain motion due to lack of video access. (c) Manual
copy-paste preserves motion but violates a�ordance (swan placed on ground). (d) Naive
generative composition yields appearance and motion drift (e.g ., black swan turns
white). (e) Our method preserves identity and motion, and achieves a�ordance-aware
placement with realistic blending (swan placed in water with wave and shadows).

1 Introduction

Recent advances in di�usion models [21, 44, 50, 53, 66] have greatly improved
video realism. However, controllability remains largely limited to text [2, 16, 20,
23, 30, 65] and image conditioning [14, 18, 29, 40, 42, 49, 52, 68], which lack pre-
cision for precise composition. While structured signals like pose [5, 24, 31, 38]
or motion [4, 15, 39] o�er stronger control, most methods focus on animating
static images rather than �exible synthesis. Professional content creation relies
on layer-based compositing [3,58], motivating generative video composition: syn-
thesizing a coherent video by integrating a dynamic foreground with a separate
background using generative models, as depicted in Fig. 1(a). Unlike classical
composition [6], which emphasizes matting and blending, the generative setting
allows adaptive adjustments to foreground to harmonize with new lighting and
camera dynamics. As shown in Fig. 1(b), the foreground animal's motion, ap-
pearance, and shadows are adapted to match diverse backgrounds.

One natural question is: �How challenging is this task, and can it be addressed
by existing methods? � A straightforward baseline combines image-based object
insertion with an image-to-video (I2V) model. Speci�cally, the �rst frames of the
foreground and background videos are composed using a state-of-the-art inser-
tion method [59], and the resulting image is provided to an I2V model [65] for
video generation. As shown in Fig. 2(a), this pipeline discards the temporal in-
formation of the foreground video, requiring the I2V model to infer motion solely
from text. More recent approaches, such as SkyReels [13], which directly com-
pose videos from foreground and background images, exhibit a similar limitation
due to the absence of explicit motion cues (Fig. 2(b)).

An ensuing question is �Can this task be addressed by extending methods to
video inputs? � The answer is negative. A naive copy-and-paste strategy lacks af-
fordance awareness and often yields implausible placements. As shown in Fig. 2(c),
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the swan is incorrectly positioned on the ground rather than in water. Fine-
tuning a state-of-the-art video generator [65] with su�cient data is another at-
tempt. However, naively trained models remain prone to a�ordance violations
due to shortcut learning and fail to preserve motion and appearance consistency.
Fig. 2(d) shows the swan's appearance shifting to white, violating foreground
identity preservation. These results indicate that generative video composition
is non-trivial and requires dedicated designs beyond o�-the-shelf adaptations.

In this paper, we propose Split-then-Merge (StM), a data-driven framework
for video composition requiring no manual annotation (Fig. 1). Our key idea is
to decompose unlabeled videos into foreground-background layers and train the
model to reconstruct them, enabling scalable self-composition on large datasets
(e.g ., Panda-70M [7]). Unlike application-speci�c editing methods (e.g ., per-
sonalization [8], object swapping [17], motion control [4,15,39,54]), StM is fully
data-driven and generalizes across objects given a reliable Decomposer. We intro-
duce two key components: (1) a transformation-aware training pipeline that pre-
vents shortcut learning and promotes a�ordance awareness, and (2) an identity-
preservation loss that maintains foreground identity while ensuring seamless
background integration. In addition, we propose quantitative metrics for appear-
ance and motion consistency, and leverage Vision-Language Models (VLMs) as
automated judges to complement human evaluation. Our key contributions are:
1. We propose StM, a scalable framework for generative video composition

that eliminates manual annotations. StM includes two novel components: the
transformation-aware training pipeline and the identity-preservation loss.

2. We release StM-50K, the �rst multi-layer video dataset created through an
automatic pipeline, which enables training future layer-based video genera-
tion methods.

3. We present a comprehensive evaluation including strong baselines, new quan-
titative metrics, user studies, and VLM-based judges, demonstrate that StM
substantially outperforms existing methods.

