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Figure 1. Video2LoRA is a unified framework for semantic-controllable video generation. It takes a reference video containing the

desired semantics as input and employs a HyperNetwork to generate lightweight, semantic-specific LoRA modules. By integrating these

adaptive components into a frozen video diffusion backbone, Video2LoRA achieves high-quality video generation in both within-domain

and out-of-domain scenarios.
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Abstract

Achieving semantic alignment across diverse video gener-
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ation conditions remains a significant challenge. Methods
that rely on explicit structural guidance often enforce rigid
spatial constraints that limit semantic flexibility, whereas
models tailored for individual control types lack interoper-
ability and adaptability. These design bottlenecks hinder
progress toward flexible and efficient semantic video gen-
eration. To address this, we propose Video2LoRA, a scal-
able and generalizable framework for semantic-controlled
video generation that conditions on a reference video.
Video2LoRA employs a lightweight hypernetwork to pre-
dict personalized LoRA weights for each semantic input,
which are combined with auxiliary matrices to form adap-
tive LoRA modules integrated into a frozen diffusion back-
bone. This design enables the model to generate videos con-
sistent with the reference semantics while preserving key
style and content variations, eliminating the need for any
per-condition training. Notably, the final model weights
less than 150MB, making it highly efficient for storage and
deployment. Video2LoRA achieves coherent, semantically
aligned generation across diverse conditions and exhibits
strong zero-shot generalization to unseen semantics.

1. Introduction
The rapid evolution of generative AI has profoundly trans-

formed visual content creation, enabling unprecedented

levels of efficiency, controllability, and expressiveness.

In particular, large-scale pretrained video diffusion mod-

els [21, 46, 53, 56] have exhibited impressive capabili-

ties in semantic comprehension and temporally coherent

synthesis. Recent advances in controllable video gen-

eration [27, 32, 51, 52] have predominantly focused on

spatially aligned paradigms,leveraging modalities such as

depth maps [38, 51], human poses [15], edge sketches [11],

keypoints [12, 16], or optical flow [18] to impose spa-

tially consistent guidance during generation. Unified frame-

works operating under these pixel-aligned conditions have

been investigated [17], demonstrating stable and precise

control over structural attributes. In contrast, semantic-

controlled video generation that encompasses aspects such

as visual effects [4, 22, 23, 35], camera motion [5], and per-

sonalized styles remains [54] relatively underexplored de-

spite its close alignment with real-world creative demands.

Such high-level controls are inherently more intuitive to

human users but challenging to formalize or acquire, as

they often lack explicit spatial or parametric representations

(e.g., camera trajectories or semantic annotations). Con-

sequently, establishing a unified, generalizable, and user-

friendly framework for semantic video control remains an

open and pressing challenge.

Existing controllable video generation methods exhibit

limited scalability and generalization due to their condition-

specific designs. A prevalent line of research fine-tunes ei-

ther the diffusion backbone or dedicated Low-Rank Adapter

(LoRA) [14] for each semantic condition [23, 35], effec-

tively memorizing condition-specific representations. Al-

though such approaches yield satisfactory control within

individual domains, they are computationally expensive,

storage-inefficient, and fail to generalize across heteroge-

neous or composite semantics. Another research direction

introduces task-specific architectures or inference branches

customized for distinct control types, encoding prior knowl-

edge directly into the model design [5, 54, 55]. However,

these handcrafted solutions lack interoperability and are in-

herently constrained to the semantics on which they are

trained. As a result, existing paradigms remain fragmented,

requiring substantial reconfiguration for new conditions and

exhibiting poor zero-shot generalization to unseen semantic

domains.

Inspired by the strong cross-domain personalization ca-

pability of hypernetworks demonstrated in HyperDream-

Booth [41], we hypothesize that similar meta-adaptive

mechanisms can endow video generation models with

dynamic semantic adaptability. Specifically, hypernet-

works [24] can generate semantic-dependent lightweight

parameters to modulate a frozen diffusion backbone, en-

abling flexible semantic conditioning without the need for

task-specific retraining. Building upon this insight, we seek

to extend the generalization ability of hypernetworks from

personalized image synthesis to the broader domain of se-

mantic video generation.

