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(a) Challenging Real-World Scenarios (b) Diverse Try-on Tasks

(b3) Layered Try-on

(b2) Cross-Category Try-on

(a1) Large Motion

(a2) Severe Occlusion

(a3) Object Interaction

(b1) Multi-View Try-on

Figure 1: BooM-VVT generates high-fidelity and temporally coherent virtual try-on videos without requiring masks. The left
panel shows its robustness in challenging real-world scenarios, including large motion, severe occlusion, and object interaction.
The right panel highlights its flexibility in diverse try-on tasks, such as multi-view, cross-category, and layered try-on.

Abstract
Video virtual try-on (VVT) aims to generate realistic videos of
a person wearing a target garment. Recent methods leverage a
keyframe-driven video generation paradigm to improve in-the-
wild performance, yet they still rely on masks to localize try-on
regions, making them vulnerable to large motions and severe oc-
clusions. Although mask-free image-based try-on methods have
shown promising results by leveraging large-scale pseudo data,
extending this paradigm to videos remains difficult, as constructing
video-level pseudo data is prohibitively expensive. Furthermore,
coarse keyframe sampling and the scarcity of multi-view try-on
data limit existing keyframe-driven methods in maintaining gar-
ment consistency and handling diverse try-on tasks.

To address these challenges, we propose BooM-VVT, a mask-
free VVT framework built upon the keyframe-driven paradigm.
To achieve mask-free VVT, we introduce a multi-stage training
strategy that leverages image-level pseudo data for mask-free local-
ization learning, substantially reducing the need for costly video-
level pseudo data. To improve garment consistency, we propose

Garment-Sensitive Keyframe Sampling, which selects keyframes
based on garment-relevant body regions to better capture garment
appearance. We further introduce Frame-Shared 3D-RoPE to es-
tablish spatiotemporal correspondences between keyframes and
target video frames for accurate garment-detail transfer. Finally,
we construct OmniView, a large-scale multi-view try-on dataset
to support reliable try-on video generation under complex cam-
era viewpoints and diverse try-on tasks. Extensive experiments
demonstrate that BooM-VVT achieves superior temporal consis-
tency and garment fidelity over existing methods. Our project page
https://anonymous.4open.science/w/BooMVVT/.

CCS Concepts
• Computing methodologies→ Computer vision problems;
Computer vision tasks; Computer vision representations.

Keywords
Video Virtual Try-On, Mask-Free Generation, Diffusion Models
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1 Introduction
Video virtual try-on (VVT) aims to synthesize realistic videos of
a person wearing a target garment, with broad applications in e-
commerce and digital content creation. Although recent diffusion-
based methods [4, 11, 12, 15, 16, 26] have achieved impressive
progress, they remain heavily dependent on scarce paired garment–
video data. Due to the limited scale and scene diversity of existing
datasets [5, 7], these methods often struggle to preserve garment
fidelity and temporal consistency in real-world scenarios.

To address this limitation, recent studies [10, 30] have introduced
a keyframe-driven try-on video generation paradigm that decom-
poses the end-to-end VVT pipeline into two stages: (1) generating
try-on images for selected keyframes, and (2) generating the final
try-on video conditioned on the resulting keyframe try-on images.
Under this paradigm, methods such as DreamVVT [30] can exploit
large-scale unpaired video data to train the video generation model,
thereby improving generalization in real-world scenarios. Despite
these advantages, keyframe-driven methods still face several chal-
lenges. First, existing VVTmethods typically rely on explicit masks
to localize try-on regions. However, accurately estimating masks in
videos is highly challenging due to large pose variations and severe
occlusions, as shown in Fig. 1(a). Inaccurate masks often introduce
temporal artifacts such as jittering and flickering. While mask-free
image-based try-on methods [8, 9, 28, 29] have shown promising
results by leveraging large-scale pseudo data, extending this par-
adigm to video virtual try-on remains nontrivial, as constructing
video-level pseudo data is prohibitively expensive. Second, existing
methods typically select keyframes based on overall pose changes
and full-body visibility. However, this strategy is often influenced
by body regions irrelevant to the target garment, such as the lower
body when trying on tops. As a result, the selected keyframes may
fail to fully capture the garment appearance, thereby compromis-
ing garment consistency in the synthesized videos. Third, existing
multi-view try-on datasets remain limited in scale and coverage, as
shown in Table 1. This limitation hinders current methods from gen-
erating plausible results under challenging viewpoints (e.g., back
views) and handling diverse try-on tasks (see Fig. 1(b)).

