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Abstract

Visual effects (VFX) are essential visual enhancements fun-
damental to modern cinematic production. Although video
generation models offer cost-efficient solutions for VFX pro-
duction, current methods are constrained by per-effect LoORA
training, which limits generation to single effects. This funda-
mental limitation impedes applications that require spatially
controllable composite effects, i.e., the concurrent generation
of multiple effects at designated locations. However, integrat-
ing diverse effects into a unified framework faces major chal-
lenges: interference from effect variations and spatial uncon-
trollability during multi-VFX joint training. To tackle these
challenges, we propose Omni-Effects, a first unified frame-
work capable of generating prompt-guided effects and spa-
tially controllable composite effects. The core of our frame-
work comprises two key innovations: (1) LoRA-based Mix-
ture of Experts (LoRA-MoE), which employs a group of
expert LoRAs, integrating diverse effects within a unified
model while effectively mitigating cross-task interference. (2)
Spatial-Aware Prompt (SAP) incorporates spatial mask in-
formation into the text token, enabling precise spatial control.
Furthermore, we introduce an Independent-Information Flow
(IIF) module integrated within the SAP, isolating the con-
trol signals corresponding to individual effects to prevent any
unwanted blending. To facilitate this research, we construct
a comprehensive VFX dataset Omni-VFX via a novel data
collection pipeline combining image editing and First-Last
Frame-to-Video (FLF2V) synthesis, and introduce a dedi-
cated VFX evaluation framework for validating model perfor-
mance. Extensive experiments demonstrate that Omni-Effects
achieves precise spatial control and diverse effect generation,
enabling users to specify both the category and location of
desired effects.

Code — https://amap-ml.github.io/Omni-Effects.github.io
Extended version — https://arxiv.org/abs/2508.07981

Introduction

Visual effects (VEX) play a crucial role in modern filmmak-
ing, enabling the creation of immersive narratives and fan-
tastical worlds. While traditional VFX pipelines, especially
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Figure 1: Capabilities for diverse customized visual effects.
Omni-Effects supports both (a) single-VFX and (b) multi-
VFX generation through pure prompt-guided generation. In-
tegrated with the Spatial-Aware Prompt, Omni-Effects en-
ables (c) precise spatial VFX control and (d) intricate object-
based visual effects with targeted environmental transforma-
tions.

for composite effects requiring simultaneous coordination
across different spatial locations, are notoriously complex
and resource-intensive (Chabanova 2022). Recent rapid ad-
vances in video generation technologies (Yang et al. 2024;
Bao et al. 2024; Kong et al. 2024; Wan, Wang et al. 2025)
are driving a paradigm shift in VFX creation—transitioning
from conventional methods to generative model-powered
dynamic, efficient synthesis.

The inherent scarcity of VFX data and pronounced vari-
ability in dynamic characteristics across effects pose sig-
nificant challenges to training generative models. Conse-
quently, current methods (Liu et al. 2025b) focus on single-
effect generation, employing dedicated Low-Rank Adap-
tation (LoRA) (Hu et al. 2022) tailored to individual ef-
fects. However, this paradigm struggles with multi-VFX
scenes, exhibiting two critical limitations: Limitation 1.
Cross-Adapter Interference where joint multi-LoRA activa-
tion (Ding et al. 2023) induces spatial occlusion artifacts
(Figure 2 (a)) and shared-subspace hybrid training triggers
fidelity-degrading cross-effect confusion via task interfer-
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Figure 2: Defects in standard video generation models. (a)
VEX disappearance, (b) quality degradation, (c) confusion
between VFX elements, and (d) spatial uncontrollability.

ence (Zhang et al. 2025a) (Figure 2 (b, c)). Limitation 2.
Spatial-Semantic Misalignment wherein the text-pixel space
gap prevents precise spatial cue encoding for VFX place-
ment (Figure 2 (d)). These limitations fundamentally con-
strain conventional video generation adaptation to complex
multiple VFX compositions (multi-VEX).

