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Abstract. Text-guided video editing with diffusion models is imprac-
tically slow, hindered by costly multi-step sampling and inversion. We
present OSVE, the first framework to successfully adapt one-step Text-
to-Image (T2I) models for high-quality video editing, addressing the core
challenges of inversion, editability, and temporal consistency. To by-
pass slow iterative inversion, we train a learnable encoder that pre-
dicts the initial noise for each frame in a single forward pass. This en-
coder is trained with a novel Structure-Aware Editing (SAE) loss on a
curated dataset of structurally-aligned image pairs, teaching it to pre-
serve the source video’s geometry during edits. For temporal coherence,
we introduce Unified-Frame Editing (UFE), a technique that concate-
nates frame latents to facilitate cross-frame attention in a single gen-
eration step. Furthermore, for long videos, a sliding-window strategy
with an anchor frame maintains global consistency. Our extensive ex-
periments demonstrate that OSVE achieves editing quality compara-
ble or superior to state-of-the-art multi-step methods, while operating
approximately 155-171 times faster. This breakthrough paves the way
for practical, real-time video editing applications. Code is available at
https://github.com/KU-VGI/OSVE.

1 Introduction

Text-guided video editing, 7.e., modifying a source video’s visual content accord-
ing to a natural-language instruction, is increasingly vital for content creation,
filmmaking, and interactive media. Recent generative diffusion models, span-
ning Text-to-Image (T2I) [10, 39,44,47] and Text-to-Video (T2V) [1,8,17,34,52]
architectures, have enabled the generation of photorealistic, temporally coher-
ent visual content from text alone. Building upon these powerful backbones, a
growing body of work performs training-free, zero-shot video editing by inter-
vening in the diffusion process [4,7, 12, 14, 25, 53-55]. These methods typically
follow a two-stage pipeline: (i) inverting the source video via multi-step inver-
sion [30,45] to recover its latent trajectory, and (ii) generating the edited frames
by re-running the diffusion process under a modified text prompt, often with
cross-frame attention control [9,51] to preserve spatial structure and temporal
layout.
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Fig.1: Three frameworks for text-guided video editing. (a) Multi-to-Multi: The
standard approach yields high-quality edits but is impractically slow. (b) Multi-to-One:
Naively adopting a one-step diffusion model produces degraded, temporally inconsis-
tent outputs. (¢) One-to-One (Ours): Our proposed framework uses a learnable one-step
encoder to enable fast, temporally consistent, and high-quality video editing, resolving
the speed—quality trade-off.

Despite the editing quality these methods achieve, they inherit a critical bot-
tleneck: extreme computational cost. Because every frame must be processed
over tens to hundreds of denoising steps, wall-clock time scales with both the
number of frames and the number of steps. For instance, RAVE [14], reported
as one of the fastest T2I-based editing methods, still requires approximately
24 hours to edit a 5-minute, 30 FPS video'. T2V backbones, which incorpo-
rate heavyweight temporal attention modules, demand even greater resources.
This extreme latency renders current approaches impractical for real-time or
streaming-style applications [56].

To overcome this bottleneck, we shift toward a one-step generation paradigm.
One-step diffusion models [5,27, 33,59, 60], distilled from their multi-step teach-
ers, have achieved competitive or even superior image quality, yet their potential
for video editing remains unexplored. By adapting this ultra-fast regime to video,
we build a One-to-One editing framework (one-step inversion followed by one-
step generation) that replaces the costly iterative denoising loop with a single
forward pass. We instantiate and validate our framework on a publicly released
one-step T2I backbone (DMD2 [59]) to demonstrate its effectiveness with today’s
most accessible one-step generators.

However, directly applying one-step diffusion models to video editing presents
three critical challenges (see Figure 1(b)):

(i) Inversion—generation mismatch. Conventional multi-step inversion [45]
is both time-consuming and fundamentally ill-suited for one-step generators.
Since the inversion follows a multi-step trajectory while the generator performs
a direct mapping, the mismatch between forward and reverse paths causes severe
information loss, producing blurred and degraded results.