To tackle these challenges, we present BooM-VVT, a novel mask-
free video virtual try-on framework built upon the keyframe-driven
paradigm. To achieve mask-free VVT, we propose a multi-stage
training strategy that enables the model to leverage more accessible
image-level pseudo data to learn robust mask-free try-on region
localization. As a result, the model can adapt to mask-free video
virtual try-on with only minimal video-level pseudo data, substan-
tially easing data construction. To improve garment consistency, we
first propose a Garment-Sensitive Keyframe Sampling (GSKS) strat-
egy. Specifically, it selects keyframes based on body regions most
relevant to the target garment, allowing the selected keyframes to
better capture the target garment appearance. We further introduce
Frame-Shared 3D-RoPE. By assigning identical positional encod-
ings to keyframe try-on images and their corresponding target
video frames, it explicitly establishes spatiotemporal correspon-
dences between them, enabling more accurate garment appearance
transfer. Finally, to address the scarcity of multi-view try-on data,
we construct OmniView, a large-scale multi-view try-on dataset

Table 1: Comparisonwith existingmulti-view try-on datasets.
Category Diversity indicates whether the dataset covers di-
verse garment categories, and Garment Completeness indi-
cates whether complete flat garment images are provided.

Dataset Garment Category
Diversity

Garment
Completeness Scale

MVG ✗ ✗ 1,009
OmniView ✓ ✓ 6,110

that enables reliable try-on generation across diverse viewpoints
and try-on tasks. In summary, our contributions are as follows:

• We propose BooM-VVT, a mask-free video virtual try-on
framework that leverages a multi-stage training strategy to
learn robust try-on region localization from readily avail-
able image-level pseudo data, substantially reducing re-
liance on costly video-level pseudo data.

• To improve garment consistency, we propose a Garment-
Sensitive Keyframe Sampling (GSKS) strategy and Frame-
Shared 3D-RoPE. GSKS selects more informative keyframes
based on garment-relevant body regions, while Frame-Shared
3D-RoPE facilitates more accurate garment appearance
transfer by establishing spatiotemporal correspondences
between the keyframes and the target video.

• We construct OmniView, a large-scale multi-view try-on
dataset that enables reliable try-on generation across di-
verse viewpoints and try-on tasks.

2 OmniView Dataset
Overview of OmniView Dataset. To provide comprehensive
garment cues for downstream try-on video generation, existing
keyframe-driven VVT methods [30] typically need to generate
try-on images for keyframes from different viewpoints. However,
existing multi-view try-on datasets, such as MVG [21], remain lim-
ited in scale, garment category diversity, and garment completeness
(see Table 1). To address these limitations, we construct OmniView,
a large-scale multi-view try-on dataset containing 6,110 samples.
Each sample provides person images from at least two viewpoints,
and 88% of the samples include back-view images. As shown in
Fig. 2, OmniView offers three key improvements over existing
datasets. First, each sample is paired with both front- and back-view
flat garment images, providing more complete garment references.
Second, in addition to the common upper-body, lower-body, and
full-body categories, OmniView also includes an outerwear cat-
egory. Third, we synthesize pseudo-labeled data for each person
image to support diverse try-on tasks, including cross-category and
layered try-on. As shown in the third row of Fig. 2(b), the third
column illustrates pseudo data for cross-category try-on, while the
fourth column shows pseudo data for layered try-on constructed
by removing the outerwear.
Data processing.We collect raw data from multiple e-commerce
platforms and open-source datasets [18], in strict compliance with
their terms of use. Since the raw data often contain noise, such as
inconsistent model identities, we first employ Qwen3-VL-32B [1] to
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Figure 2: Data samples from the MVG dataset (a) and the proposed OmniView dataset (b). Compared with MVG, OmniView
provides higher-quality garment images, more garment categories, and extra pseudo data to support diverse try-on tasks.