To address these limitations, we propose Omni-Effects,
a unified framework modeling multi-VFX generation as a
multi-condition video generation problem, where textual
prompts specify effect categories while spatial masks de-
fine their precise locations. First, to tackle Limitation 1,
we introduce a LoRA-based Mixture of Experts (LoRA-
MOoE) module (Shazeer et al. 2017; Dou et al. 2023; Zhang
et al. 2025c¢), which partitions effects into specialized sub-
spaces, each optimized by dedicated expert branches, with
a gating router dynamically activating relevant subspaces
to minimize cross-task interference and enhance effect fi-
delity. Second, to overcome Limitation 2, we present the
Spatial-Aware Prompt (SAP), which integrates explicit
mask-based spatial conditioning with textual inputs via
full-attention mechanisms for accurate effect placement.
To mitigate SAP cross-interference during concurrent ap-
plication, we introduce the Independent-Information Flow
(ITF) module, which isolates condition-specific information
flows through IIF Attention Mask, preventing unintended ef-
fect blending. Collectively, these innovations enable Omni-
Effects—to our knowledge, the first VFX framework—to
achieve high-fidelity multi-VFX compositions with pixel-
level spatial control. (Figure 1).

To advance this research, we construct a high-quality
VEX dataset Omni-VFX and develop a specialized VFX data
pipeline. This pipeline utilises image editing models (Liu
et al. 2025a) to generate source image pairs depicting ini-
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tial/final effect states, which are then synthesised into VFX
videos via the FLF2V framework (built on Wan2.1 (Wan,
Wang et al. 2025)). Rigorous manual filtering ensures qual-
ity while expanding coverage to 55 distinct effect categories.
Further, we introduce an evaluation framework specifically
designed for controllable VFEX generation tasks. Compre-
hensive experiments validate the Omni-Effects framework’s
superior performance across three core capabilities: single-
VEX, multi-VFX, and controllable VFX generation. In sum-
mary, the major contributions of our work are as follows:

* A unified VFX framework, Omni-Effects, is proposed
to enable high-fidelity spatial controllable multi-VFX
generation through a dual-core architecture: (1) LoRA-
MoE modules unifying multi-VEX training, and (2)
[IF-augmented SAP mechanisms enabling independent
multi-condition control without interference.

* The most comprehensive VFX dataset Omni-VFX is de-
veloped with an automated production pipeline to sup-
port the generation of diverse high-quality VFX video,
complemented by a comprehensive evaluation frame-
work for rigorous controllable VFX assessment.

* Extensive experiments demonstrate that our Ommni-
Effects achieves precise spatial control and enables di-
verse VFX generation, thereby allowing users to specify
both the category and location of desired effects.

Related Works
Video Generation Models

Recent advances in diffusion-based video generation (Chen
et al. 2023; He et al. 2022; Zeng et al. 2024; Kong et al.
2024; Yang et al. 2024; HaCohen et al. 2024; Bao et al.
2024; Polyak et al. 2024; Wan, Wang et al. 2025; Teng et al.
2025; Seawead et al. 2025; Ling et al. 2025; Chen et al.
2025) have enabled text-to-video (T2V) and image-to-video
(I2V) synthesis, where input images establish spatial con-
text. As a critical 12V application, VFX generation creates
unrealizable fantastical visuals. However, VFX data scarcity
forces reliance on Low-Rank Adaptation (LoRA) (Hu et al.
2022) for limited-data fine-tuning (Liu et al. 2025b). This
necessitates separate LoRA models per effect, while com-
bined training causes performance degradation, fundamen-
tally limiting multi-VFX generation within a single video.
Our architecture unifies multi-VFX training, avoids
degradation, and enables concurrent multi-VFX generation.

Conditional Video Generation

Condition-guided diffusion models leverage auxiliary in-
puts for precise output control, falling into two paradigms:
spatial-fusion guidance and high-level semantic guidance.
Spatial-fusion methods, exemplified by ControlNet (Zhang,
Rao, and Agrawala 2023), integrate condition inputs with
denoising inputs. These methods (Li et al. 2024; Bai et al.
2024; Bian et al. 2025; Xu et al. 2025; Lei et al. 2025; Jiang
et al. 2025) enable fine-grained spatial alignment while pre-
serving the generation quality of pre-trained diffusion mod-
els. High-level semantic methods exploit latent interactions
between conditions and the denoising process. Techniques
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Figure 3: Flowchart of proposed Omni-Effects. Given a reference image and composite conditions of arbitrary length, Omni-
Effects first encodes each input into corresponding tokens. These tokens are concatenated and processed sequentially through
downstream DiT blocks. These blocks incorporate two key technologies: (a) LORA-MoE, a MoE plugin replacing standard
FFN linear layers to enable collaborative expert task-solving and (b) SAP, which fuses effect descriptors with spatial trigger
information during the attention stage while mitigating cross-condition information leakage via an IIF mechanism. Note that,
in the IIF, dashed lines represent blocked information flow, while solid lines indicate active information transmission.

