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An elegant floor-length dress features a shimmering, textured
bodice with a delicate V-neckline and thin spaghetti straps. The
fabric displays a rich, metallic sheen in shades of black and
gold, creating a luxurious, sparkling effect across the upper
portion. A sleek black waistband cinches the silhouette at the
natural waist, providing a defined contrast to the glittering
material above. Below the waist, the skirt flows gracefully into
a full, flared silhouette, adorned with a bold pattern of large,
irregular black polka dots that gradually increase in size
toward the hem. The lower half of the dress transitions into a
solid black base, enhancing the dramatic flair of the design.
The overall style exudes glamour and sophistication, suitable
for formal or evening wear.
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Figure 1. An illustrative sample from our proposed virtual try-on dataset. Compared to existing datasets, ours provides a richer collection
of data, including both full-shot and close-up videos of the person, detailed garment images, and rich textual descriptions. Furthermore, all
images and videos are provided at a higher resolution. More examples can be found in the Appendix.

Abstract

Video virtual try-on technology provides a cost-effective
solution for creating marketing videos in fashion e-
commerce. However, its practical adoption is hindered by
two critical limitations. First, the reliance on a single gar-
ment image as input in current virtual try-on datasets lim-
its the accurate capture of realistic texture details. Sec-
ond, most existing methods focus solely on generating full-
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shot virtual try-on videos, neglecting the business’s demand
for videos that also provide detailed close-ups. To address
these challenges, we introduce a high-resolution dataset for
video-based virtual try-on. This dataset offers two key fea-
tures. First, it provides more detailed information on the
garments, which includes high-fidelity images with detailed
close-ups and textual descriptions; Second, it uniquely in-
cludes full-shot and close-up try-on videos of real human
models. Furthermore, accurately assessing consistency be-
comes significantly more critical for the close-up videos,
which demand high-fidelity preservation of garment details.
To facilitate such fine-grained evaluation, we propose a new
garment consistency metric VGID (Video Garment Incep-
tion Distance) that quantifies the preservation of both tex-
ture and structure. Our experiments validate these contri-
butions. We demonstrate that by utilizing the detailed im-
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ages from our dataset, existing video generation models
can extract and incorporate texture features, significantly
enhancing the realism and detail fidelity of virtual try-on
results. Furthermore, we conduct a comprehensive bench-
mark of recent models. The benchmark effectively identi-
fies the texture and structural preservation problems among
current methods.

1. Introduction
Driven by the rapid growth of e-commerce, the demand for
apparel marketing videos is surging, making virtual try-on
technology [50, 51, 64, 65] a crucial content generation tool.
A foundational task in this domain is video-based virtual
try-on [10, 16, 26, 31, 32], where the goal is to synthesize
a video from a target garment image and a person’s source
video. In the resulting video, the individual is realistically
dressed in the target garment while maintaining their origi-
nal movements and identity.

However, due to dataset limitations, existing video-based
virtual try-on models face several common technical hur-
dles in practical applications. First, existing datasets typ-
ically only provide a single full-shot video as the ground
truth. This results in videos that are more like a gen-
eral, low-detail preview, failing to capture how the gar-
ment truly behaves and failing to meet the business demand
for detailed close-up videos. Consequently, the practical
value of this technology is significantly limited. Moreover,
constrained by the low resolution of training datasets like
ViViD [16] (832 × 624) and VVT [15] (256 × 192), exist-
ing models [30, 31, 68, 71] produce videos with insufficient
clarity. This coarse visual output fails to provide users with
adequate detail to assess the garment’s true material and fit.
Additionally, the majority of these models rely on a single,
flat image of the garment as input, making it challenging to
generate lifelike fabric folds and intricate details. In prac-
tice, however, vendors can readily supply multi-angle detail
shots of their garments, yet this valuable information re-
mains largely underutilized.

To address the aforementioned issues, we introduce
Eevee, a high-resolution dataset designed to support a
wide range of virtual try-on tasks. Compared to previous
datasets, Eevee’s main distinctions are as follows: First, in
addition to providing a full-shot video of a person, it also of-
fers a close-up video. Second, the dataset includes detailed
images and a detailed textual description of the garment to
assist the model in generating fine details and textures. Fi-
nally, Eevee features the highest resolution currently avail-
able for this task. The practical benefit of this is evident in
our comparative analysis: as illustrated in Fig. 2, a magni-
fied, side-by-side comparison with the ViViD dataset shows
that Eevee provides substantially clearer details and supe-
rior texture fidelity, overcoming the blur common in lower-
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Figure 2. A comparison of garment image and video frame, along
with their zoomed-in details, from the ViViD dataset shown on top
and the Eevee dataset shown on bottom.

resolution benchmarks. Fig. 1 illustrates a sample from our
dataset. The left panel displays the raw collected data; the
right panel shows its corresponding parsing annotation. To
enhance usability, we applied further data processing be-
yond this annotation step.

