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Abstract

Recent advancements in video generation models have sig-
nificantly improved their ability to follow text prompts. How-
ever, the customization of dynamic visual effects, defined as
temporally evolving and appearance-driven visual phenom-
ena like object crushing or explosion, remains underexplored.
Prior works on motion customization or control mainly focus
on low-level motions of the subject or camera, which can be
guided using explicit control signals such as motion trajecto-
ries. In contrast, dynamic visual effects involve higher-level
semantics that are more naturally suited for control via text
prompts. However, it is hard and time-consuming for hu-
mans to craft a single prompt that accurately specifies these
effects, as they require complex temporal reasoning and it-
erative refinement over time. To address this challenge, we
propose P-Flow, a novel training-free framework for cus-
tomizing dynamic visual effects in video generation without
modifying the underlying model. By leveraging the semantic
and temporal reasoning capabilities of vision-language mod-
els, P-Flow performs test-time prompt optimization, refining
prompts based on the discrepancy between the visual effects
of the reference video and the generated output. Through
iterative refinement, the prompts evolve to better induce the
desired dynamic effect in novel scenes. Experiments demon-
strate that P-Flow achieves high-fidelity and diverse visual
effect customization and outperforms other models on both
text-to-video and image-to-video generation tasks. Code is
available at https://github.com/showlab/P-Flow.

1. Introduction

Recent advancements in video generation models have signif-
icantly enhanced their ability to produce visually compelling
content guided by text instructions [1, 32, 69]. These models
excel at generating videos that align with high-level semantic
descriptions, enabling applications in creative storytelling,
virtual environments, and visual design [10, 17, 20, 60, 86].
However, specifying nuanced, temporally evolving phenom-
ena, such as dynamic visual effects (e.g., object explosion,
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1 try this text prompt: A red car exploded into a puff of red smoke.”
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resembling a natural smoke plume.

Figure 1. It is hard for humans to craft text prompts that precisely
control video generation models to generate desired visual effects
across diverse scenes, while P-Flow automatically refines prompts
to achieve consistent and realistic visual effects.

crushing), remains a challenge. Unlike low-level motion
control [76, 91], which can be guided by explicit trajectories,
dynamic visual effects require higher-level semantic under-
standing and temporal coherence, making them difficult to
capture with explicit conditions.

While such effects are naturally suited for control via text
prompts due to their semantic richness, crafting prompts
that accurately describe dynamic visual effects is inherently
complex. Users must articulate both the semantic character-
istics and temporal evolution of the effect, often requiring


https://github.com/showlab/P-Flow

iterative refinement and complex temporal reasoning. For in-
stance, applying a reference explosion effect to a new scene,
such as a meteor crashing into the moon, requires preserv-
ing the dynamics and timing of the effect while adapting
it to a completely different visual and semantic context, as
shown in Fig. 1. Manual prompt engineering for such tasks
is time-consuming and often yields suboptimal results.

Prior works on video customization have primarily fo-
cused on low-level motion control, such as guiding subject
or camera motion using trajectories or spatial paths [23, 76].
While effective for explicit motion tasks, these methods are
ill-suited for high-level semantic effects that lack clear mo-
tion trajectories. Alternative approaches that fine-tune video
generation models for specific effects require extensive com-
putational resources and lack generalizability across diverse
effects [44]. In contrast, a training-free paradigm that lever-
ages the powerful abilities of foundational generation models
would offer a flexible and user-friendly solution for effect
customization.

To address these challenges, we propose P-Flow, a novel
training-free framework that customizes dynamic visual ef-
fects in video generation by treating text prompts as optimiza-
tion variables. Rather than updating the generation model
itself, P-Flow performs test-time prompt optimization, lever-
aging the semantic and temporal reasoning capabilities of
vision-language models (VLMs) to iteratively refine prompts
and bridge the gap between generated video and reference
visual effects. To make this optimization both effective and
stable, we introduce two key strategies. First, we introduce
a noise prior that emphasizes temporally salient dynamics
in the reference effect to guide stable optimization, while
incorporating stochastic noise to maintain diversity and ex-
ploration during prompt refinement. Second, we incorporate
a lightweight historical context mechanism that maintains
past optimization trajectories, enabling more consistent and
coherent refinement across iterations. Together, these de-
signs ensure that prompts evolve meaningfully over time,
achieving high-fidelity visual effects customization.