include cross-attention based mechanisms (Ye et al. 2023;
Zhang et al. 2024; Zhou et al. 2025; Yuan et al. 2025)
and conditional token concatenation strategies (Wang et al.
2024; Huang et al. 2024a; Tan et al. 2025a,b; Zhang et al.
2025b), dynamically modulate generation through semantic
embeddings. Crucially, while these methods effectively han-
dle individual conditions, they struggle to simultaneously
and independently control multiple conditions, a critical re-
quirement for professional VFX generation.

Our model employs IIF-powered SAP control mechanisms
to support independent, non-interfering control of multiple
conditions within the same video.

Method

Preliminaries

Video Diffusion Models Video generation models usually
utilize the diffusion paradigm (Ho, Jain, and Abbeel 2020;
Lipman et al. 2022), which generates samples from a data
distribution p (x() by progressively denoising samples that
are initially drawn from a Gaussian distribution p (7). Dur-
ing training, clean samples ¢y ~ p (@) undergo iterative
corruption through 7' diffusion steps:

e~N(©OI),t=1,...T (1)
where a4, 0, > 0 are scalars that jointly define the Signal-to-

Noise Ratio (SNR). The denoiser with parameter 6 is opti-
mized to predict the target noise €. The optimization process

Ty = g + OL€,
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is defined as:
Lo (6) = Bt [l = 0 (1t 7 (0)]3]

where c is conditions (e.g., text and spatial location), and 7
denotes the condition encoder. By replacing target noise €
with v, which is a weighted combination of x( and €, as the
prediction target, the v-prediction (Salimans and Ho 2022)
is derived, which is adopted in our Omni-Effects framework.
Moreover, mainstream video generation leverages Diffusion
Transformer (DiT) (Peebles and Xie 2023) architecture by
employing attention mechanisms to model spatiotemporal
consistency while aligning conditional inputs with visual
outputs (Zheng et al. 2024). By integrating diffusion pro-
cesses with Transformer architectures, the video generation
performance is improved, leading to high-quality and accu-
rate video synthesis results.

(@)

Spatially Controllable Multi-VFX Generation In prac-
tical applications, it’s often necessary to display different
VFX at distinct locations throughout a video. We formal-
ize this task as multi-conditional video generation, wherein
video diffusion models take a reference image and a set of

N control signals C = {¢;}.\, as inputs. Each condition
¢; = (e, s;) couples an effect descriptor e; with a spa-
tial trigger s;, whereby the generated video x applies ef-
fect e; at the location specified by s;. Specifically, we use a
text prompt to describe the VFX, while using a spatial mask
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Figure 4: FVD scores for diverse VFX trained with a shared
LoRA. VFX performance exhibits an initial improvement
followed by progressive degradation with increasing num-
bers of co-trained effects. This indicates inherent effect clus-
tering: synergistic groups (e.g., Melt-like effects) improve
co-training performance, while incompatible combinations
(e.g., Deflate + Squish) suffer from mode collapse and un-
derperform relative to compatible sets. Note that, lower
FVD values indicate superior performance, with optimal
VEX results uniformly achieved when the number of co-
trained VFX equals 4.

m € RH*W 1o serve as the spatial trigger. A set of con-
ditions is incorporated into the denoising process, and the

denoiser prediction becomes:
, , N
V= €0 (wtatv {Te(l) (el)} 9 {Ts(l) (32)} 1) ) (3)

where 7. and 7, denote the text and spatial mask encoder,
respectively. Notice that, when N = 1 and the spatial trigger
is empty, the above task reduces to the traditional single-
VEFX generation task (Liu et al. 2025b).

N

=1

Omni-Effects

To model the above task, video diffusion models require
simultaneous support for multi-VFX inference and spatial
control capabilities. We accordingly propose Omni-Effects,
building upon the CogVideoX (Yang et al. 2024) architec-
ture and incorporating two core components: LoRA-MoE
and Spatial-Aware Prompt. The overview is illustrated in
Figure 3, and the details are as follows.

