The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

MV-VTON: Multi-View Virtual Try-On with Diffusion Models

Haoyu Wang'->*, Zhilu Zhang>" Donglin Di’, Shiliang Zhang', Wangmeng Zuo?

I'State Key Laboratory of Multimedia Information Processing, School of Computer Science, Peking University
ZHarbin Institute of Technology
3Space Al Li Auto
cshy2002 @gmail.com, cszlzhang @ outlook.com, donglin.ddl@gmail.com, slzhang.jdl@pku.edu.cn, wmzuo@hit.edu.cn

Abstract

The goal of image-based virtual try-on is to generate an im-
age of the target person naturally wearing the given clothing.
However, existing methods solely focus on the frontal try-on
using the frontal clothing. When the views of the clothing and
person are significantly inconsistent, particularly when the
person’s view is non-frontal, the results are unsatisfactory. To
address this challenge, we introduce Multi-View Virtual Try-
ON (MV-VTON), which aims to reconstruct the dressing re-
sults from multiple views using the given clothes. Given that
single-view clothes provide insufficient information for MV-
VTON, we instead employ two images, i.e., the frontal and
back views of the clothing, to encompass the complete view
as much as possible. Moreover, we adopt diffusion models
that have demonstrated superior abilities to perform our MV-
VTON. In particular, we propose a view-adaptive selection
method where hard-selection and soft-selection are applied
to the global and local clothing feature extraction, respec-
tively. This ensures that the clothing features are roughly fit
to the person’s view. Subsequently, we suggest joint attention
blocks to align and fuse clothing features with person fea-
tures. Additionally, we collect a MV-VTON dataset MVG, in
which each person has multiple photos with diverse views and
poses. Experiments show that the proposed method not only
achieves state-of-the-art results on MV-VTON task using our
MVG dataset, but also has superiority on frontal-view virtual
try-on task using VITON-HD and DressCode datasets.

Code — https://github.com/hywang2002/MV-VTON

Introduction

Virtual Try-On (VTON) is a classic yet intriguing technol-
ogy. It can be applied in the field of fashion and clothes on-
line shopping to improve user experience. VTON aims to
render the visual effect of a person wearing a specified gar-
ment. The emphasis of this technology lies in reconstructing
a realistic image that faithfully preserves personal attributes
and accurately represents clothing shape and details.

Early VTON methods (Lee et al. 2022; Xie et al. 2023;
Bai et al. 2022; He, Song, and Xiang 2022) are based on

“This work was done while the first author was an undergradu-
ate at Harbin Institute of Technology.

TCorresponding Author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

7682

View 4

View 2

View 3

D apd

—

Previous work Clothing & Person

L _J=C
e N

N

|/ A

Ours

' . v
. .».ii

Figure 1: Motivation of this work. Previous VTON methods,
e.g., StableVITON (Kim et al. 2023) can only be used for the
frontal-view person, and fail when facing the person with
multiple views. Our MV-VTON can faithfully present the
try-on results for a person with various views.

generative adversarial networks (Goodfellow et al. 2020)
(GANS). They generally align the clothing to the person’s
pose, and then employ a generator to fuse the warped cloth-
ing with the person. However, it poses a challenge to en-
sure that the warped clothing fits the target person’s pose,
and inaccurate clothes features will easily lead to distortion
results. Recently, diffusion models (Rombach et al. 2022)
have made remarkable strides in the field of image genera-
tion (Ruiz et al. 2023). Leveraging its potent generative ca-
pabilities, some researchers (Morelli et al. 2023; Kim et al.
2023) have integrated it into virtual try-on fields, building
upon previous work and achieving commendable results.

Although VTON has made great progress, most existing
methods focus on performing the frontal try-on. In practical
applications, such as online shopping for clothes, customers
may expect to obtain the dressing effect on multiple views
(e.g., side or back). In this case, the pose of the garment may
be seriously inconsistent with the person’s posture, and the



single-view clothing may not be enough to provide complete
try-on information. Thus, these methods will easily generate
results with poorly deformed clothing, and lead to the loss
of high-frequency details such as texts, patterns, and other
textures on clothing, as shown in Figure 1.