The experimental results validate the effectiveness and
generality of P-Flow in enabling high-fidelity and diverse
visual effect generation across both image-to-video and text-
to-video generation settings. Without any model fine-tuning,
P-Flow achieves state-of-the-art performance in key metrics
such as FID-VID [68], FVD [6], and Dynamic Degree [28],
and is strongly preferred in human evaluations. Compared to
the training-based baseline constrained by fixed-length super-
vision and training dataset biases, our test-time optimization
approach fully captures the temporal evolution of effects
and better adapts to diverse scenes. These findings demon-
strate the potential of P-Flow as a plug-and-play solution for
dynamic visual effect generation.

Our code will be fully open-sourced. The main contribu-
tions are summarized as follows: (1) We propose P-Flow,
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a training-free framework that customizes dynamic visual
effects in video generation by optimizing text prompts at
test time. It supports both text-to-video and image-to-video
generation. (2) We introduce a novel prompt optimization
paradigm guided by VLM, enhanced with a noise prior to sta-
bilize learning while preserving diversity, and a lightweight
historical context mechanism to ensure optimization coher-
ence. (3) Extensive experiments demonstrate the state-of-
the-art performance of P-Flow across metrics and human
evaluations.

2. Related Works
2.1. Video Generation Model

Recent generation models demonstrate their powerful abili-
ties in generating diverse and high- fidelity contents [24, 25,
46, 64, 88, 92, 94]. Where video generation approaches are
largely based on diffusion models [7, 8, 26, 37, 38, 52, 71,
73, 74, 87, 97], which generate videos by denoising Gaus-
sian noise through architectures such as 3D U-Net [61] or
transformer-based DiT [56]. More recently, flow matching
models [31, 40, 43, 47] have emerged as a scalable and ef-
ficient alternative, directly learning a velocity field to map
noise to data without iterative denoising, and have shown su-
perior quality on both realistic and diverse video generation
tasks [32, 69]. And a growing number of open-source video
generation models [21, 39, 57, 84, 84, 96] have recently
been released, offering diverse architectures and capabili-
ties for both text and image conditioned video generation.
The increasing fidelity and prompt-following ability of open-
sourced SOTA models provide a promising foundation for
prompt-based video generation and optimization.

2.2. Motion Customization and Control

Motion customization methods [91] extend subject and
style customization [13, 19, 34, 63, 65, 77] to the tem-
poral domain by enabling control over motion dynam-
ics. DreamVideo [78] and LAMP [80] learn motion pat-
terns or adapters to customize both appearance and mo-
tion. Other methods [29, 51, 59, 75, 83] further explore
disentangled or reference-guided motion generation. In
parallel, controllable video generation aims to ensure the
generation results align with the given explicit control sig-
nals, such as depth maps, human pose, optical flows, etc.
[5, 23, 48, 49, 58, 76, 82, 89, 90, 95]. These methods mainly
address low-level motion using explicit priors or training-
based control modules [12, 72].

In contrast, dynamic visual effects involve higher-level
semantics and remain underexplored. A concurrent work,
VEX Creator [44], adds control branches for visual effect
generation but is limited to image-to-video generation and
requires separate training for each different type of visual
effect. Our method offers a flexible, training-free solution
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Figure 2. Overview of the proposed P-Fl

applicable to text-to-video and image-to-video models.

2.3. Vision Language Models for Generation

Recent advances in large language models [2, 3, 9, 55,
67] have significantly enhanced the capabilities of vision-
language models (VLMs) [4, 11, 36, 41, 66, 98], enabling
them to perform semantic and temporal reasoning over vi-
sual content. These models have been increasingly used
to evaluate or guide generation [14-16, 18, 22, 27, 30, 35,
45, 50, 53, 54, 79, 81, 85], with Gecko [79] demonstrating
their effectiveness in assessing fine-grained generation qual-
ity across diverse attributes. Some recent work, such as
EvolveDirector [93] and VideoAlign [42], explored the use
of VLM to train and optimize generation models to align
human preferences. However, applying VLMs for test-time
optimization in video generation remains largely unexplored.
Our work leverages VLMs not only for evaluation but also
as optimization tools to bridge the semantic gap between
text prompts and complex visual effects.

