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Fig. 1: Prompt2Effect enables zero-shot LoRA synthesis through a single for-
ward pass for effect-injected image-to-video diffusion generation.

Abstract. While personalizing Image-to-Video (I2V) diffusion models
with specific visual effects is increasingly demanded for high-end genera-
tion, current practice requires training a separate Low-Rank Adaptation
(LoRA) module for each effect, incurring substantial data curation and
iterative optimization costs that hinder interactive control. We present
Prompt2Effect, a weight-driven hypernetwork that amortizes per-effect
training by directly synthesizing effect-specific LoRA weights in a single
forward pass. Unlike prior hypernetworks that regress adapter weights
purely from semantics, Prompt2Effect is explicitly conditioned on the
frozen base model weights, grounding prediction in the structural geom-
etry of each layer. Furthermore, instead of predicting raw LoRA matri-
ces, we introduce an SVD-canonicalized parameterization that resolves
factorization ambiguity and stabilizes large-scale synthesis. Extensive ex-
periments demonstrate that Prompt2Effect achieves on-par or superior
video quality and effect alignment compared to conventional LoRA fine-
tuning, while reducing the computational cost from 56 GPU training
hours to 3.3 seconds of hypernetwork inference. When used as initializa-
tion for subsequent fine-tuning, our predicted weights further improve
final performance and accelerate optimization by approximately 10×.

Keywords: Video Diffusion, Video Effect, LoRA, Hypernetwork, Per-
sonalization
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1 Introduction

Recent Image-to-Video (I2V) diffusion models [26] have achieved remarkable suc-
cess in synthesizing high-fidelity video from an input image and text guidance.
Beyond general semantic control, there is a burgeoning demand for effect-level
personalization: the ability to render an input image into specific visual styles
or motion effects with fine-grained, immediate control. In practice, these com-
plex dynamic effects are often distilled from dozens of unstructured reference
videos, which are far too heavy to use as direct conditions during inference.
Consequently, the standard approach for such personalization [2, 19] involves
training a separate Low-Rank Adaptation (LoRA) [11] module on a new video
dataset consisting of the target effects. However, per-effect data curation and
LoRA training are inherently iterative and computationally expensive, often re-
quiring thousands of optimization steps, which create a significant bottleneck
for interactive creative workflows. This overhead is particularly acute for I2V
models, where the increased model parameters and temporal complexity make
effect authoring slow and difficult to scale [21].

To bypass the costs of gradient-based optimization and enable amortized per-
effect LoRA training, weight-generation networks such as hypernetworks [6, 8]
have emerged as a compelling alternative. These models directly predict model
parameters in a single forward pass, conditioned on a target task. This raises
a natural question: can we leverage this paradigm to synthesize effect-specific
LoRA weights for I2V generation models directly from a textual effect descrip-
tion, without per-effect optimization? For image generation, hypernetwork ap-
proaches such as HyperDreamBooth [25] have already demonstrated the poten-
tial of training-free personalization by generating adapter weights conditioned
on an input face image.

However, directly extending these techniques to I2V diffusion remains highly
non-trivial. First, existing methods primarily focus on localized subject/identity
injection in static images (typically using UNet architectures [23]), whereas our
goal is to control global dynamic visual effects and motion in video. Second, mod-
ern I2V models (such as Diffusion Transformers [26]) involve high-dimensional
temporal latent dynamics and require consistent adaptation across an exponen-
tially larger parameter space. In practice, existing weight generation designs face
a fundamental scaling challenge: they struggle to regress the large and structured
LoRA parameter space of I2V models and can fail to converge to usable weight
predictors under this setting (Fig. 6).

To address these challenges, we propose Prompt2Effect, a weight-driven
hypernetwork for SVD-canonicalized LoRA prediction in I2V diffusion
models. Unlike prior hypernetwork approaches that rely solely on input condi-
tions such as effect prompts or identity images, our hypernetwork is explicitly
conditioned on the frozen base weights of the target model. This weight-driven
formulation is motivated by the nature of LoRA itself: a LoRA update ∆W is
not an absolute parameter, but a structured adaptation defined with respect to
the base model weight matrix W0. When the predictor has no access to W0, it
must implicitly infer the geometry of the base layer purely from semantics, which
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becomes increasingly ill-posed as model dimensionality grows. By conditioning
on W0, the hypernetwork is grounded in the native input-output coordinates
and correlation structure of each layer, substantially reducing the ambiguity of
large-scale weight synthesis.

