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Figure 1. RGBA Video Generation with TransAnimate. By utilizing pre-trained text-to-transparent image models, the motion-guided
control mechanism, and the proposed dataset, TransAnimate enables high quality generation and effective control of video content.

Abstract

Text-to-video generative models have made remarkable ad-
vancements in recent years. However, generating RGBA
videos with alpha channels for transparency and visual ef-
fects remains a significant challenge due to the scarcity
of suitable datasets and the complexity of adapting exist-
ing models for this purpose. To address these limitations,
we present TransAnimate, an innovative framework that
integrates RGBA image generation techniques with video
generation modules, enabling the creation of dynamic and
transparent videos. TransAnimate efficiently leverages pre-
trained text-to-transparent image model weights and com-
bines them with temporal models and controllability plug-
ins trained on RGB videos, adapting them for controllable
RGBA video generation tasks. Additionally, we introduce
an interactive motion-guided control mechanism, where di-
rectional arrows define movement and colors adjust scaling,
offering precise and intuitive control for designing game
effects. To further alleviate data scarcity, we have devel-

oped a pipeline for creating an RGBA video dataset, in-
corporating high-quality game effect videos, extracted fore-
ground objects, and synthetic transparent videos. Compre-
hensive experiments demonstrate that TransAnimate gener-
ates high-quality RGBA videos, establishing it as a practi-
cal and effective tool for applications in gaming and visual
effects.

1. Introduction

Text-to-video generation models have achieved remarkable
progress in recent years, enabling the creation of dynamic
and visually engaging content widely applied in video edit-
ing, image animation, and motion customization. Further-
more, methods incorporating control signals like optical
flow, pose skeletons, and multimodal inputs have been pro-
posed to achieve more precise video generation guidance.
Alpha channels play a vital role in producing high-quality
visual effects, as they allow transparent elements such as
smoke, fire, and light to seamlessly integrate into complex
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scenes. This capability is particularly critical in game de-
velopment, where transparency effects are central to creat-
ing immersive and realistic experiences. However, generat-
ing controllable RGBA videos with special effects remains
highly desirable yet challenging.

Despite breakthroughs in video generation models,
RGBA video synthesis remains underdeveloped. This
dilemma stems from dual constraints: (1) the lack of
large-scale RGBA video datasets severely limits algorith-
mic exploration, and (2) existing solutions like LayerDif-
fuse, while capable of generating static transparent images,
cannot be seamlessly integrated with video generation mod-
els. The core challenge lies in leveraging massive RGB
video pretraining resources and RGBA image generation
models to build a data-efficient transparent video frame-
work—an urgent problem we address.

This paper presents TransAnimate, a framework that uni-
fies transparency modeling and video generation through
three synergistic innovations.  First, we establish an
RGBA video synthesis pipeline and construct a founda-
tional RGBA video dataset. Second, we combine An-
imateDiff’s motion modeling capabilities, LayerDiffuse’s
transparency generation expertise, and sparse-control video
methods by fine-tuning adaptation layers on limited RGBA
video data. Third, we design motion control mechanisms
tailored for game visual effect artists, enabling pixel-precise
control through directional arrows for trajectory specifica-
tion and hue parameters for effect scaling.

While large-scale RGB video datasets contain millions
of samples, the scarcity of RGBA video data remains a sig-
nificant bottleneck. To address this limitation, we employ
three complementary data collection strategies: (a) curating
high-quality videos from game designers to capture authen-
tic transparency properties, (b) extracting foreground ob-
ject videos from instance segmentation data to enhance mo-
tion diversity, and (c) synthesizing controllable transparent
videos using parametric transformations such as translation
and scaling. Each strategy has distinct advantages and lim-
itations: (a) provides superior visual quality but lacks cat-
egory diversity, (b) introduces diverse motion patterns but
suffers from incomplete foregrounds and imperfect edges,
and (c) ensures precise edges and broad category cover-
age but is limited in motion complexity. Additionally, we
manually curate high-quality results from models trained on
these datasets and incorporate them as supplementary train-
ing data in an iterative refinement process. To balance these
trade-offs, we propose a positive trigger strategy, which as-
signs distinct learnable tokens to each data source. This
approach helps mitigate the impact of imperfect data distri-
butions by preventing the model from absorbing unwanted
features, thereby improving overall learning efficiency.

