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Fig. 1: Overview. We present RefVFX, a tuning-free framework for visual effect trans-
fer across videos. Given a reference effect video and an input video, our method pro-
duces a new output video where the reference’s temporal effect is seamlessly applied
to the input’s content and motion. Unlike prompt-based or keyframe-conditioned ap-
proaches, RefVFX directly learns to interpret and reproduce complex time-varying visual
effects such as material transformations, object additions, or atmospheric effects from
example videos during training, enabling faithful and coherent visual effect transfer at
inference time.

Abstract. We present RefVFX, a new framework that transfers complex
temporal effects from a reference video onto a target video or image in
a feed-forward manner. While existing methods excel at prompt-based
or keyframe-conditioned editing, they struggle with dynamic temporal
effects such as dynamic lighting changes or character transformations,
which are difficult to describe via text or static conditions. Transferring
a video effect is challenging, as the model must integrate the new tem-
poral dynamics with the input video’s existing motion and appearance.
To address this, we introduce a large-scale dataset of triplets, where each
triplet consists of a reference effect video, an input image or video, and a
corresponding output video depicting the transferred effect. Creating this
data is non-trivial, especially the video-to-video effect triplets, which do
not exist naturally. To generate these, we propose a scalable automated
pipeline that creates high-quality paired videos designed to preserve the
input’s motion and structure while transforming it based on some fixed,
repeatable effect. We then augment this data with image-to-video effects
derived from LoRA adapters and code-based temporal effects generated
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through programmatic composition. Building on our new dataset, we
train our reference-conditioned model using recent text-to-video back-
bones. Experimental results demonstrate that RefVFX produces visually
consistent and temporally coherent edits, generalizes across unseen effect
categories, and outperforms prompt-only baselines in both quantitative
metrics and human preference. See our website at this URL

1 Introduction

Generative models have enabled the automatic synthesis and manipulation of
images and videos with remarkable realism and diversity [4, 16, 21, 29, 36, 41,
55, 56, 60, 70]. Recent advances in video generation have expanded user control,
allowing video editing via text prompts, keyframes, or depth maps [34, 70, 84].
However, most models focus on semantic edits such as modifying objects [56,85],
scenes [56, 85], or styles [46, 79, 85], while overlooking “temporal effects” (see
Figure 1): effects that unfold over time and define the emotional, stylistic, and
cinematic character of a video. Effects such as dynamic lighting, intricate camera
movements, or character transformations remain difficult to express through text
or current visual inputs.

Reference-based conditioning offers a natural way to specify complex tempo-
ral behaviors, letting users convey the desired effect through a reference video
that captures subtle cues such as motion rhythm, lighting changes, or stylis-
tic transitions. Transferring such temporal effects, especially from one video to
another, i.e., a Ref. Video + Input Video → Output Video setup, is especially
challenging. To the best of our knowledge, we are the first to show results on
this task.

While reference-based editing has shown promise for images [40, 63, 78], ex-
tending it to videos poses unique challenges. First, building a dataset is non-
trivial: image-to-video (I2V) effects require consistent triplets in which a single
static input produces multiple effect-rich outputs, and video-to-video (V2V) ef-
fects demand motion-consistent transformations that change only the temporal
effect. Without such data, existing systems may fail to learn how to transfer tem-
poral effects independently of the reference video’s content or motion. Second,
the model must extract temporal dynamics from the reference and seamlessly
integrate them with the target’s motion and appearance to produce coherent,
high quality results. This requires disentangling the effect itself from the specific
content and motion of the reference.

We introduce a reference-based video generation dataset, training method,
and final framework of finetuned model along with an updated conditioning
mechanism dubbed RefVFX that transfers complex temporal effects from a ref-
erence video onto a target image or video in a feed-forward manner. Built upon
recent text-to-video diffusion backbones [21,36,70], our model jointly conditions
on three inputs: a reference video that provides the temporal effect, an input im-
age or video that defines the scene content and motion, and a text prompt that
offers high-level semantic guidance. Through this conditioning, RefVFX learns
to integrate the reference’s temporal dynamics harmoniously with the input’s
appearance and motion, producing coherent and visually consistent results.