Furthermore, existing methods typically regress LoRA matrices in their raw
factorized form. However, the decomposition ∆W = BA is inherently non-
identifiable: for any invertible matrix R, the pairs (BR,R−1A) produce the same
update. This induces a highly redundant solution space and leads to unstable op-
timization when predicting many layer-wise adapters simultaneously. To resolve
this ambiguity, we predict the SVD-canonicalized form of the LoRA update. By
decomposing ∆W = USV ⊤ and predicting the canonical factors B⋆ = US1/2

and A⋆ = S1/2V ⊤, we enforce an orthogonal, energy-ordered parameterization
with a unique representation up to sign. This significantly constrains the predic-
tion space, improves convergence, and stabilizes large-scale LoRA weight syn-
thesis. Together, these two design principles, weight-driven conditioning and
SVD-canonicalized prediction, make Prompt2Effect possible to stably synthesize
high-dimensional LoRA updates for modern I2V models in a single forward pass
(see ablation in Fig. 6), enabling accurate training-free effect control (Fig. 1).

Our key contributions are summarized as follows:
– Weight-Driven LoRA Synthesis for I2V Diffusion. We introduce a

weight-conditioned formulation for LoRA prediction that explicitly leverages
frozen base weights to ground adaptation in layer geometry, enabling stable
scaling to high-dimensional I2V diffusion models.

– SVD-Canonicalized LoRA Prediction. We identify the non-identifiability
of weight regression as a fundamental obstacle to stable training. To address
this, we propose predicting SVD-canonicalized LoRA factors, which impose
an orthogonal and energy-ordered parameterization, reduce redundancy in
the solution space, and significantly improve convergence stability.

– Scalable Training-Free Effect Control. Our framework amortizes the
training process, enabling instantaneous effect generation without per-effect
optimization by synthesizing large collections of layer-wise LoRA updates
in a single forward pass. Prompt2Effect achieves on-par or superior video
quality and effect alignment compared to conventional LoRA fine-tuning,
while reducing the computational cost from 56 GPU hours of training to 3.3
seconds of inference time per effect.

– Fast Adaptation and Composable Control. When maximum fidelity is
required, our predicted weights serve as strong initialization, substantially
accelerating conventional LoRA fine-tuning by 10×. Moreover, Prompt2Effect
supports interpolation and composition directly in weight space, enabling
flexible and continuous effect manipulation.

2 Related Work

Controllable Video Generation. While controllable video generation includes
structure-controlled methods leveraging pixel-aligned conditions, our work fo-
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cuses on semantic/effect control to enforce non-aligned target behaviors like
concepts, styles, or VFX without pixel-wise correspondence.

Per-effect / per-video adaptation. A dominant approach to semantic control
is condition-specific overfitting, adapting a pretrained T2V model to each new
effect via lightweight finetuning like DreamBooth [24] or LoRA [11]. For instance,
Set-and-Sequence [2] isolates identity and motion through two-stage LoRA fine-
tuning, but still requires per-concept optimization. Similarly, models like VFX
Creator [16], Omni-Effects [19], and EasyVFX [18] train specialized adapters or
effect experts, yet they rely on predefined categories or effect-specific training
that cannot generalize to unseen effects without further adaptation.

Task-specific design and inference-time control. Another line of work im-
proves controllability through task-specific modules or inference-time mecha-
nisms. Tune-A-Video [27] preserves structure while injecting new semantics via
one-shot video adaptation with inversion-based initialization. For reference-driven
stylization, StyleMaster [30] employs adapter-like cross-attention to condition
generation on style images, similar to IP-Adapter [29]. Recent works also steer
generation without explicit parameter updates by augmenting inputs with addi-
tional modalities or latents [1,4,13]. While ControlNet-style branches and image-
conditioned adapters excel with compact conditions like masks or static images,
they struggle with our target application. Global dynamic effects are unstruc-
tured and typically require dozens of reference videos, making them too compu-
tationally heavy for inference-time conditioning. In contrast, our goal is zero-shot
effect control at inference time by synthesizing plug-and-play LoRA parameters
from an effect prompt in a single forward pass.
Weight Prediction Networks. Hypernetworks [8] that predict adaptation
weights have been explored as an efficient alternative to per-instance finetun-
ing. HyperDreamBooth [25] predicts personalized diffusion-model weights for
fast identity adaptation, demonstrating that weight generation can substantially
reduce test-time cost. Subsequent works [6, 17] improved parameter efficiency
by predicting LoRA [11] adapters rather than full weights. Notably, LoFA [10]
serves as recent prior art in weight-driven LoRA prediction. However, LoFA
targets compact conditions (e.g., style, pose reference images) and directly re-
gresses ambiguous raw LoRA factors, which can lead to unstable optimization.
In contrast, our framework synthesizes LoRAs for unstructured, dynamic effects
distilled from dozens of videos, and we propose an SVD-canonicalized prediction
to resolve factorization ambiguity and stabilize large-scale weight synthesis.