Architecturally, we first augment LayerDiffuse with
temporal modules initialized using AnimateDiff’s RGB-

pretrained weights, eliminating costly training from scratch.
Subsequent fine-tuning on RGBA video data enables effec-
tive adaptation of motion priors from AnimateDiff. For con-
trollable generation, we repurpose RGB-pretrained Spar-
seCtrl [13] with input-layer fine-tuning—experiments show
minimal parameter adjustments suffice for high-consistency
control.

Addressing game developers’ needs, we implement a
vector-chroma joint control system: Motion vectorization
enables 8-directional trajectory control with velocity pa-
rameterization, while chromatic scaling regulates effect
magnitudes. This integrated control mechanism signifi-
cantly enhances flexibility for game visual effects creation,
empowering designers to produce high-quality customiz-
able effects with unprecedented efficiency and precision.
By unifying transparency modeling and motion dynamics,
our method achieves diverse RGBA video generation while
maintaining controllability comparable to RGB video ap-
proaches.

Our contributions are summarized as follows:

* We propose TransAnimate, a framework for generating
temporally coherent layered transparent videos and ef-
fects.

* We develop a dataset pipeline integrating game effects,
segmented foregrounds, and synthetic videos, refined via
iterative enhancement and a positive trigger strategy to
mitigate distribution mismatches.

* We introduce novel directional-chromatic controls en-
abling pixel-accurate motion specification for game ef-
fects.

2. Related Work

Text-to-video generation. Recent advancements in text-to-
video (T2V) generation [6, 15, 18, 21, 34, 44] have predom-
inantly utilized diffusion models [16, 28, 32, 36], celebrated
for their training stability and robust open-source ecosys-
tems. A foundational milestone in this domain is the Video
Diffusion Model [17], which extends a 2D image diffusion
framework to handle video data by jointly training on im-
age and video datasets from scratch. Building upon this,
subsequent approaches leverage pre-trained image genera-
tors, such as Stable Diffusion [33], by integrating tempo-
ral layers into the existing 2D architectures and fine-tuning
on expansive video datasets [1]. Among innovative meth-
ods, Align-Your-Latents [3] achieves efficient T2V conver-
sion by aligning noise maps sampled independently for each
frame, while AnimateDiff [12] incorporates a modular mo-
tion layer, enabling the generation of high-quality anima-
tions on customized image generation backbones [35]. To
address temporal coherence challenges, Lumiere [2] elim-
inates the need for a temporal super-resolution module by
directly generating videos with consistent frame rates. Fur-
ther notable advancements include adopting scalable trans-
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Figure 2. Framework Overview. TransAnimate generates transparent videos by learning motion patterns from videos. A frozen Transpar-
ent Encoder extracts features, refined by Temporal Attention and Linear Layers. Pre-trained SparseCtrl weights enable control via motion,
sketches, and RGB images. A frozen Transparent Decoder reconstructs transparent frames, enhancing generation with limited RGBA data.

former architectures [26], leveraging spatiotemporal com-
pressed latent spaces, as demonstrated by W.A.L.T.[14] and
Sora[4], and utilizing discrete tokens alongside language
models for video synthesis, exemplified by VideoPoet [23].
Building on previous RGB video generation approaches,
our method introduces text-to-RGBA video generation tai-
lored for game effects design, addressing a significant gap
in this domain.

Controllable video generation. Existing text-to-video
models often suffer from limited control, as relying solely
on text descriptions introduces ambiguity and reduces pre-
cision. To address this, various methods incorporate explicit
guidance signals. For instance, some approaches use depth
maps or skeleton sequences to dictate scene layout or hu-
man motion with greater accuracy [7, 8, 11, 20, 37, 45].
Others leverage image-based control signals, which en-
hance video quality and improve temporal consistency [11,
27]. Despite these advances, controlling camera motion
during video generation remains underexplored. Animate-
Diff [12] applies LoRA [19] fine-tuning to adapt model
weights for specific camera angles. Direct-a-Video [41]
incorporates a camera embedder for pose control but sup-
ports only basic parameters, limiting its capacity to simple
motions like panning. MotionCtrl [39] extends this idea
with additional input parameters to enable complex cam-
era trajectories. However, its reliance on fine-tuning com-
ponents of the diffusion model compromises generaliza-
tion. In this work, we introduce a novel motion-guided con-
trol framework specifically designed for generating trans-
parent videos with predefined motion directions and scales.
This method fills a critical gap by offering game effect de-
signers a powerful and flexible tool for creating dynamic,
high-quality content that meets the unique demands of their

workflows.