https://snap-research.github.io/RefVFX/
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A key contribution of our work is a large-scale dataset designed specifically
for this task. Each sample consists of a triplet: a reference video depicting a
temporal effect, an input image or video, and a corresponding output video
showing the effect applied to the input. Building such a dataset at scale is chal-
lenging, as it requires coherent alignment between the reference effect and the
target’s content and motion. To this end, we construct a unified data cura-
tion pipeline that combines three complementary sources: (1) image-to-video
effect data derived from existing LoRA-based models, (2) video-to-video trans-
formations generated through an automated pipeline, and (3) synthetic, code-
based temporal effects. Together, these sources yield over 1,700 unique effects
and more than 120K triplets, providing unprecedented diversity for training
reference-conditioned video editors.

We evaluate RefVFX across diverse unseen temporal effects, comparing it
with recent prompt-based and reference-guided video editing models [25,34,70].
Qualitatively, our method produces coherent, visually consistent videos that suc-
cessfully integrate the transferred effects while preserving the motion and ap-
pearance of the input. Quantitatively, RefVFX achieves higher scores in reference
video embedding similarity to the reference effect video; however, existing met-
rics only partially reflect the aesthetic and temporal nuances of effect transfer.
To better assess perceptual quality, we conduct a human preference study, where
participants consistently favor our results, highlighting the importance of human
judgment for evaluating dynamic visual effects. Notably, the model generalizes
to unseen categories of effects and operates in a feed-forward manner without
optimization at inference time, demonstrating both robustness and efficiency.
Our code will be released upon publication.
Our main contributions are summarized as follows:

– We introduce RefVFX, a framework for reference-based video effect transfer
that enables users to apply complex temporal effects from a reference video
onto arbitrary videos or images in a feed-forward manner.

– We construct a large-scale, effect-aligned dataset comprising over 120K triplets
of (reference, input, output) videos covering more than 1,700 distinct tem-
poral effects along with a validation set, establishing a new benchmark for
future research.

– We design a multi-source conditioning architecture built upon recent diffu-
sion backbones that jointly encode reference video dynamics, input appear-
ance/motion, and text prompts.

– We conduct extensive qualitative, quantitative, and human preference eval-
uations, demonstrating that our method achieves superior visual and tem-
poral coherence compared to prompt-only or reference-guided baselines, and
generalizes effectively to unseen effect categories.

2 Related Work

Text-to-Video Generation. Recent advances in text-to-video generation
have significantly improved video quality, temporal coherence, and prompt fol-
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lowing [4,13,21,26,28,29,36,50,56,70]. Similar to text-to-image generation [16,
41,55,60], these models are largely based on diffusion or flow-matching in latent
space [3, 15, 45, 49, 66]. Early work adopted U-Net backbones [19, 61, 64], while
modern approaches employ diffusion transformers [53] that embed videos into
latent patches and apply bidirectional attention with text [21, 26, 29, 36, 56, 70].
Beyond pure text conditioning, some models perform image-to-video or first–last-
frame generation [21,70], where a user provides keyframes and a text prompt to
guide synthesis. However, these settings modify only edge frames, whereas our
approach conditions on both an entire input video and a reference effect video,
enabling transfer of temporal effects that evolve throughout the sequence while
preserving input motion and appearance.
Reference-Based Controllable Generation. Reference-based conditioning
uses a reference image or video that is not spatially aligned with the output. In
text-to-image models, it is widely used for identity preservation [11, 20, 39, 43,
51, 52, 63, 68, 73, 75, 78] or style transfer [17, 24, 31, 62, 65, 76, 81]. These signals
are injected via per-reference optimization [17,63,65], cross-attention [20,43,51,
68,76,78], or added reference tokens [24,39,62]. Video generative models extend
these paradigms temporally [10,22,32,44,46,47,71,79,80], typically conditioning
on one or more static reference images (identity or style) alongside text. Such
methods maintain consistent appearance but cannot model temporally evolving
effects. More recent finetuning based methods such as Dynamic Concepts [1, 2]
are also inefficient, requiring either a new LoRA per effect instance or trained on
limited data hampering scalability. In contrast, RefVFX conditions on a reference
video that encodes dynamic, time-varying effects, allowing generalizable transfer
of phenomena such as lighting changes, camera motion, stylistic transitions or
identity-based conditioning.
Video Editing. Video editing has progressed through both zero-shot and
supervised methods [6–8, 14, 23, 37, 42, 69, 72, 74, 82]. Pretrained text-to-image
models can perform zero-shot edits [6, 8, 14, 23, 37, 69], while paired datasets of
object or style edits [5,72] have enabled general-purpose editing models [7,42,74].
Video editing methods follow similar patterns: some are zero-shot [9, 18], while
others train paired text-driven editors [12, 48, 85]. However, existing methods
rely solely on text and an input video, enabling semantic or appearance edits
but offering no mechanism to control how visual properties evolve over time. Our
approach introduces an additional reference video encoding a temporally varying
effect, enabling control over dynamic phenomena such as lighting transitions,
motion-dependent effects, and stylistic evolution that static, per-frame, or text-
only paradigms cannot capture.