More recently, generative approaches have been proposed to synthesize LoRA
parameters, including diffusion-based LoRA generation for LLMs and image dif-
fusion models [14, 15, 28]. Despite this progress, existing methods primarily fo-
cus on LLMs or localized subject/identity injection in static images (typically
UNet architectures). Extending prompt-conditioned LoRA synthesis to large-
scale video diffusion backbones (such as Diffusion Transformers [26]) remains
underexplored. This transition is highly non-trivial due to the explosion in pa-
rameter dimensionality and the need to adapt temporally structured represen-
tations for global visual effects.
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Our Prompt2Effect addresses this challenge by introducing a hypernetwork
that predicts SVD-canonicalized LoRA weights from effect prompts. While re-
cent works like PiSSA [20] and Make-a-LoRA [7] have shown that SVD-based
LoRA initialization improves gradient-based training convergence, we uniquely
leverage SVD to canonicalize the regression target space for hypernetwork train-
ing. This ensures a structurally aligned and stable optimization landscape for the
hypernetwork, allowing it to reliably predict complex video effect parameters.

3 Method

In this section, we introduce Prompt2Effect, a framework for training-free LoRA
synthesis at inference time for controllable video effects. Our overall pipeline con-
sists of two main phases: (1) a one-time pretraining stage, where a hypernetwork
is trained to regress LoRA weights from effect prompts, and (2) a zero-shot infer-
ence stage, where the hypernetwork directly predicts effect-specific LoRA weights
from a given effect prompt through a single forward pass. We also introduce an
optional lightweight testing-time optimization that uses the predicted weights
as an initialization to improve the zero-shot quality while being 10× faster than
standard LoRA training from scratch.

3.1 Preliminaries

Video Diffusion Models. Video diffusion models generate video clips by iter-
atively denoising a sequence of latent variables. Given a clean video latent z0,
a forward diffusion process adds Gaussian noise to produce a noisy latent zt at
timestep t. The model, typically parameterized by a 3D-UNet [23] or spatial-
temporal Transformer [21], is trained to reverse the process and generate data
z0 with conditions such as textual prompts (c).
Low-Rank Adaptation (LoRA). LoRA [11, 24] is a parameter-efficient fine-
tuning technique that adapts a frozen pretrained model to new concepts or
domains. Instead of updating the original weight matrix W ∈ Rd×k, LoRA op-
timizes a low-rank residual ∆W :

W ′ = W +∆W = W +BA

where B ∈ Rd×r and A ∈ Rr×k are trainable low-rank matrices, and the rank
r ≪ min(d, k).
Hypernetworks for LoRA Prediction. A hypernetwork Hϕ parameterized
by ϕ is a meta-model designed to generate the weights of another neural network.
In our context, we aim to learn a mapping function that takes an effect prompt
ceff as input and directly predicts a collection of LoRA weight updates for a
pretrained video diffusion model:

∆Θ = Hϕ(ceff), ∆Θ = {∆Wi}Li=1 (1)

where ∆Θ represents the set of low-rank adaptations applied to the L selected
layers of the base model with pretrained parameters Θ0.
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1. Weight-Driven Input Construction 2. Single-Forward Joint Processing 3. SVD-Canonicalized Weights Prediction

4. Inference: Zero-Shot Control & Efficient Adaptation
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Fig. 2: Overview of the Prompt2Effect framework. The pipeline consists of three stages:
(1) Weight-Driven Input Construction, where the frozen base weights W0 are
decomposed and compressed into compact weight tokens; (2) Hypernetwork Back-
bone, which jointly processes the compressed weight tokens, effect prompt, and layer
metadata to produce effect-injected latents; and (3) SVD-Canonicalized Weight
Prediction, which projects the latents back to the original parameter space to predict
SVD-canonicalized LoRA matrices. The predicted weights can be directly applied for
zero-shot generation, or used as initialization for fast adaptation on more complex ef-
fects to further improve performance with more than 10× training reduction compared
to LoRA training from scratch. Here we use D for simplicity.

The adapted model parameters are obtained via

Θ = Θ0 +∆Θ. (2)

Under the LoRA parameterization, each layer update is decomposed as

∆W l = BlAl, Al ∈ Rr×dl
in , Bl ∈ Rdl

out×r, l = 1, . . . , L, (3)

3.2 Weight-Driven SVD LoRA Prediction

Existing hypernetworks [25,28] typically generate target network weights directly
from abstract semantic embeddings, such as noise vectors or text features. These
approaches are purely semantic-driven: the predictor has no explicit access to
the base model weights it is meant to adapt. As a result, weight generation
lacks structural grounding in the underlying network, which empirically leads to
suboptimal performance when predicting high-dimensional updates (Sec. 4.4).

Moreover, prior methods generally regress weights in their raw parameteri-
zation. Directly predicting unconstrained weight matrices introduces two addi-
tional challenges: (1) the solution space is highly non-identifiable due to equiv-
alent factorizations of ∆W = BA; thus, for any invertible matrix R, the pairs
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(BR,R−1A) produce the same update, and (2) the absence of canonical structure
makes optimization less stable, especially for large networks.