Transparent Layer Processing Most existing ap-
proaches for transparent layer generation focus primarily
on image generation, closely linked to image matting tech-
niques. For instance, PPMatting [5] is a neural net-
work model for image matting, trained from scratch us-
ing standard matting datasets. Building on advancements
in foundational models, Matting Anything [24] leverages
the Segment Anything Model (SAM) [22] as its back-
bone for matting tasks, while VitMatte [42] utilizes a Vi-
sion Transformer (ViT) in a tri-map-based matting frame-
work. Expanding beyond traditional matting, recent inno-
vations explore the integration of layered effects in diffu-
sion models. LayerDiffuse [43] introduces the concept of
”latent transparency.” This technique encodes alpha chan-
nel transparency directly into the latent manifold of a pre-
trained latent diffusion model by modifying the Variational
Autoencoder (VAE) to decode alpha channels, enabling
richer transparency effects. Despite these advancements,
transparent video generation remains significantly underex-
plored. SAM-2 [31] integrates a Transformer architecture
with streaming storage and memory mechanisms to provide
coherent segmentation predictions across video sequences.
However, SAM-2 is not explicitly designed for video gen-
eration and struggles to create diverse, high-quality trans-
parent layers essential for effects like fire, light, and smoke,
which are crucial in game effect design. In this work, we
introduce a novel framework tailored for game effect gen-
eration, enabling text-to-RGBA video generation with sup-
port for various control modalities. Our approach addresses
the limitations of existing methods, providing an innova-
tive solution for creating visually compelling and dynamic
transparent layers in video content, specifically for gaming
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(b) Foreground Object Videos Dataset with 7,000 segmented videos capturing diverse motion patterns, and (c) Synthesized Transparent
Motion Videos with 20,000 generated samples featuring controlled motion transformations. For synthesized dataset, from top to bottom, it
represents Motion Caption, Raw Image, Synthetic, and Motion Control.

applications. RYxex fxhxw

are reshaped to allow the image layers to pro-
cess frames independently, while a newly introduced mo-

3. Method tion module captures temporal dependencies across frames.
The motion module in AnimateDiff employs a temporal
Transformer enhanced with self-attention blocks and sinu-
soidal position encodings. Input features are reshaped into
sequences along the temporal axis to facilitate inter-frame

information exchange:

Our approach enables a latent diffusion model to learn
transferable motion priors from video data while leverag-
ing existing text-to-transparent-image generation methods
to produce transparent videos. In Section 3.1, we introduce
the foundational principles of our method. Section 3.2 de-

tails the dataset preparation process. Section 3.3 demon- Zows = Softmax(QKT /\/c) -V, 2)
strates how the proposed positive prompts enhance motion

and edge quality. Section 3.4 elaborates on the TransAni- where @, K,V are linear projections of the input features.
mate framework for transparent video generation. Finally, This design effectively encodes motion priors, enabling the
Section 3.5 explores how pretrained SparseCtr]l weights are generation of coherent and realistic animations.

adapted to achieve controllable transparent video genera-

tion 3.2. New Dataset for Transparent Video Generation

Achieving high-quality transparent video generation

3.1. Preliminary presents three major challenges: (1) ensuring high-fidelity

Stable Diffusion (SD), a widely-used open-source text-to- transparent layers, (2) capturing realistic and dynamic
image (T2I) model, performs the diffusion process in the motion, and (3) maintaining sufficient diversity in video
latent space of a pre-trained autoencoder. This process per- content. To address these challenges, we construct a
turbs the encoded image zop = &£(zg) into z; at step ¢ by comprehensive dataset by collecting and synthesizing three
adding noise: distinct types of video data, ensuring that our network
2 = @z + VI = e, € ~ N(0, ), 1 E;rlrslrs)afrr:;zyfhverse samples with high-quality motion and
where & governs the noise strength. The denoising UNet Animate Dataset. The animate dataset consists of 3,000
€p, utilizing an MSE loss, predicts noise while integrating professionally curated game effect videos created by expert
ResNet, self-attention, and cross-attention mechanisms to designers. These videos feature complex and visually rich
incorporate text conditions effectively. animations, such as explosions, energy transformations, and
AnimateDiff [12] is an extension of T2I models, lever- magical effects. Each video is carefully selected to ensure
ages video data to learn transferable motion priors, en- high transparency quality and realistic motion.
abling animation generation through iterative denoising. Foreground Object Videos Dataset. To enhance di-
The method consists of three core components: a domain versity and capture a wide range of motion patterns,
adapter, a motion module, and a LoRA-based extension, all we construct a foreground object dataset by extracting
seamlessly integrated into the T2I framework during infer- 7,000 videos from large-scale video instance segmenta-
ence. tion datasets, including VideoMatte240K [25], MeViS [9],
To model temporal dynamics, AnimateDiff inflates the YouTube-VOS [40], DAVIS [29], and MOSE [10]. These
2D T2I model to handle 3D video data. Video tensors x € datasets cover a broad range of object categories, ensuring
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Figure 4. Text-to-RGBA video generation results of TransAnimate.