To address these issues, we introduce Multi-View Virtual
Try-ON (MV-VTON), which aims to reconstruct the appear-
ance and attire of a person from multiple views. For ex-
ample, for clothing in Figure 1, which may exhibit signifi-
cant differences between frontal and back styles, MV-VTON
should be able to display try-on results in various views, in-
cluding front, back, and side ones. Thus, providing single
clothing can’t meet the needs of dressing up, as the cloth-
ing only has partial information. Instead, we utilize both the
frontal and back views of the clothing, which covers approx-
imately complete view with as few images as possible.

Given the frontal and back clothing, we utilize the pop-
ular diffusion method to achieve MV-VTON. It is natural
but doesn’t work well to simply concatenate two pieces of
clothing together as conditions of diffusion models, as it
is difficult for the model to learn how to assign two-view
clothes to a person, especially when the person is side-
ways. Instead, we propose a view-adaptive selection mecha-
nism, which picks appropriate features of two-view clothes
based on the posture information of the person and clothes.
Therein, the hard-selection module chooses one of the two
clothes for global feature extraction, and the soft-selection
module modulates the local features of two clothes. We uti-
lize CLIP (Radford et al. 2021) and a multi-scale encoder to
extract the global and local clothing features, respectively.
Moreover, to enhance the preservation of high-frequency de-
tails in clothing, we present joint attention blocks. They in-
dependently align global and local features with the person
features, and selectively fuse them to refine the local cloth-
ing details while preserving global semantic information.

Furthermore, we collect a multi-view virtual try-on
dataset, named Multi-View Garment (MVG). It contains
thousands of samples, and each sample contains 5 im-
ages under different views and poses. We conduct exten-
sive experiments not only on MV-VTON task using the
MVG dataset, but also on the frontal-view VTON task using
VITON-HD (Lee et al. 2022) and DressCode (Morelli et al.
2022) datasets. The results demonstrate that our method out-
performs existing methods on both tasks.

In summary, our contributions are outlined below:

* We introduce a novel Multi-View Virtual Try-ON (MV-
VTON) task, which aims at generating realistic dressing-
up results of the multi-view person by using the given
frontal and back clothing.

* We propose a view-adaptive selection method, where
hard-selection and soft-selection are applied to global and
local clothing feature extraction, respectively. It ensures
that the clothing features are roughly fit to the person’s
view.

* We propose joint attention blocks to align the global and
local features of selected clothing with the person ones,
and fuse them.

7683

* We collect a multi-view virtual try-on dataset. Exten-
sive experiments demonstrate that our method outper-
forms previous approaches quantitatively and qualitatively
in both frontal-view and multi-view virtual try-on tasks.

Related Work
GAN-Based Virtual Try-On

Existing methods are aimed at the frontal-view VTON task.
To reconstruct realistic results, these methods based on
generative adversarial networks (GAN) (Goodfellow et al.
2020) are typically divided into two steps. Firstly, the
frontal-view clothing is deformed to align with the target
person’s pose. Afterward, the warped clothing and target
person are fused through a GAN-based generator. In the
warping step, some methods (Yang et al. 2020; Ge et al.
2021a; Wang et al. 2018) use TPS transformation to de-
form the frontal-view clothing, and others (Lee et al. 2022;
Ge et al. 2021b; Xie et al. 2023) predict the global and lo-
cal optical flow required for clothing deformation. However,
when the clothing possesses intricate high-frequency details
and the person’s pose is complex, the effectiveness of cloth-
ing deformation is often diminished. Moreover, GAN-based
generators generally encounter challenges in convergence
and are highly susceptible to mode collapse (Miyato et al.
2018), leading to noticeable artifacts at the junction between
warped clothing and the target person in the final results. In
addition, previous multi-pose virtual try-on methods (Dong
et al. 2019; Wang et al. 2020; Yu et al. 2023) can change the
person’s pose, but are also limited by GAN-based generator
and insufficient clothing information.