To address these limitations, we propose a weight-driven SVD LoRA pre-
diction framework. First, instead of relying solely on semantic embeddings, we
condition the hypernetwork explicitly on the frozen base weights W0, provid-
ing strong structural priors for predicting ∆W . Second, rather than regressing
raw LoRA matrices, we predict their SVD-canonicalized form, which removes
factorization ambiguity and stabilizes training.
Weight-Driven Input Formulation. We formulate a novel weight-driven pre-
diction mechanism, motivated by the fact that a LoRA update is an adaptation
defined with respect to the original weight matrix. Therefore, we propose to use
the pre-trained network weights directly as an extra input along with the textual
prompt to the hypernetwork to predict the desired LoRA update.

Specifically, for a target layer l with frozen baseline weights W l
0 ∈ Rdl

out×dl
in ,

we construct a structured input sequence by slicing W l
0 into row tokens and

column tokens. The rows form B tokens xB,l
i = W l

0[i, :] ∈ Rdl
in , and the columns

form A tokens xA,l
j = W l

0[:, j] ∈ Rdl
out . Since row and column tokens have differ-

ent raw dimensionalities, we project them into a shared token space of width d:

x̃B,l
i = xB,l

i P l
B , P l

B ∈ Rdl
in×d, x̃A,l

j = xA,l
j P l

A, P l
A ∈ Rdl

out×d. (4)

We then concatenate them into a row/column token sequence:

X l
W = [x̃B,l

1 , . . . , x̃B,l

dl
out

, x̃A,l
1 , . . . , x̃A,l

dl
in
] ∈ R(dl

out+dl
in)×d. (5)
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Fig. 3: Compressibility (measured by cu-
mulative SVD energy) gap between the
frozen base weights (W0 in black) and
LoRA updates (∆W in blue). The plot-
ted curves aggregate all LoRA layer pairs
across the training set. While W0 is highly
compressible, ∆W spreads its energy across
a much broader set of base singular direc-
tions, motivating full-rank base weight tok-
enization for accurate LoRA prediction.

This construction is inspired by
classical CUR decompositions, which
approximate a matrix using its ac-
tual columns and rows [5, 9]. We use
the rows and columns of W l

0 directly
as tokens to expose the hypernetwork
to the layer’s native input/output
feature coordinates and cross-feature
correlations, instead of computing a
CUR factorization here.

Since LoRA parameterizes adap-
tation as a low-rank update ∆W =
BA defined with respect to the frozen
base weight W0, conditioning the pre-
dictor on W0 provides a strong struc-
tural prior that is absent when map-
ping solely from text or noise embed-
dings. Empirically, we observe a clear
compressibility gap: W0 concentrates
most of its spectral energy in the top
singular components, while ∆W distributes its energy across a substantially
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broader set of singular directions (Fig. 3). This observation motivates the use of
full-rank weight tokenization of the base model as input to the hypernetwork.
Aggressive compression of W0 would discard singular directions that carry criti-
cal information for accurately predicting ∆W . Refer to Sec. 4.4 for the ablation.
Weight Token Compression. Although full-rank weight tokenization pre-
serves critical structural directions, directly feeding the entire sequence X l

W

into a hypernetwork is computationally prohibitive due to its large token length
(dlout + dlin). Importantly, our goal is not to perform spectral truncation or low-
rank approximation of W0, which would discard singular directions that are infor-
mative for predicting ∆W . Instead, we introduce a learnable token aggregation
mechanism that reduces sequence length while still allowing the hypernetwork to
attend to all original weight directions. Specifically, we apply a cross-attention
operation using learnable queries to aggregate the high-dimensional weight to-
kens:

Ql
W = CrossAttn(Qlearned, X

l
W , X l

W ), (6)

where Qlearned ∈ Rn×d is a learnable query embedding, and the compressed
weight token sequence Ql

W ∈ Rn×d has a much shorter token length n ≪ dlout +
dlin.
SVD-Canonicalized LoRA Prediction. Instead of directly predicting the full
unconstrained LoRA matrices Al and Bl that are non-identifiable, we propose
predicting the SVD-decomposed LoRA weights. We pre-extract ground-truth
LoRAs across diverse dynamic concepts and apply Singular Value Decomposition
(SVD) to canonicalize the matrices Al and Bl:

∆W l = U lSl(V l)T ⇒ B⋆,l = U l(Sl)1/2, A⋆,l = (Sl)1/2(V l)T (7)

The hypernetwork is then trained to minimize the reconstruction loss against
these SVD-canonicalized matrices. Because SVD enforces an orthogonal, energy-
compacted basis, we empirically find that learning to predict these canonicalized
matrices converges significantly faster and produces more stable generation than
predicting raw, non-canonicalized weights. See Sec. 4.4 for the ablation.