! Measured on a single NVIDIA RTX 6000 Ada GPU at 512 x 512 resolution.
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(ii) Structural collapse under single-step control. Preserving the source
video’s spatial structure (e.g., a wolf’s rotating head) while altering its appear-
ance (e.g., to a bear) is critical for faithful editing. We empirically find that
existing structure-preserving methods such as Prompt-to-Prompt [9] and Con-
trolNet [61] fail when constrained to a single step. Unlike multi-step processes
where control signals are distributed across steps and gradually absorbed, one-
step models concentrate the same signal into a single pass with no room for
correction, causing it to dominate rather than guide the output, a phenomenon
we term “over-steering”.
(iii) Temporal inconsistency. One-step T2I diffusion models do not inher-
ently encode temporal information, resulting in flickering or discontinuous frames
when applied to video. Existing temporal consistency techniques, including at-
tention fine-tuning [55], cross-frame attention control [4, 25, 36, 53], and noise
shuffling across sampling steps [14], all rely on the multi-step structure and are
therefore incompatible with the one-step regime.

To address these challenges, we propose OSVE (One-Step Video Editing),
a One-to-One video editing framework explicitly designed for one-step genera-
tion. For inversion—generation mismatch, the core of OSVE is a learnable
video encoder, initialized from a pre-trained U-Net to inherit a strong prior over
the generator’s latent space, that replaces slow multi-step inversion with a sin-
gle forward pass. For structural collapse, we introduce a Structure-Aware
Editing (SAE) loss that trains the encoder to produce latents inherently pre-
serving structural integrity under modified text prompts, eliminating the need for
external guidance that fails in one step. By training on diverse editing pairs, the
encoder learns structure-aware latent representations that maintain the source’s
layout while permitting appearance changes (Figure 1(c)). For temporal incon-
sistency, we propose Unified-Frame Editing (UFE), which concatenates the
inverted latents of consecutive frames into a single unified tensor, enabling the
model’s self-attention to align features across frames in one pass. Combined
with a sliding-window strategy for local coherence and anchor-frame selection
for long-range stability, UFE ensures both short-term and long-term temporal
consistency.

In summary, our main contributions are:

— We present OSVE, the first One-to-One video editing framework for the
one-step diffusion regime, replacing multi-step inversion with a learnable
single-pass encoder.

— We propose a Structure-Aware Editing (SAE) loss that directly injects
structural preservation into the inversion stage, mitigating the over-steering
problem inherent in single-step control.

— We introduce Unified-Frame Editing (UFE), which enforces temporal
consistency via unified latent processing with a sliding window and anchor
frame, ensuring both short- and long-range coherence.

— Extensive experiments show that OSVE achieves sub-second latency, ~
155-171x faster than the previous fastest method, while delivering compa-
rable or superior visual quality, enabling practical real-time video editing.
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2 Related Work

Text-Guided Video Editing with Diffusion Models. Building on advances
in image-level generative editing, including GAN inversion [31, 32, 38, 50] and
diffusion-based manipulation [2, 9, 21, 30], numerous zero-shot techniques have
been proposed to extend such capabilities to video while preserving temporal
consistency. These include fusing attention maps [35], propagating token fea-
tures [7,53], using optical flow guidance [4], and shuffling noise [14]. While these
approaches have significantly improved video coherence, they all operate within
a multi-step sampling framework. This iterative nature, where operations are
repeated for each frame across numerous steps, results in prohibitively long run-
times. This computational cost remains a critical barrier, motivating our work
on high-quality, single-step video editing.

One-Step Diffusion Models. To overcome the significant latency of iterative
diffusion sampling, a prominent line of research focuses on distilling multi-step
teacher models into highly efficient one- or few-step generators. This paradigm
was advanced by methods like Progressive Distillation and Consistency Mod-
els, with latent variants (LCM/LCM-LoRA) enabling 2-8 step generation for
Stable Diffusion [29, 41, 46]. Subsequent works have further refined this ap-
proach. Rectified Flow and its successor, InstaFlow, straighten probability-flow
trajectories to achieve SD-level quality in a single step via reflow-based distil-
lation [26, 27]. Other strategies, such as Adversarial Diffusion Distillation (e.g.,
SDXL-Turbo, SDXL-Lightning) and various distribution matching techniques
(e.g., DMD, SwiftBrush), couple teacher supervision with GAN losses or novel
distillation objectives to achieve high-quality synthesis in just 1-4 steps [5,22,33,
42,59, 60]. These one-step models have revolutionized image generation speed,
but this progress has been exclusively image-centric. This creates a critical gap
and a major opportunity, as the domain of video editing desperately needs such
acceleration. Our work is the first to bridge this gap, introducing the neces-
sary mechanisms to successfully adapt these fast generators for video, thereby
unlocking their potential for practical, high-speed applications.