2 Related Work

Controllable Video Generation. The success of di�usion models in image
synthesis [21, 50, 53] has driven rapid progress in video generation, shifting em-
phasis from visual quality to controllability. Text-guided models [2,16,20,23,30,
32, 65] provide high-level semantic guidance but lack precise control over iden-
tity and complex motion. Image-to-video (I2V) models [14,18,29,40,42,49,52,68]
improve identity preservation via reference images, yet their static conditioning
fails to capture temporal dynamics. Structural controls, such as pose [5,24,31,38]
or spatial signals [19, 40, 55, 60, 61, 67], o�er �ne-grained guidance but remain
limited to image-level animation. Consequently, existing methods are inherently
image-centric, controlling isolated attributes rather than full video dynamics. In
contrast, we tackle a�ordance-aware composition that integrates identity and
motion from a foreground video with the dynamics of a background video.

Image and Video Composition. Existing composition methods mainly rely
on pixel-level blending techniques, such as color transfer [46, 48], harmoniza-



4 O. Kara et al.

tion [11], and gradient-domain pasting [28], to enhance realism [34, 63]. Video
extensions incorporate motion cues [6,56] but lack generative capabilities. Gen-
erative harmonization of two dynamic video layers remains largely unexplored.
Common baselines �rst insert objects at the image level (e.g ., PbE [64], Any-
Door [9], Qwen-Edit [59]), then animate the result with an I2V model; SkyReels [13]
follows a similar paradigm. However, these methods discard the original fore-
ground motion by conditioning on static images. Other approaches di�er in
scope: AnyV2V [33] propagates single-image edits, and VideoAnyDoor [54] in-
serts a static image into a video. The most related work, LayerFlow [27], gen-
erates all layers from text. In contrast, StM composes two existing video layers,
explicitly preserving both their identity and motion.

3 Video Composition via Split-then-Merge

3.1 Generative Video Composition
Generative video composition aims to synthesize a coherent video by integrating
a subject�together with its appearance and motion�from one source video into
the dynamic scene of another. Formally, the inputs include: (i) a foreground video
Vfg ∈ [0, 255]T×H×W (omitting the color channel for simplicity), containing a
primary subject and a binary mask Mfg ∈ {0, 1}T×H×W associated with it;
(ii) a background video Vbg providing scene context; and (iii) a text prompt T
describing the target scene. The objective is to generate Vpred that seamlessly
integrates the subject from Vfg into Vbg while preserving visual and motion
consistency.

This task poses two challenges. First, layer consistency requires preserving
foreground appearance and motion (e.g ., subject dynamics) as well as back-
ground scene and camera motion to avoid pasted-on artifacts. Second, a�or-
dance awareness requires semantic understanding to ensure physically plausible
placement and interaction (e.g ., placing a car on a road rather than in the sky).

3.2 Split-then-Merge Framework

Split-then-Merge (StM) is a generic data-driven framework for generative video
composition based on self-composition. The key idea is to use o�-the-shelf mod-
els to split an unlabeled video Vorg into layers and train a model to merge them
for reconstruction (Fig. 1(a)). Without human annotation, the StM Decomposer
automatically separates any unlabeled video into a foreground subject and back-
ground scene, and generates a text caption. This process converts raw videos
into training samples, enabling large-scale multi-layer dataset construction. A
di�usion-based generative model (i.e., the Composer) is then trained to merge
the layers back into the original coherent video.

This approach di�ers from conventional generative video and computational
photography methods, which rely on specialized algorithms or domain heuris-
tics [1,16,17,27,33,43]. Such methods are often con�ned to narrow domains (e.g .,
face swapping [1, 37, 51]), limiting scalability to diverse in-the-wild content. By
casting the task as inverting a decomposition process, our framework avoids
these constraints and learns realistic video composition directly from data.
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Fig. 3: StM Decomposer. The StM Decomposer integrates o�-the-shelf models to
split unlabeled videos. First, motion segmentation generates a foreground mask, which
is used to extract the foreground layer. An inpainting model then �lls the �holes" in the
masked background video. Finally, a video captioning model generates a descriptive
text caption for the original video.