3. Method

3.1. Problem Formulation

Given a reference video V. showing a dynamic visual effect
and an initial text prompt F, describing a novel scene or
subject, our objective is to generate a video Vi, that exhibits
the same visual effect as Vs while adhering to the semantic
content specified by Fj.

In the image-to-video generation task, the generation is
additionally conditioned on a source image I that provides
detailed spatial structure or appearance of the scene. In this
case, the generated video is given by Ve = G(P*,1,7),
where G is a pre-trained video generation model and 7 de-
notes latent noise. For simplicity, and unless otherwise
stated, we omit [ in the formulation to unify notation across
both text-to-video (T2V) and image-to-video (I2V) scenar-
i0s.

Formally, we aim to optimize a text prompt P* such that
the generated video Vien = G(P*, 1) minimizes the discrep-
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ancy D(Vgen, Vier) in terms of the semantic and temporal
characteristics of the visual effect.

3.2. Framework Overview

The P-FI framework operates in a training-free manner,
optimizing the text prompt at test time without modifying
the underlying video generation model. The method com-
prises three core components: (1) noise prior enhancement
to initialize the latent noise for stable and diverse video sam-
pling, (2) test-time prompt optimization using a VLM to
iteratively refine the prompt, and (3) historical trajectory
maintenance to guide the refinement decisions of VLM. The
process is iterative, generating videos, evaluating their align-
ment with the reference effect, and refining the prompt until
a maximum number of iterations is reached.

3.3. Noise Prior Enhancement

We found that the initial latent noise 7 used in video genera-
tion significantly influences optimization stability and output
diversity. Completely random noise results in inconsistent
visual effects across text prompt optimization iterations, hin-
dering convergence, while fixed noise limits exploration,
leading to suboptimal solutions. To address this, we propose
a noise prior enhancement strategy that balances stability
and exploration through flow matching inversion, temporal
noise isolation, and noise blending.

First, we extract the latent noise corresponding to V¢
via flow matching inversion [33, 62, 70]. In flow matching,
the generative model defines a continuous-time ordinary
differential equation (ODE)

dey
dt

which transports noise n at t = 0 to the data x7 at ¢t =
T. To invert this process, we integrate the same vector
field backward in time starting from zpr = Vi with its
corresponding reference prompt Pres:

= Ue(xtat;P)a (])

T
/ vp(wes £ Preg) dt. ()
0



By construction, this ensures G (Prct, Miny) ~ Vier, Where
Ninv captures both the dynamic visual effect and appearance-
specific attributes (e.g., textures or background elements)
that are orthogonal to the visual effect itself.

To isolate the motion-related temporal components from
the inverted noise 7,y € REXFXHXW “where C is the
number of latent channels, F' is the number of frames,
and H, W are spatial dimensions, we apply a two-stage
SVD-based projection. First, we reshape 7;,, into a ma-
trix N, € REF)XHW) and compute its singular value
decomposition:

N, =U,x,V/. 3)

To suppress appearance-specific spatial variations, we adap-
tively determine the number of leading components k& to
remove by ensuring the retained energy satisfies

Z:;ks-&-l 01‘2

i=1%
where 7, = rank(IN ). We set the top k singular values in
3, to zero and reconstruct the spatially-filtered tensor as

>p 4

S

Nspatial = reshape (U, V], [C,F,H,W]). (5

Next, 7)spatial 1S reshaped along the temporal axis into
N,, € REHW)XE and do SVD project again, and we
retain the top k,, components such that

(6

The final projected noise 7hemporas € R *H>*W preserves
dominant motion information while suppressing static and
appearance-dependent details.

Finally, to ensure exploratory diversity, we blend 7emporal
with random noise ey ~ N (0, I):

n= \/a * Ttemporal + V 1 — - Mnew, @)

where « controls the influence of the motion-preserving
noise. This blended noise 7 is used to sample the video
Veen = G(P;,n) at iteration 1.