3 OSVE: One-Step Video Editing

We present OSVE, a framework for one-step video editing built on two core ideas:
(i) encoding source structure into the initial noise latent so that a single-pass
generator can preserve it without iterative control, and (ii) enforcing temporal
consistency by letting all frames share context through a unified attention mech-
anism. Section 3.1 develops the first idea through a structure-aware inversion
encoder trained with a dedicated editing loss. Section 3.2 introduces Unified-
Frame Editing (UFE) for the second, along with sliding-window and anchor-
based schemes that scale it to long videos. Figure 2 illustrates an overview of
the framework.
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Fig.2: Overview of our OSVE framework for one-step video editing. (a)
Training: We train an inversion encoder using a novel dataset of structurally aligned
image pairs generated via Prompt Perturbation. The encoder learns to predict an ini-
tial noise that supports both faithful reconstruction and structure-aware editing. (b)
Inference: Our Unified-Frame Editing (UFE) method inverts all video frames, concate-
nates their latents into a single map, and processes them in one pass. This enables
cross-frame attention, ensuring temporal consistency. An anchor-based sliding window
scales the approach to long videos while maintaining global coherence.

3.1 Structure-Aware One-Step Inversion

Recent one-step diffusion models have dramatically accelerated image and video
generation, yet their application to editing remains severely limited. The core
difficulty is structure preservation: an edit should maintain the spatial lay-
out, object pose, and geometric relationships of the source while modifying only
the intended semantics. Structure preservation has been the central concern in
diffusion-based editing from the outset, as methods such as Prompt-to-Prompt
(P2P) [9], ControlNet [61], and PnP [51] were all designed primarily to keep the
source structure intact during semantic modification. Without it, edits suffer
from spatial misalignment and temporal inconsistency (Figure 1(b)), rendering
them practically unusable regardless of semantic quality. While multi-step diffu-
sion models have largely addressed this through iterative inversion and control,
one-step models lack such mechanisms, making structure preservation the cen-
tral bottleneck that must be solved before one-step editing becomes practical.
To understand why these existing solutions do not transfer, consider how they
work in the multi-step setting. DDIM inversion [45] traces the denoising trajec-
tory backward to recover a latent that approximately reconstructs the source,
and the editing techniques listed above then intervene at selected steps along
this trajectory. Crucially, these methods rely on the iterative nature of the pro-
cess: each denoising step provides a corrective feedback loop that absorbs small
perturbations introduced by the control signal, gradually steering the generation
while keeping the structure intact. One-step models, however, collapse the entire
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trajectory into a single forward pass, which creates two coupled difficulties. First,
there is no multi-step trajectory to reverse, so standard DDIM-style inversion is
inapplicable. Second, and more fundamentally, iterative control mechanisms lose
the corrective loop they depend on. In iterative generation, the control signal
is distributed across many denoising steps, and each step applies only a small
perturbation that subsequent steps can absorb and correct. When the same con-
trol is concentrated into a single pass, its full influence is applied at once with
no opportunity for subsequent correction, causing the control signal to dominate
the generation rather than gently guide it. The resulting “over-steering” artifacts
are shown in Figure 4(b, c, e, f).

This analysis points to a clear design principle: in a one-step setting, struc-
ture preservation cannot be imposed during generation but should be encoded
before generation begins. If the initial noise latent itself already carries the struc-
tural information of the source frame, the one-step generator can preserve that
structure in its single forward pass without any auxiliary control mechanism. We
realize this principle by training an inversion encoder Z,(-) that directly maps a
source frame to an initial noise latent encoding the spatial structure needed for
both faithful reconstruction and meaningful editing.