Close-up virtual try-on videos, where the garment oc-
cupies the majority of the frame, necessitate a more pre-
cise evaluation of garment fidelity. Existing metrics such as
VFID [53] and VBench [24] primarily assess overall video
quality and realism, but they are insufficient for gauging the
consistency of the generated apparel with the input garment
image. To bridge this gap, we propose a new metric, VGID
(Video Garment Inception Distance), specifically designed
to measure garment consistency. This metric operates by
calculating the cosine similarity between deep features ex-
tracted from the generated garment region in the video and
those from the input garment image.

Leveraging our Eevee dataset, we conduct a compre-
hensive benchmark of recent state-of-the-art models [16,
27, 31] using our proposed VGID metric alongside estab-
lished metrics such as VFID, SSIM [59], LPIPS [66], and
VBench. This evaluation reveals significant disparities in
texture and structural preservation among current methods,
thereby establishing a strong baseline for future research in
high-fidelity virtual try-on.

In summary, we introduce Eevee, a high-resolution vir-
tual try-on dataset featuring close-up videos and detailed
garment data for fine texture generation. To evaluate
close-up garment consistency where metrics like VFID or
VBench fall short, we propose a novel metric, VGID. Fur-
thermore, we establish a strong baseline for future research
by comprehensively benchmarking state-of-the-art models
using our proposed dataset and metric.
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Dataset Garment
Category

Detailed
Image

Close-up
Video

Resolution Total number

Image Video Train pairs Test pairs Images Frames

VITON [20] Upper-body ✗ ✗ 256× 192 – 14,221 2,032 32,506 –
MPV [14] Upper-body ✗ ✗ 256× 192 – 52,336 10,544 49,211 –
VITON-HD [8] Upper-body ✗ ✗ 1024× 768 – 11,647 2,032 27,358 –
DressCode [40] Multi ✗ ✗ 1024× 768 – 48,392 5,400 161,376 –
DeepFashion [37] ✗ ✗ ✗ 1101× 750 – 52,712 52,712 –

VVT [15] Upper-body ✗ ✗ 256× 192 256× 192 661 130 1,582 205,675
TikTokDress [42] Upper-body ✗ ✗ 720× 540 720× 540 693 124 817 272,548
ViViD[16] Multi ✗ ✗ 1380× 920 832× 624 7,759 1,941 9,700 1,213,694
Eevee (Ours) Multi ✓ ✓ 2400× 1800 1088× 816 8,364 1,000 28,092 1,905,973

Table 1. Comparison between our dataset and the most widely used datasets for virtual try-on and other related tasks.

2. Related Work

2.1. Video-based Virtual Try-on

With the rapid development of Diffusion models [6, 7, 22,
29, 35, 46, 47, 52, 56–58, 67] and Transformers [1, 2, 11–
13, 33, 34, 39, 54, 62], video generation [63, 69] and video
editing [19, 27, 70] models have achieved significant suc-
cess. This progress is now impacting virtual try-on tech-
nology, which aims to synthesize a target garment onto
a human model to generate try-on results. While signif-
icant progress has been made in image-based virtual try-
on [9, 17, 28, 41, 50, 61, 64], research on the more com-
plex video-based virtual try-on is still in its early stages.
In this emerging field, researchers have begun their initial
explorations. For example, RealVVT [32] employs a dual
U-Net [25] architecture to generate precise virtual try-on
videos, enhancing both spatial and temporal consistency.
CatV2TON [10] is a Diffusion Transformer (DiT) [54]
framework for both image and video virtual try-on, which
implements a DiT [45] architecture by temporally con-
catenating garment and person inputs. Similarly, Magic-
Tryon [31] builds upon the DiT backbone from Wan2.1 [55]
and fully leverages its self-attention mechanism to achieve
unified modeling of spatiotemporal coherence. Due to
dataset limitations, these methods often only generate full-
shot, low-resolution virtual try-on videos that also lack de-
tailed garment textures, which restricts their practical appli-
cation.