RGBA Edge Motion Category

Dataset

Quality Quality Diversity
Game Effects Dataset v v X
Foreground Dataset X v v
Synthetic Dataset v X v
Iterated Dataset v v v

Table 1. Comparison of datasets based on three key quality as-
pects.

the dataset includes diverse appearances, textures, and mo-
tion trajectories. Using video instance segmentation tech-
niques, we extract foreground objects and retain only those
exhibiting significant motion dynamics.

Synthesized Transparent Motion Videos. To further
improve transparency quality and motion diversity, we gen-
erate 20,000 synthetic transparent videos by applying con-
trolled motion transformations to foreground images from
predefined transparent classes. These transformations in-
clude translation, scaling, and rotation, ensuring that the
dataset captures a wide variety of movement behaviors. The
motion characteristics are visualized with directional ar-
rows (for translation) and color-coded indicators (green for
scaling up, blue for stability, and red for shrinking). Cap-
tions are generated based on the transparent class and ap-
plied motion transformation, ensuring a strong alignment
between textual descriptions and visual content.

Data Iteration We jointly train the TransAnimate model
on the aforementioned three datasets, employing a data it-
eration strategy to manually curate high-quality generated
results as supplementary training data. This effectively mit-

igates the scarcity of RGBA data. The animate dataset en-
sures high-quality transparent layers and realistic motion,
the foreground object dataset provides diversity in motion
and appearance, and the synthesized transparent motion
dataset further refines transparency and motion control. To
address the limitations of different datasets, we adopt a neg-
ative trigger strategy to filter out undesirable features, sig-
nificantly enhancing the performance of transparent video
generation.

3.3. Positive Triggers

As shown in Table 1, the datasets we collect exhibit certain
limitations in terms of quality attributes. Specifically, the
Foreground Dataset demonstrates strong motion quality but
suffers from poor edge quality, while the Synthetic Dataset
excels in edge quality but lacks sufficient motion fidelity. To
mitigate these issues, we leverage positive triggers during
training, explicitly guiding the model to learn high-quality
attributes from different datasets.

For instances originating from the Synthetic Dataset,
we include positive triggers emphasizing good edge qual-
ity, helping the model recognize and reinforce well-defined
edges. Conversely, for samples from the Foreground
Dataset, we incorporate positive triggers highlighting strong
motion attributes, enabling the model to better capture dy-
namic motion patterns. This targeted approach allows the
network to develop a more comprehensive understanding
of both motion and edge quality during training.

During inference, we combine positive triggers for both
good edge and motion quality, ensuring that the gener-
ated results exhibit improved sharpness and dynamic con-
sistency. This strategy enhances the overall quality of
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Figure 5. Conditional generation results from TransAnimate. The qualitative results are results with sketch, depth, and RGB image

conditions.
borders.

RGBA video generation by bridging the strengths of multi-
ple datasets.

3.4. Text2RGBA Video Generation

Our method introduces a novel approach to RGBA video
generation by extending text-to-transparent-image frame-
works, particularly by using LayerDiffuse [43]. Unlike
prior methods focused solely on RGB, we address the
unique requirements of generating transparent animations,
crucial for game effects design.

The framework integrates a motion module inspired
by AnimateDiff [12], enabling animation through iterative
denoising. This module is trained independently while
keeping the text-to-transparent-image generation network
frozen. By incorporating this learnable module into Lay-
erDiffuse, we achieve temporal animation while preserving
the high-quality transparency features of the original model.

To adapt LayerDiffuse for video generation, we ex-
tend its architecture to process 5D video tensors x €
Rbxexfxhxw where b, ¢, f, h, and w denote the batch size,
channels, frames, height, and width, respectively. Follow-
ing a network inflation strategy similar to AnimateDiff [3],
we allow the image layers to process frames independently
by reshaping the temporal axis f into the batch axis during
feature extraction and restoring it afterward.