In this work, we introduce Video2LoRA, a unified

and generalizable framework for semantic-controlled video

generation that conditions on a reference video to synthe-

size semantically aligned outputs across both in-domain

and out-of-domain scenarios. Video2LoRA achieves strong

semantic adaptability through a novel hypernetwork-based

generation paradigm, in which the hypernetwork predicts a

set of lightweight LoRA weights, each less than 50 KB per

semantic condition, and merges them with auxiliary matri-

ces to form adaptive LoRA modules injected into a frozen

diffusion backbone. This design enables the model to dy-

namically modulate generation behavior according to di-

verse semantic cues while requiring no per-condition fine-

tuning. Unlike HyperDreamBooth [41], which relies on

pre-trained personalized weights as supervision and a three-

stage training pipeline with rank relaxation, Video2LoRA

is trained end-to-end in a single stage using only the dif-

fusion loss. Our approach eliminates the need for any pre-

training or fine-tuning phases, enabling the hypernetwork

to directly learn and generalize semantic representations

from raw video data without explicit supervision. Extensive

experiments on both in-domain and out-of-domain bench-

marks demonstrate that Video2LoRA achieves high-fidelity,

semantically aligned video generation under diverse control

conditions while exhibiting strong generalization to unseen
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Figure 2. Overview of the proposed Video2LoRA framework. A reference semantic video is first fed into the HyperNetwork, where

a 3D-VAE encoder extracts spatio-temporal latent features that are linearly projected into the layer-wise LightLoRA subspaces. The

projected features are concatenated with zero-initialized weight tokens and processed by a Transformer decoder, which iteratively predicts

the LightLoRA components (Apred, Bpred) for each diffusion layer. These predicted components are then fused with the trainable auxiliary

matrices (Aaux, Baux) to form the final semantic-specific LoRA weights. The resulting LoRA adapters are injected into the frozen DiT

backbone and optimized end-to-end with the vanilla diffusion loss, enabling semantic-controllable video generation from reference videos.

semantics. Our contributions are summarized as follows:

• Lightweight LoRA representation. We propose a com-

pact LoRA formulation by training the video generation

model within a low-dimensional, trainable weight sub-

space constructed from a random orthogonal incomplete

basis in the low-rank adaptation space. Each semantic

condition requires less than 50 KB of parameters.

• Novel hypernetwork architecture. We design a novel

hypernetwork that leverages the lightweight LoRA con-

figuration to dynamically predict semantic-specific LoRA

components for a given video condition, enabling effi-

cient and adaptive control within a unified diffusion back-

bone.

• End-to-end semantic generalization. Unlike prior ap-

proaches that rely on pre-trained semantic weights or ex-

plicit supervision for each condition, Video2LoRA trains

the hypernetwork directly using diffusion objectives, al-

lowing it to implicitly capture semantic relationships and

generalize to unseen conditions.

2. Related work

2.1. Video Generation

Recent advances in video generation have been largely

driven by diffusion models [8, 9, 13, 25, 28, 30, 31,

33, 34, 36, 47, 48], particularly those adopting Diffusion

Transformer (DiT) architectures [37], which integrate the

generative strength of diffusion processes with the con-

textual modeling power of transformers [45]. Such de-

signs greatly enhance temporal coherence and improve

motion dynamics. For example, Open-Sora [56] demon-

strates efficient long-duration synthesis through scalable

transformer blocks and optimized spatiotemporal attention;

CogVideoX [53] employs full 3D self-attention to jointly

model spatial-temporal dependencies, significantly improv-

ing frame-to-frame consistency; and Wan 2.2 [46] incor-

porates a Mixture-of-Experts (MoE) design to achieve scal-

able specialization across heterogeneous video content. De-

spite these advances, most pre-trained DiTs [26, 29, 49, 50]

remain limited to text-only or frame-based conditioning, re-
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stricting fine-grained semantic control. To address this limi-

tation, recent efforts introduce task-specific modules or cus-

tomized inference mechanisms to enable more flexible and

user-driven video generation.

2.2. Controllable Video Generation
Controllable video generation can be broadly categorized

into spatial-alignment and semantic-control paradigms:

The spatial-alignment paradigm leverages explicit struc-

tural cues, such as depth [38, 51], pose [15], mask [7], op-

tical flow [18], or motion trajectories [11] to impose pixel-

level constraints on synthesis. LongVie [10] integrates mul-

timodal depth and keypoint guidance to achieve temporally

coherent ultra-long video generation. Animate Anyone [15]

employs pose-based conditioning with spatial attention to

achieve appearance-consistent character animation. Motion

Prompting [11] introduces trajectory-based motion cues

(“motion prompts”) to flexibly control object and camera

dynamics. While these methods excel at structure-aware

control and fine-grained synthesis, they depend on labor-

intensive signal extraction or external annotations, making

them less suitable for abstract or semantic-level condition-

ing.