annotate both model and garment images. Based on these annota-
tions, we regroup the samples and manually review them to ensure
consistent model identity within each group and accurate corre-
spondence between worn garments and garment images. We then
leverage Qwen3-VL-32B to generate editing instructions and use
Qwen-Image-Edit-2511 [24] to execute them for pseudo-data syn-
thesis. For non-outerwear categories, the instructions support both
intra-category and cross-category garment replacement, while for
outerwear, we additionally introduce garment removal instructions
to support layered try-on. Examples of the synthesized pseudo data
are shown in the third row of Fig. 2(b): the first two columns show
data generated by intra-category garment replacement, the third
column shows data generated by cross-category garment replace-
ment, and the fourth column shows data generated by garment
removal. Finally, the synthesized data undergo the same review
pipeline to ensure data quality and consistency.

3 Method
3.1 Overview
BooM-VVT is built on the keyframe-driven video generation par-
adigm and aims to achieve mask-free video virtual try-on, as il-
lustrated in Fig. 3. The framework consists of two components:
keyframe try-on (Sec. 3.2) and keyframe-guided try-on video gener-
ation (Sec. 3.3). Given an input video𝑉𝑖𝑛 , we first select informative
keyframes using the proposed Garment-Sensitive Keyframe Sam-
pling (GSKS) strategy, and then use a multi-frame try-on model
to generate the corresponding try-on results for these keyframes.
Benefiting from the proposed OmniView dataset, the multi-frame
try-on model can take either single-view or multi-view garment
inputs and produce reliable try-on results across diverse viewpoints.
The generated keyframe try-on images are subsequently used as
appearance conditions for a DiT-based [17] video generation model,
which synthesizes the final try-on video. To facilitate accurate gar-
ment appearance transfer, we introduce Frame-Shared 3D-RoPE,
which explicitly establishes correspondences between keyframe

try-on tokens and their corresponding video-frame tokens by as-
signing them identical positional encodings. To eliminate reliance
on masks, we further devise a multi-stage training strategy for the
video generation model, as detailed in Fig. 4.

3.2 Keyframe Try-on
3.2.1 Garment-Sensitive Keyframe Sampling. In keyframe-
driven video virtual try-on (VVT), keyframes serve as the primary
carrier of target garment information for the final try-on video.
An effective keyframe set should satisfy two properties: (i) high
information capacity: garment-relevant body regions should be
sufficiently visible so that fine-grained garment details can be cap-
tured; and (ii) complementary viewpoint coverage: the selected
keyframes should cover diverse viewpoints to provide more com-
plete garment information.

To this end, we propose a Garment-Sensitive Keyframe Sampling
(GSKS) strategy. To quantify the information capacity of each frame,
we first define a garment-relevant limb set 𝑃𝑐 and body region 𝐴𝑐

according to the target garment category 𝑐 . For example, for upper-
body garments, 𝑃𝑐 includes limbs such as the shoulders and arms,
while 𝐴𝑐 corresponds to the upper torso. Given an input video 𝑉𝑖𝑛 ,
GSKS computes an information capacity score 𝑆𝑐Capacity for each
frame based on a limb visibility score 𝑆𝑐𝑝 and a region visibility
score 𝑆𝑐𝑎 . Specifically, we use DWPose [25] to detect limbs in each
frame, and define 𝑆𝑐𝑝 as the ratio of the detected limbs belonging to
𝑃𝑐 to the total number of limbs in 𝑃𝑐 :

𝑆𝑐𝑝 =
|𝑃 ∩ 𝑃𝑐 |
|𝑃𝑐 |

, (1)

where 𝑃 denotes the set of detected limbs in the current frame.
Meanwhile, 𝑆𝑐𝑎 denotes the area ratio of the garment-relevant body
region𝐴𝑐 to the whole frame, where𝐴𝑐 is estimated using SAM [2].
The final information capacity score is computed as follows:

𝑆𝑐Capacity = 𝜆𝑆𝑐𝑝 + (1 − 𝜆)𝑆𝑐𝑎 . (2)

In practice, we set 𝜆 = 0.2.
3
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Figure 3: Overview of BooM-VVT. The framework consists of two components: keyframe try-on and keyframe-guided try-on
video generation. The first component selects informative keyframes from the input video and generates corresponding try-on
images, while the second synthesizes the final try-on video under the guidance of these keyframe try-on results.