3.3 Decomposer: Splitting Videos into Layers

A key challenge in generative video composition is the lack of large-scale multi-
layer video datasets. To address this, we design an automated pipeline that
decomposes videos into four components: a caption, a foreground layer, its mask,
and a background layer. As shown in Fig. 3, the StM Decomposer �rst employs a
pre-trained video-language model [57] to generate captions. An automatic motion
segmentation model (i.e., Segment-Any-Motion [25]) then extracts the primary
moving subject and its mask. The masked region is removed, and a state-of-the-
art video inpainting model [69] reconstructs a coherent background.

3.4 Composer: Learning to Merge

The StM Composer builds upon a latent di�usion transformer [65] for text-to-
video generation. It consists of a pre-trained space-time VAE encoder-decoder
(Ev, Dv), a text encoder (ET ), and a Di�usion Transformer (DiT) backbone
f(xt; θ), where xt denotes the latent input, θ represents the model parame-
ters, and t is the di�usion timestep. The standard objective is to recover the
clean latent from a noise-added latent conditioned on text embeddings. We
adapt this architecture for video composition via a transformation-aware training
pipeline with three components: multi-layer conditional fusion, transformation-
aware augmentation, and an identity-preservation loss.

Multi-layer Conditional Fusion. Fig. 4 illustrates the StM Composer archi-
tecture. The foreground video Vfg is �rst augmented to obtain Ṽfg. The original
video, background video, and augmented foreground are encoded by Ev to pro-
duce latent representations zorg, zbg, z̃fg, where zi = Ev(Vi). During di�usion,
noise ϵt is added to zorg following di�usion schedule ᾱt, and all visual latents are
fused via channel-wise concatenation followed by an MLP:

zvision,t = MLP(Concatchannel(
√
ᾱtzorg +

√
1− ᾱtϵ, z̃fg, zbg)). (1)

This channel-level conditioning provides dense spatio-temporally aligned guid-
ance, in contrast to token-based or cross-attention conditioning. By integrating
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Fig. 4: StM Composer Training. The Composer is trained to reconstruct a ground-
truth video latent from foreground, background, and text inputs. First, the foreground
video is augmented, and all video inputs (augmented foreground, background, ground
truth) are encoded into latents by a frozen Space-Time (ST) VAE. The text prompt
is encoded as Ztext. A noisy ground-truth latent (blue) is fused with background
(green) and augmented foreground (yellow) latents via a projection layer to produce
the visual representation Zvision. A Di�usion Transformer then processes Zvision and
Ztext to predict a composed latent (red). The identity-preservation loss comprises two
weighted sub-losses comparing the prediction (red) against the ground truth (blue)
using foreground- and background-aware masking.

foreground, background, and noisy input at each latent location, it enables joint
reasoning over all visual components and facilitates precise recomposition. The
text prompt T is encoded as ztext = ET (T ). The �nal transformer input is
xt = Concattoken(Tokens(zvision,t), ztext), which is fed into the DiT model to

predict zt = f(xt; θ), reconstructing the clean latent z0
∆
= zorg.

Transformation-Aware Augmentation. To prevent �copy-paste� shortcuts
and promote genuine compositional reasoning, we introduce a targeted augmen-
tation strategy. The key idea is to increase training di�culty by applying ran-
dom transformations solely to the conditioning foreground Vfg. The model must
therefore invert these transformations to correctly and plausibly place the sub-
ject within the background. Speci�cally, we apply spatial augmentations (ran-
dom horizontal �ipping, cropping, and resizing) and photometric changes (color
jittering) to the entire video. By perturbing the subject's orientation, scale, po-
sition, and color, we prevent memorization of �xed layouts and encourage true
a�ordance awareness and color harmony. This compels the model to learn
placement and harmonization principles rather than replicate patterns.

Identity-Preservation Loss. The standard latent di�usion objective is:

Lrecon = Ez0,t

[
∥z0 − f(xt, t; θ)∥2

]
, (2)

where we omit the constant weight wt for simplicity. This loss treats all latent
locations uniformly, as Ev preserves spatio-temporal locality and the ℓ2 objective
assigns equal weight across regions. However, video composition must balance
foreground identity with visual harmony. Over-optimizing for harmony can dis-
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tort identity (as shown in Fig. 2(d)), whereas strictly enforcing it often yields
disjoint compositions.