3.3 Prompt2Effect Architecture

Designing a hypernetwork that generates high-dimensional adaptation weights
for a large-scale video diffusion model is challenging due to the scale and layer-
wise heterogeneity of the backbone. Prompt2Effect employs a Transformer-based
hypernetwork Hϕ that predicts all LoRA weights in a single forward pass, con-
ditioned on the effect prompt and layer-specific metadata. Hϕ consists of two
parts: (i) a Transformer backbone HE that fuses weightext and weight tokens,
we inject semantics through cross-attention so that structurally-aware weight to-
kens attend to the effect semantics, and (ii) an attention-based weight prediction
head HD that uncompresses layer tokens and outputs LoRA factors.
Transformer backbone HE . HE models the interaction between the structural
priors of the base model and the semantic guidance of the effect prompt. For
each adapted layer l ∈ {1, . . . , L}, the compressed weight tokens Ql

W serve as
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the primary input sequence. To provide spatial and structural awareness, we add
learned layer-index embeddings el and module-type embeddings elM directly to
the base tokens:

Zl = Ql
W + el + elM (8)

where el = Elayer(l) ∈ Rd and e l
M = Emod

(
M l

)
∈ Rd. The semantic effect

prompt embedding ceff is encoded via a frozen text encoder to obtain a sequence
of text tokens Teff = Etext(ceff) ∈ Rnt×d. Rather than concatenating text and
weight tokens, we inject semantics through cross-attention so that structurally-
aware weight tokens attend to the prompt.

HE takes the layer-wise conditions as input and predicts the effect-injected
latents used to generate LoRA weights:

XE = HE(Z, Teff) ∈ RL×n×d. (9)

Here, Z is the stacking of {Zl}Ll=1, L denotes the number of adapted layers, n
is the number of latent tokens generated per layer, and d is the hidden width
of the hypernetwork. Each slice X l

E ∈ Rn×d corresponds to the effect-injected
latent associated with layer l, which is subsequently used to predict its LoRA
weights.
LoRA Weight Prediction Head HD. The goal of HD to predict full un-
compressed weights of SVD-Canonicalized LoRA matrix A⋆ and B⋆ from the
compressed latent XE . HD consists a cross-attention uncompression operation:

X l
D = CrossAttn(Q = X l

W ,K = X l
E , V = X l

E) ∈ R(dl
out+dl

in)×d (10)

This operation projects the learned effect dynamics directly back into the native
structural dimensionality of the base weights by using the uncompressed original
weights X l

W as queries. We then split tokens into row-part and column-part:

X
l,(B)
D = X l

D[ : d
l
out], X

l,(A)
D = X l

D[ d
l
out : ]. (11)

Finally, HD employs two linear projection heads to predict the canonical LoRA
matrices B̂ and Â:

B̂ l = HeadB(X
l,(B)
D ) ∈ Rdl

out×r, Â l =
(
HeadA(X

l,(A)
D )

)⊤
∈ Rr×dl

in , (12)

By processing all layer tokens jointly, HD produces {(Âl, B̂l)}Ll=1 in a single
forward pass, enabling efficient LoRA synthesis without per-layer optimization.
Training Objective. Given our predictions {(Â l, B̂ l)}Ll=1 and ground-truth
SVD-canonicalized LoRA weights {(A⋆,l, B⋆,l)}Ll=1, we train Hϕ using a normal-
ized MSE (NMSE) loss that measures the relative Frobenius error for both A
and B:

LLoRA =
1

2L

L∑
l=1

 1

N

N∑
b=1

∥∥∥Â l
b −A⋆,l

b

∥∥∥2
F∥∥∥A⋆,l

b

∥∥∥2
F
+ ϵ

+
1

N

N∑
b=1

∥∥∥B̂ l
b −B⋆,l

b

∥∥∥2
F∥∥∥B⋆,l

b

∥∥∥2
F
+ ϵ

 , (13)
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where b indexes the batch (N samples) and ϵ is a small constant for numerical
stability. This relative formulation reduces sensitivity to scale variations across
layers and effects, leading to more stable hypernetwork training.

At inference time, we directly apply the predicted LoRA parameters to the
frozen video diffusion backbone to enable zero-shot effect generation without
per-effect optimization.