Diffusion-Based Virtual Try-On

Thanks to the rapid advancement of diffusion models, recent
works have sought to utilize the generative prior of large-
scale pre-trained diffusion models (Ho, Jain, and Abbeel
2020; Song, Meng, and Ermon 2020; Rombach et al. 2022;
Yang et al. 2023) to tackle frontal-view virtual try-on tasks.
TryOnDiffusion (Zhu et al. 2023) introduces two U-Nets
to encode target person and frontal-view clothing images
respectively, and interacts with the features of the two
branches through the cross-attention mechanism.
LaDI-VTON (Morelli et al. 2023) encodes the frontal-
view clothing image through textual inversion (Gal et al.
2022; Wei et al. 2023) and serves as the conditional input
of backbone. DCI-VTON (Gou et al. 2023) first conducts an
initial deformation of frontal-view clothing by incorporating
a pre-trained wrapping network (Ge et al. 2021b). Subse-
quently, it attaches the deformed clothing to the target per-
son image and feeds it into the diffusion model. While their
frontal-view virtual try-on results seem more natural com-
pared to GAN-based methods, they face difficulties in pre-
serving high-frequency details due to the loss of details from
the CLIP image encoder (Radford et al. 2021). To address
this problem, StableVITON (Kim et al. 2023) attempts to
introduce an additional encoder (Zhang, Rao, and Agrawala
2023) to encode the features of frontal-view clothing, and
align the obtained clothing features through the zero cross-
attention block. However, due to the absence of adequate



clothing priors, the generated results often struggle to re-
main faithful to the original clothing. Therefore, we intro-
duce joint attention blocks to extract the global and local
features of clothing, and employ the view-adaptive selection
to choose the clothing features from the two views.

Method
Preliminaries for Diffusion Models

Diffusion Models (Ho, Jain, and Abbeel 2020; Rombach
et al. 2022) have demonstrated strong capabilities in visual
generation, which transforms a Gaussian distribution into a
target distribution by iterative denoising. In particular, Stable
Diffusion (Rombach et al. 2022) is a widely used generative
diffusion model, which consists of a CLIP text encoder 7, a
VAE encoder £ as well as decoder D, and a time-conditional
denoising model €y. The text encoder £ encodes the in-
put text prompt y as conditional input. The VAE encoder £
compresses the input image [ into latent space to get the la-
tent variable zp = £(I). In contrast, the VAE decoder D
decodes the output of backbone from latent space to pixel
space. Through the VAE encoder &, at an arbitrary time step
t, the forward process is performed:

a=[[_11-8), 2= az+vIi—ae (1)

where € ~ N(0,1) is the random Gaussian noise and 3 is
a predefined variance schedule. The training objective is to
acquire a noise prediction network that minimizes the dis-
parity between the predicted noise and the noise added to
ground truth. The loss function can be defined as,

Loy =Eemyyenon.lle —eo(zet,Er)a), ()

where z; represents the encoded image £(I) with random
Gaussian noise € ~ A(0,1) added.

In our work, we use an exemplar-based inpainting
model (Yang et al. 2023) as a backbone, which employs an
image c rather than texts as the prompt and then encode c
by the image encoder £; of CLIP. Thus, the loss function in
Eq. (2) can be modified as,

Lroam = Ee(ry cenon,ille — €olze,t, E1(c))]5]. 3)

Method Overview

While existing virtual try-on methods are designed solely
for frontal-view scenarios, we present a novel approach to
handle both frontal-view and multi-view virtual try-on tasks,
along with a multi-view virtual try-on dataset MVG com-
prising try-on images captured from five different views.
Examples of it are shown in Figure 2(b). Formally, given
a person image x in an arbitrary view, along with a frontal
view clothing ¢y and a back view clothing c;, our goal is
to generate the result of the person wearing the clothing in
its view. Considering the substantial differences between the
front and back of most clothing, another challenge is to make
informed decisions regarding the two provided clothing im-
ages based on the target person’s pose, ensuring a natural
try-on result across multiple views.