After scoring all frames, we select the frame with the highest
𝑆𝑐Capacity as the primary keyframe and add it to the keyframe set
K . We then iteratively select the frame that differs the most in
viewpoint from the currently selected keyframes and add it to K ,
so as to ensure complementary viewpoint coverage. We measure
viewpoint difference as the average cosine distance between the
skeletal joint direction vectors of a candidate frame and those of
the selected keyframes. To focus on garment-relevant appearance
variation, this computation only involves the limbs in 𝑃𝑐 , thus
avoiding interference from body regions irrelevant to the target
garment. The detailed pseudo-code is provided in the Appendix.

3.2.2 Multi-FrameTry-onModel. Given the selected keyframes,
we employ a pretrained image try-on model built upon the MM-
DiT architecture [6] to generate the corresponding keyframe try-on
images. To improve consistency across frames, we adapt the im-
age try-on model to a multi-frame setting using a simple image
concatenation scheme. Specifically, the selected keyframes are con-
catenated horizontally into a single composite image and fed into
the model. The model outputs an image in the same layout, which
is then split horizontally to obtain the individual try-on frames.

By processing all keyframes in a single forward pass, the model
enables cross-frame information interaction and produces coherent
multi-frame try-on results with consistent garment details. When
multi-view garment images are available, we apply the same con-
catenation scheme to organize them as garment inputs. To adapt
the model to this multi-frame setting, we fine-tune it on OmniView
using lightweight LoRA adapters inserted into the self-attention
layers of the MM-DiT blocks. During training, we use both single-
view and multi-view garment inputs. As a result, the model can
produce plausible try-on results for challenging viewpoints, such
as back views, even when only a single-view garment image is
available. When multi-view garment references are provided, the
visual fidelity can be further improved.

3.3 Keyframe-Guided Try-on Video Generation
Our video generation model builds on Wan-Animate [3], a DiT-
based image-to-video framework. As illustrated in Fig. 3, given
an input video and its corresponding pose sequence, we encode
the video and pose sequence into video tokens and pose tokens,
respectively, using a Video VAE. The pose tokens are added to the
video tokens to provide structural guidance. In parallel, we encode

4
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Figure 4: Overview of the proposed multi-stage training strategy for the video generation model in BooM-VVT. (a) Stage 1:
The video generation model is trained for keyframe-driven video generation using unpaired videos. (b) Stage 2: The model
learns mask-free try-on region localization from image-level pseudo data. (c) Stage 3.1: We use the model trained in Stage 1 to
synthesize video-level pseudo data. (d) Stage 3.2: The model is fine-tuned on video-level pseudo data to enable high-quality
try-on video generation without masks.

the keyframe try-on images with the same VAE to obtain keyframe
tokens. The keyframe tokens are then concatenated with the video
tokens along the sequence dimension and fed into the DiT backbone.
After iterative denoising, the denoised latents are decoded by the
VAE decoder to obtain the final try-on video.

3.3.1 Frame-Shared 3D-RoPE. Following the standard design of
image-to-video generation, existing keyframe-driven VVT methods
typically assume keyframe try-on images and video frames to be
spatiotemporally independent, assigning them different positional
encodings. However, this design is suboptimal for keyframe-driven
virtual try-on, as it overlooks an important prior: each keyframe
try-on image is naturally aligned with its corresponding target
frame. Assigning different positional encodings to such aligned
representations increases their relative positional distance, thereby
weakening the attention between them and hindering accurate
garment appearance transfer.