2.2. Virtual Try-on Datasets

The availability of high-quality datasets is indispensable for
the development of virtual try-on. Early developments in
this field were primarily centered on static, image-based
collections. Seminal datasets like VITON [20] first es-
tablished the task by providing paired images of a person
and a target in-shop garment. This was later superseded
by VITON-HD [8], which significantly increased the im-
age resolution to 1024 × 768, enabling the generation of
more realistic and detailed results. Following this, Dress-

Code [40] further expanded the scale and complexity, of-
fering a large-scale repository with more diverse poses and
challenging garment types. While effective for static try-on,
these image-based datasets lack the temporal information
necessary for video-based applications. Efforts to bridge
this gap have led to the creation of video datasets, most no-
tably VVT [15] and ViViD [16]. However, the VVT dataset
is of limited utility due to its low video resolution and small
scale. Although ViViD represents a significant advance-
ment in terms of resolution and data volume, it possesses
critical limitations. First, it provides only a single, full-shot
video, failing to meet the commercial demand for detailed
close-up videos. Furthermore, it only provides a single, flat-
lay image for each garment, which is insufficient for captur-
ing the intricate textures, material properties, and deforma-
tion details required for high-fidelity virtual try-on.

3. Eevee

3.1. Dataset

Existing public video-based virtual try-on datasets suffer
from three limitations. First, existing public datasets for
video-based virtual try-on typically only contain video from
a single global perspective. However, practical applications
often require more diverse perspectives, such as close-ups
on specific areas, which these datasets lack. Additionally,
these datasets typically represent a garment with only a sin-
gle, flat in-shop image. This overlooks a key opportunity
in practical applications: merchants can readily provide de-
tailed close-up shots, and leveraging such information could
enhance the fine-grained details of the generated results. Fi-
nally, the majority of these public datasets suffer from low
resolution, which places a hard ceiling on the visual quality
of the virtual try-on, often resulting in blurry outputs where
essential garment details are lost.

To facilitate the development of video-based virtual try-
on, we introduce Eevee. It is a high-resolution dataset de-
signed to overcome prior limitations. It provides both full-
shot videos and corresponding close-up videos, address-
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Figure 3. The overall fine-tuning pipeline of the VACE on our dataset. Compared to other video-based virtual try-on models, our VACE
fine-tuning process includes an additional step where detailed garment images are fed into the network through the Wan VAE Encoder.

ing the need for detailed dynamic views. Additionally, it
moves beyond the single in-shop photo by providing de-
tailed close-up images for each garment. This rich data is
designed to support a wide range of virtual try-on tasks. The
Eevee dataset features 9,364 high-resolution, video-based
virtual try-on pairs, establishing it as the highest-resolution
collection available with images up to 2400 × 1800 and
videos up to 1088 × 816. The dataset is categorized into
three main garment types, split into training and testing
sets: upper-body (4492 training / 500 test pairs), lower-body
(2308 training / 250 test pairs), and dresses (1564 training /
250 test pairs). The total number of images in our dataset,
excluding parsing annotations, is 28,092, and the total num-
ber of video frames is 1,905,973.

We first collected a variety of images and related video
data from e-commerce websites. The corresponding raw
data encompasses in-shop garment images, close-up details
of the garment, images of the person, as well as full-shot
and close-up videos of the person. To make the dataset
easier to use, we have added a series of annotations. (1)
We utilize the large language model Qwen-VL-Max [3] to
generate detailed textual descriptions and classify garments
from images. (2) For full-shot virtual try-on videos and per-
son images, we use OpenPose [4] to obtain human parsing
results and then generate the mask. For close-up virtual try-
on videos, where obtaining human parsing results is often
difficult, we instead use Grounded SAM-2 [36, 48, 49] to
perform semantic segmentation on the garment region to
extract the mask. We then apply a 31-pixel padding around
the mask to mitigate boundary inaccuracies and prevent the
leakage of the original garment’s shape information. We
also conducte manual random sampling to identify and re-
move severe segmentation failures. (3) To adapt to other
virtual try-on models, we use AniLines [44] to extract gar-
ment contour maps and Detectron2 [60] to obtain Dense-
Pose UV coordinates for the human body. Fig. 1 illustrates

a sample from our dataset.
Tab. 1 summarizes the key characteristics of our dataset

in comparison with existing datasets for virtual try-on and
fashion-related tasks. Notably, the Eevee dataset is the first
to provide both detailed images of garments and close-up
virtual try-on videos. Furthermore, it boasts the highest im-
age and video resolutions currently available.

3.2. Method
To validate our dataset, especially the garment detail im-
ages, we fine-tune the pre-trained VACE [27] model.
VACE, a diffusion transformer-based framework for video
generation and editing built on Wan2.1 [55], is ideal for
video-based virtual try-on. This task functions as a masked
video-to-video editing process. We chose VACE as our
base model for two key reasons. First, it requires only
video masks, avoiding the reliance on extra parsing data
(like DensePose [18]) seen in other methods such as Mag-
icTryon [31]. This minimizes interference from annotation
inaccuracies. Second, VACE is highly extensible, making it
a suitable platform for future work involving more complex
multimodal inputs.