4 Experiments

4.1 Implementation Details

Hypernetwork. Unless otherwise specified, we use a 1.3B-parameter Trans-
former hypernetwork (14 layers, hidden width d = 2048) and set the target LoRA
rank to r = 128.. For each adapted layer, we compress weight tokens to n = 256
latent tokens. It takes 3.3 seconds for our hypernetwork to generate the entire
∆W for the base model on A100. We primarily conduct experiments on our pro-
prietary image-to-video (I2V) diffusion model. To validate that Prompt2Effect is
model-agnostic, we additionally reproduce our core findings on the public WAN
video model (see Appendix for details).
Baselines. We compare against (i) the baseline I2V controlled using text prompt,
(ii) a HyperDreamBooth-style hypernetwork baseline [25] adapted to video LoRA
prediction, and (iii) a fully optimized LoRA trained per effect from scratch, which
serves as an upper bound. To ensure fairness, all hypernetworks predict LoRA
updates for the same set of target layers and use the same training/evaluation
data and inference settings.
Data. We compiled 75 effects prompts, each accompanied by approximately 50
manually selected, captioned videos. Roughly 40% of this data was sourced from
public video models, while the remainder was generated and collected internally.
Five of the 75 prompts were reserved as a held-out evaluation set. Further details
are provided in the Appendix.
Training. We train the hypernetwork using the AdamW optimizer across 4
nodes × 8 NVIDIA A100 GPUs for 4k epochs, with a constant learning rate of
5e−5 and a 0.01% warmup ratio. For LoRA training, we utilize a single node for
1k steps, employing a cosine learning rate with an initial learning rate of 1e−4

with a 0.01 warmup ratio and decaying to a minimum learning rate of 1e−5.
Evaluation. We use 70 in-distribution (IID) effects and 32 out-of-distribution
(OOD) effects to evaluate our hypernetwork. For each effect, we generate 76
videos at 512× 288 resolution using a fixed prompt suite spanning diverse sub-
ject categories (single/multi-person scenes, dynamic backgrounds, objects, and
animals). We use identical prompts and random seeds across methods for gen-
erating the evaluation videos to ensure fairness.

We measure text-video alignment using CLIP Score [22] computed between
predicted and effect prompt, and overall video fidelity by Aesthetic Quality met-
ric from VBench [12]. To directly assess whether the intended effect is executed
(e.g., “polar bear spa”), we employ Qwen3-VL [3] as an expert VLM judge. The
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Table 1: Quantitative results across evaluation metrics for IID effects. Bold denotes
the best and underline denotes the second best. The LoRA baseline that requires per-
effect optimization is deemphasized.

Method CLIP
Score(↑)

Aesthetic
Quality(↑)

Motion
Smoothness(↑)

VLM Evaluation(↑)
Effect Context Temporal Overall

Baseline (Base I2V model) 24.23 53.36 98.33 15.99 14.21 12.37 42.57
HyperDreambooth [25] 22.34 35.30 - 0.00 0.00 0.00 0.00
Prompt2Effect (Ours) 25.10 56.30 98.54 27.89 15.34 13.70 56.93
LoRA 25.06 57.60 98.44 27.68 15.82 14.07 57.57

Table 2: Quantitative results of zero-shot and fast adaptation on OOD effects.

Method CLIP
Score(↑)

Aesthetic
Quality(↑)

Motion
Smoothness(↑)

VLM Evaluation(↑)
Effect Context Temporal Overall

Baseline (Base I2V model) 23.17 52.26 98.42 15.24 14.78 12.44 42.46
HyperDreambooth [25] 22.36 36.57 - 0.00 0.00 0.00 0.00
Prompt2Effect (Ours) 23.52 53.44 98.58 20.50 15.42 12.95 48.87

Init-50 25.57 56.06 98.47 26.14 15.51 13.23 54.89
Init-100 25.82 56.85 98.53 26.89 15.65 13.79 56.33
LoRA-100 25.11 56.50 98.20 24.66 14.70 12.91 52.28
LoRA (1000 step) 25.73 56.66 98.14 26.94 15.85 13.91 56.70

VLM scores three criteria: (i) Effect Execution, (ii) Context Preservation, and
(iii) Temporal Quality, and we report their sum as Overall.

4.2 Prompt2Effect Results

We evaluate Prompt2Effect as a zero-shot prompt-to-effect system that predicts
LoRA weights in a single forward pass, and compare against the base model,
HyperDreamBooth [25], and fully optimized LoRA (upper bound).
IID effects. Table 1 reports results on IID effects. Prompt2Effect substantially
improves over the base model across all evaluation metrics and performs closely
matching the LoRA upper bound. In contrast, the HyperDreamBooth [25] base-
line exhibits unstable training when scaled to video generation, leading to noisy
outputs, near-zero VLM scores, and the lowest CLIP and aesthetic scores. These
results highlight the effectiveness of our weight-driven, SVD-canonicalized hy-
pernetwork design in enabling stable and high-quality weight prediction.
OOD Effects. While Prompt2Effect demonstrates strong zero-shot performance
on IID concepts, highly out-of-distribution (OOD) effects may lack certain fine-
grained, idiosyncratic details, although ours still outperforms both the base
model and HyperDreamBooth, as shown in Table 2. To further enhance OOD
performance, we use the predicted weights as an initialization for subsequent
LoRA optimization. Initializing from our zero-shot prediction (Init-50 and Init-
100) significantly accelerates convergence compared to training from scratch
(LoRA-100). Notably, with only 100 optimization steps (Init-100), our method
approaches the performance of a fully converged standard LoRA model, which
typically requires 1,000 steps. Specifically, Init-100 achieves an overall VLM score
of 56.33, comparable to 56.70 for standard LoRA, while yielding a higher CLIP
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Polar bear spa: The subject suddenly jumps and begins to fall backwards and gracefully landing on their back inside a
giant white mug of steaming hot cocoa. They land softly on a liquid of floating big marshmallows, a striped candy cane
resting on the rim of the mug. Their arms spread in a relaxed, joyful expression. Suddenly, a white polar bear massage...