3 Method

3.1 Overview

Our goal is to transfer a temporally evolving visual effect from a reference video
onto a separate input image or video. The resulting output should preserve the
content and motion of the input while exhibiting the temporal dynamics shown
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(a) LoRA I2V Effects

Ref. Effect Video Target VideoInitial Image

“Turn them to the Mona Lisa”

Ref. Effect Video Target VideoInput Video

“Add a pizza cape”

Ref. Effect Video Target VideoInput Video

“Add an orange posterize effect to the 
background from the bottom right to top left”

(b) Custom V2V Effects (c) Code Based Effects

Fig. 2: Dataset Examples. We show example triplets from each of our datasets. (a)
We curate a reference video + image to video dataset by collecting Low Rank Adapters
(LoRAs) [30] for different Image to Video effects online. For each effect, we can apply its
corresponding LoRA to two separate images to create a triplet. (b) We create a custom
pipeline for generating text guided reference video + input video to video effects. For
more details, see Fig. 4. (c) We generate a large scale set of (ref video, input video,
output video) triplets by curating specific code pipelines that apply specific, detailed
effects to arbitrary videos. Armed with a specific code based effect and a fixed set of
hyperparameters, we can apply the exact effect to an arbitrary number of input videos
to create many triplets.

in the reference. To achieve this, we introduce RefVFX, which combines (1) a
large-scale effect–aligned triplet training dataset, (2) a pretrained diffusion-based
video generation model, and (3) an updated conditioning scheme allowing the
video generation model to condition jointly on the reference video, input video,
and text.

First, we give a high level overview of our dataset, followed by describing
how we create each individual subset of the dataset in detail. Following this,
we describe the model architecture for RefVFX and implementation details for
training.
3.2 Training Data

Our training data consists of triplets of the form
(reference video, input image or video, target video). To create these triplets,
we first curate N effects {Ei}Ni=1 (e.g., rain, motion blur, color shift), with each
effect Ei associated with a set Si of K input output pairs:
Si = {(inputij , outputij)}Kj=1. Here, outputij is obtained by applying Ei to inputij .
To form a training triplet, we select an effect Ei and two distinct pairs
(inputij , outputij) and (inputiℓ, outputiℓ). We discard the input of the first pair,
and construct triplet (reference = outputij , input = inputiℓ, target = outputiℓ),
where the model takes in the first two videos and must predict the third. With
this objective, the model learns to transfer the temporal effect from the reference
onto the input while preserving the input videos motion and content. Triplets
are derived from three complementary sources: (1) LoRA-based image to video
effects, (2) video to video effects generated through our scalable pipeline, and
(3) programmatically defined temporal effects, which we describe below and
showcase in Fig. 2.

Image to Video Effects: We curate a set of image-to-video effects using open-
source Low-Rank Adapters (LoRAs) [30] trained on small sets of videos sharing
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Fig. 3: Dataset Subset. We display a summary of our dataset structure and available
sample effects. These include LoRA-based Image-to-Video, our scalable V2V pipeline
(see Fig. 4) , and programmatic methods. For code-based effects, individual tasks are
created by combining specific effects (e.g., Glow) and transitions (e.g., Fade In) with
randomized hyperparameters.

a common visual effect atop a base image-to-video model [70]. Each adapter is
treated as a distinct effect Ei. For every effect, we generate a large collection of
videos from diverse input images synthesized via high-quality image generation
models [42,74], where each per-adapter set forms one effect category. Triplets are
composed of a reference video with effect Ei, the first frame of the target, and
the corresponding output video. In total, we source 43 LoRAs with an average
of 300 videos per effect, yielding over 14K video clips. See Fig. 3 for example
LoRAs.