The semantic-control paradigm involves high-level,

concept-driven manipulations such as visual effects, cam-

era motion (e.g., trajectories, zooms, or orbits), and person-

alized stylization (e.g., Ghibli, anime, or Minecraft styles).

Existing approaches, such as VFXCreator [23] and GS-

DiT [6], achieve control by fine-tuning diffusion back-

bones or condition-specific Low-Rank Adapters (LoRA)

for each semantic condition, including motion type, visual

style, or camera behavior, thereby “memorizing” domain-

specific representations. Although effective within iso-

lated domains, these methods incur substantial computa-

tional cost, suffer from poor parameter efficiency, and fail

to generalize across heterogeneous or compositional se-

mantics. Other works, including StyleMaster [54], DiT-

Flow [39], and VD3D [3], introduce task-specific architec-

tures for style extraction, motion guidance, or camera-based

3D reasoning, embedding prior knowledge directly into the

model structure. However, such specialization inherently

limits flexibility and hinders generalization to unseen se-

mantics. OmniEffects [35] attempts to integrate multiple

video semantics via a Mixture-of-Experts (MoE) frame-

work but remains confined to in-domain compositions with-

out achieving true cross-domain adaptability. To overcome

these limitations, we propose Video2LoRA, a unified se-

mantic video generation framework that enables zero-shot

generalization across diverse semantic conditions..

3. Method
We introduce Video2LoRA, a unified and generalizable

framework for controllable video generation that learns

semantic control end-to-end by dynamically producing

lightweight LoRA parameters for any video semantic. Un-

like prior approaches [23] that depend on pre-trained se-

mantic experts or condition-specific finetuning pipelines,

Video2LoRA directly adapts a diffusion-based video back-

bone using semantic cues extracted from reference videos,

enabling stronger flexibility, scalability, and zero-shot gen-

eralization.

Our method is built upon three core components. First,

Sec. 3.1 reviews the fundamentals of the CogVideoX diffu-

sion backbone and LoRA-based parameter-efficient adapta-

tion. Then, Sec. 3.2 introduces our LightLoRA representa-

tion—a compact and trainable low-dimensional parameteri-

zation that enables the HyperNetwork to generate semantic-

adaptive LoRA weights efficiently. Next, Sec. 3.3 describes

the proposed Transformer-based HyperNetwork that pre-

dicts these semantic-dependent LoRA components by an-

alyzing spatio-temporal features extracted from a reference

video. Finally, Sec. 3.4 presents the full end-to-end train-

ing pipeline, where predicted LoRA weights, auxiliary ma-

trices, and the CogVideoX backbone are jointly optimized

under the standard image-to-video diffusion objective.

3.1. Preliminaries
Video Generation Backbone. We build our framework

upon CogVideoX-5B-I2V [53], an image-to-video diffu-

sion model that integrates a 3D Variational Autoencoder
(VAE) [20], a Diffusion Transformer (DiT) backbone,

and a T5-based text encoder [40]. Given an input image

I ∈ R
h×w×c and a textual prompt, the model synthesizes a

video V ∈ R
f×h×w×c containing f frames.

During training, the 3D VAE compresses each tar-

get video into latent representations that capture spatial-

temporal structures, while the first frame is separately

encoded for temporal alignment. These latent features

are concatenated and passed through the DiT backbone,

which iteratively refines the noisy latent sequence through

a diffusion-based denoising process guided by text embed-

dings. This diffusion formulation enables CogVideoX to

learn coherent temporal dynamics and high-fidelity visual

content, serving as a strong foundation for our controllable

video generation framework.

Low-Rank Adaptation (LoRA) [14] provides a

parameter-efficient fine-tuning strategy that has been widely

adopted in diffusion-based generation frameworks. Instead

of updating all network parameters, LoRA optimizes low-

rank residual matrices that are added to the frozen model

weights. Formally, for a given layer l with a weight matrix

W ∈ R
n×m, LoRA introduces a learnable residual term:

ΔW = AB, (1)

where A ∈ R
n×r and B ∈ R

r×m, with rank r �
min(n,m). This low-rank decomposition significantly re-
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duces the number of trainable parameters while maintaining

expressive adaptation capacity.