3.4. Test-Time Prompt Optimization
Vi

Ateach iteration ¢, we generate a video Vi,

prompt P; and the enhanced noise 7 as

using the current

%
V:gen

=G(P,n), €]

where G is the video generation model. To assess the align-
ment between the generated visual effects and those in the
reference video V¢, we construct a composite video by ver-
tically stacking Vi, the previously generated video (if avail-
able), and V:bfen. The composite video Vi omp 1S preprocessed
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to ensure consistent resolution and frame rate, enabling di-
rect visual comparison across inputs.

A VLM is employed to analyze differences between Vgien
and V¢, focusing on motion dynamics and visual effects,
while explicitly ignoring variations in appearance or identity.
Based on this analysis, the VLM performs prompt refinement
to guide the next generation toward better reproducing the
target visual effects:

Piy1 = M(Veomn, Pi, H; Po) )

Here, M(-) denotes the VLM structured refinement func-
tion, which takes as input the reference and generated video
pair Veomp, the current prompt P;, the historical trajectory
of optimization, detailed in Sec. 3.5, and the original con-
tent constraints from Py. The output is an updated prompt
P; .1, where only effect-related descriptions are modified,
preserving the original subject and environment.

The VLM is instructed to return a structured JSON object
containing detailed analysis and the revised prompt P; ;.
This iterative process enables fine-grained control over vi-
sual effect fidelity through prompt optimization. The full
procedure is presented as pseudocode in the Appendix.

3.5. Historical Trajectory Maintenance

To enhance the reasoning and optimization capabilities of
the VLM, we maintain a historical trajectory

H={(Vi, P A yimg ™, (10)
where V;, P;, and A; denote the generated video, the corre-
sponding prompt, and the VLM analysis at iteration . This
trajectory provides context for prompt refinement, allow-
ing the VLM to identify effective optimization patterns and
avoid redundant changes. For example, if previous iterations
have consistently increased the intensity of a desired visual
effect, the VLM may favor similar refinements in subsequent
steps.

However, storing the full sequence of previously gener-
ated videos introduces considerable computational overhead,
especially as video inputs consume large amounts of visual
tokens in the VLM. To address this, we adopt a memory-
efficient strategy: only the reference video, the generated
video from the previous iteration, and the current generated
video are included in the visual input to the VLM. This se-
lection maintains the most relevant temporal context while
significantly reducing token length.

Meanwhile, to preserve long-term memory and optimiza-
tion history, we retain all text prompts { P;} and VLM analy-
ses {A;} across iterations in H. Since language tokens are
much more compact than visual tokens, this design provides
a good trade-off between efficiency and contextual richness,
enabling the VLM to reason over past refinements while
operating within practical computational constraints.



Table 1. Quantitative comparisons for both image-to-video and text-to-video generation settings. Note that VFX Creator supports only

image-to-video generation.

Image-to-Video Text-to-Video Overall
FID-VID | FVD| Dyn. Degreet FID-VID] FVD] Dyn. Degreet FID-VID| FVD | Dyn. Degree

Wan 2.1 [69] 34.62 994.70 0.33 42.32 1535.43 0.28 38.47 1265.07 0.31
HunyuanVideo [32] 36.53 1169.9 0.51 38.35 1362.35 0.34 37.44 1266.13 0.43
VFX Creator (Training-Based) [44] 29.92 752.95 0.63 - - - - - -

Wan 2.1 + HF (Training-Free) 33.12 989.42 0.54 42.21 1632.10 0.59 75.33 1310.76 0.57
HunyuanVideo + HF (Training-Free) 33.85 1035.49 0.70 36.54 1266.79 0.62 35.20 1151.14 0.66
P-F (Ours, Training-Free) 29.32 784.51 0.94 32.93 980.75 0.87 31.13 882.63 0.91

3.6. Implementation Details

We use the pre-trained Wan 2.1 14B video generation mod-
els [69] for both text-to-video and image-to-video tasks, pro-
ducing videos at the resolution of 480 x 832 with 81 frames.
For image-to-video generation, the aspect ratio is adaptively
adjusted to be the same as the input image. Text prompt
optimization is performed using the Gemini 1.5 Pro vision-
language model. The blending weight is fixed to oo = 0.001,
and the optimization process is run for ¢, = 10 itera-
tions. All experiments are conducted on an NVIDIA A100
GPU cluster. Video generation is performed with 8-GPU
distributed inference, taking approximately 69 seconds per
video and consuming around 40 GB of GPU memory per
card. In each optimization iteration, besides the video gener-
ation, 1.2 seconds are used to construct the input for VLM,
and 16.3 seconds are spent on prompt refinement via VLM
inference. Structured instructions for VLM and more details
are provided in the Appendix.