The overall fine-tuning pipeline is shown in Fig. 3.
Given an input masked person video F and a mask video
M , VACE first decouples F using the provided segmenta-
tion mask. This decoupling, based on M , yields two distinct
frame sequences identical in shape:

Fr = F ⊙M

Fi = F ⊙ (1−M),
(1)

where Fr, called reactive frames, contains all the pixels to
be changed (such as the gray pixels), while all the pixels to
be kept are stored in Fi, the inactive frames.

After decoupling, we process these conditional inputs.
As shown in the diagram, Fr and Fi are processed inde-
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pendently by the Wan VAE Encoder to produce latent rep-
resentations, which we denote Zr and Zi respectively. The
mask M is processed by first being rearranged into patches
to create a 64-channel representation, which is then down-
sampled via interpolation to match the latent dimensions,
yielding the mask latent ZM . These processed representa-
tions are then used to form the Context Tokens. Specifi-
cally, the inactive latents Zi and reactive latents Zr are first
concatenated along the channel dimension to create a uni-
fied video latent representation Zvideo. Next, the garment
and garment detail images (treated as f individual reference
frames) are encoded by the VAE to produce a set of refer-
ence latents Zref,j . To match the channel structure of Zvideo,
reference latent Zref,j is concatenated with a zero tensor of
the same shape along the channel dimension. These pre-
pared reference latents are then prepended to the main video
latent Zvideo along the temporal dimension. Concurrently,
the interpolated mask latent ZM is prepended with a block
of zero-latents along the temporal dimension to create Z ′

M .
Finally, Z ′

video is concatenated with Z ′
M along the channel

dimension. This resulting tensor forms the Context Tokens,
which are then combined with the Video Tokens and fed
into the DiT model.

3.3. Metric

Unlike video-based virtual try-on which typically focuses
on full-shot video generation, close-up video-based vir-
tual try-on presents a distinct set of challenges. In these
zoomed-in perspectives, the garment itself occupies a sig-
nificantly larger portion of the frame. This shift means
that the accurate reconstruction of intricate garment textures
and patterns has become the most critical measure of qual-
ity. However, existing metrics are ill-equipped for this spe-
cific task. For instance, VFID [53] evaluates the overall
video quality. Furthermore, while VBench’s Subject Con-
sistency [24] is useful, it primarily measures temporal sta-
bility, ensuring that the garment remains consistent within
the video. However, it does not assess fidelity to the in-
put garment image. To address this limitation, we propose
VGID (Video Garment Inception Distance), a new metric
designed to precisely quantify the fidelity between the gen-
erated garment texture and the source garment image.

VGID’s core idea is to measure the consistency between
the generated video’s garment and the input garment im-
age. To do this while avoiding interference from the back-
ground, a naive approach would be to use segmentation
masks. However, to obviate the critical dependency on
these unreliable or unavailable masks, VGID leverages the
inherent properties of vision transformers. We leverage the
DINO-V2 [43] model, which is renowned for its powerful
emergent segmentation capabilities developed during self-
supervised training; the model learns to segment objects
without explicit supervision. We harness this property by

extracting and processing the [CLS]-to-patch self-attention
maps from the final Transformer block. This map is then
upsampled and normalized to create a soft mask M , which
assigns high values (near 1.0) to the salient garment and low
values (near 0.0) to the background. However, we observe
that for categories such as ‘lower body’ and ‘upper body’,
the soft masks generated by DINO-V2 frequently fail to iso-
late the target item, often incorporating parts of adjacent
garment pieces. This cross-contamination makes the mask
unreliable for evaluating multi-garment outfits. Given that
dresses typically function as a single, holistic garment and
are less susceptible to this ambiguity, we report this consis-
tency metric exclusively for the ‘dresses’ category to ensure
a more accurate and meaningful evaluation.

VGID provides a score, computed as the cosine simi-
larity between the masked, spatially-averaged features of
the garment image Is and a generated frame Iv . To cal-
culate this, we first extract feature maps Fs = Φ(Is) and
Fv = Φ(Iv) using a feature extractor Φ. The corresponding
soft masks, M̂s and M̂v , are resized to match the spatial di-
mensions of the feature maps and then applied via element-
wise multiplication (F ′ = F⊙M̂ ). This step effectively ze-
ros out background features. The resulting masked features
are subjected to global average-pooling (GAP), and their
consistency is quantified using cosine similarity, as defined
by the equation:

VGID(Is, Iv) =
GAP(F ′

s) · GAP(F ′
v)

∥GAP(F ′
s)∥∥GAP(F ′

v)∥
. (2)

This calculation forms our semantic fidelity metric, de-
noted as VGID. It leverages deep, semantically-aware
features from DINO-V2 to measure the integrity of high-
level patterns—for example, ensuring that a plaid pattern
remains recognizably plaid. For a full video V with T
frames, the final score is computed as the average across
all frames, providing a robust assessment of semantic con-
sistency throughout the video.