Space jump: A subject or environment is captured as the camera rotates to a fisheye lens effect, casting a retro 80s
ambiance and creating a retro 80s shot. A transition reveals a spaceman, fully geared up with a spacesuit and gloves,
confidently flying near a space station. The background features a spaceship, embodying strength and adventure...
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Fig. 4: Out-of-distribution (OOD) qualitative results and fast adaptation. We com-
pare the base model, a fully optimized LoRA, our Prompt2Effect’s one-shot predicted
weights (zero-shot), and 100-step adaptation initialized from our prediction (Init-100)
versus 100-step LoRA training from scratch (LoRA-100). Prompt2Effect’s initialization
substantially improves OOD effect within a small optimization budget, reducing 10×
training time compared to training LoRA from scratch (100 steps vs. 1000 steps).

score (25.82 vs. 25.73). Qualitative results further show that this 100-step fast
adaptation recovers fine-grained OOD textures that may be slightly smoothed
in the zero-shot prediction, as illustrated in Fig. 4. This indicates a 10× training
speed reduction using our Prompt2Effect as initialization compared to training
LoRA from scratch.

4.3 Public Model Experiments

To validate that the proposed Prompt2Effect is model-agnostic, we additionally
reproduce our core findings on the public Wan2.1-I2V-14B-480P1 model (see Ap-
pendix for details). As shown in Tab. 3, Prompt2Effect achieves highly compet-
itive quantitative performance on the Wan backbone, closely tracking the fully
optimized, per-effect LoRA baselines in both text-video alignment (CLIP Score)

1 https://huggingface.co/Wan-AI/Wan2.1-I2V-14B-480P

https://huggingface.co/Wan-AI/Wan2.1-I2V-14B-480P


Prompt2Effect 13

Table 3: Quantitative results on the Wan2.1-I2V-14B-480P model.

Method CLIP
Score(↑)

Aesthetic
Quality(↑)

Motion
Smoothness(↑)

VLM Evaluation(↑)
Effect Context Temporal Overall

Baseline (Wan2.1-I2V) 23.62 58.24 97.63 17.05 14.69 11.35 43.09
Prompt2Effect (Ours) 24.79 62.31 98.02 34.51 15.90 14.08 64.49
LoRA 24.68 62.90 97.88 34.16 16.43 14.57 65.16

"Painting" "Jaw Drop (Cartoon-Style)"
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Fig. 5: Qualitative effect generation applying Prompt2Effect on the Wan2.1-I2V-14B
backbone.

and effect execution (VLM Score), while actively improving motion smoothness
over the baseline. Qualitative examples of these synthesized effects demonstrat-
ing the robust translation to the Wan architecture are provided in Fig. 5.

4.4 Ablation Study

HyperNetwork Design. We investigate two architectural variants:

– Per-Block Network: A modular design where separate, smaller hypernet-
works (or heads) predict the weights for specific layers or blocks of the base
model. This approach (denoted as “Ensemble” in Table 4) achieves subopti-
mal performance overall, suggesting that global coordination across layers is
important for consistent effect synthesis.

– Single Big Network: Our unified, large-scale hypernetwork (1.3B parameters)
models the joint distribution of all layer weights simultaneously. By routing
features jointly across layers, this architecture achieves superior semantic
consistency and higher generation quality.

Weight-Driven Input Formulation. To verify the necessity of providing
structural priors, we replace our weight-driven input formulation with standard
abstract noise embeddings (denoted as “Noise” in Table 4). The noise-driven
model struggles to map semantic text directly to functional weights, yielding
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Table 4: Ablation study comparing Ensemble and Noise methods against our ap-
proach. Metrics are formatted as IID/OOD.