Concretely, given a VAE-encoded latent z° from a pre-trained autoencoder [16,
39] and a prompt embedding ¢ = E(y) for a given text prompt y (where E is the
frozen text encoder, e.g., CLIP [37]), our encoder predicts an initial noise latent
2T = T7,4(2% ¢), where T denotes the terminal diffusion timestep (i.e., 999). Fol-
lowing previous inversion methods [9, 30, 38,45,50,51], our objective is to predict
a noise latent 27 that simultaneously satisfies two criteria: reconstruction and
editability. To endow the encoder with structure-aware editability, we proceed
in two stages: 1) Dataset generation with prompt perturbation: We cu-
rate a dataset of structurally similar image pairs that share pose and layout but
differ visually (Figure 2(a.1)). 2) Training with Structure-Aware Editing
loss: We train the encoder using a newly proposed structure-aware editing loss
that simulates editing and constrains the output to align with the paired target
(Figure 2(a.2)).

Dataset Generation with Prompt Perturbation. Training the inversion
encoder to encode structure before generation requires data that teaches what
“structure preservation under semantic change” looks like. Specifically, we need
pairs of images that share spatial layout but differ in appearance, so that the
encoder learns to produce latents capturing the shared structure while remaining
agnostic to the varying semantics.

To generate such a dataset DB = { (2%, 2%,,,, ¢, ceait) }, a natural approach
would be to apply an off-the-shelf image editor to each source image. However,
such editors typically rely on different generative backbones, and their outputs
may fall outside the reachable manifold of the target one-step generator Gjy.
Training Zs on these distributionally mismatched targets leads to inconsistent
gradients, as the encoder is asked to predict latents for images that Gy could
never have produced in the first place. Table 1 confirms this: an encoder trained
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Table 1: Quantitative comparison of
reconstruction quality for different in-
version strategies.

Structure Distance

v

PSNRT LPIPS] MSE| SSIM?T

DDIM [45] 13.87 0.525 0.045 0.446 ] ois 0 R
Clip Distance
Off-the-shelf® 17.54 0.400 0.032 0.543 ’

Ours T Fig.3: Structural (DINO) and semantic

(CLIP) distances as Anoise varies.

on off-the-shelf’ editing pairs yields notably lower reconstruction quality than
ours across all metrics, indicating that the mismatched supervision corrupts
the encoder’s overall latent representation. We also report DDIM 50-step inver-
sion [45] as a baseline, which performs worst due to the fundamental inversion—
generation mismatch discussed in Section 1.

To avoid this mismatch, we propose a simple yet effective alternative termed
prompt perturbation, which ensures that every target image is generator-aligned,
i.e., lies within Gp’s output distribution by construction. Concretely, we first
sample a text prompt from a corpus (LAION [43], JourneyDB [48]) and a random
noise vector 27 ~ N(0,1). Let ¢ = E(y) be the text embedding of the sampled
prompt y. We then construct a perturbed embedding as:

Cedit = C+ )\noise -1, n~ N<O7 I)7 (1)

where Aoise controls the perturbation intensity. Because both the source image
Gy(27,¢) and the edited image Gg(z7, ceqit) are generated by the same frozen
generator from the same initial noise, the resulting pairs are sampled from Gy’s
reachable output distribution and tend to share a similar structural layout while
primarily differing in appearance. This generator-aligned supervision provides
a well-posed training signal for Zy, which must predict latents that Gg can
faithfully decode.

We empirically study the effect of Ajpige On both structure and semantics
(Figure 3). Starting from the base prompt “a photo of a dog”, we vary Apoise €
{0.0,0.1,...,0.5} and, for each setting, generate 100 image pairs using the same
initial noise z7. For each pair, we measure (i) a structural distance using DINO [3],
and (ii) a semantic distance using CLIP [37]. As Apoise increases, the semantic dis-
tance grows, while for appropriately small noise (e.g., Anoise = 0.1) the structural
distance remains low and stable, confirming that small perturbations preserve
layout while inducing meaningful appearance changes. Guided by this analysis,
we set Apoise = 0.1 in all experiments (see Supplementary B and G for training
results of other parameters).