4. Experiments
4.1. Implementation Details
We conduct all experiments on the Eevee dataset. To fa-
cilitate a direct comparison, we performed the experiments
at resolutions of 1088 × 816 and 832 × 624. Although the
videos in the dataset are all longer than 49 frames, we use
the first 49 frames of each video as input and generate 49
output frames. Our experiments are designed in two con-
figurations: paired and unpaired. The paired configuration
uses the person’s own garment as input to test the model’s
fidelity in preserving person-specific features. The unpaired
configuration, which simulates a realistic use case, chal-
lenges the model to dress the person in a different target
garment. Besides, we performed virtual try-on on the full-
shot videos and the close-up videos, respectively.

4618



Resolution Type Method
Unpaired Paired

VFIDu
R ↓ VFIDu

I ↓ VGIDu ↑ VFIDp
R ↓ VFIDp

I ↓ VGIDp ↑ SSIM↑ LPIPS↓

1088× 816 Full-shot

ViViD 0.565 12.859 0.514 0.487 10.306 0.521 0.874 0.119
MagicTryon 0.187 9.783 0.512 0.137 6.168 0.524 0.906 0.092
VACE 0.454 11.260 0.522 0.282 7.290 0.525 0.899 0.083
Ours 0.220 10.065 0.524 0.076 6.555 0.534 0.910 0.078

832× 624 Full-shot

ViViD 0.389 12.194 0.506 0.285 9.211 0.508 0.871 0.111
MagicTryon 0.161 9.865 0.520 0.106 6.167 0.514 0.908 0.074
VACE 0.587 11.647 0.524 0.343 7.624 0.528 0.888 0.090
Ours 0.219 9.777 0.528 0.076 6.520 0.527 0.905 0.071

1088× 816 Close-up

ViViD 1.253 12.665 0.533 0.976 10.900 0.509 0.785 0.185
MagicTryon 0.752 11.285 0.538 0.607 8.714 0.519 0.807 0.163
VACE 0.913 12.844 0.533 0.429 9.331 0.515 0.778 0.174
Ours 0.535 11.621 0.540 0.274 8.429 0.524 0.803 0.154

832× 624 Close-up

ViViD 0.936 12.198 0.533 0.663 10.116 0.509 0.775 0.176
MagicTryon 0.595 11.262 0.534 0.479 8.524 0.513 0.791 0.152
VACE 1.039 12.783 0.545 0.593 9.572 0.519 0.755 0.178
Ours 0.530 11.475 0.548 0.273 8.349 0.526 0.786 0.148

Table 2. This table compares the performance of different models on full-shot and close-up videos, evaluated at different video resolutions
using various metrics. The subscripts ‘u’ and ‘p’ respectively represent the unpaired setting and paired setting. The best results are in bold.

For implementation, we initialize our model with the
pre-trained weights from VACE and fine-tune it using
LoRA [23]. The AdamW [38] optimizer is used with a
fixed learning rate of 1e-4. All training are conducted on
8 NVIDIA H20 (96GB) GPUs. The number of inference
steps during testing is set to 50. Furthermore, to ensure a
fair comparison, all model variants in the ablation study are
trained under identical hyperparameter configurations.

For evaluation, we employ SSIM [59] and LPIPS [66].
To assess video quality, we use VFID [53] to evaluate both
spatial quality and temporal consistency. We report re-
sults using two different backbones: I3D [5] (VFIDI) and
ResNeXt [21] (VFIDR). In addition, we utilize select met-
rics from VBench [24] to comprehensively evaluate video
quality and consistency. Finally, to evaluate the consis-
tency between the generated video and the input garment,
we report VGID. Due to space limitations, we report the
weighted average results across our test categories (dresses,
upper body, lower body). Detailed per-category results are
in the Appendix.

4.2. Quantitative Comparison
All of our quantitative comparisons are performed on the
Eevee dataset, as our fine-tuned VACE model requires addi-
tional garment detail images as input. To ensure a compre-
hensive and fair evaluation, we designed our experiments
across several distinct settings.