3.2. Light Weight Lora Representation
To enable direct generation of semantic-specific weight sub-

sets through a HyperNetwork while maintaining semantic

fidelity, editability, and generalization, we propose a novel

low-dimensional trainable weight space for semantic con-

trol in video diffusion models. This compact formulation

enables multi-semantic LoRA models that are over 150×
smaller than the CogVideoX backbone and more than 20×
smaller than single-semantic LoRA-CogVideoX variants.

The core idea of our LightLoRA is to further decompose

the rank-1 LoRA weight space while maintaining trainabil-

ity of the decomposed factors. As illustrated in Figure 2(A),

this can be understood as decomposing the Down(A) and

Up(B) matrices in Eq. (2) into two components:

A = AauxApred, B = BpredBaux, (2)

where Aaux ∈ R
n×a and Baux ∈ R

b×m are auxiliary matri-

ces initialized with row-wise orthogonal vectors of constant

magnitude and set to be trainable. The matrices Apred ∈
R

a×r and Bpred ∈ R
r×b are dynamically predicted by the

HyperNetwork for each semantic condition. Consequently,

the residual weight in each linear layer is expressed as:

ΔWx = AauxApredBpredBaux, (3)

where r � min(n,m), a < n, and b < m. Two newly-

introduced hyperparameters, a and b, control the dimen-

sionality of the auxiliary subspace. In our experiments, set-

ting a = 100 and b = 50 yields only 23K trainable vari-
ables (approximately 30 KB in bf16), while preserving

strong semantic adaptability and zero-shot generalization.

Unlike LiDB [41], where the auxiliary matrices are frozen,

our trainable Aaux and Baux act as semantic priors that en-

code generalizable video semantics. During training, the

HyperNetwork learns to combine these priors via the dy-

namically predicted Apred and Bpred, producing condition-

specific rank-1 LoRA adapters.

3.3. HyperNetwork Architecture
As illustrated in Figure 2(B), the proposed HyperNetwork

Hη is composed of a 3D-VAE encoder, a linear projec-

tion layer, and a Transformer-based decoder. The encoder

shares the same architecture as the video backbone’s 3D-

VAE to ensure feature-level alignment between the adap-

tation module and the generative model. Since the en-

coder is sequentially dependent on the weights of different

layers, effective model personalization requires capturing

inter-layer dependencies in the generated LoRA parame-

ters. Previous works [23] overlook this dependency, treat-

ing layer weights as conditionally independent. In contrast,

our Transformer decoder explicitly models these positional

dependencies through learned positional embeddings, anal-

ogous to how language models capture contextual relation-

ships among tokens. This design enables the HyperNetwork

to reason over structured relationships between layers rather

than generating them independently.

The encoder first extracts spatio-temporal latent features

f from the input reference video, capturing both motion

dynamics and semantic content. These features are pro-

jected through a linear layer and passed into the Trans-

former decoder, which sequentially predicts the semantic-

specific LoRA components (Apred, Bpred) across layers.

To further enhance inter-layer consistency, we adopt an

iterative refinement mechanism similar to recurrent infer-

ence. At each iteration k, the decoder refines its prediction

based on the previous output:

θ
(k)
pred = T (f, θ

(k−1)
pred ), (4)

where T denotes the Transformer decoder and θ
(0)
pred is ini-

tialized to zero. The refinement process continues until

k = s, where s specifies the number of refinement steps.

This iterative design effectively enforces semantic stability

and temporal coherence while remaining computationally

efficient, since the video encoding f is computed only once

and reused throughout the refinement process.

3.4. HyperNetwork for Video Semantic Adaptation
To enable fast and unified semantic control in video gen-

eration, we adopt a HyperNetwork-based adaptation mech-

anism for image-to-video diffusion models. A HyperNet-

work Hη , parameterized by η, takes the 3D-VAE feature

representation xi of a reference semantic video as input and

predicts the low-rank LightLoRA residuals θ̂ = Hη(xi).