Video to Video Effects: We propose a scalable video-to-video data generation
pipeline for a broad class of motion-based effects. These effects manifest over
time rather than being the product of a single frame image edit followed by
propagation of the edit to all frames (e.g., "turn the person into metal" as
compared to "add a hat to the person throughout"). To our knowledge, this is
the first scalable method designed for creating a large-scale training data pipeline
for motion-based video editing.

Given an arbitrary effect prompt, our method produces paired videos (V, V ′),
consisting of an original video V and its edited counterpart V ′ exhibiting effect
Ei (Fig. 4, 3). Scalable V2V Algorithm. The process for generating these
(V, V ′) pairs is as follows: We begin by generating a subject image I using a high-
quality image generation model [41, 74]. Using an image editing model [42, 74],
we modify I to produce an image I ′ that depicts the same subject under a new
pose, camera angle, and facial expression, which will be used to anchor the last
frame of our video pair. To obtain the last frame of the edited video with effect
Ei, we apply an image editing model on I ′ [42, 74] to apply effect Ei, resulting
in I ′′. Given the unedited image I and the edited image I ′, we synthesize video
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“Change the man’s pose” “Make him metal”

Image 
Generator Image Editor Image Editor

Extra
ct 

Pose

Conditional Video Generator Conditional Video Generator

“A photo of a man”

Video V Video V with effect applied

Fig. 4: Text-Guided Video Editing Pair Creation. We present a method to gen-
erate a pair of videos (V, V ′) from an effect prompt E, where V is an initial video
and V ′ is the video with an effect E applied. First, an image generation model is used
to create an initial image. Next, an image editing model is used to change the pose,
camera angle, and facial expression of the image. Finally, this image is again edited to
add effect E. The first and second generated images are used with a first last frame
model to output video V . Then, we use a conditional video model conditioned on the
original first frame, effect edited last frame, and intermediate poses from video V as
conditioning to create video V ′.

V using a first–last frame interpolation model [70]. Once we have V , we extract
intermediate poses using an image-to-pose model [77], which will be used as
conditioning for our second video generation. Finally, we generate the edited
video V ′ by leveraging a conditional video generation model [34], which can take
in independent conditioning signals for each output video frame generated. We
take advantage of this property, and condition the video generation on:

- Initial image I for first frame conditioning
- Final edited image I ′′ for last frame conditioning
- Intermediate pose images extracted from V for frames 2 through N − 1

This enables framewise consistency between the input and output video as well
as realistic temporal transitions between the unedited initial frame I and stylized
final frame I ′′. For a visual, see Fig. 4.

Effect Generation. To ensure diversity, we automatically generate a large set
of motion-based effect prompts using GPT-4o [33]. These effects span multiple
semantic and visual categories, which we detail in the supplement.

Programmatic Temporal Effects. We further construct a large-scale dataset
of programmatically defined temporal effects applied to real videos. Our approach
enables scalable and reproducible creation of diverse video effects with fine-
grained control over appearance and temporal dynamics.
Base Videos. We source input videos from the Senorita dataset [85], which
provides high-quality clips with accompanying foreground–background segmen-
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(a) Wan Video FLF2V Inference
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(b) Our Reference-Based V2V Inference

Fig. 5: Architecture overview. (a) Standard Wan Video First–Last Frame to Video
(FLF2V) architecture: noisy spatio-temporal latents are channel-wise concatenated
with conditioning inputs and a mask, then patchified, embedded, and processed by
the diffusion transformer to predict velocity. (b) In our setup, x input video latents are
used as conditioning for the noisy latents, while reference video latents are concate-
nated width-wise to both. The latent mask is set to 1 for frames preserved exactly in the
output and 0.5 for those to be modified; the reference latent mask is all ones. This de-
sign doubles the token count relative to base generation while conditioning on both the
reference effect video and input video. Since all three inputs are channel-concatenated
before patchification, repeated clean reference latents are merged channel-wise before
embedding, ensuring no redundant reference information across tokens.