As shown in Tab. 2, both MagicTryon [31] and our
fine-tuned VACE model [27] achieved the best results.
While MagicTryon demonstrated superior performance on
the VFIDI and LPIPS [66] metric, our fine-tuned VACE
model excelled on the other metrics, particularly in the

(a) Full-shot video with 1088× 816
resolution.

(b) Full-shot video in 832×624 res-
olution.

(c) Close-up video in 1088 × 816
resolution.

(d) Close-up video in 832×624 res-
olution.

Figure 4. VBench evaluation results of video-based virtual try-on
models. We visualize the evaluation results of four models in 4
VBench dimensions under both paired and unpaired settings. We
normalize the results per dimension for clearer comparisons. For
comprehensive numerical results, please refer to the Appendix.

paired setting. We attribute this advantage to the fine-tuning
process and detailed garment image. This stage specifically
enhanced the model’s ability to learn the intricate relation-
ship between the paired inputs, allowing it to better preserve
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OursVACE

MagicTryonViViD

Masked person videoPerson video

Detailed image

Garment image

Figure 5. Qualitative comparison of close-up video virtual try-on results on the Eevee dataset. Our fine-tuned VACE model not only
accurately reproduces the patterns of the input garment, but the generated video is also more realistic overall. Please zoom in for better
visualization.

garment details while realistically warping it onto the target
pose. Additionally, the performance of all models decreased
to some extent, which is attributable to the increased diffi-
culty of high-resolution and close-up virtual try-on video
generation tasks.

Additionally, we utilize the VBench [24] benchmark to
comprehensively evaluate the overall quality and consis-
tency of the generated videos. As shown in Fig. 4, our
fine-tuned VACE model secured only a marginal lead. We
observed that the metrics across most models showed no
significant differentiation. This suggests that the VBench
metrics are more heavily influenced by the inherent nature
of the task itself rather than the specific capabilities of the
models. Consequently, VBench appears limited in its ability
to effectively measure or distinguish the true performance
differences among various virtual try-on models.

4.3. Qualitative Comparison
In Fig. 5, we present the visual results of different meth-
ods on the Eevee dataset. We observe that our fine-tuned
VACE [27] model achieves outstanding performance in
generating try-on videos. We attribute this enhanced fidelity
directly to the detailed garment images utilized as input dur-
ing the fine-tuning process, which provide the model with
the rich visual information necessary to preserve these spe-
cific attributes. Furthermore, this is consistent with the pre-
viously mentioned performance on the Eevee. ViViD [16]
and MagicTryon [31] often struggle to accurately preserve
the patterns of the input garment. The original VACE tends
to directly paste the garment onto the target area rather than
performing a genuine try-on. As shown in Fig. 5, the tag on

the garment’s collar in the VACE result should be hidden
behind the model. Additionally, since VACE is not opti-
mized for video-based virtual try-on, it occasionally expe-
riences generation failures, such as producing solid white
clothing or failing to generate human body parts entirely.
This leads to poor quantitative metrics for VACE.

4.4. Ablation Study
To better understand the impact of detailed garment images
and the fine-tuning process, we conducted a series of com-
parative experiments based on the VACE model. We com-
pared four VACE [27] model configurations: the original
model, the model using detailed garment images as addi-
tional input, the model fine-tuned on the Eevee dataset with
LoRA [23], and the model both fine-tuned with LoRA and
using the additional detailed garment images.

As shown in Tab. 3, our experimental data reveals that
the impact of directly inputting detailed garment images
alone is negligible, with the model showing performance
comparable to the original VACE baseline. This suggests
the model struggles to leverage this extra information with-
out specific adaptation. Conversely, the value of these de-
tailed images becomes apparent during fine-tuning. Specif-
ically, the model fine-tuned with LoRA while using the ad-
ditional detailed garment images achieves superior results
compared to the model fine-tuned with LoRA without them.
This strongly indicates that the fine-tuning process is cru-
cial for enabling the model to effectively exploit the high-
fidelity information present in the detailed images.