Each predicted θ̂ corresponds to the LoRA component of

a specific attention layer and is fused with the auxiliary ma-

trices defined in Eq. (3) to construct the final adaptive LoRA

weights. These LoRA adapters are injected into the frozen

DiT backbone of CogVideoX-I2V, enabling semantic con-

ditioning within a single diffusion training stage.

In contrast to prior personalization methods [23, 35, 41]

that require pre-optimized semantic weights or condition-

specific finetuning, our framework jointly trains both the

HyperNetwork and the auxiliary matrices solely under the

standard I2V diffusion objective. This unified learning

scheme allows the HyperNetwork to absorb semantic priors

directly from diffusion dynamics, yielding strong general-

ization across diverse in-domain and out-of-domain seman-

tic conditions.

During training, the 3D-VAE encodes the target seman-

tic video into latent features z, while the first frame is

replaced by a placeholder token (−1) for temporal align-

ment and encoded as zi. The concatenated latent pair
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Figure 3. Qualitative comparison with VFXCreator [23] and Ominieffect [35] on the OpenVFX dataset. CogVideoX* refers to the

CogVideoX model after supervised fine-tuning on our dataset.

[zi, z] is then passed into the DiT denoiser, where the

HyperNetwork-predicted LoRA weights and auxiliary ma-

trices jointly modulate the denoising process. The denois-

ing network εΘ is trained using the standard diffusion ob-

jective:

Ldiff(Θ) = Et,z,ε

[
‖ε− εΘ(zt, t, g)‖22

]
, (5)

where ε ∼ N (0, I) is Gaussian noise, zt is the noisy latent

at timestep t, g is the text embedding, and Θ denotes the pa-

rameters of the denoising model. This diffusion-driven su-

pervision propagates gradients through the injected LoRA

modules, effectively training the HyperNetwork and auxil-

iary matrices in an end-to-end manner. Figure 2 provides an

overview of the full training pipeline.

4. Experiments
4.1. Implementation Details
We employ CogVideoX-I2V-5B [53] as the frozen back-

bone for all experiments. During training, the LightLoRA
weights predicted by the HyperNetwork are combined with

the auxiliary matrices to form rank-1 low-rank adapters,

which are injected into the 3D Transformer blocks of the

backbone. The Video2LoRA framework is trained on the

4k dataset and randomly pairs samples from the same se-

mantic category to construct reference-target video pairs.

Each video is uniformly sampled to 49 frames at 8 fps and

resized to a resolution of 480 × 720 pixels. The reference

videos are zero-padded to match the spatial and temporal

dimensions of the target videos. We use the AdamW [19]

optimizer with a learning rate of 1 × 10−4 and train only

the parameters of the HyperNetwork and auxiliary matri-

ces while keeping the backbone frozen. Training is per-

formed on 8 NVIDIA A800 GPUs for approximately 20K

iterations.

4.2. Datasets
Our training dataset is constructed from multiple sources,

including the open-source Open-VFX [23] dataset, com-

mercial video platforms such as Higgsfield [1] and Pix-
Verse [2], as well as publicly available online resources. In

total, the dataset comprises approximately 4K video sam-
ples spanning over 200 distinct semantic categories, cov-

ering a diverse range of effects, including character trans-
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Table 1. Performance comparison on OpenVFX dataset. CogvideoX* refers to CogVideoX after supervised fine-tuning on our dataset.

Avg. represents the average score over all effects. The highest metric values are highlighted in bold.

Metrics Methods Cake Crumble Crush Decap Deflate Dissolve Explode Eye-pop Harley Inflate Levitate Melt Squish Ta-da Venom Avg.

FVD↓
CogvideoX* 1732 1849 1195 1937 1664 1916 2427 1649 2232 2169 1473 2941 1938 1431 2792 1956

VFX Creator 1776 1580 1156 1754 1997 1607 1886 1447 2815 2089 1143 2547 1880 1107 3062 1856

Omini-Effects 1548 1410 1136 1263 1037 1543 2044 1559 2501 1464 1295 2418 1923 1368 2678 1679

Ours 1573 1358 1107 1677 1294 1412 1125 1528 2466 1162 1005 2193 1606 1027 2973 1568