tation masks obtained using SegmentAnything [59]. These masks allow effects
to be applied selectively to the full frame, the foreground, or the background.
Effect Library. We define a library of code-based effects ci such as posteriza-
tion, pixelation, and dithering. Each effect includes hyperparameters that control
its visual characteristics. For example, posterization varies in the number of color
bins and palette type, while pixelation varies in block size. Sampling different
parameter configurations yields a wide range of distinct appearances within each
effect class.
Temporal Compositing. To introduce temporal variation, we consider a
set of temporal transition operators ti (e.g., wipe-right, diagonal wipe, circular-
out, etc). Each transition is also parameterized by temporal hyperparameters
controlling its start time and duration.
Final Composition. For each composite effect Ei, we randomly sample an
effect mask (e.g., foreground, background, or all), a spatial effect, its parameters,
a temporal transition, and its corresponding temporal parameters. See Fig. 2 (c)
for an example. This final effect Ei is then applied to a fixed set of source videos,
generating K unique clips per effect. In total, this pipeline yields approximately
100K videos spanning 1,500 distinct synthetic motion-based effects.

3.3 Model Architecture and Conditioning

We build upon the Wan2.1 conditioning model architecture [34, 70], which ex-
tends text-to-video diffusion models to image-to-video (I2V), first-last frame to
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Neural V2V Code-Based V2V

Method RVA IVA OM RVA IVA OM

Lucy Edit 62.3 ± 2.9 60.7 ± 2.8 65.7 ± 3.1 64.7 ± 4.5 61.4 ± 5.0 65.3 ± 5.0
VACE (Depth) 58.3 ± 2.5 59.1 ± 2.6 66.8 ± 2.1 65.7 ± 5.4 56.2 ± 5.0 61.9 ± 5.0
VACE (Pose) 57.0 ± 2.1 53.7 ± 2.2 60.0 ± 2.2 62.9 ± 4.8 63.3 ± 4.9 64.3 ± 4.7
Ours (V2V Training) 57.8 ± 2.4 53.9 ± 3.1 60.7 ± 3.2 66.2 ± 4.5 61.1 ± 5.0 66.2 ± 4.1
Ours (V2V + I2V Training) 55.2 ± 3.2 52.6 ± 3.5 56.1 ± 2.8 55.5 ± 3.9 56.2 ± 4.0 57.5 ± 3.5
Ours (No Ref) 57.5 ± 2.8 51.3 ± 3.1 67.2 ± 2.9 59.5 ± 3.5 54.3 ± 4.0 61.3 ± 3.9

Table 1: User Study Results for Neural V2V and Code-Based Edits. Each cell shows
Win Rate (%) with standard deviation. Our method shows large preference over base
models as well as ablations on training dataset and input video(s) in Reference Video
Adherence (RVA), Input Video Adherence (IVA), and Overall Match (OM), where we
ask users to judge which method best adheres to the input video while applying the
reference video effect.

video (FLF2V), depth to video, and other conditioning types by concatenat-
ing noisy latent channels with conditional and mask channels. We extend this
mechanism to jointly condition on both a reference video effect and an input
video.

The input video’s latents are supplied as conditioning latents, while the refer-
ence effect video is encoded into additional latents that are concatenated across
all frames. This allows for spatial self-attention between noisy latent tokens with
input video conditioning information and reference effect tokens during a forward
pass. A hybrid mask controls which latent conditioning frames are preserved or
edited based on which are directly copied to the final output and are change-
able. The architecture is shown in Fig. 5. Further architectural details, including
input condition dropout and cross attention configurations are provided in the
supplementary material.

3.4 Implementation Details

We fine-tune the Wan2.1 [70] 14 Billion parameter First-Last Frame to Video
model with Low Rank Adapters for 10K steps with a batch size of 8 on a single
node of 8 NVIDIA A100 GPUs. We sample from each of the three datasets
equally during training, and drop the reference effect video conditioning, control
video conditioning, and text prompts with low probability to allow for various
forms of classifier-free guidance [7, 27] during inference time. We also add the
true last frame from the target video to the model with low probability to allow
for the first and last frame capabilities of the underlying model to be retained
under our new setup.