4. Experiments

We conduct comprehensive experiments to evaluate the ef-
fectiveness of P-Flow in customizing dynamic visual effects
for video generation. The evaluation spans a diverse set of
visual effects and includes both objective metrics and sub-
jective human preference studies. We compare P-Flow with
recent state-of-the-art methods through quantitative results
in Sec. 4.2 and qualitative visualizations in Sec. 4.3. In addi-
tion, we perform an ablation study in Sec. 4.4 to analyze the
contribution of key components. Experimental settings are
detailed in Sec. 4.1.

4.1. Experimental Setup

Dataset: The experiments are conducted on the Open-VFX
dataset [44]. This benchmark comprises 675 high-quality
videos sourced from commercial platforms, where each
video lasts approximately 5 seconds at 24 fps. These videos
span 15 diverse categories of dynamic visual effects, such
as explode, deflate, and squish, offering rich visual diver-
sity and temporal dynamics. Additionally, 245 reference
images are provided for the image-to-video generation task,
covering both single and multi-object scenes. We sample

reference videos from its training set and test images from
its test set.

Metrics: To assess the visual effect fidelity and dy-
namism of generated videos, we adopt three standard metrics
following prior work [44]: FID-VID [68]: Fréchet Inception
Distance adapted for videos, measuring distributional simi-
larity between generated and ground-truth videos. FVD [6]:
Fréchet Video Distance, which captures temporal coherence
and realism based on a 3D video feature extractor. Dynamic
Degree [28]: Quantifies the degree of motion or visual trans-
formation across frames to reflect effect intensity and tem-
poral variation.

In addition, we conduct a human evaluation using a pair-
wise comparison protocol, where 15 annotators are asked to
choose the better video between two candidates in terms of
visual effect fidelity. For each generation task, we sampled
100 samples with 15 different types of visual effects from
each model.

Baselines: We compare P-Flow against the foundational
state-of-the-art video generation models, Wan 2.1 [69] and
HunyuanVideo [32], as well as a prior specialized model,
VEFX Creator [44], which is specifically designed for visual
effect learning. On the Open-VFX dataset, VFX Creator is
trained with a separate LoRA version for each type of visual
effect. All baselines are used with their publicly released
checkpoints and configurations. We additionally include a
human feedback (HF) mode for Wan 2.1 and HunyuanVideo,
where the text prompt is manually revised once, based on
the generated results, to improve the visual alignment with
the given visual effect references.

4.2. Quantitative Results

As shown in Table 1, our proposed method P-Flow achieves
superior or highly competitive performance across all met-
rics in both image-to-video and text-to-video generation
tasks. P-Flow is built upon Wan 2.1 in our experiments.
Specifically, P-F outperforms strong foundational
video generation models such as Wan 2.1 and HunyuanVideo
across all three metrics in both generation settings. Notably,
our method achieves this without any fine-tuning or modifi-
cation of the foundational model parameters, demonstrating
the effectiveness of our test-time optimization framework.
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"It collapses in a fast, rigid domino-like motion, "A penguin transforms into Venom. Viscous, inky black tendrils erupt from the penguin's "Three giraffes stand motionless on a dirt road. A
starting from the left. Each figure tips over rapidly, back like a contained explosion of dark liquid. The tendrils whip, flail, and writhe outwards large, circular, metallic hydraulic press with
maintaining a completely straight form, with with violent, erratic motion, creating a thick, swirling vortex of dark energy. The horizontal metal bracing and stacked tires beneath it
accelerating speed as it falls. The figures topple in a transformation is swift and aggressive. Venom's head and fanged maw emerge from the glacially descends from above. The press
smooth, cascading sequence, each following the inky mass, its mouth opening in a menacing roar as tendrils continue to lash and whip relentlessly crushes the giraffes against the ground,
previous one like a chain reaction, as if sequentially around it." flattening them. A cloud of dust puffs out around
deflating with a whoosh of air and a slight distortion L. the edges as the press compresses the giraffes into a
as their hair whips around from the movement." Text Prompt Optimized by P-Flo flattened form."