To address this issue, we propose Frame-Shared 3D-RoPE to
enable more accurate garment appearance transfer. Our design
builds on the distance-aware property of 3D-RoPE [19], where
tokens with smaller spatiotemporal distances tend to attend more
strongly to each other. Specifically, we assign each keyframe try-
on token the same 3D positional encoding as its corresponding
target video-frame token. By sharing positional encodings across

aligned keyframe and video-frame tokens, Frame-Shared 3D-RoPE
reduces their relative positional distance, thereby strengthening
the attention between them and improving garment appearance
transfer from the keyframes to the target video.

3.3.2 Multi-Stage Training Strategy. To achievemask-free video
virtual try-on, existing image-based virtual try-on methods typi-
cally rely on large-scale pseudo-paired data to learn mask-free try-
on region localization. However, directly extending this strategy
to the video domain is impractical, since constructing large-scale
video-level pseudo data is prohibitively expensive. To address this
challenge, we propose a multi-stage training strategy, as illustrated
in Fig. 4. Our strategy consists of three stages: we first train the
video model for keyframe-guided video generation on large-scale
unpaired human-centric videos, then equip it with mask-free try-on
region localization using readily available image-level pseudo data,
and finally adapt it to mask-free video virtual try-on with minimal
video-level pseudo data.
Stage 1: Training for Keyframe-Driven Video Generation.
As shown in Fig. 4(a), in the first stage, we follow the standard
keyframe-driven training paradigm and train the video genera-
tion model on large-scale unpaired human-centric videos. Specifi-
cally, for each input video, we first randomly sample several frames
as keyframe references. We then use garment masks to remove
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Figure 5: Qualitative comparison on the ViViD-S dataset.

the original garments throughout the video, obtaining a garment-
agnostic input. Given this garment-agnostic video and the sampled
keyframes, the model is trained to reconstruct the original video.
Since the try-on regions are explicitly provided by garment masks
at this stage, the model can focus on learning accurate garment
appearance transfer from the selected keyframes to the full video
while preserving temporal coherence.
Stage 2: Training for Mask-Free Try-on Localization. As illus-
trated in Fig. 4(b), the second stage is designed to equip the video
model with mask-free try-on region localization capability. Instead
of constructing costly video-level pseudo data, we leverage readily
available image-level pseudo pairs for supervision. Specifically, we
build a large-scale multi-view person dataset by sampling frames
from videos and incorporating existing multi-view person datasets,
where each sample contains two images of the same person under
different poses. For each sample, we randomly select one image as
the target image and use Qwen-Image-Edit-2511 to alter its gar-
ment, producing a pseudo image. This pseudo image is fed into the
video generation model as a single-frame video, while the other
image serves as the keyframe reference. The model is then trained
to reconstruct the original target image from the pseudo image,
conditioned on the keyframe reference. Since no explicit mask is
provided during this process, the model must automatically infer
where garment replacement should occur, thereby learning mask-
free try-on region localization. To preserve the appearance transfer
and video generation priors learned in Stage 1, we freeze the Ap-
pearance LoRA and introduce a separate Location LoRA dedicated
to mask-free try-on localization.
Stage 3: Training for High-Quality Mask-Free Video Try-on.
After the first two stages, the model is already capable of mask-free
virtual try-on. However, because Stage 2 relies only on image-level
supervision and lacks explicit temporal constraints, the resulting
model tends to generate videos with unsatisfactory temporal coher-
ence. To address this issue, we introduce a final fine-tuning stage
based on video-level pseudo data. As shown in Fig. 4(c)(d), Stage 3
consists of two sub-stages: Stage 3.1 for pseudo video generation
and Stage 3.2 for fine-tuning with pseudo videos. In Stage 3.1, we
use the model trained in Stage 1 to construct high-quality video-
level pseudo data from unpaired videos. Specifically, we first sam-
ple keyframes from unpaired videos and use the multi-frame try-
on model to generate the corresponding keyframe try-on images.
Meanwhile, we construct garment-agnostic videos by removing
the original garments with garment masks. Conditioned on these

keyframe try-on images and garment-agnostic videos, the Stage 1
video generation model synthesizes pseudo videos. In Stage 3.2, we
fine-tune the model obtained from Stage 2 using the pseudo videos
and their corresponding keyframes as inputs, with the original
unpaired videos as supervision. In this stage, explicit video-level
temporal supervision allows the model to combine the appearance
transfer capability learned in Stage 1 with the mask-free localiza-
tion capability learned in Stage 2, thereby producing high-quality
try-on videos with improved temporal coherence.