We introduce an identity-preservation loss to balance foreground identity
retention and overall harmony. Given the training-time foreground mask M, we
partition the latent space into foreground and background regions with separate
weights, yielding:

Lfg = Ez0,t

[∑(
(z0 − f(xt, t; θ))

2 ⊙M
)∑

M

]
,

Lbg = Ez0,t

[∑(
(z0 − f(xt, t; θ))

2 ⊙ (1−M)
)∑

(1−M)

]
. (3)

Both terms are normalized by their respective areas to reduce sensitivity to
object size. The �nal loss is a weighted combination:

L�nal = αLfg + (1− α)Lbg. (4)

This formulation explicitly controls the trade-o� between identity preservation
and compositional harmony.

Inference. Inference follows the training procedure with three di�erences: (1)
the ground-truth latent is replaced by a sampled noise latent ϵ, (2) foreground
augmentation is disabled, and (3) the space-time decoder (Dv) maps the pre-
dicted latent back to pixel space.

4 Experiments

4.1 Implementation Details

Decomposer. Our Decomposer (Section 3.3) processes unlabeled videos with
o�-the-shelf models: InternVL [10] for captioning, Segment-Any-Motion [25] for
foreground masks, and MiniMax Remover [69] for background inpainting.

Constructing StM-50K dataset. Because there are no existing large-scale
video datasets with comprehensive multi-layer annotations, creating this re-
source required rigorous curation and strategic sampling across diverse sources
to balance semantic categories and capture a wide spectrum of complex motion
dynamics. For training, we purposefully sourced videos from multiple datasets
to encompass a diverse set of subjects: animals (Animal Kingdom [41]), humans
(Panda-70M [7]), and general objects (Youtube-VOS [62], LVOS [22]). We then
applied our automatic pipeline to decompose these sampled videos into layers,
resulting in StM-50K, a training dataset of 50,000 processed clips.

For evaluation, we rely exclusively on the DAVIS dataset [45]. We curated
93 unseen triplets (foreground, background, text) where the foreground and
background originate from di�erent videos. These triplets span diverse semantic
categories�including animals, human actions, and rigid objects�to rigorously
test compositional generalization and ensure a comprehensive evaluation across
varying motion complexities. Note this evaluation set size is comparable to stan-
dard video generation benchmarks [13,27,33] ranging from 50�100 videos.
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Table 1: Quantitative Evaluation Metrics. Each metric computes the similarity
or distance f(., .) between the representation of the ground truth (rgt) and the cor-
responding predicted (rpred) layers. Here vgt and vpred denote the ground truth and
generated output videos, respectively, with superscripts FG and BG indicating the seg-
mented foreground and background layers, and t denotes the guidance text prompt.
ViCLIP [57], VideoSwin [35], and OptFlow [26] denote methods mapping video layers
(or text) into representations.

Metric f(·, ·) rgt rpred

(M1) FG ID Preservation Consistency of
the FG subject.

CosSim ↑ ViCLIP(vFGgt ) ViCLIP(vFGpred)

(M2) BG ID Preservation Consistency of
the BG scene.

CosSim ↑ ViCLIP(vBGgt ) ViCLIP(vBGpred)

(M3) Semantic Action Alignment
Fidelity of FG action to the ground-truth.

KL Div. ↓ VideoSwin(vFGgt ) VideoSwin(vFGpred)

(M4) BG Motion Alignment Consistency
of BG motion dynamics.

MSE ↓ OptFlow(vBGgt ) OptFlow(vBGpred)

(M5) Textual Alignment
Alignment between video and text.

CosSim ↑ ViCLIP(t) ViCLIP(vpred)

Composer. We adopt CogVideoX-I2V [65] as the base model, initialize with
pre-trained weights, and �ne-tune for 20K iterations. Training uses 16 NVIDIA
H100 GPUs (batch size 64) with bf16 precision. We employ AdamW [36] (β1=
0.9, β2 = 0.95, ϵ= 1e−8, weight decay 1e−4, max grad norm 1.0) and a cosine
scheduler (base LR 5e−6, 1K warm-up). Videos are resized to 49×480×720, and
the identity-preservation weight is α = 0.5.