4 Experiments

We evaluate our approach on both reference-based image-to-video and reference-
based video-to-video generation tasks. In each setting, we provide a pair (ref-
erence video, input image or video), and assess the quality of our generated
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Baseline Reference Video Adherence Overall Match

Wan2.1 57.1 ± 2.4 63.4 ± 2.4
VACE (I2V) 57.4 ± 3.2 62.9 ± 2.6
No Ref 56.8 ± 2.3 61.8 ± 3.4

Table 2: User Study Results for I2V. Each cell shows Win Rate (%) with standard
deviation. Our method shows large user preference over baselines in Reference Video
Adherence and Overall Match (OM), where we ask users to judge which method best
preserves the input image while applying the reference video effect.

outputs against strong baselines. Our evaluation emphasizes generalization to
unseen reference effects and motion patterns.

4.1 Validation Datasets

Image-to-Video Testing. We construct an evaluation set of unseen image-
to-video effects sourced from publicly available LoRA-based visual effect models
that were not included in training. For each LoRA effect, we generate multiple
reference videos from distinct input images, resulting in 28 unique unseen LoRA
effects and a total of 56 reference videos for evaluation.
Video-to-Video Testing. We generate a validation set of Reference Video
Effect + Input Video pairs for our reference effect based video to video task.
For the first source of data, we reuse the unseen LoRA effects from the previous
section as reference effect videos and replace the input images with unseen real
input videos to produce the input video pair. Secondly, we use our pipeline
introduced in Section 3.2 with novel prompts not seen during training for a
portion of the validation dataset. Each resulting pair (reference video, input
video) generated using our method is manually filtered to ensure high perceptual
quality. Finally, we synthesize an additional set of temporally varying effects
using the programmatic procedure from Section 3.2, but with hyperparameter
choices unseen during training. We collect over 100 validation instances, and
separate the Code-Based Video-to-Video Effects from the Neural Video-to-Video
effects when reporting results.

4.2 Baselines

Since existing baselines cannot directly condition on reference videos, we com-
pare our method to state-of-the-art text-conditioned image-to-video and video-
to-video models. All baselines receive the same textual descriptions of the desired
effects as those implicit in our reference videos.
Image-to-Video Baselines. We benchmark against the Wan 2.1 image-to-
video model [70] and the Wan VACE model [34], which represent current state-
of-the-art text-guided video generation systems.
Video-to-Video Baselines. For the video-to-video task, we evaluate two
configurations based upon the Wan VACE [34] conditional model and one native
text-based video editing model. Pose-conditioned Wan VACE: In this setup, we
condition the Wan VACE on the first frame of the input video, intermediate
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poses extracted from the input video [77], and the corresponding text prompt.
Depth-conditioned: In this setup, we condition the Wan VACE on the first frame
of the input video, intermediate depth maps [58] from the input video, and the
same text prompt. Lucy Edit [25]: Lucy Edit is a text-based video editing model
built on Wan 2.2 [25], which directly takes an input video and a text instruction
to produce an edited output.

4.3 Ablations

We ablate our method with respect to dataset and input videos. For dataset
ablations, we train models for the same number of steps, but with only a subset
of the data. We test training only on the Video to Video Effects from Section
3.2, as well as both the Video to Video Effects and LoRA based Image to Video
Effects from Section 3.2. To test if our final model actually uses the reference
effect video, we also run inference on the final model without the reference effect
video, only conditioning on the input video. Since we drop the reference effect
video with some percentage during training, the model outputs plausible videos
in this setting.