2 We use Google Gemini’s Nano Banana as a representative off-the-shelf image editor
with default recommended settings.
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Fig.4: Comparison of structure-preserving methods for one-step editing. (a)
Our method, trained with the proposed Lsae, maintains structural integrity. (d) Without
Lsae, our model fails, leading to structural collapse. (b, c, e, f) Similarly, existing control
methods often produce degraded results, demonstrating their unsuitability for one-step
generation. SA and CA denote the replacement of self-attention and cross-attention,
respectively.
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Given (¢, ceqait) and a shared 2T, we obtain the reconstruction and editing
targets as

ZO = G9 (ZT, C) 5 zgdit = GG’(ZTa Cedit) . (2)

Reconstruction Target Editing Target

This process yields a large dataset in which most pairs exhibit strong structural
similarity but differ in appearance, effectively simulating the desired editing
behavior.

Training with Structure-Aware Editing Loss. The dataset provides pairs
that share structure but differ in semantics, each pair generated from the same
noise z” under the original and perturbed prompts. We translate this into a
training objective that forces the inversion encoder to produce a latent 27 =
I¢(z0, ¢) serving both reconstruction and structure-preserving editing. Our loss
is:

Etotal - ||ZO - GQ(IC/)(ZO,C), C)Hz + )\sac ||ngit - GG(I¢(ZOaC)7 Ccdit)”i 3 (3)

Lmse Lsae

where Agae is the weight parameter (set to 1.0), z2° = Gg(z7,¢), and 2%, =
Go(27, ceait).

The first term, L0, ensures that the inverted latent allows Gy to accu-
rately reconstruct the original image z°. Reconstruction alone, however, does
not guarantee that the same latent will preserve structure when the prompt
changes. The second term, the Structure-Aware Editing (SAE) loss Lg,e, directly
addresses this: it requires that the same inverted latent 27, when decoded with
the perturbed prompt ceqjt, produces an output matching the pre-generated tar-
get 20, Because 20, was generated from the same noise z7 as 2, it shares
the source structure by construction, so matching it teaches the encoder to pro-
duce latents whose structural content is invariant to prompt changes. Figure 4
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Fig.5: Mechanism of Unified-Frame Editing for Temporal Consistency. (a)
Frame-Wise Editing: Processing frames individually restricts attention to within each
frame, preventing information sharing and causing temporal incoherence. (b) Unified-
Frame Editing (UFE): Our method concatenates all frame latents, allowing the atten-
tion mechanism to operate globally. This enables features to be matched and aligned
across all frames, enforcing temporal consistency throughout the edit.

validates this design: without Lsse, the model suffers from structural collapse
(d), while existing control methods such as attention injection (b, c, e, ) simi-
larly fail, confirming that structure preservation must come from the latent itself
rather than from external control during generation.

For implementation, we initialize the inversion encoder Z, with the pre-
trained one-step model Gy, leveraging components from its U-Net. Detailed
training settings and visual and statistical analyses of the latents 27 produced
by Z4 are provided in Supplementary C.

3.2 Unified-Frame Editing

While the inversion encoder from Section 3.1 is effective for single images, ap-
plying it frame-wise to video does not preserve temporal consistency. Most prior
video editing methods enforce consistency by injecting guidance signals into in-
termediate features or attention maps during multi-step denoising [4,7,14,25,53,
55,57]. However, as discussed in Section 3.1, such iterative guidance mechanisms
are inapplicable in the one-step regime (Figure 4).

This motivates a fundamentally different strategy: rather than manipulating
internal attention, we encourage cross-frame communication by modifying only
the input latent representation. We propose Unified-Frame Editing (UFE),
an input-level latent unification scheme in which inverted latents from multi-
ple frames are spatially concatenated and processed simultaneously in a single
forward pass (Figure 2(b)).