The input conditions are displayed on the left, while the keyframes guided by these conditions are highlighted with blue

Conversely, the motion module reshapes spatial dimen-
sions (h, w) into the batch axis during temporal processing,
which is restored post-processing. This design ensures effi-
cient and independent handling of spatial and temporal di-
mensions.

The motion module captures temporal dependencies by
dividing the reshaped feature map along the temporal axis
into a sequence of vectors {z;,22,...,2f}, where each
vector corresponds to a frame. These vectors are pro-
cessed through self-attention layers, enabling temporal in-
teractions:

-
Zout = Softmax (Qjé ) V, 3)

where ) = Wz, K = WKz and V = WV 2 are the
query, key, and value projections of the input features. This
mechanism ensures temporal coherence by enabling infor-
mation flow across frames.

During training, the encoder, decoder, and 3D U-Net
components of LayerDiffuse are frozen, and only the mo-
tion module is trained. The diffusion process progressively
adds noise to the latent representation x; over time steps
t. The network predicts the added noise using a denoising
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Figure 6. Qualitative comparison of SparseControl’s original
weights with our trained weights.
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Figure 7. Qualitative comparison of results obtained using one-
stage and two-stage training datasets.

FVD CLIP RGBA  Motion

FVD CLIP RGBA Motion

Quality  Quality Quality  Quality
Original control  1400.86 1922  16.32 18.17 One-stage  485.63  28.55  67.05 69.17
Trained control ~ 407.41 30.57 83.62 82.28 Two-stage 429.82 29.32 76.32 78.79

Table 2. Quantitative comparison of SparseControl’s original
weights with our trained weights.

model ¢y, minimizing the following objective:

BRAONHE
“)
At inference, the pre-trained latent transparency decoder
of LayerDiffsion, D(, -), reconstructs the video’s RGB and
alpha channels. Given the adjusted latent representation x,
the decoder outputs the transparent video:

1
L= Eg(w(lj:f)vyﬁl’fNN(O,I),t [Hf —eo(2

[fc foz] = D(Ia wa)a &)
where I, and I, represent the reconstructed color and alpha
channels, respectively. This process ensures high-quality
RGBA video outputs suitable for game effects.

3.5. Controllable RGBA Video Generation

This section demonstrates how to apply SparseCtrl [11],
which was trained on RGB videos, to RGBA controllable
generation, incorporating three types of controls: motion
control, RGB image control, and sketch control. Notably,
we propose utilizing only the RGB channels of RGBA
videos as control inputs, which is more practical for down-
stream tasks. We reuse the pre-trained weights of Spar-
seCtrl and keep them frozen, while fine-tuning the Adapter
layer on RGBA videos to align with TransAnimate Unet.
This strategy effectively leverages the prior knowledge of
the pre-trained RGB model, enabling RGBA video genera-
tion and control even with limited RGBA training data.
Motion-Guided Video Generation. Motion guidance
is crucial for intuitive game effect design, enabling creators
to precisely control the direction and scale of animations.
Existing methods often lack support for such fine-grained
functionality. Our motion control mechanism allows users

Table 3. Quantitative comparison of results obtained using one-
stage and two-stage training datasets.

to define the generation direction using arrows and indi-
cate the effect scale using colors. For example, a transpar-
ent video effect can be guided to move from left to right
while gradually shrinking, providing game designers with
enhanced control and adaptability for their creative work-
flows.

Sketch-to-Video Generation. Sketches offer an intu-
itive and accessible way for non-professional users to guide
T2V generation. SparseCtrl [11] allows users to input
sketches to shape video content. A single sketch can de-
fine the overall layout, while multiple sketches—such as
for the first, last, and key intermediate frames—can guide
coarse motion and transitions. This functionality is espe-
cially suited for tasks like storyboarding, enabling creators
to visualize and iterate on video concepts effortlessly.

Image Animation and Transition. SparseCtrl [11] uni-
fies various video generation tasks, including video predic-
tion, animation, and interpolation, under a single frame-
work leveraging RGB image conditions. Image animation
generates videos based on the first frame, while transitions
are guided by both the first and last frames. Video predic-
tion uses initial frames to extrapolate motion, and interpo-
lation creates smooth transitions between sparsely provided
keyframes. By unifying these tasks, SparseCtrl broadens
the applicability of video generation methods, making them
versatile tools for diverse creative and practical scenarios.