Visual Effect 1: Deflate Visual Effect 2: Venom Visual Effect 3: Crush

Figure 3. Qualitative comparison on image-to-video generation with different visual effects. The prompts shown beneath each row represent
the actual input to each model. As VFX Creator is optimized for short phrase inputs, such prompts are provided to ensure a fair and
consistent evaluation.

Table 2. Human evaluation results (%) comparing P-Flow against not support text-to-video generation, and its trained LoRA

baseline models in Image-to-Video (I12V) and Text-to-Video (T2V) weights are tightly coupled with specific architectures. In
generation. Note: Model order was randomized during evaluation. contrast, P-Flow is training-free, modular, and model-

agnostic, supporting both image-to-video and text-to-video

Model 1 Preference (Model 1 V.S. Model 2) Model 2 L . . .
tasks. Achieving such generalization and performance with-
P-Flow-12V 80% V.S. 20% Wan 2.1-12V ¢ traini head und th ticality and
P-Flow-I2V 84% V.S. 16% HunyuanVideo-12V out any training overhead underscores the practicality an
P-Flow-12V 58% V.S. 42% VFX Creator robustness of our framework.
P-Flow-T2V 75% V.S.25% Wan 2.1-T2V A pairwise human preference study is conducted to com-
P-Flow-T2V 81% V.S. 19% HunyuanVideo-T2V . . .
pare the visual effect fidelity of P-Flow with others. As
shown in Table 2, the results demonstrate that P-Flow con-
sistently outperforms existing models in both settings, re-
This validates our design philosophy of treating the video flecting its superiority in visual effect generation.
generator as a black box while still enabling high-quality
visual effect generation through adaptive, input-specific opti- 4.3. Qualitative Results
mization. As shown in Fig. 3 and Fig. 4, our proposed P-Flow demon-
Compared to the training-based method VFX Creator, strates clear advantages in generating high-quality and con-
which is trained on the Open-VFX dataset and involves dedi- trollable visual effects. It is worth mentioning that, for the
cated architectural designs, our method achieves comparable P-Flow, there are no constraints on the resolution or length
results in FID-VID and FVD, while significantly outperform- of the reference video. This greatly reduces the barrier for
ing it in Dynamic Degree. This highlights the strength of our users to adopt our method, allowing them to freely choose
method in generating videos with more salient and tempo- reference clips of any duration or resolution.
rally coherent motion, which is essential for visual effects The pre-trained strong foundational models, Wan 2.1 and
generation.

HunyuanVideo, fail to produce the desired effects using
Moreover, it is worth noting that VFX Creator does plain text prompts, which highlights the insufficiency of
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"A soldier standing in the desert with eyes popping out."
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HunyuanVideo

"A chrome orb in a void explodes."

"A soldier standing in the desert with eyes
dramatically and comically bulging outwards, as if
they are springing from their sockets, resembling the
comedic effect of surprised cartoon eyes.
Simultaneously, his mouth drops open in a wide,
exaggerated gasp of surprise, and his eyebrows shoot
upwards dramatically, synchronized with the abrupt
and exaggerated eye-popping action, emphasizing the
comedic surprise. The soldier's eyes should bulge to
an extreme degree, mimicking the exaggerated style
of a cartoon character."

"The skyscrapers in a city violently crumble into jagged, irregular,
concrete-like chunks, erupting in a dense, billowing cloud of dust
and debris. The disintegration begins explosively from the top,
cascading downwards in a rapid, uncontrolled demolition, like a
controlled implosion gone terribly wrong. Fragments of varying
sizes explode outwards with force as the structure collapses. The
chunks are rough, angular, and resemble shattered concrete, not
smooth or uniform. The dust cloud billows and swells outwards,
partially obscuring the collapsing skyscrapers yet still revealing
the fragmented chunks within, intensifying the chaotic, violent
destruction."