Method CLIP
Score

Aesthetic
Quality

VLM Evaluation
Effect Context Temporal Overall

Ensemble 24.93/23.46 55.93/53.63 23.21/17.93 14.9/14.74 13.19/12.43 51.29/45.11
Noise 24.41/23.21 53.83/52.21 19.35/15.99 14.33/14.92 12.45/12.67 46.14/43.58
Ours 25.10/23.52 56.30/53.44 27.89/20.50 15.34/15.42 13.70/12.95 56.93/48.87

Table 5: Ablation study comparing different compression ratio (n in Eq. (6)). Metrics
are formatted as IID/OOD.

Method CLIP
Score

Aesthetic
Quality

VLM Evaluation
Effect Context Temporal Overall

n=128 24.23/23.17 53.21/52.76 21.10/17.54 15.29/14.84 13.36/12.63 49.75/45.01
n=256 25.10/23.52 56.30/53.44 27.89/20.50 15.34/15.42 13.70/12.95 56.93/48.87
n=512 24.83/23.45 56.98/54.02 27.25/19.46 15.36/15.54 13.61/13.05 56.22/48.03

a steep performance drop in VLM metrics (Overall: 46.14/43.58) and aesthetic
quality. Training dynamics in Fig. 6 further verify that, with the weight-driven
input formulation, convergence is substantially accelerated. These confirm that
exposing the hypernetwork to the principal subspaces of the base weights is cru-
cial for predicting aligned low-rank updates. See Appendix for ablations of other
designs other than weight-driven.

Fig. 6: Training curve to pre-
dict raw LoRA weights versus
SVD-canonicalized prediction ver-
sus without weight-driven.

SVD-Canonicalized Weight Prediction.
We compare training the hypernetwork to
predict raw LoRA weights against predict-
ing SVD-canonicalized targets (A⋆, B⋆). As
shown in Fig. 6, SVD-canonicalization sig-
nificantly accelerates convergence and im-
proves optimization stability. The NMSE
of the reconstructed update ∆W decreases
smoothly throughout training, whereas the
non-canonicalized variant exhibits pronounced
oscillations and converges to a substantially
higher final error.

Compression Ratio. Tab. 5 ablates the
number of learned queries used to compress
weight tokens (n). We find that n = 256 of-
fers the best trade-off between compute and
fidelity, outperforming n = 128 and slightly
improving over n = 512 on average.
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"A subject is leaning joyfully from the window of a moving train. Their hair and scarf flow in the wind as the train rushes
through a snowy forest. A wide shot captures the train cutting through majestic snow-covered pines."

+

"A person stands calmly in the scene, holding a strange jelly-like object shaped like a brain. The person lifts the surreal
jelly form to their mouth and takes a bite. The texture wobbles and stretches like gelatin, oozing slime."

=

"A subject is leaning joyfully from the window of a moving train, their scarf flowing in the wind. While leaning out, the
person is holding a strange jelly-like object shaped like a brain, taking a bite as it stretches."

"A continuous tracking shot of a character. As they move, the detailed interior of a beautifully decorated scene appears
around them. A shopping cart is grotesquely overflowing with enormous gift boxes. The character smiles joyfully."

+

"Smooth dolly out camera shot to an ultra-wide view revealing a crowd of Santa Clauses filling a space from behind. The
group of Santas in classic red suits are lightly jogging, waving at the camera with cheerful and wholesome energy."

=

"A character walks with a shopping cart grotesquely overflowing with enormous gift boxes. A smooth dolly out camera
shot reveals a crowd of Santa Clauses filling the space from behind, lightly jogging behind the shopping cart."
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Fig. 7: Zero-shot compositional control by blending predicted LoRA updates, showing
that Prompt2Effect learns a LoRA-like space supporting semantic composition.

4.5 Zero-Shot Controllability

A key advantage of Prompt2Effect is that the synthesized adaptations behave
like LoRA weights trained conventionally, enabling training-free zero-shot model
control. We experiment with semantic composition by interpolating the predicted
weights of two distinct effects (∆W = 0.5∆WA + 0.5∆WB). Visual results in
Fig. 7 confirm that our synthesized weights can be seamlessly blended, producing
a combined video effect that exhibits characteristics of both concepts.

5 Conclusion

In this work, we introduced Prompt2Effect, a training-free hypernetwork frame-
work that synthesizes LoRA weights for controllable video generation in a single
forward pass. By using a weight-driven input representation and predicting SVD-
canonicalized adaptations, our method exploits the structural priors of large-
scale video diffusion models. Extensive experiments show that Prompt2Effect
achieves high-quality zero-shot video effects comparable to optimization-based
LoRA, while reducing the computational cost from 56 GPU training hours to 3.3
seconds. Moreover, it provides a strong initialization that accelerates standard
LoRA fine-tuning by up to 10×. Despite these gains, out-of-distribution perfor-
mance remains constrained by the diversity and scale of the training data for our
hypernetwork. Future work will explore scaling data and training, and extending
Prompt2Effect to stronger video backbones to further improve robustness and
generalization.
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