4 Experiments
4.1 Experimental Setup
Training Datasets. For the multi-frame try-on model, we use Om-
niView, MVG [21], and ViViD [7] datasets. From each ViViD video,
we sample two frames as multi-view person images to construct
multi-view try-on training pairs. In total, we obtain approximately
22K training pairs, each consisting of two person images with dif-
ferent poses and the corresponding garment images. The video
generation model uses different training data across stages. For
Stage 1, we collect 20K human-centric training videos from public
datasets [7, 13, 23] and the Internet. For Stage 2, we sample two
frames from each Stage 1 training video to form multi-view person
image pairs, and combine them with OmniView to construct 30K
training pairs for mask-free try-on region localization. For Stage 3,
we select 2,500 videos from the Stage 1 training set and synthesize
the corresponding pseudo videos for final fine-tuning.
Evaluation Datasets. For indoor evaluation, we use ViViD-S,
which contains 180 samples constructed following the CatV2TON
protocol. In addition, we create an in-the-wild benchmark, named
WildVVT, consisting of 100 samples that cover diverse human mo-
tions, scene conditions, and garment categories.
Implementation Details. For keyframe try-on, we adopt Qwen-
Image-Edit-2511 as the Multi-Frame Try-on model and insert a
LoRA with rank 64, which is trained for 20K steps. For video gen-
eration, we use Wan-Animate as the DiT backbone. In Stage 1,
we train an Appearance LoRA (𝑟𝑎𝑛𝑘 = 128) for 10K steps. In
Stage 2, we freeze the Appearance LoRA, introduce a Location
LoRA (𝑟𝑎𝑛𝑘 = 64), and train it for 20K steps. In Stage 3, we jointly
fine-tune the two LoRA modules for 5K steps. Unless otherwise
specified, all models are trained with the AdamW optimizer on 4
NVIDIA RTX Pro 6000 GPUs, using a learning rate of 1×10−4 and a
batch size of 1. During inference, following DreamVVT, we sample
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Figure 6: Qualitative comparison on the WildVVT benchmark.

Table 2: Quantitative results on the ViViD-S dataset.

Method Mask Unpaired Setting Paired Setting

FVD𝑢 ↓ ABC ↑ GC ↑ OVQ ↑ FVD𝑝 ↓ SSIM ↑ LPIPS ↓
ViViD ✓ 164.87 3.03 2.26 2.24 139.10 0.842 0.078
CatV2TON ✓ 128.53 3.53 2.07 1.98 120.38 0.858 0.077
MagicTryOn ✓ 110.66 4.15 2.38 3.12 86.31 0.869 0.068

BooM-VVT (Stage 1) ✓ 106.25 4.38 3.36 3.57 88.19 0.872 0.065
BooM-VVT ✗ 101.92 4.61 3.95 4.21 79.12 0.891 0.061

two keyframes from each video to balance efficiency and genera-
tion quality. For keyframe try-on, our Multi-Frame Try-on model is
compatible with Qwen-Image-Edit-Lightning [14], an acceleration
LoRA for Qwen-Image-Edit-2511. Thus, we use Qwen-Image-Edit-
Lightning for faster inference, with 8 inference steps. We also use
the same acceleration LoRA during data construction to speed up
pseudo image generation. For video generation, we use 20 inference
steps and set the guidance scale to 1.
Evaluation Metrics. Following prior works, we use three widely
adopted metrics—FVD [20], SSIM [22], and LPIPS [27]—to evaluate
the quality of the generated try-on videos. In addition, to provide a
more comprehensive assessment of model performance, we employ
Gemini 3.1 Pro as a judge model to rate each result on a scale from
0 (worst) to 5 (best) along three dimensions:
• Appearance and Background Consistency (ABC):Measures

whether the non-try-on regions, including the person’s identity
and the background, remain consistent with the source video.