4. Experiments

4.1. Experiment Setting

Setup. Our method leverages the pre-trained VAE encoder,
decoder, and 3D-UNet architecture from LayerDiffuse, with
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Without
positive
prompts

With
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Figure 8. Qualitative comparison of results with and without the
proposed positive triggers.

the motion module adapted from AnimateDiff. The training
resolution is set to 256 x 256 for 16 frames. We train the
model for a total of 3,000 iterations with a batch size of 16,
utilizing two NVIDIA A100 80GB GPUs. The learning rate
issetto 1x1075, ensuring stable and effective optimization.
Evaluation Metrics. We evaluate RGBA and motion qual-
ity using CLIP Score [30], FVD [38], and a user study. In
the user study, 15 participants assess 50 generated videos
based on two key aspects: (1) the quality of RGBA edges
and (2) the realism and smoothness of motion.

4.2. Qualitative Results

Figure 4 presents qualitative results. These examples il-
lustrate the model’s ability to produce high-quality trans-
parency effects while preserving fine details and struc-
tural consistency. Furthermore, the results demonstrate the
model’s strong generalization across various content types,
reinforcing its robustness and adaptability.

4.3. Qualitative Controllable Results

Our approach seamlessly integrates with SparseControl to
facilitate multi-modal video generation, enabling precise
control over object structure, movement, and appearance.
Users can provide sketches, motion trajectories, or refer-
ence images to guide the generation process. Figure 5 il-
lustrates qualitative results, demonstrating the model’s ca-
pability to generate transparent images with high fidelity
while maintaining user-defined control inputs. These results
highlight the model’s ability to produce visually compelling
outputs and generalize effectively across diverse content.

4.4. Ablative Study

Effectiveness of Control Training. We evaluate the effec-
tiveness of our control method by comparing it with the pre-
trained weights provided by SparseControl. As shown in
Figure 6 and Table 2, directly applying RGB pre-trained
weights fails to preserve structural consistency in control-
lable RGBA video generation. In contrast, our approach
successfully adapts RGB-based control to RGBA videos,
achieving superior alignment with the control image while
maintaining transparency effects. These results highlight

RGBA  Motion

FVD CLIP Quality  Quality
w/o Positive Prompts ~ 458.37 28.95 71.58 73.31
w Positive Prompts 429.827 29.32 7632 78.79

Table 4. Quantitative comparison of results with and without the
proposed positive triggers.

the ability of pre-trained RGB control weights to general-
ize effectively to RGBA video generation, addressing the
challenges posed by the scarcity of RGBA training data.

Two-Stage Training. We examine the impact of a two-
stage training strategy on generation quality. As illustrated
in Figure 7, this approach enhances dataset diversity and
scalability without compromising visual fidelity, resulting
in more stable and high-quality video generation. Addi-
tionally, the quantitative results in Table 3 confirm that the
two-stage training strategy significantly improves the final
performance of the generated RGBA videos, demonstrating
its effectiveness in refining output quality.

Positive Triggers. We analyze the contribution of the
proposed positive prompts strategy in enhancing generation
quality, particularly in motion coherence and RGBA edge
fidelity. As shown in Figure 8, this technique enriches
dataset diversity while preserving structural integrity, lead-
ing to more consistent and visually refined outputs. Fur-
thermore, Table 4 provides quantitative evidence that incor-
porating positive prompts significantly enhances the overall
quality of generated RGBA videos, reinforcing its effective-
ness as a control mechanism.

5. Conclusion

In this paper, we address the underexplored challenge
of RGBA video generation by introducing TransAnimate,
a novel framework that combines transparency modeling
with motion dynamics to generate high-quality, layered,
transparent videos with temporal coherence. To tackle
the scarcity of RGBA datasets, we propose a three-step
data creation strategy, leveraging high-quality game effect
videos, extracted foreground objects, and synthetic trans-
parent videos with controlled motion dynamics. We also
introduce a motion-guided control mechanism that enables
precise adjustments to motion direction and scaling, tai-
lored to game effect creation. By utilizing RGB channels
as control inputs, our approach effectively leverages pre-
trained RGB models, enabling robust RGBA video gener-
ation and control with limited RGBA data. Our contribu-
tions bridge critical gaps in RGBA video generation, pro-
viding a unified framework with controllability compara-
ble to RGB methods while extending capabilities to layered
transparency. This work opens new possibilities for immer-
sive and customizable content creation in gaming and visual
effects.
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