Concretely, given a video sequence of K frames V% = (z0,...,2% ), each
frame is independently inverted via our encoder:

2{:143(22’ ¢), k=0,...,K—1. 4)

We denote the set of inverted latents as VE = (27,..., 2% ). Let 27 € ROXH*W
denote the inverted latent for the k-th frame. The unified latent map ZIng is
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formed by concatenating all K latents along the width dimension:
Z&er = Concat (2L, 2T, ... 2L | axis = W). (5)

The resulting map Z{ has dimensions RE*#*(W-K) and is passed to the one-
step generator Gy(-) with the editing prompt ceqit. This is feasible because the
U-Net operates on spatial features and naturally accepts inputs of arbitrary
size [28, 39, 40]. Crucially, this design allows the generator’s self-attention to
function globally across all frames, leveraging its ability to align corresponding
features [49] and thereby enforce temporal consistency without any external
guidance module. Figure 5 visualizes this effect: unlike frame-wise editing where
information remains isolated, a token representing a specific feature (e.g., the
tiger’s nose) in one frame can directly attend to its counterpart in other frames,
ensuring that edits are applied consistently across the entire sequence.

Sliding Window with Anchor Frame. While UFE is effective, its VRAM
requirement and inference time scale with the number of frames (Supplementary
H), making it computationally challenging for long videos. To address this, we
extend UFE with a sliding window mechanism guided by a global anchor frame.
Figure 2(b) illustrates the pipeline of our method. The core idea is to process
the video in manageable chunks while ensuring both local and global temporal
consistency. The sliding window provides local coherence, while the anchor frame
enforces a consistent global style and content reference across all windows. First,
we identify a representative anchor frame by selecting the medoid in the DINO [3]
feature space. Its inverted latent, 25, serves as a global anchor. We validate this
choice against alternative strategies, including the use of multiple anchors for
videos with scene transitions or dynamic content changes, in Supplementary D.

We then process the video using an overlapping sliding window approach.
For each window of w inverted latents, we prepend the anchor latent 2% before
feeding the concatenated map to the generator Gy. After generation, the out-
put corresponding to the anchor is discarded, and we extract only the central s
frames from the window’s output. These segments are then seamlessly stitched
together to form the final edited video. This anchor-based sliding window strat-
egy effectively prevents temporal drift by ensuring that each segment is coherent
both locally and globally. We set the window size as w = 7 and a stride of s =5
through ablation (Supplementary E). A detailed, step-by-step formulation of this
process is provided in Supplementary F.

4 Experiments
4.1 Experimental Setup

We evaluate our framework across three video editing settings. The first, Multi-
to-Multi, uses multi-step diffusion models for both inversion and editing. We
compare against five baselines: FLATTEN [4], TokenFlow [36], FRESCO [57],
RAVE [14], and COVE [53], all built on Stable Diffusion 1.5 [39]. The second,
Multi-to-One, performs video inversion via multi-step DDIM while editing
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Table 2: Performance comparison on short (20 frames) videos.

Framework Method SC BC TF MS AQ 1IQ BQS FPS
FLATTEN? 0.965 0.970 0.964 0.972 0.625 0.639 0.611 0.072
TokenFlow* 0.983 0.976 0.985 0.991 0.668 0.680 0.663 0.075
Multi-to-Multi FRESCO?* 0.978 0.974 0.973 0.991 0.649 0.729 0.674 0.078
RAVE! 0.982 0.976 0.975 0.986 0.637 0.695 0.653 0.091
COVE?* 0.983 0.976 0.984 0.989 0.645 0.655 0.639 0.061

Prompt Replacement™ 0.921 0.946 0.948 0.979 0.593 0.562 0.548 4.732
Prompt-to-Prompt’  0.915 0.945 0.965 0.978 0.587 0.566 0.548 0.898
Multi-to-One ControlNet (Depth)’  0.968 0.961 0.970 0.984 0.658 0.673 0.646 0.578
ControlNet (Canny)™ 0.960 0.969 0.966 0.983 0.582 0.662 0.603 0.578
Plug-and-Play’ 0.953 0.971 0.995 0.995 0.486 0.220 0.345 0.398

One-to-One OSVE (Ours)’ 0.983 0.977 0.978 0.991 0.678 0.703 0.678 15.625
¥ Multi-Step Diffusion Model (SD1.5). T One-Step Diffusion Model (DMD?2).

Table 3: Performance comparison on long (90 frames) videos.