"A chrome orb in a void explodes. The chrome orb erupts in a
sudden, violent explosion, propelling a dense, turbulent cloud of
glittering shards outwards in all directions. The shards vary
dramatically in size and velocity. Some larger shards tumble end-
over-end, rotating rapidly as they are propelled outwards. Smaller
shards disperse quickly, creating a fine mist of glittering particles.
The shards leave fleeting, barely visible trails of light as they
scatter. The force of the explosion is intense and uncontrolled,
simulating a powerful detonation that throws debris in a chaotic,
swirling motion."

Figure 4. Qualitative comparison on image-to-video generation with different visual effects. The prompts shown beneath each row represent

the actual input to each model.
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between two fingers. The fingers press together
quickly and repeatedly, compressing and distorting
the player's body. The player flattens and stretches
slightly with each squeeze.

Text Prompts

Reference of
Visual Effect: Squish

Figure 5. Optimization trajectory of P-FI

repeatedly and playfully squished between two
fingers. The fingers pinch together quickly, then
slightly release, in a smooth, rhythmic motion. The
player's body compresses and distorts with each
pinch, flattening and stretching like a cartoon

~ character. The perspective is close-up, emphasizing

the squishing effect. Squish it. Maintain the player's
white and blue uniform.

pitch, being playfully and rhythmically squished
between two fingers. The fingers pinch together
swiftly, then slightly release, creating a pulsating,
energetic squeeze. The player's body compresses and
distorts with each pinch, flattening and stretching like
a cartoon character, with a slight bounce as they are
squeezed. The background is a blurred baseball field,
out of focus due to the extreme close-up. Squish it.

. Starting from a simple base prompt, P-FI

Maintain the player's white and blue uniform.

iteratively refines the text prompt based on the

visual feedback (we showcase the iteration 1 — 3 — 5), leading to progressively more accurate alignment between the generated video and

the target “squish” visual effect.

generic prompts in steering these models toward specific
visual goals.

In comparison, the training-based model, VFX Creator,
exhibits relatively stronger ability in capturing visual effects.
Nevertheless, it also suffers from inherent limitations im-
posed by its fixed-length training regime. For example, in the
Visual Effect 1: Deflation, the synthesized sequence termi-
nates before the visual transformation completes. This trun-
cation is attributed to that all training samples are forcibly
trimmed to a fixed length, which may lead to cutting out
some parts of the visual effects. P-Flow, in contrast, imposes
no such constraint. The full reference video can be encoded
by the VLM, allowing the dynamic evolution of the effect
to be fully captured and reflected in the optimized prompt,
thereby avoiding truncation-related failures.

In addition, the training-based method may also encode
dataset-specific biases. For example, in Visual Effect 2:
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Venom, the second frame generated by VFX Creator includes
a humanoid body structure, likely due to bias in the training
data toward human-centric subjects. These artifacts reveal
the limited generalization capacity of training-based mod-
els under distribution shifts. Our method, by optimizing
the prompt at inference time based on the input image and
reference video, naturally avoids such artifacts, accurately
preserving subject-specific attributes from the input image
while incorporating the desired visual effect from references.
The results in Fig. 4 further demonstrate the superiority of
our method on the text-to-video generation task.

Optimization Trajectory. We visualize the prompt opti-
mization trajectory of P-Flow in Fig. 5. Given a reference
video containing the desired visual effect, P-Flow gradually
optimizes the text prompt to guide the generation towards
similar dynamics in a novel scene.



Table 3. Ablation study of P-F

on both image-to-video and text-to-video generation.

Modules Image-to-Video Text-to-Video Overall
Noise-Enhance Logic-Context Visual-Context (i-1) FID-VID | FVD | Dyn. Degree T FID-VID | FVD | Dyn. Degree T FID-VID | FVD | Dyn. Degree 1
X X X 3342  1089.23 0.64 39.85  1321.70 0.61 36.64  1205.47 0.63
v X X 32.80 961.78 0.69 36.74 118242 0.66 3477  1072.10 0.68
v X v 3045  861.52 0.83 34.05 1044.67 0.78 3225  953.10 0.81
v v v 29.32  784.51 0.94 3293  980.75 0.87 31.13  882.63 091
4.4. Ablation Study Table 4. Analysis of noise prior enhancement components.