4.4 Qualitative Results

Image-to-Video Effects. Figure 6 shows qualitative comparisons for the
image-to-video task using unseen reference effects. Baseline models, which rely
solely on text prompts, struggle to capture fine-grained temporal and stylistic
cues. In contrast, our method accurately transfers the reference video’s camera
motion, lighting, and character transformations, producing coherent temporal
dynamics that align closely with the target effect.
Video-to-Video Effects. Qualitative comparisons for the video-to-video task
are shown in Figure 7. Wan VACE variants either overfit to the input video or
introduce artifacts, while Lucy Edit produces static, frame-invariant edits that
lack temporal evolution. By conditioning on the full reference video, our method
consistently reproduces complex time-varying transformations such as gradual
color shifts or structural morphing while maintaining spatial consistency and
motion alignment with the input.
User Study For a subjective task such as reference-based video editing or
image-to-video generation, it is difficult to determine any single quantitative met-
ric that fully captures success. We therefore conduct a comprehensive user study
as the primary evaluation of our method across three tasks: neural video-to-video
effect transfer (V2V), image-to-video effect transfer (I2V), and code-based tem-
poral effects. Annotators on Amazon Mechanical Turk performed two-alternative
forced choice (2AFC) pairwise comparisons between our method and all base-
lines and ablations. Each comparison was evaluated along three dimensions:
Reference Video Adherence (RVA), Input Video Adherence (IVA), and Overall
Match (OM), where OM asks which output best applies the reference effect while
preserving the input video. For I2V, we evaluate on RVA and OM. As shown
in Table 1, our method achieves consistent preference over all baselines in V2V
across all three dimensions, with win rates of 57.0–62.3% in RVA, 53.7–60.7%
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Fig. 6: Qualitative Reference Based Image to Video Results. In the top ex-
ample, baselines are unable to turn the input woman into a younger version of herself,
or put her on the carousel. Our method correctly makes the subject younger, puts her
on the carousel, and mimics the camera motion of the reference video. In the bottom
example, baselines are unable to add the reporters into the scene, while our method
correctly adds hands with microphones followed by reporters, and mimics the interac-
tions and occlusions from the reference video.

in IVA, and 60.0–67.2% in OM. Code-based effects show even stronger results,
with win rates of 59.5–65.7% in RVA and 61.3–65.3% in OM. For I2V (Table 2),
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“The person's body gradually takes on the appearance of carved marble, 
complete with fine cracks and subtle surface veining.”

“The screen shimmers and waves and shows 
multiple separate versions of the scene in reds and 

blues, overlapping in a wavelike manner

Time Time

Fig. 7: Results for our reference-based video-to-video setup. We compare three
baselines: (1) Wan VACE + Pose: a conditional diffusion transformer [34] using the
first input frame and extracted poses; (2) Wan VACE + Depth: using the first frame
and extracted depths with Wan VACE; and (3) Lucy Edit [25], a video editing model
fine-tuned from an image-to-video model. Without reference video information, all
baselines fail to follow the reference from a prompt alone. Wan VACE methods overfit
to the input or add irrelevant edits, while Lucy Edit applies uniform static edits across
frames. Our method successfully follows the reference effect.

we observe win rates of 56.8–57.4% in RVA and 61.8–63.4% in OM against all
baselines. For dataset ablations, we compare against models trained for the same
number of steps on subsets of our data: V2V effects only, and V2V + I2V effects
(excluding code-based effects). Our full model is preferred over both dataset ab-
lations across all metrics, confirming that training on the complete mixture of
effect types is beneficial. Our model trained on all datasets clearly beats abla-
tions on training data for Code-Based V2V effects, which intuitively is clear as
only the final model trains on our synthetic code based edits. Notably, our full
model also beats dataset baselines on the Neural V2V dataset, indicating that
our extra data sources also yield better performance on general video effects from
unseen LoRAs. All reported win rates for overall quality exceed the 50% chance
level, standard deviations confirm statistical reliability. The closest statistic in
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Fig. 8: Qualitative Results for Controllable Real Video Editing. We show an
example of the effect of reference effect guidance and input video guidance on model
output. The first row shows the reference effect video and input video that are used
for model conditioning. From left to right, we increase the input video guidance, while
from top to bottom we increase the reference effect guidance. Notice that as input
video guidance increases, the input video details are more faithfully kept (i.e. attire,
facial shape). As the reference effect guidance increases, the reference effect video takes
a larger role (i.e. reference effect muscle shape, and clothing of the man in the reference
effect). Applying both gives a mix of both input video and ref. effect video adherence.

terms of preference is the input video adherence for our method without refer-
ence input video, which is expected as it uses the same model as our full method,
and the test is simply adherence to the input video which both versions take as
input. These results validate our approach’s effectiveness in effect transfer while
preserving input content fidelity across multiple generation modalities. In total,
we collected over 19000 annotations from over 500 unique annotators.
For more details on the user study setup, please refer to the supplement.