To mitigate shortcut learning, we apply the following temporally consistent
augmentations sequentially to the foreground video: (1) random horizontal �ip-
ping (p=0.7); (2) random resized cropping (p=0.7, scale [0.5, 2.0], preserving
90% foreground); (3) color jittering (p = 0.2) exclusively on the masked fore-
ground to perturb brightness, contrast, saturation, and hue within [0, 0.2].

4.2 Evaluation Setups

Baselines. We evaluate StM against 7 SoTAmethods in three groups: cascaded
I2V, video-centric, and layer-aware methods. To ensure a strictly fair compari-
son, cascaded I2V baselines utilize the exact same pre-trained CogVideoX-I2V
backbone, inference steps, and classi�er-free guidance scales as our StM Com-
poser. These includeCopy-Paste + I2V (centered paste with half-scale bound-
ing box), PBE + I2V using Paint-by-Example [64], and Qwen + I2V using
Qwen-Edit [59]. Video-centric baselines include SkyReels [13], which composes
static images end-to-end, and AnyV2V [33], a tuning-free motion-aware editor.
Layer-aware methods like LayerFlow-FG and LayerFlow-BG [27] condition
on foreground or background layers, respectively. Notably, cascaded I2V base-
lines and SkyReels cannot preserve original foreground motion due to reliance
on static inputs.

Metrics. We evaluate all methods using �ve criteria through automated met-
rics and qualitative studies (user study and VLM-as-a-Judge). For quantitative
evaluation, we use [25] to decompose generated videos into foreground (FG) and
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Fig. 5: Qualitative Results. StM demonstrates robust motion preservation and af-
fordance awareness. Characteristic actions are faithfully retained (e.g ., cheetah, tennis
player). Subjects are plausibly integrated rather than �pasted,� as seen with the swan
and duck adapted to water �ow, and the lion and race car harmonized with appropriate
scene lighting and placement. See Supplementary for full videos.

background (BG) layers, which are compared with input FG/BG layers using
the metrics in Table 1. M1/M2 (FG/BG ID Preservation) measure appearance
consistency; M3 (Semantic Action Alignment) evaluates FG semantic motion;
M4 (BG Motion Alignment) measures BG pixel-level motion (camera and scene
dynamics); M5 (Textual Alignment) measures �delity of the composite video to
the guidance text prompt. M1�M4 are purposely designed to evaluate video com-
position by directly measuring �delity. M5 is a standard metric for image and
video generation, which we provide for completeness. For qualitative evaluation,
we conduct a user study with 50 participants on Proli�c [47] using 25 randomly
sampled test cases, and employ Gemini 2.5 Pro [12] as a VLM judge on the full
test set (see Supplementary). The four criteria are: (i) Identity Preservation
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Table 2: Quantitative Evaluation and Ablation Study. Comparison with base-
line methods (top) and ablations of each component (bottom) by removing them from
our full model. We report M1 (FG ID Preservation), M2 (BG ID Preservation), M3
(Semantic Action Alignment), M4 (BG Motion Alignment), and M5 (Textual Align-
ment). Metric directions are marked (↑, ↓). M1, M2, and M5 scores are multiplied by
100. Bold indicates the best performance, and underline is the second best. Percentage
changes in the ablation study are relative to our full model.

Method
ID Preservation Action / Motion Align. Text Align.

(M5) ↑
FG (M1) ↑ BG (M2) ↑ Sem. Action (M3) ↓ BG Motion (M4) ↓

Copy-Paste + I2V 83.08 85.02 1.61 184.59 19.21

PBE + I2V 73.52 80.19 2.47 98.08 19.41

Qwen + I2V 82.02 72.38 1.71 74.77 24.20

SkyReels 80.24 75.24 1.75 279.23 24.40

AnyV2V 77.73 56.36 1.70 154.97 24.13

LayerFlow-FG 83.02 60.21 1.47 143.47 18.74

LayerFlow-BG 50.27 91.73 2.35 24.72 19.57

StM (ours) 84.82 92.88 1.22 16.36 19.81

Aug. ID Loss Ablation Study

✓ ✓ 84.82 92.88 1.22 16.36 19.81

✓ × 82.01 (-3.3%) 88.25 (-5.0%) 0.92 (-24.6%) 23.75 (+45.2%) 16.42 (-17.1%)

× ✓ 83.15 (-2.0%) 89.20 (-4.0%) 0.70 (-42.6%) 16.61 (+1.5%) 16.56 (-16.4%)

× × 90.39 (+6.6%) 84.76 (-8.7%) 0.77 (-36.9%) 18.59 (+13.6%) 18.70 (-5.6%)

(FG & BG); (ii)Motion Alignment (FG & BG); (iii) FG-BG Harmony
(qualitative only); and (iv) Overall Quality (qualitative only).