In this work, we use an image inpainting diffusion
model (Yang et al. 2023) as our backbone. Denote by M
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(a) Frontal-view

(b) Multi-view

Figure 2: Comparison between previous datasets and our
proposed MVG dataset. (a) is the dataset used by the pre-
vious work, which only have clothing and person in the
frontal-view. In contrast, our dataset (b) offers images from
five different views.

the inpainting mask, and denote by a the masked per-
son image x. The model concatenates z; (z0 = &(x)),
the encoded clothing-agnostic image £(a), and the resized
clothing-agnostic mask m in the channel dimension, and
feeds them into the backbone as spatial input. Besides, we
use an existing method to pre-warp the clothing and paste it
on a. While utilizing CLIP image encoder to encode cloth-
ing as the global condition of the diffusion model, we also
introduce an additional encoder (Zhang, Rao, and Agrawala
2023) to encode clothing to provide more refined local con-
ditions. Since both the frontal and back view clothing need
to be encoded, directly sending both into the backbone as
conditions may result in confusion of clothing features. To
alleviate this problem, we propose a view-adaptive selection
mechanism. Based on the similarity between the poses of
the person and two clothes, it conducts hard-selection when
extracting global features and soft-selection when extracting
local features. To preserve semantic information in clothing
and enhance high-frequency details in global features using
local ones, we introduce joint attention blocks. They first
independently align global and local features to the person
ones and then selectively fuse them. Figure 3(a) depicts an
overview of our proposed method.

View-Adaptive Selection

For multi-view virtual try-on task, given the substantial dif-
ferences between the frontal and back views, as illustrated
in Figure 2(b), it’s imperative to extract and assign the fea-
tures of frontal and back view clothing for the person tenden-
tiously. Actually, based on the pose of the target person, we
can determine which view of clothing should be given more
attention during the try-on process. For example, if the target
pose resembles the pose in the fourth column of Figure 2(b),
it’s evident that we should rely more on the characteristics of
the back view clothing to generate the try-on result. Specif-
ically, we propose a view-adaptive selection mechanism to
achieve this purpose, including hard- and soft-selection.

Hard-Selection for Global Clothing Features. We deploy
a CLIP image encoder to extract global features of cloth-
ing. During this process, we perform hard-selection on the
frontal and back view clothing based on the similarity be-
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Figure 3: (a) Overview of MV-VTON. It encodes frontal and back view clothing into global features using the CLIP image
encoder and extracts multi-scale local features through an additional encoder &;. Both features act as conditional inputs for
the decoder of backbone. Besides, both features are selectively extracted through view-adaptive selection mechanism. (b) Soft-
selection modulates the clothing features on frontal and back views, respectively, based on the similarity between the clothing’s
pose and the person’s pose. Then the features from both views are concatenated in the channel dimension.

tween the garments’ pose and the person’s pose. It means
that we only select one piece of clothing that is closest to
the person’s pose as the input of the image encoder, since it
is enough to cover global semantic information. When gen-
erating pre-warped clothing for £(a), the selection is also
performed. Implementation details of hard-selection can be
found in the supplementary material.

Soft-Selection for Local Clothing Features. We utilize an
additional encoder &; to extract the multi-scale local features
of frontal and back view clothing, which in the ¢-th scale are
denoted as cic and ¢}, respectively. When reconstructing the
try-on results, it may be insufficient to rely solely on the
clothing from either frontal or back view under certain spe-
cific scenes, such as the third column shown in Figure 2(b).
In these cases, it may be necessary to incorporate clothing
features from both views. However, simply combining the
two may lead to confusion of features. Instead, we introduce
soft-selection block to modulate their features, respectively,
as shown in Figure 3(b).