• Garment Consistency (GC): Measures how faithfully the gen-
erated garment matches the reference garment in appearance.

• Overall Video Quality (OVQ): Measures the overall realism
and temporal coherence of the synthesized video.

4.2 Qualitative Comparison
We qualitatively compare BooM-VVT with state-of-the-art video
virtual try-on methods, including ViViD [7], CatV2TON [4], and
MagicTryOn [12]. As shown in Fig. 5 and Fig. 6, BooM-VVT pro-
ducesmore realistic and temporally coherent try-on videos than pre-
vious methods on both ViViD-S and the more challengingWildVVT
benchmark. In contrast, CatV2TON and MagicTryOn often exhibit
noticeable artifacts due to their reliance on mask-based designs. As
illustrated in Fig. 5, when the source and target garments differ sub-
stantially in shape, these methods are constrained by the original
garment structure and fail to synthesize the correct target garment.

Table 3: Quantitative results on the WildVVT benchmark.
The inference time and GPU memory usage are measured
on a single NVIDIA A800 when generating a 65-frame video
at a resolution of 624×832.

Method Mask FVD ↓ ABC ↑ GC ↑ OVQ ↑ GPU
Memory

Inference
Time

ViViD ✓ 301.80 2.13 1.55 1.57 55.8G 142s
CatV2TON ✓ 350.72 1.39 1.28 1.23 28.9G 158s
MagicTryOn ✓ 250.55 2.12 1.84 1.65 63.5G 342s

BooM-VVT (Stage 1) ✓ 241.72 3.96 3.07 3.26 57.9G 281s
BooM-VVT ✗ 219.76 4.33 3.72 3.94 57.9G 281s

Table 4: Ablation study on the WildVVT benchmark.

Method FVD ↓ ABC ↑ GC ↑ OVQ ↑
w/o GSKS 227.88 4.21 3.42 3.85
w/o Frame-Shared 3D-RoPE 224.15 4.34 3.27 3.81
w/o Stage 1 242.61 3.91 3.26 3.66
w/o Stage 2 237.89 4.10 3.37 3.75

Full Model 219.76 4.33 3.72 3.94

Furthermore, as shown in Fig. 6, under highly challenging real-
world scenarios involving turning motions and severe occlusions,
ViViD and MagicTryOn often fail to preserve plausible garment
structures and fine-grained garment details. By comparison, BooM-
VVT achieves higher garment fidelity and stronger spatiotemporal
consistency across diverse real-world scenarios. More qualitative
results are provided in the appendix.

4.3 Quantitative Comparison
Quantitative results are reported in Table 2 and Table 3. Since exist-
ing keyframe-driven video virtual try-on methods are not publicly
available, a fair direct comparison with them is infeasible. Therefore,
we use BooM-VVT (Stage 1) as a baseline for the keyframe-driven
setting. Specifically, BooM-VVT (Stage 1) is a variant of our method
whose video model is trained only in Stage 1. The results show
that the keyframe-driven methods, BooM-VVT (Stage 1) and BooM-
VVT, consistently outperform the non-keyframe-driven baselines
on both ViViD-S and WildVVT, demonstrating the effectiveness
of the keyframe-driven paradigm. However, reliance on masks re-
mains a major limitation of existing methods. When the source and
target garments differ significantly in shape, the masks often hinder
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Figure 7: Effectiveness of Stage 2 under different amounts of video-level pseudo data on the WildVVT benchmark.
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Figure 8: Qualitative results of ablation study on the
WildVVT benchmark.

accurate garment transfer, leading to lower GC scores. This is con-
sistent with the qualitative results in Fig. 5. The limitation becomes
more pronounced on the more challenging WildVVT benchmark,
where large pose variations and severe occlusions make it par-
ticularly difficult to obtain accurate masks. As a result, existing
methods often fail to maintain appearance consistency and exhibit
temporal jittering and flickering, leading to lower ABC and OVQ
scores. By contrast, BooM-VVT remains robust in unconstrained
real-world scenarios and achieves the best performance across all
metrics. Table 3 also reports inference time and GPUmemory usage.
Compared with MagicTryOn, BooM-VVT delivers clearly better
performance without additional inference cost.