LoRA-MoE As mentioned in Figure 2, both multi-LoRA
parallel inference and single-LoRA unified training degrade
performance. Crucially, we observe the synergistic mecha-
nism in VFX training: compatible VFX-combination train-
ing enhances single-VFX generation quality (Figure 4).
This discovery motivates our adaptive task-space partition-
ing strategy: inspired by MoE (Shazeer et al. 2017) architec-
tures, we partition distinct effects into specialized subspaces
and deploy a gating router for adaptive subspace selection.
Specifically, LoORA-MoE (Dou et al. 2023) integrates
MoE with LoRA (Figure 3 (a)), which employs an expert en-
semble where each LoRA specializes in distinct VFX mani-
folds. Formally, for input token & € R%, a weight is obtained
by a gating network G : R? — R™ for each expert, result-
ingin G (z) = [G (x),,G (x),,...,G (x),], where n rep-
resents the number of experts. Each expert E; implements
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Figure 5: Visualization of controllable VFX performance
and attention maps. (a) Position description lacks spatial
control; (b) ControlNet faces inter-condition interference,
leading to VFX leakage and artifacts; (c) Proposed SAP+IIF
achieves precise positional controllability while preventing
mutual interference between multi-VFX.

LoRA decomposition:
Ei(x) = Sz A;B;, A eR”", B, e R, @)
r

where r denotes the low-rank and « is a scaling factor. The
final prediction combines base model and expert outputs:

y =Base(z)+ > G (x),0Fi(x), )
=1

This MoE-structured plugin replaces standard FFN linear
layers, enabling collaborative expert task-solving. During
training, Top-k routing strategy (k < n) is adopted to en-
force exactly k£ non-zero entries in G (x). At inference, all
experts are activated to prevent effect suppression caused
by Top-k filtering, omitting critical experts, which is es-
sential for multi-VFX combination generation. Moreover,
to mitigate workload imbalance caused by the gating net-
work favoring a few experts during training, we also em-
ploy a balanced routing auxiliary loss L, (Fedus, Zoph,
and Shazeer 2022). Comprehensive details are provided in
Supplement A. The final training objective is expressed as:
L = Lise + BLaux, Where 3 is hyperparameter.

Spatial-Aware Prompt For condition ¢; = (e;, s;), em-
bedding positional descriptors within text prompts proves
insufficient for precise spatial control. To investigate this
phenomenon, we visualize attention maps across diverse
prompts. Crucially, attention consistently activates identi-
cal regions regardless of prompt semantics (Figure 5 (a)),
evidencing textual position cues’ failure to direct activation
toward specified targets. Prior work (Liu et al. 2025b; Jiang
et al. 2025) mitigates this via ControlNet (Zhang, Rao, and
Agrawala 2023) to extract a mask sequence for generation
guidance. However, this solution suffers from two critical
limitations:

1. Significant parameter overhead: ControlNet duplicates
a portion of the base model’s parameters (typically half),
requiring substantial extra trainable weights;



2. Severe cross-condition interference: During multi-
VEX generation, parallel ControlNet inference suffers
from information leakage, manifesting as erroneous co-
occurrence of effect e; and e; at positions s; and s; re-
spectively (Figure 5 (b)).

In summary, signals within composite conditions must be
integrated while preventing cross-condition interference to
ensure robust performance. We address these challenges by
proposing the Spatial-Aware Prompt to directly inject spa-
tial information into prompts tokens via enhanced spatial-
text condition token interactions within attention mecha-
nism, enabling controllable generation with minimal pa-
rameter/computational overhead. Building on this, we in-
troduce Information-Independent Flow, which utilizes a de-
signed attention mask to restrict cross-condition information
exchange, thereby preventing interference between distinct

control streams. Formally, given a set of conditions C, en-
. N
coder processing yields text condition tokens {Te(z) (e;) }

9 (s}

{r

=
quentially concatenated with the noisy latent x; to form the
inputs @, K and V. Then we define an attention mask