4.3 Analysis

Quantitative Evaluation. Table 2 shows the quantitative advantages of StM.
For Identity Preservation, StM achieves the highest scores for both fore-
ground (M1: 84.82) and background (M2: 92.88), indicating reduced appearance
drift compared to I2V baselines that infer dynamics from a single frame (e.g .,
PBE + I2V). The gap widens in Action & Motion Alignment (lower is
better). StM attains the lowest FG action error (M3: 1.22), outperforming base-
lines (1.47�2.47) that hallucinate motion. For BG motion alignment, our method
scores M4: 16.36, substantially better than competitors (24.72�279.23), which of-
ten fail to preserve camera and scene dynamics and generate static backgrounds.

For Textual Alignment (M5), our method scores 19.81, performing sim-
ilarly to layer-aware baselines LayerFlow (18.74�19.57). This is expected, as
StM relies primarily on foreground-background layers for control, with the text
prompt provides complementary guidance to harmonize the composite rather
than driving generation from scratch. Methods that achieve higher M5 scores
(e.g ., SkyReels, Qwen + I2V) operate in a fully text-driven regime where the
prompt is the sole generative signal, naturally yielding stronger text alignment at
the cost of identity and motion �delity. In addition, because we introduce no new
parameters beyond a projection layer, our inference time remains identical to the
CogVideoX-I2V baseline. These quantitative results align with qualitative fail-
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Table 3: Pairwise Preference Study (Win Rates). We present a qualitative
study where human evaluators and a VLM judge (Gemini 2.5 Pro) performed pairwise
comparisons between our method and a baseline. The percentages re�ect our method's
�win rate� (i.e., how often it was preferred over the baseline). Values in green indicate
our method is preferred (>50%), while red indicates the baseline is preferred (<50%).

Ours vs. Baseline

User Study (in %) VLM Judge (in %)

Identity Preserv. Motion Align. FG-BG
Harmony

Overall
Quality

Identity Preserv. Motion Align. FG-BG
Harmony

Overall
Quality

FG BG FG BG FG BG FG BG

Copy-Paste + I2V 72.73 83.04 76.65 84.90 86.53 86.50 57.30 85.88 65.17 80.00 91.95 90.00

PBE + I2V 87.77 88.00 84.76 88.06 88.54 88.50 87.78 95.35 84.27 90.91 90.80 92.22

Qwen + I2V 59.06 73.56 61.23 70.44 55.11 55.10 52.17 90.36 52.17 84.81 54.95 46.73

SkyReels 68.74 82.38 67.38 79.59 64.46 64.50 57.14 94.44 61.11 89.87 69.66 65.93

AnyV2V 84.45 87.46 88.80 88.72 89.62 89.60 96.10 100.00 98.72 98.75 95.00 100.00

LayerFlow-FG 51.00 94.79 54.15 91.55 86.76 88.71 52.04 100.00 62.24 95.92 87.76 90.82

LayerFlow-BG 94.89 83.08 94.32 84.12 93.36 95.89 93.88 56.12 96.94 77.55 97.96 95.92

ures observed in baselines, such as a lack of a�ordance awareness in Copy-Paste
+ I2V and content inconsistency in Qwen + I2V.