4.4 Ablation Study
We conduct ablation studies on theWildVVT benchmark to evaluate
the effectiveness of the key components in BooM-VVT, covering
both architectural design and training strategy.
On the model architecture. We first examine the two key ar-
chitectural components of BooM-VVT, namely Garment-Sensitive
Keyframe Sampling (GSKS) and Frame-Shared 3D-RoPE. As shown
in Table 4, removing either component degrades the overall per-
formance, especially in terms of Garment Consistency (GC). For
the w/o GSKS variant, we follow DreamVVT and select keyframes
mainly based on global pose differences. For the w/o Frame-Shared
3D-RoPE variant, keyframe try-on images and their correspond-
ing target video frames are assigned different positional encod-
ings, which weakens the attention between them and hinders accu-
rate garment appearance transfer. Although this variant achieves
a slightly higher ABC score, its GC, OVQ, and FVD all deterio-
rate, suggesting that it tends to preserve non-try-on regions at the
expense of garment transfer quality. We further present qualita-
tive comparisons for Frame-Shared 3D-RoPE in Fig. 8, where the
w/o Frame-Shared 3D-RoPE variant fails to reconstruct the correct
shoulder straps and misses the white stripes on the chest.

On the training strategy. We further analyze the proposed multi-
stage training strategy, with results reported in Table 4 and Fig. 7.
Here, w/o Stage 1 denotes the variant in which the Appearance
LoRA does not undergo Stage 1 training, whereas w/o Stage 2 de-
notes the variant in which the Location LoRA does not undergo
Stage 2 training. To enable a fair comparison under the same data
construction cost, we train the w/o Stage 2 variant using 400 extra
video-level pseudo samples, at a cost comparable to that of the 30K
image-level pseudo samples used in Stage 2.

As shown in Table 4, removing Stage 1 causes the largest per-
formance drop, showing that Stage 1 is essential for enabling high-
quality keyframe-driven try-on video generation. Removing Stage 2
also leads to clear performance degradation, showing that it is im-
portant for accurate mask-free try-on region localization. This is
also reflected in the right panel of Fig. 8, where the w/o Stage 2 vari-
ant fails to localize the try-on region correctly, resulting in incorrect
garment structures. Fig. 7 further shows that Stage 2 substantially
improves fine-tuning efficiency under the same comparable data
construction cost. Across all pseudo-video scales, the full model
consistently outperforms the w/o Stage 2 variant. Notably, the full
model trained with only 500 video-level pseudo samples already
achieves performance comparable to that of the w/o Stage 2 variant
trained with 2,500 video-level pseudo samples. We attribute this ad-
vantage to the broad coverage of garment types, human poses, and
real-world scenes provided by large-scale image-level pseudo data,
which helps the model generalize better to real-world scenarios.

5 Conclusion
In this paper, we present BooM-VVT, a novel mask-free video vir-
tual try-on framework built on the keyframe-driven paradigm. To
achieve mask-free video virtual try-on, we introduce a multi-stage
training strategy that leverages readily available image-level pseudo
data to learn mask-free try-on region localization, substantially
reducing the reliance on costly video-level pseudo data. To im-
prove garment consistency, we further introduce Garment-Sensitive
Keyframe Sampling (GSKS) and Frame-Shared 3D-RoPE. GSKS se-
lects informative keyframes based on garment-relevant body re-
gions, while Frame-Shared 3D-RoPE improves garment appearance
transfer by explicitly establishing spatiotemporal correspondences
between keyframes and their corresponding target video frames.
In addition, we construct OmniView, a large-scale multi-view try-
on dataset that provides more complete garment references and
broader garment category coverage, enabling reliable try-on gener-
ation under challenging viewpoints and diverse tasks. Extensive
experiments demonstrate that BooM-VVT outperforms existing
methods in temporal consistency and garment fidelity under un-
constrained real-world scenarios.
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