5 Controllable Real Video Editing
When editing real videos, users may want to control the level to which the origi-
nal video is maintained, as well as the amount that the reference effect video ef-
fects the final generation. To this end, we follow previous work [7,27,35,38,39,67]
and combine multiple classifier-free guidance directions during inference. Specif-
ically, we consider applying guidance for text, input video, and reference effect
video, normalizing latents as recommended in previous work [39]. Interpolat-
ing between different guidance vectors results in output videos with different
amounts of adherence to the reference effect video and input video respectively,
as seen in Figure 8. For the full formula, please see the supplement.

5.1 Quantitative Metrics

Conditioning Input Similarity. Since our validation sets do not include
ground-truth triplets, we measure the similarity of our generated outputs to
both the input and reference videos as a proxy for task success. To quantify this,
we employ VideoPrism [83], a large-scale video embedding model pretrained
on over 500M clips, to compute feature-space similarities between videos. For
the reference + image-to-video case, we instead measure the average similarity
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Method First Frame Sim. Ref Sim.

Wan 2.1 0.7911 0.7230
Wan VACE I2V 0.7799 0.7127
Ours 0.7698 0.7378

Table 3: I2V Similarities. First Frame
Sim. is average CLIP [57] similar-
ity to the input frame. Ref Sim. is
video embedding similarity [83] be-
tween the output and reference effect
video. Bold: best, underline: second
best.

Method Neural V2V Code-Based V2V

Input Sim. Ref Sim. Input Sim. Ref Sim.

Wan VACE Pose 0.9068 0.6539 0.9225 0.6002
Wan VACE Depth 0.9460 0.6226 0.9394 0.5998
Lucy Edit 0.7544 0.6852 0.8882 0.6539
Ours 0.8568 0.7014 0.9479 0.7169

Table 4: Neural and Code-Based V2V
Similarities. Input Sim. is video em-
bedding similarity [83] between out-
put and input video. Ref Sim. is the
same between output and reference ef-
fect video. Bold: best, underline: sec-
ond best.

between the generated video and its first-frame conditioning using CLIP [57] em-
beddings. Results are summarized in Tables 3 and 4. Our method consistently
achieves higher similarity to the reference video than all baselines, confirming
that it effectively incorporates temporal and stylistic information from the refer-
ence. Interestingly, baseline models often exhibit slightly higher similarity to the
input, likely reflecting a form of under-editing. This phenomenon is also visible in
Figure 7 (left) and Figure 6 (bottom), where baselines preserve input structure
but fail to reproduce the desired temporal evolution.

6 Discussion
Misuse and Deepfake Potential. The same expressive capabilities that make
RefVFX compelling for creative use -also carry well-known risks when applied to
identifiable subjects, most notably the production of non-consensual deepfakes or
otherwise misleading content. We share these concerns and have taken concrete
steps to mitigate them. All real videos used for training are drawn from openly
licensed sources, specifically Señorita-2M (CC-NC) [85] and Pexels (free use) [54],
with all other images generated from image or video generative models [70, 74].
Alongside our model and dataset release, we will provide a model card that
explicitly documents intended use, limitations, the heightened risk of identity-
related manipulation and an acceptable-use clause.
Conclusion. In conclusion, we presented RefVFX, a tuning-free framework for
transferring complex temporal visual effects across videos using reference condi-
tioning. By introducing a large-scale dataset of over 120K triplets encompassing
1,700 distinct effects, we enable the first systematic study of reference-based tem-
poral effect transfer. Our scalable video-to-video generation pipeline produces
diverse, motion-consistent training pairs, while our diffusion-based architecture
jointly encodes reference dynamics, input appearance, and semantic guidance to
produce coherent results. Perceptual and quantitative evaluations demonstrate
that RefVFX surpasses prompt-only and static reference baselines in both visual
fidelity and temporal coherence.
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