Dynamic
Degree ↑

CogvideoX* 1.0 1.0 0.6 0.6 0.4 0.4 1.0 0.0 1.0 0.4 0.0 0.6 1.0 0.8 1.0 0.65

VFX Creator 1.0 1.0 0.0 0.6 0.0 0.8 1.0 0.0 1.0 1.0 0.0 0.6 1.0 1.0 1.0 0.67

Omini-Effects 1.0 1.0 0.6 0.6 0.2 0.4 1.0 0.2 1.0 1.0 0.0 0.8 1.0 0.8 1.0 0.71

Ours 1.0 1.0 0.8 0.6 0.6 0.8 1.0 0.2 1.0 1.0 0.2 0.6 1.0 1.0 1.0 0.78

Motion
Smoothness↑

CogvideoX* 97.25 96.80 98.10 97.95 98.42 98.15 97.83 98.67 99.02 98.45 98.76 98.01 97.56 98.05 97.48 98.17

VFX Creator 97.84 97.10 98.23 97.68 98.51 98.60 97.96 98.72 98.88 98.32 98.69 98.14 97.70 98.26 97.62 98.16

Omni-Effects 97.66 97.58 98.34 97.83 98.47 98.41 98.22 98.69 98.95 98.48 98.71 98.25 97.92 98.30 97.73 98.24

Ours 98.02 97.34 98.56 99.24 99.28 98.42 98.06 99.39 97.04 99.01 99.55 98.46 98.30 98.48 96.51 98.50

Aesthetic
Quality ↑

CogvideoX* 0.49 0.52 0.50 0.47 0.55 0.52 0.46 0.54 0.50 0.47 0.54 0.51 0.49 0.53 0.48 0.506

VFX Creator 0.50 0.51 0.53 0.46 0.57 0.54 0.49 0.57 0.56 0.48 0.52 0.50 0.47 0.55 0.50 0.519

Omni-Effects 0.52 0.54 0.55 0.49 0.58 0.56 0.51 0.54 0.58 0.53 0.55 0.52 0.48 0.57 0.52 0.537

Ours 0.58 0.59 0.57 0.55 0.59 0.58 0.54 0.56 0.57 0.52 0.58 0.51 0.53 0.59 0.55 0.565

Figure 4. Out-of-Domain Comparison

formations, environmental transitions, camera motion dy-

namics, object stylization, and artistic style variations.

To further evaluate the robustness and generalization ca-

pability of our framework, we curate a dedicated out-of-
domain (OOD) test set containing unseen semantic condi-

tions. This dataset enables a systematic assessment of the

model’s ability to adapt to novel visual effects and semantic

distributions beyond the training domain.

4.3. Evaluation Metrics

Following previous studies [7, 23, 35], we comprehensively

evaluate the proposed method using multiple quantitative

metrics, including FVD [44], dynamic degree [43], motion

smoothness [40], and aesthetic quality [42]. These metrics

collectively reflect different aspects of video generation per-

formance, and detailed descriptions are omitted for brevity.

To quantitatively evaluate the in-domain performance of

our approach, we conduct experiments on 15 semantic cat-

egories selected from the Open-VFX test set. As shown

in Table 1, we comprehensively compare Video2LoRA
against two state-of-the-art VFX generation methods and

a baseline model fine-tuned on the same dataset. The re-

sults demonstrate that our Video2LoRA consistently out-

performs all competing approaches in terms of average

scores across all evaluation metrics, exhibiting superior vi-

sual fidelity, motion coherence, aesthetic appeal, and dy-

namic range. Notably, for complex effects involving parti-

cle dynamics or strong subject interactions, such as Crum-
ble, Crush, Decap, and Inflate, our model achieves substan-

tially higher realism and temporal consistency. These find-

ings indicate that Video2LoRA not only learns to capture

semantic information from reference videos but also repro-

duces such semantics with higher fidelity and stability over

time.

To further evaluate the model’s generalization capability

beyond the training domain, we conduct a zero-shot out-

of-domain (OOD) evaluation, with results reported in Ta-

ble 2. The evaluation shows that the model’s performance

on unseen videos is comparable to that observed in the in-

domain setting, demonstrating that Video2LoRA can gen-

erate high-quality, temporally coherent videos even for pre-
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Table 2. Ablation study and zero shot generationon Video2LoRA. We evaluate the impact of different iterative steps k and auxiliary

matrix settings (a, b) on performance. The upper part compares different k values, while the lower part analyzes the influence of (a, b).