M e {0, —oo}le (I is the total sequence length) to reg-
ulate attention flow (Figure 3 (b), details are in Supplement
A) that blocks condition-to-condition and noise-to-condition
interactions, eliminating cross-condition leakage to prevent
effect misalignment or blending. The final output of atten-
tion is expressed as:

y = Softmax (QKT/\/@-&- M) Vv, 6)

where dj; denotes the feature dimension. To enhance spatial
conditioning alignment with noisy latents, we inject posi-
tional embeddings from x,’s initial frame into 7 (s;), cou-
pled with a dedicated Spatial-Condition LoRA. Crucially, all
spatial conditions share identical LoRA parameters while
maintaining a common base LoRA across other branches,
ensuring efficient conditional injection without disrupting
pretrained representations. Each text condition is individu-
ally processed through text encoder while sharing identical
positional encoding. As shown in Figure 5 (c), our SAP+IIF
achieves precise VFX targeting in target regions with non-
overlapping activation zones.

and spatial condition tokens , which are se-

Data and Training
Dataset Collection

VFX fundamentally manifest as radical spatio-temporal
state transformations (e.g., explosion). Despite modern tech-
niques like animation and Computer Graphics Interface
(CGI) (Chabanova 2022), modeling such dynamics remains
challenging. We introduce a novel pipeline: for any input
image, Step1 X-Edit (Liu et al. 2025a) produces its modified
counterpart to establish boundary frames defining a VFX’s
initial and terminal states. This constraint provides strong
transformation priors for generative models. The FLF2V
framework (Wan, Wang et al. 2025) then synthesizes the fi-
nal video by compressing VFX production into boundary-
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constrained state-transition path search, significantly reduc-
ing modeling complexity. Through curated manual selec-
tion, we build a comprehensive dataset Omni-VFX span-
ning 55 distinct VFX across instantaneous environmen-
tal shifts, artistic styles, human emotions, and so on, en-
abling diverse creative applications. For more data details,
please refer to Supplement B.

Training

Since our training dataset contains only single-VFX without
multi-VFX data, empirical observations reveal that standard
training fails to achieve controllable multi-VFX generation.
We overcome this with a tri-level solution. At the data level,
through random cropping and splicing with two videos,
and random temporal freezing, we generate pseudo multi-
VEX videos with corresponding masks. At the scheduler
level, Non-Uniform Sampling prioritizes denoising steps
€ 1900, 1000](early stage) for spatial control learning with
increased batch allocation, while dedicating fewer batches to
detail refinement in lower steps € [0, 900], motivated by em-
pirical findings that enhanced focus on early denoising ac-
celerates model convergence. At the training strategy level,
iterative single to multi-VFX (N = 2) fine-tuning ensures
stable convergence and performance gains. For more train-
ing details, please refer to Supplement C.

Experiments
Experimental Setup

Evaluation Metrics Following previous work (Liu et al.
2025b), for single-VFX evaluation, we employ two estab-
lished metrics: Fréchet Video Distance (FVD) (Unterthiner
et al. 2018) for overall fidelity and Dynamic Degree (Huang
et al. 2024b) for motion dynamics. For controllable VFX,
we introduce three novel metrics. Regional Dynamic Degree
(RDD), which utilizes optical flow and masks, quantifies the
strength of motion within the target region, thereby quanti-
fies motion strength within target regions to measure visual
impression. Effect Occurrence Rate (EOR), which is com-
puted by inputting both the video and a given prompt tem-
plate into Gemini2.5 (Comanici et al. 2025) to obtain the an-
swer, measures intended effect trigger frequency, indicating
generation reliability. Building upon EOR, Effect Control-
lability Rate (ECR) assesses spatial precision by verifying
VFX confinement to designated areas. Complete metric de-
tails appear in Supplement D.

Implementation Details Training employs a CogVideoX-
5B backbone with LoRA rank of 128 with a total of n = 8
experts, generating 49 x 480 x 720 resolution videos. For
loss, 3 is set to 0.01. We utilize 8 H20 GPUs (96GB) with
a batch size of 1 per GPU. We use AdamW (Loshchilov
and Hutter 2017) at a constant 10~4 learning rate for 5, 000
steps. During inference, DDIM (Nichol and Dhariwal 2021)
sampling (50 steps) with CFG (Ho and Salimans 2022) scale
6.0 is applied, which can be perform on a single GPU. Ex-
tended details are in Supplement C.