User Study / VLM as a Judge. We conduct qualitative preference studies
(Table 3) to complement automated evaluations (Table 2) and assess attributes
beyond quantitative metrics, including FG-BG Harmony and Overall Quality.
For Identity Preservation, both human and VLM judgments align with auto-
mated results, consistently favoring StM. For Action & Motion Alignment (FG
& BG), StM achieves notably high win rates, highlighting a key limitation of I2V
baselines that discard temporal dynamics by operating on static frames. In con-
trast, conditioning on full video layers enables StM to preserve motion. It is also
strongly preferred for FG-BG Harmony (often >85%), demonstrating e�ective
a�ordance-aware integration. High Overall Quality scores further re�ect these
advantages. Although Qwen + I2V is competitive in perceived quality, it per-
forms poorly on motion and identity metrics, indicating that visual appeal alone
does not ensure dynamic or identity �delity. Appendix A2.2 (in the supplemen-
tary material) o�ers a focus evaluation with a greater emphasis on a�ordance
awareness.

Qualitative Evaluation. Fig. 5 and 6 demonstrate StM's ability to produce
a�ordance-aware, dynamically coherent compositions. As shown in Fig. 6, StM
preserves rapid camera motion with a running goat (Left), correctly orients and
positions a boat with wave dynamics (Center), and maintains a car's complex
turn while aligning it with road geometry and lighting (Right). Fig. 5 further il-
lustrates robust identity and motion preservation (cheetah, tennis player), along-
side realistic integration of subjects (swan, duck, lion) with water �ow, shadows,
and illumination, avoiding a pasted appearance.

Ablation Study. Table 2 presents ablation results. The w/o Both variant
learns a harmful copy-and-paste shortcut, yielding in�ated FG scores (90.39 FG
Identity, 0.77 FG Action) but poor compositional quality (18.59 BG Motion).
Adding transformation-aware augmentation disrupts this shortcut: without ID
Loss, FG Identity drops to 82.01, and FG Action slightly increases to 0.92,
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Fig. 6: Qualitative comparison. Our method (StM) uniquely preserves complex dy-
namics and achieves a�ordance-aware harmony where baselines fail. (Left) StM alone
maintains both the rapid background camera motion and realistic foreground running
motion. (Center). StM demonstrates a�ordance by adapting the boat's orientation
and height of the waves. (Right) StM accurately preserves the car's semantic action,
road alignment, and lighting consistency, unlike alternative methods. See Supplemen-
tary for full videos.

re�ecting genuine composition. Removing Augmentation alone fails to prevent
shortcut learning (0.70 FG Action). The full StM balances both components,
and achieves lower FG scores (84.82 FG Identity, 1.22 FG Action) but better
BG Identity (92.88) and BG Motion (16.36). This con�rms the need for both
modules in robust, a�ordance-aware composition.

4.4 In-the-Wild Evaluation

We further evaluate StM through a series of stress tests along three dimen-
sions: (i) generalization to real-world background videos with diverse scenes
and lighting; (ii) logically inconsistent composition prompts; and (iii) iterative
multi-object insertion. Foregrounds are drawn from the StM test set, while back-
grounds are handheld videos captured in varied environments (e.g ., parks, back-
yards, living rooms) under changing illumination.

Generalization to Real-World Examples. Fig. 7(a) shows robust perfor-
mance across scenes and lighting. StM seamlessly inserts an elephant into a
night-time park, adapting illumination to ambient conditions, and reposes a pig
to harmonize with balcony geometry and context.

Logically Impossible Composition. Fig. 7(b) presents results under seman-
tically inconsistent prompts. StM re-orients a boat to align with road perspective
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Fig. 7: StM In-the-Wild. StM is stress-tested to show its ability to: (a) generalize
to smartphone videos with varying scenes and lighting, (b) creatively resolve logically
impossible prompts such as �a boat �oating on a road�, and (c) seamlessly integrate
multiple objects into a single background via recursive composition. Full-resolution
videos and extended results are available in the Supplementary.

while synthesizing water on asphalt, and transforms part of a road into water
to accommodate a swimming duck. These examples highlight strong geometric
reasoning and a�ordance awareness.

Multi-Object Insertion. Fig. 7(c) demonstrates iterative composition, in-
serting a pig and a goat sequentially into a living room. StM grounds both
subjects on the �oor and synthesizes consistent shadows, indicating scalability
to complex multi-object scenarios.