Framework Method SC BC TF MS AQ 1IQ BQS FPS
FLATTEN? 0.933 0.960 0.965 0.975 0.648 0.636 0.615 0.052
TokenFlow* 0.974 0.975 0.986 0.990 0.622 0.668 0.633 0.084
Multi-to-Multi FRESCO? 0.956 0.968 0.987 0.992 0.640 0.702 0.655 0.087
RAVE? 0.962 0.963 0.978 0.983 0.665 0.692 0.659 0.102
COVE} 0.955 0.964 0.985 0.988 0.651 0.650 0.633 0.041

Prompt Replacement’ 0.841 0.912 0.970 0.975 0.561 0.528 0.503 4.732
Prompt-to-Prompt’  0.900 0.956 0.969 0.974 0.423 0.528 0.451 0.898
Multi-to-One  ControlNet (Depth)’ 0.945 0.944 0.971 0.978 0.626 0.652 0.613 0.578
ControlNet (Canny)’ 0.934 0.952 0.967 0.976 0.590 0.660 0.598 0.578
Plug-and-Play* 0.841 0.912 0.994 0.995 0.561 0.267 0.387 0.398

One-to-One OSVE (Ours)’ 0.958 0.965 0.978 0.989 0.670 0.723 0.677 15.793
¥ Multi-Step Diffusion Model (SD1.5). T One-Step Diffusion Model (DMD2).

in a single step. As no prior work exists for this configuration, we construct
baselines by adapting image editing techniques: Prompt Replacement, Prompt-
to-Prompt [9], ControlNet [61] with depth and Canny guidance, and Plug-and-
Play [51]. The third is our proposed One-to-One framework, which employs the
pre-trained encoder for single-step inversion and edits via Prompt Replacement.
For the Multi-to-One and One-to-One settings, we use DMD2 [59] as the one-step
diffusion backbone. Further details are provided in Supplementary A.

For evaluation, we curated 60 videos from open platforms such as Pixabay
and prior works, comprising 51 short videos (20 frames) and 9 long videos (90
frames). We designed five editing prompts per video—three for local edits (e.g.,
object change, deletion) and two for global edits (e.g., style transfer, background
modification)—resulting in 255 short-video and 45 long-video evaluation pairs.
Short videos are processed as a single window, while long videos use a sliding
window of 7 frames with a stride of 5. All experiments were conducted on a
single NVIDIA RTX 6000 Ada GPU.



12 H. Lim and G.-M. Park

dogy = bear picture = watercolor painting wolman — grandmother
n
|

Input

e

ex &

FRESCO  TokenFlow FLATTEN

P

RAVE
v
-

Plug-and- ControlNet  ControlNet ~ Prompt-to- COVE
(Depth)
o R4 - .
(e

| [
e L
(P
|
'~ 4

Prompt
Replace

o

= e |

Prompt

(Canny)

e ot
ddddld <

g ]

OSVE
(Ours)

Fig. 6: Qualitative comparison with baseline methods.

4.2 Quantitative Comparison

We adopt VBench [11] metrics for quantitative evaluation, organized into two
categories. Temporal consistency metrics include: Subject Consistency (SC),
measuring subject identity preservation via DINO [3] features; Background Con-
sistency (BC), assessing background stability via CLIP [37] features; Tempo-
ral Flickering (TF), where higher indicates less flickers; and Motion Smooth-
ness (MS), evaluating motion fluidity using a pre-trained video interpolation
model [20]. Per-frame quality metrics include: Aesthetic Quality (AQ), scored
by the LAION aesthetic predictor [18], and Imaging Quality (IQ), quantifying
perceptual artifacts using MUSIQ [15]. We also introduce the Balanced Quality
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Score (BQS): BQS = (SCJFBCZTFJFMS) X AQ;IQ>, which balances both dimen-
sions multiplicatively, penalizing methods that excel in only one.

Tables 2 and 3 present the results for short and long videos, respectively.
Our method, OSVE, achieves the highest BQS in both settings, demonstrating
strong temporal consistency and per-frame quality simultaneously. In terms of
efficiency, OSVE is approximately 171x faster for short videos and 155x faster
for long videos compared to RAVE, the fastest Multi-to-Multi baseline. See Sup-
plementary A for the speed comparison setup.