Metrics Methods  Cake-ify Crumble Crush Decapitate Deflate Dissolve Eye-pop Harley Inflate Levitate Melt Squish Ta-da Venom Avg. Param.”
Single LoORA 2138 2947 1496 1190 913 1770 1995 3576 1505 1401 2827 1415 1053 4146 2026 132.1M
FVD| Mix LoRA 1674 2552 1772 1299 886 1995 1725 4496 2042 1006 2748 1225 1240 3923 2041 9.4M
LoRA-MoE 1506 1641 1213 1177 839 1118 1460 3330 1304 736 2512 1561 1064 3339 1628 28.5M
D . Single LoRA 0.8 0.8 0.0 0.6 0.0 0.8 0.0 1.0 0.8 0.0 0.6 1.0 1.0 1.0 0.60 132.1M
namic
v T Mix LoRA 0.8 0.8 0.0 0.6 0.0 0.8 0.0 1.0 0.8 0.0 0.6 1.0 1.0 1.0 060 94M
Degree
LoRA-MoE 1.0 1.0 0.6 0.6 0.0 0.4 0.0 1.0 1.0 0.0 0.6 1.0 1.0 1.0 0.66 28.5M

Table 1: Performance comparison on OpenVFX dataset. Param.” represents the average training parameters per effect. And
the highest metric values are highlighted in bold, with the second-best underlined.

Methods RDD7 EOR?T ECR?T

Melt Levitate Explode Avg. Melt Levitate Explode Avg. Melt Levitate Explode Avg.
CogVideoX 0.91 0.99 1.11 1.00 0.06 0.09 0.11 0.09 0.00 0.00 0.00  0.00
LTX-Video 0.12 0.11 0.14  0.12 0.05 0.02 0.05 0.04 0.00 0.00 0.00  0.00
Wan-2.1 2.06 1.57 238 2.00 0.11 0.02 0.03 0.05 0.02 0.00 0.00  0.01
CogV+CN 3.80 2.39 209 276 0.95 0.80 0.82 0.86 0.56 0.36 0.70  0.54
Ours 2.69 2.22 387 293 0.99 0.94 099 097 0.93 0.83 0.89 0.88

Table 2: Quantitative results of Single-VFX control generation. We compare Omni-Effects with representative open-source
video generation models under three controllable VFX scenarios: Melt, Levitate, and Explode.

Quantitative Results

In the following, we evaluate the effectiveness of Ommni-
Effects by comparing it with baseline models on unified and
controllable VFX generation tasks.

Unified VFX Generation We evaluate the LoRA-MoE
against VFX-specific training LoRA and mix training LoRA
for all VFX on the public OpenVFX dataset as detailed in
Table 1. LoORA-MoE achieves the best performance across
different types of VFX, while significantly reducing the
number of trainable parameters. This demonstrates the ef-
fectiveness of the designed VFX task-subspace partitioning
strategy. Qualitative results are shown in Supplement E.

Controllable VFX Generation To evaluate our model,
we perform comprehensive experiments for single- and
multi-VFX control, comparing with state-of-the-art meth-
ods including (a) CogVideoX (Yang et al. 2024), (b) LTX-
Video (HaCohen et al. 2024), (c) Wan2.1 (Wan, Wang
et al. 2025), and (d) CogVideoX integrated with Control-
Net (CogV+CN). Evaluation targets three spatially local-
ized VFX types—Explode, Melt, and Levitate—to ensure
contamination-free assessment.

Single-VFX Control. Table 2 demonstrates baseline
methods’ fundamental limitations in synthesizing tar-
get VFX and achieving precise spatial control. While
CogV+CN can synthesize VFX, it exhibits limited control-
lability. In comparison, Omni-Effects achieves the best per-
formance with 0.97 EOR and 0.88 ECR, significantly out-
performing all baselines in both generation quality and spa-
tial control precision. This validates that our proposed SAP
effectively integrates VFX descriptors with spatial triggers
without introducing substantial additional training parame-
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Melt+Levitate Melt+Explode
RDD71 EORT ECRT RDDT EORT ECR?T

Methods

CogVideoX 1.80 0.00 0.00 096 0.03 0.00
LTX-Video 0.11 0.00 0.00 0.13 0.00 0.00
Wan-2.1 193 0.01 0.00 3.10 0.01 0.00
CogV+CN 3.18 0.09 0.05 3.60 0.08 0.08
Ours 2.63 068 041 459 0.62 0.50

Table 3: Quantitative results of Multi-VFX generation.
Omni-Effects achieves a high success rate of independent
control over Multi-VFX.

ters. Qualitative comparisons are shown in Supplement E.