Challenging Test Cases. Fig. 8 illustrates challenging test cases for StM caused
by severe occlusion and scale ambiguity. In the �rst example (Fig. 8(a)), StM can-
not reconstruct the entire panda due to severe occlusion in the foreground input.
However, it still manages to partially recover the subject and harmonize its col-
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Fig. 8: Challenging Test Cases. (a) Severe occlusion in the foreground prevents
full reconstruction of the panda. (b) Scale ambiguity from StM placing the heron with
disproportionate size on the street. See Supplementary for videos.

ors with the background scene. In the second example (Fig. 8(b)), although
StM plausibly grounds the heron on the street, the subject's scale is dispropor-
tionately large relative to the rest of the scene.

4.5 Robustness to Decomposer Quality

Because StM relies on an o�-the-shelf Decomposer to produce its foreground
(FG) layers, we evaluate its robustness to imperfect FG masks. We corrupt the
FG masks during inference via two perturbations of increasing severity: random
pixel masking (randomly removing interior pixels of the FG mask) and bound-
ary erosion (removing pixels along the FG boundary). We then evaluate StM
composition under these corrupted FGs (Table 4).

StM degrades gracefully, consistently outperforming LayerFlow-FG/BG across
all metrics (M1�M4) and severities. It also surpasses AnyV2V entirely on M2
and M4, and maintains its lead on M1 (up to 25% masking and 50% erosion)
and M3 (up to 10% masking and 25% erosion). This robustness is due to: (i)
supervised losses operating in a latent space, making StM less sensitive to pixel
variations; (ii) a highly diverse training dataset; and (iii) the use of imperfect
FG inputs during training. Figure 9 shows StM composed results under di�erent
levels and types of corrupted FG.

Besides a�ecting inference, the Decomposer may also bias the evaluation
metrics (M1�M4). We provide a full comparison of StM with other baselines
using three di�erent Decomposer options in Appendix A1.4 (in the supplemen-
tary material). The main �ndings still hold and are independent of the choice of
Decomposer.

4.6 Limitation

StM still occasionally generates videos with scale inconsistencies between fore-
ground objects and the background scene, e.g ., Fig. 8(b), the duck example in
Fig. 7(b), and Fig. 2(e). It is inherently challenging for a purely data-driven ap-
proach to automatically deduce the relative sizes of disparate semantic categories�
such as understanding that a duck is similar in size to a swan, but signi�cantly
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Table 4: Decomposer corruption (evaluated with SAM-3). StM composition under
random pixel masking and boundary erosion of the foreground masks, compared against
the clean setting and the video baselines.

M1↑ M2↑ M3↓ M4↓ M5↑
Clean 82.22 90.60 1.06 16.88 19.81

LayerFlow-FG 53.99 26.35 3.97 176.24 18.74
LayerFlow-BG 51.93 80.15 4.12 79.13 19.57
AnyV2V 75.90 56.58 1.37 175.36 24.13

Rand. Pixel Masking 10% 79.59 89.83 1.29 17.38 19.26
Rand. Pixel Masking 25% 77.08 88.66 1.41 17.33 19.29
Rand. Pixel Masking 50% 73.27 87.07 1.72 26.94 18.47
Rand. Pixel Masking 75% 73.87 88.22 1.81 27.00 18.47

Mask Erosion 10% 79.09 89.08 1.30 17.20 19.42
Mask Erosion 25% 78.28 88.49 1.32 17.24 19.37
Mask Erosion 50% 76.86 87.40 1.44 19.35 19.11
Mask Erosion 75% 74.06 87.51 1.63 21.20 19.03

Fig. 9: StM composition under corrupted foregrounds. Randomly-masked and
eroded foreground regions are shown for several severity levels; StM recovers a coherent
composition in each case.

smaller than a boat. Future work will explore incorporating relative scale priors
for semantic objects and scenes directly into the training pipeline.

5 Conclusion

We present StM, a practical pipeline for generative video composition that ad-
dresses data scarcity via a scalable �Split-then-Merge� strategy. By decompos-
ing unlabeled videos into dynamic layers and self-composing them, StM learns
subject-scene composition without manual annotation. Built on the StM-50K
multi-layer dataset, our approach incorporates two key components: an identity-
preservation loss for subject �delity and transformation-aware training for mo-
tion and a�ordance modeling. Extensive experiments demonstrate that StM out-
performs prior methods in motion preservation and compositional harmony.
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