4.3 Qualitative Comparison

Figure 6 provides a qualitative comparison. OSVE successfully modifies objects
while preserving their underlying structure, whereas the Multi-to-One baselines
(rows 7-11) frequently exhibit structural collapse or visual degradation. Figure 7
illustrates the versatility of OSVE across diverse editing tasks, including ob-
ject replacement (columns 1, 3, and 5), human identity modification (column 2),
artistic style transfer (columns 3 and 4), and prompt-guided object removal (col-
umn 4).

4.4 User Study

We conducted a user study with 26 participants. Each participant viewed six
editing methods applied to three randomly sampled videos from our datasets
and rated each result on Temporal Consistency (TC) and Visual Quality (VQ)
using a 5-point Likert scale. As shown in Table 4, OSVE achieves the highest
scores on both dimensions, outperforming all baselines.

4.5 Ablation Study

Inversion Encoder. Table 5 validates the Structure-Aware Editing (SAE) Loss
on the PIE-Bench [13], using structure distance [51] and CLIP scores [37]. While
SAE Loss alone improves structure preservation, combining it with the recon-
struction loss (Lse) yields the best performance in both structural integrity and
editability, indicating a synergistic effect between the two objectives.
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Table 4: User study results. TC:
Temporal Consistency, VQ: Visual
Quality (higher is better).

Table 5: Ablation study on encoder training.
We evaluate the effect of each loss component
on PIE-Bench.

Method TC vQ r r Struct. CLIP CLIP
FLATTEN 259 2.56 mse ¢ Dist. (1) Whole (1) Edit (1)
TokenFlow 3.68 3.08
FRESCO 502 276 v - 0.087 21.797 19.884
RAVE 2.74 2.70 - v 0.074 22.349 19.863
COVE 3.59  3.41 v 0.064 22.329 20.416
OSVE (Ours) 3.85 3.65
Table 6: Ablation study of UFE on 90-frame videos.
Sding - pnchor  SC BC TR MS AQ 1Q BQS
- - 0.931 0.948 0.972 0.980 0.680 0.722 0.671
v - 0.954 0.963 0.977 0.988 0.671 0.723 0.676
- v 0.943 0.950 0.976 0.985 0.672 0.722 0.669
v v 0.958  0.965  0.978  0.989 0.670 0.723  0.677

Unified Frame Editing. Table 6 presents the ablation study of Unified-Frame
Editing (UFE). Both the sliding window and anchor-frame strategies individually
improve temporal consistency (SC, BC, TF, MS), and their combination yields
the strongest results. We observe a marginal decrease in AQ when applying
UFE, likely due to processing the expanded latent representation. However, this
minor trade-off is perceptually negligible compared to the substantial reduction
in flickering and inconsistencies.

5 Discussion

We build OSVE on a one-step T2I backbone because current one-step T2V gen-
erators, despite recent progress in T2V distillation [23, 58, 63], still suffer from
severe temporal artifacts and blurriness that make them unsuitable as a reli-
able editing backbone (see Supplementary G). In contrast, mature one-step T2I
backbones have been reported to even surpass their multi-step teachers in gen-
eration quality [59], providing a clean testbed to evaluate our core contributions
independently of backbone limitations.

The generative landscape is rapidly expanding toward T2V, T2AV, and other
multimodal architectures, and one-step distillation of these models is an active
area of research [6, 19,23, 24, 62]. As their fidelity improves, extending one-step
editing to these backbones will become both feasible and important. We believe
the core principles behind OSVE, namely encoding structure into the initial
latent and enforcing cross-frame consistency at the input level, are not specific
to T2I and can generalize across modalities.
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6 Conclusion

We presented OSVE, a framework that advances text-guided video editing by
introducing a novel One-to-One pipeline. OSVE unlocks the potential of one-step
diffusion models for this task, overcoming the speed limitations of conventional
multi-step methods. Our two core contributions, a fast learnable inversion en-
coder trained with SAE loss to preserve structure and the UFE mechanism to
enforce temporal coherence, resolve the key bottlenecks that previously hindered
this approach. Our experiments show that OSVE achieves competitive quality
and consistency at a fraction of the computational cost, making real-time video
editing practical and accessible.
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