This conclusion is further corroborated by the qualita-
tive visual comparisons presented in Fig. 6. The original
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Garment image

Detailed image

VACE

VACE with detailed image

Fine-tuned VACE

Fine-tuned  VACE with detailed image

Figure 6. Qualitative comparison of the ablation study. The model combining LoRA fine-tuning and detailed images generates textures
with significantly enhanced clarity and fidelity compared to other models. Please zoom in for better visualization

Resolution Type LoRA
Finetune

Detailed
Image

Unpaired Paired

VFIDu
R ↓ VFIDu

I ↓ VGIDu ↑ VFIDp
R ↓ VFIDp

I ↓ VGIDp ↑ SSIM↑ LPIPS↓

1088× 816 Full-shot

✗ ✗ 0.454 11.260 0.522 0.282 7.290 0.525 0.899 0.083
✗ ✓ 0.661 11.290 0.523 0.400 7.380 0.531 0.896 0.084
✓ ✗ 0.225 10.219 0.520 0.093 6.558 0.529 0.909 0.079
✓ ✓ 0.220 10.065 0.524 0.076 6.555 0.534 0.910 0.078

1088× 816 Close-up

✗ ✗ 0.913 12.844 0.533 0.429 9.331 0.515 0.778 0.174
✗ ✓ 1.218 12.666 0.525 0.628 9.162 0.520 0.770 0.174
✓ ✗ 0.608 11.757 0.529 0.220 8.441 0.517 0.802 0.156
✓ ✓ 0.535 11.621 0.540 0.274 8.429 0.524 0.803 0.154

Table 3. Ablation study of LoRA fine-tuning and detailed images across full-shot and close-up videos. The subscripts ‘u’ and ‘p’ respec-
tively represent the unpaired setting and paired setting. The best results are in bold.

VACE model produced incorrect results, generating videos
that featured only the garment with no person. While pro-
viding additional detailed images of the garment made the
output more natural, the human body was still missing. In
contrast, the VACE model, after being fine-tuned on the
Eevee dataset, successfully generated a human. Further-
more, the fine-tuned VACE model, when combined with the
detailed garment image, not only produced a human body
but also achieved a more natural-looking result overall.

Finally, recognizing that distribution metrics can some-
times be inconsistent with human perception, we conducted
a user study (N=53) focusing on semantic alignment. Raters
preferred our configuration with detailed guidance over the
baseline without it in preserving texture (79.25%), pattern
(83.02%), and overall quality (84.91%). This subjective
evaluation confirms that the detailed image is critical for
accurately preserving specific garment identity.

5. Conclusion

In this paper, we addressed the critical limitations of ex-
isting video-based virtual try-on: low resolution, only full-
shot videos, and the failure to capture fine-grained garment
textures from single input garment images. Our primary
contribution is the introduction of Eevee, a high-resolution
dataset designed to support a wide range of virtual try-on
tasks. It is the first dataset to provide both full-shot and
close-up videos, and corresponding detailed close-up im-
ages for the garments. Recognizing that this task requires
better evaluation, we also proposed a new metric VGID to
specifically measure garment consistency. Leveraging this
dataset and metric, we conducted a comprehensive bench-
mark of recent state-of-the-art models, establishing a base-
line for future research in virtual try-on. We hope our work
inspires further research into virtual try-on.

4621



References
[1] Ruichuan An, Sihan Yang, Ming Lu, Renrui Zhang, Kai

Zeng, Yulin Luo, Jiajun Cao, Hao Liang, Ying Chen, Qi She,
et al. Mc-llava: Multi-concept personalized vision-language
model. arXiv preprint arXiv:2411.11706, 2024. 3

[2] Ruichuan An, Sihan Yang, Renrui Zhang, Zijun Shen, Ming
Lu, Gaole Dai, Hao Liang, Ziyu Guo, Shilin Yan, Yulin
Luo, et al. Unictokens: Boosting personalized understand-
ing and generation via unified concept tokens. arXiv preprint
arXiv:2505.14671, 2025. 3

[3] Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang, Sinan
Tan, Peng Wang, Junyang Lin, Chang Zhou, and Jingren
Zhou. Qwen-vl: A versatile vision-language model for un-
derstanding, localization, text reading, and beyond. arXiv
preprint arXiv:2308.12966, 2023. 4

[4] Zhe Cao, Gines Hidalgo, Tomas Simon, Shih-En Wei, and
Yaser Sheikh. Openpose: Realtime multi-person 2d pose
estimation using part affinity fields. IEEE transactions on
pattern analysis and machine intelligence, 43(1):172–186,
2019. 4

[5] Joao Carreira and Andrew Zisserman. Quo vadis, action
recognition? a new model and the kinetics dataset. In pro-
ceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pages 6299–6308, 2017. 6

[6] Ruidong Chen, Lanjun Wang, Weizhi Nie, Yongdong Zhang,
and An-An Liu. Anyscene: Customized image synthe-
sis with composited foreground. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 8724–8733, 2024. 3

[7] Ruidong Chen, Yancheng Bai, Xuanpu Zhang, Jianhao Zeng,
Lanjun Wang, Dan Song, Lei Sun, Xiangxiang Chu, and
Anan Liu. Layer-wise instance binding for regional and
occlusion control in text-to-image diffusion transformers.
arXiv preprint arXiv:2603.05769, 2026. 3