We conduct the ablation study to investigate the effectiveness
of each component in our framework, including the Noise-
Enhance module, the Visual-Context (i-1), and the Logic-
Context modules. Results are summarized in Table 3 under
both image-to-video and text-to-video settings. Specifically,
Visual-Context (i-1) refers to incorporating the previously
generated video frame at time step i-1 as visual context for
the current generation.

It is shown that even without incorporating any of the
three ablation components, the performance of P-F al-
ready surpasses the strong foundational model, Wan 2.1 [69],
in terms of Dynamic Degree. This demonstrates that text
prompt optimization alone, without any tuning or additional
temporal modules, can significantly enhance the temporal
dynamics.

As shown in Table 3, each module contributes incremen-
tally to performance. Adding the Noise-Enhance compo-
nent leads to improvements because it can stabilize the opti-
mization of our framework. Introducing short-term context
through the Visual-Context module brings further gains by
offering visual insights for VLM to better analyze the in-
fluence of the text prompt and further optimize it. Finally,
we incorporate the Logic-Context module, which provides
long-range semantic analysis context derived from the entire
optimization trajectory. This allows the prompt to main-
tain high-level coherence and effect progression over time.
Notably, by decoupling long-term logic context from short-
term visual context, our method avoids the computational
overhead of processing long visual sequences, while still
benefiting from both temporal scales.

4.5. Hyperparameter Analysis

Our noise prior enhancement strategy involves hyperparame-
ters that control the trade-off between optimization stability
and generation diversity. We conduct a parameter study
on mage-to-video generation to analyze their effects, and
summarize the results as follows.

Energy Thresholds for SVD Projection. We introduce
two energy thresholds, ps and p,;,, to determine the number
of principal components retained or suppressed during the
two-stage SVD-based projection:

» Spatial energy threshold (ps): Controls the suppression of
appearance-related spatial details, e.g., textures, tone, and
background patterns.
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Setting FID-VID | FVD | Dyn. Degree
w/o SVD Projection (ps = 0.0, p,,, = 1.0) 3325 1052.80 0.58
Random Noise Only (« = 0.0) 32.74 923.67 0.73
Enhanced Noise (o = 0.001, ps = 0.1, p,, =0.9)  29.32  784.51 0.94
Enhanced Noise (o = 0.01, ps = 0.1, p,, = 0.9) 29.21 803.35 0.88

* Temporal energy threshold (p,,): Determines the amount
of motion-relevant temporal variation to retain.

When setting ps = 0, i.e., without spatial suppression, the
model retains unwanted appearance priors from the reference
video, resulting in degraded visual quality, i.e. FID-VID:
33.25 and FVD: 1052.80, as shown in Table 4. On the other
hand, we empirically observed that setting p, too high (>
0.5) overly suppresses useful priors, leading to diminished
impact of the enhanced noise. A moderate value p; = 0.1
achieves the best balance.

For the temporal energy threshold, we set p,,, = 0.9 to
retain most of the motion-relevant information. As shown in
Table 4, these settings help preserve temporal dynamics and
achieve a good dynamic score as 0.94.

Blending Coefficient o. We further study the impact
of the blending coefficient « € [0, 1], which controls the
mixture of preserved temporal noise and fresh random noise.

As shown in Table 4, using only random noise o« = 0
achieves limited performance because of the unstable opti-
mization process. A suitable coefficient o = 0.001 leads to
significant improvement across all metrics, including FVD
and motion dynamics, by preserving key information of
motion dynamics while introducing sufficient randomness.
Slightly increasing a to 0.01 further improves FID-VID but
reduces dynamic scores, reflecting a trade-off between fi-
delity and motion dynamics. We finally set « to 0.001 to
achieve better dynamical generation.

5. Conclusion

We present P-Flow, a training-free framework for customiz-
ing dynamic visual effects in video generation through test-
time prompt optimization. By leveraging noise prior en-
hancement and historical trajectory, P-F enables stable
and coherent effect transfer without model fine-tuning. Ex-
tensive experiments demonstrate its strong performance and
generality, highlighting P-Flow as a practical framework for
generating high-fidelity visual effects at test-time.
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