Multi-VFX Control. For multi-VFX generation using
two effects combinations, Table 3 shows baseline models
consistently failing to generate or spatially control VFX.
Omni-Effects achieves precise spatial control over simulta-
neous VFX. Moreover, Figure 6 demonstrates Omni-Effects’
superiority: when instructed to melt the left chair while levi-
tating the right chair, CogVideoX erroneously applies melt-
ing to both objects; CogV+CN correctly renders melting but
fails to generate levitation; whereas Omni-Effects simulta-
neously executes both VFX through spatial condition. This
performance validates our proposed IIF’s efficacy in mitigat-
ing cross-condition interference. The user study is shown in
Supplement E.

Generalization Despite being trained with only N = 2
effects, our model generalizes to diverse mask conditions
during inference using the shared Spatial-Condition LoRA,
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Figure 6: Qualitative comparison of Multi-VFX generation.
The desired outcome requires the left chair to melt while the
right levitates simultaneously.

OmniEffects

Figure 7: Scalable VFX augmentation. Omni-Effects sup-
ports inference-time extension to diverse VFX composition.

thereby extending to the generation of more concurrent con-
trol VFX (N > 2). Omni-Effects demonstrates robust exten-
sibility, successfully handling complex effect combinations
(Figures 1 (d) and 7), validating its test-time scalable VFX
control capability.

Ablation Studies

LoRA-MoE Ablation study on expert count n and Top-
k selection (Table 4) reveals that scaling experts improves
generation quality at increased parameter cost. Crucially,
our MoE architecture with minimal experts surpasses LORA
baselines (Table 1), demonstrating efficient VFX adaptation
through parameter-optimized expert aggregation.

SAP+IIF Ablation study on SAP+IIF reveal critical in-
sights in attention mechanisms corresponding to informa-
tion flow. Removing SAP attention masks from regions
{®,0,@} causes melting artifacts on levitating objects (Fig-
ure 8 (b, c)), exposing information leakage, while com-
plete attention induces uncontrolled object melting, demon-
strating excessive information interaction degrades control.
Strategic masking of {®,®,@} prevents leakage while pre-
serving independent information flow in target regions. Ad-
ditional ablation studies are detailed in the Supplement F.

Conclusion

In this paper, we propose Omni-Effects, a unified frame-
work for generating customized VFX videos. It supports the
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Metrics Model Avg. Param.”
4 Experts+Topl 1762 18.9
FVD] g Experts+Top2 1628 285
Dynamic, 4 Experts+Topl 0.65 18.9
Degree T 8 Experts+Top2  0.66 28.5

Table 4: Ablation study on LoRA MOoE settings. Scaling ex-
perts improves generation quality, at the expense of more
parameters.
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Figure 8: Effect of different attention masks in SAP. At-
tention Masks are progressively removed while information
flow constraints are relaxed from top to bottom.

creation of diverse VFX, ranging from single-VFX, multi-
VFX to spatially controllable multi-VFX. To achieve these,
our framework integrates two core modules: LoRA-MoE
and SAP-IIF. Specifically, the LoRA-MoE module miti-
gates cross-condition interference arising during mix train-
ing of multi-VFX. The SAP module, on the other hand, fuses
VEX descriptors with spatial trigger information and tackles
cross-condition information leakage via an IIF mechanism.
Through the synergistic integration of LORA-MoE and SAP-
IIF, Omni-Effects enables precise spatial control and pro-
duces high-fidelity multi-VFX composites. We also develop
a comprehensive VFX dataset Omni-VFX with a specialized
data production pipeline and an evaluation framework tai-
lored for controllable VFX generation to further validate our
approach. Extensive experiments demonstrate the robust-
ness of Omni-Effects across complex, multi-condition VFX
generation scenarios. Multi-VFX generation represents a
domain of substantial practical value coupled with persistent
technical challenges. To the best of our knowledge, this work
pioneers the first comprehensive framework explicitly ad-
dressing this complex problem. Our methodology substan-
tively advances controllable multi-VFX synthesis capabili-
ties while unlocking novel applications across film produc-
tion, game development, and advertising creatives.
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