[8] Seunghwan Choi, Sunghyun Park, Minsoo Lee, and Jaegul
Choo. Viton-hd: High-resolution virtual try-on via
misalignment-aware normalization. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition, pages 14131–14140, 2021. 3

[9] Yisol Choi, Sangkyung Kwak, Kyungmin Lee, Hyungwon
Choi, and Jinwoo Shin. Improving diffusion models for au-
thentic virtual try-on in the wild. In European Conference on
Computer Vision, pages 206–235. Springer, 2024. 3

[10] Zheng Chong, Wenqing Zhang, Shiyue Zhang, Jun Zheng,
Xiao Dong, Haoxiang Li, Yiling Wu, Dongmei Jiang, and
Xiaodan Liang. Catv2ton: Taming diffusion transformers
for vision-based virtual try-on with temporal concatenation.
arXiv preprint arXiv:2501.11325, 2025. 2, 3

[11] Xiangxiang Chu, Zhi Tian, Yuqing Wang, Bo Zhang, Haib-
ing Ren, Xiaolin Wei, Huaxia Xia, and Chunhua Shen.
Twins: Revisiting the design of spatial attention in vision
transformers. Advances in neural information processing
systems, 34:9355–9366, 2021. 3

[12] Xiangxiang Chu, Jianlin Su, Bo Zhang, and Chunhua Shen.
Visionllama: A unified llama backbone for vision tasks.
In European Conference on Computer Vision, pages 1–18.
Springer, 2024.

[13] Xiangxiang Chu, Renda Li, and Yong Wang. Usp: Unified
self-supervised pretraining for image generation and under-
standing. ICCV, 2025. 3

[14] Haoye Dong, Xiaodan Liang, Xiaohui Shen, Bochao Wang,
Hanjiang Lai, Jia Zhu, Zhiting Hu, and Jian Yin. Towards
multi-pose guided virtual try-on network. In Proceedings of
the IEEE/CVF international conference on computer vision,
pages 9026–9035, 2019. 3

[15] Haoye Dong, Xiaodan Liang, Xiaohui Shen, Bowen Wu,
Bing-Cheng Chen, and Jian Yin. Fw-gan: Flow-navigated
warping gan for video virtual try-on. In Proceedings of
the IEEE/CVF international conference on computer vision,
pages 1161–1170, 2019. 2, 3

[16] Zixun Fang, Wei Zhai, Aimin Su, Hongliang Song, Kai Zhu,
Mao Wang, Yu Chen, Zhiheng Liu, Yang Cao, and Zheng-
Jun Zha. Vivid: Video virtual try-on using diffusion models.
arXiv preprint arXiv:2405.11794, 2024. 2, 3, 7

[17] Junhong Gou, Siyu Sun, Jianfu Zhang, Jianlou Si, Chen
Qian, and Liqing Zhang. Taming the power of diffusion
models for high-quality virtual try-on with appearance flow.
In Proceedings of the 31st ACM International Conference on
Multimedia, pages 7599–7607, 2023. 3
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Vo, Marc Szafraniec, Vasil Khalidov, Pierre Fernandez,
Daniel Haziza, Francisco Massa, Alaaeldin El-Nouby, et al.
Dinov2: Learning robust visual features without supervision.
arXiv preprint arXiv:2304.07193, 2023. 5

[44] Zhenglin Pan. Anilines - anime lineart extractor. https:
//github.com/zhenglinpan/AniLines-Anime-
Lineart-Extractor, 2025. 4

[45] William Peebles and Saining Xie. Scalable diffusion models
with transformers. In Proceedings of the IEEE/CVF inter-
national conference on computer vision, pages 4195–4205,
2023. 3

[46] Long Peng, Wenbo Li, Renjing Pei, Jingjing Ren, Jiaqi Xu,
Yang Wang, Yang Cao, and Zheng-Jun Zha. Towards real-
istic data generation for real-world super-resolution. arXiv
preprint arXiv:2406.07255, 2024. 3

[47] Long Peng, Anran Wu, Wenbo Li, Peizhe Xia, Xueyuan
Dai, Xinjie Zhang, Xin Di, Haoze Sun, Renjing Pei, Yang
Wang, et al. Pixel to gaussian: Ultra-fast continuous
super-resolution with 2d gaussian modeling. arXiv preprint
arXiv:2503.06617, 2025. 3

[48] Nikhila Ravi, Valentin Gabeur, Yuan-Ting Hu, Ronghang
Hu, Chaitanya Ryali, Tengyu Ma, Haitham Khedr, Roman
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