Methods FVD↓ Dynamic Degree↑ Motion Smoothness↑ Aesthetic Quality↑
Ours 1358 0.72 98.50 0.57
Ours (Zero-Shot) 1492 0.71 98.37 0.54

Ours (k=1) 1764 0.63 97.45 0.51

Ours (k=2) 1598 0.67 97.92 0.53

Ours (k=8) 1439 0.70 98.23 0.55

Ours (a=60, b=30) 1512 0.69 98.10 0.54

Ours (a=160, b=80) 1384 0.71 98.42 0.56

viously unseen semantic effects. These results further val-

idate the framework’s robust zero-shot generalization and

semantic adaptation capabilities.

4.4. Qualitative Comparison
We conduct a qualitative comparison between

Video2LoRA and three representative models across

four distinct visual effect categories, as illustrated in

Figure 3. Compared with the fine-tuned CogVideoX-5B
and two state-of-the-art VFX generation frameworks,

Video2LoRA produces results with notably higher visual

fidelity and semantic accuracy. For instance, under the

Dissolve effect, our model not only captures the gradual

disintegration of the subject with fine-grained temporal

consistency but also realistically simulates secondary

physical behaviors, such as the natural fall of the subject’s

VR headset after dissolution. Similarly, for the Levitate
effect, Video2LoRA generates smooth and coherent

motion trajectories while maintaining semantic alignment

with the reference.

Furthermore, Figure 4 presents the results of zero-shot

experiments. Even on unseen videos, Video2LoRA gen-

erates content whose visual style and semantic effects are

well-aligned with the reference videos, accurately captur-

ing the intended semantics. For example, in the Punch
Face effect, the model successfully generates the entire re-

action process of a punch to the face, including precise

facial deformations and realistic motion of fluids, demon-

strating high-fidelity motion and semantic accuracy. These

results highlight the model’s strong zero-shot generaliza-

tion capability. Overall, Video2LoRA achieves visual qual-

ity and semantic coherence that match or surpass current

open-source state-of-the-art models, emphasizing its supe-

rior ability in precise controllable video effect synthesis.

4.5. Ablation Study
We first analyze the influence of the LightLoRA configu-

ration by varying the dimensions of the predicted matri-

ces (Apred, Bpred), which are controlled by hyperparameters

a and b. Specifically, we experiment with three settings:

(60, 30), (100, 50), and (160, 80). As shown in Table 2,

the configuration (100, 50) achieves the best overall video

generation quality. The smallest setup (60, 30) fails to cap-

ture sufficient semantic diversity due to its limited repre-

sentational capacity, while increasing the parameter size to

(160, 80)—a 1.6× increase—does not lead to further im-

provements and even slightly degrades performance, likely

due to overfitting and reduced semantic sparsity. These re-

sults indicate that an appropriately compact latent LoRA

space is crucial for effective semantic adaptation.

We further investigate the effect of the iterative predic-

tion mechanism introduced in Sec. 3.4. Specifically, we

compare our full model (with k = 4 refinement steps)

against variants with fewer iterations (k = 1, k = 2) and

a deeper refinement setup (k = 8). As summarized in

Table 2, the performance improves as the number of iter-

ations increases up to k = 4, beyond which further refine-

ment yields diminishing returns and slightly higher compu-

tational cost. This demonstrates that four refinement rounds

provide an optimal balance between semantic consistency,

stability, and efficiency.

5. Conclusion
In this work, we introduce Video2LoRA, a unified frame-

work for semantic-controlled video generation that lever-

ages a hypernetwork to predict semantic-specific LoRA

weights from a reference video. By decoupling semantic

adaptation from backbone modification, freezing the diffu-

sion model while only training a compact hypernetwork and

auxiliary matrices, our approach eliminates the need for per-

condition fine-tuning or pre-trained adapters. This design

enables strong zero-shot generalization to unseen semantic

domains while maintaining high visual fidelity and tempo-

ral coherence. Extensive experiments on the Open-VFX

dataset demonstrate that Video2LoRA outperforms exist-

ing methods across multiple metrics, including FVD, mo-

tion smoothness, and aesthetic quality, despite using signif-

icantly fewer parameters. Ablation studies further validate

the effectiveness of our lightweight LoRA representation

and iterative refinement strategy. We believe this paradigm

opens a scalable path toward truly general-purpose semantic

control in generative video models.
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