First, the person’s pose py, frontal-view clothing’s pose
py, and back view clothing’s pose p; are encoded by the
pose encoder &, to obtain their respective features &,(pp),
Ep(py), and E,(py). Details of the pose encoder can be found
in the supplementary material. When processing frontal-
view clothing, in i-th soft-selection block, we map &,(pr)
and &,(py) to P} and P} through a linear layer with weights
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W; and W}, respectively. We also map c;} to C} through a
linear layer with weights W¢. Then, we calculate the simi-
larity between the person’s pose and frontal-view clothing’s
pose to get the selection weights of frontal-view clothing,
ie.,

i( pi\T
A @

Vd

where weights represents the selection weights of frontal-
view clothing, and d represents the dimension of these ma-
trices. Assuming that the person’s pose is biased towards
the front, as depicted in the second column of Figure 2(b),
the similarity between the person’s pose and the front view
clothing’s pose will be higher. Consequently, the corre-
sponding clothing features will be enhanced by weights,
and vice versa. The features of back view clothing ¢} un-
dergo similar processing. Finally, the two selected clothing
features are concatenated along the channel dimension as the
local condition cf of backbone.

weights = softmax(

Joint Attention Blocks

Global clothing features ¢, provide identical conditions for
blocks at each scale of U-Net, and multi-scale local clothing
features ¢; allow for reconstructing more accurate details.
We present joint attention blocks to align ¢, and ¢; with the
current person features, as shown in Figure 4. To retain most
of the semantic information in global features c,, we use
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Figure 4: Overview of the proposed joint attention blocks.

local features ¢; to refine some lost and erroneous detailed
texture information in ¢4 by selective fusion.

Specifically, in the i-th joint attention block, we first cal-
culate self-attention for the current features f;,. Then, we
deploy a double cross-attention. The queries (Q) come from

in and global features c, serve as one set of keys (K) and
values (V), while local features c; serve as another set of
keys (K) and values (V). After aligning to the person’s pose
through cross-attention, the clothing features ¢, and c¢j are
selectively fused in channel-wise dimension, i.e.,
) Qz Ki T
L
Q; (KIL>T) li

Vd ’
where Q;, K;, ng‘ represent the Q, K, V of global branch,

¢ K}, V;' represent the Q, K, V of local branch, X is the
learnable fusion vector, ® represents channel-wise multi-
plication, and f},,, represents the clothing features after se-
lective fusion. By engaging and fusing the global and lo-
cal clothing features, we can enhance the retention of high-
frequency garment details, e.g., texts and patterns.

Wy +

&)
A ©® softmax(

Training Objectives

As stated in preliminaries, diffusion models learn to generate
images from random Gaussian noise. However, the training
objective in Eq. (3) is performed in latent space, and does
not explicitly constrain the generated results in visible im-
age space, resulting in slight differences in color from the
ground truth. To alleviate the problem, we additionally em-
ploy ¢4 loss £ and perceptual loss (Johnson, Alahi, and Fei-

Fei 2016) L,¢rc. The L loss is calculated by

Ly =& =, (©)
where £ is the reconstructed image using Eq. (1). The per-
ceptual loss is calculated as,

5
Lpere = > 6x(@) — ¢r (@), » )
k=1

where ¢ represents the k-th layer of VGG (Simonyan and
Zisserman 2014). Totally, the overall training objective can
be written as,

L= LLDJV[ + /\1£1 + /\percﬁperc )
where A1 and Ay, are the balancing weights.

®)
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Experiments
Experiments Settings

Datasets: For the proposed multi-view virtual try-on task,
we collect MVG dataset containing 1,009 samples. Each
sample contains five images of the same person wearing the
same garment from five different views, for a total of 5,045
images, as shown in Figure 2(b). The image resolution is
about 1K. We’ll explain how the datasets are collected and
how they’re used for MV-VTON in the supplementary ma-
terial. The proposed method can also be applied to frontal-
view virtual try-on task. Our frontal-view experiments are
carried out on VITON-HD (Lee et al. 2022) and Dress-
Code (Morelli et al. 2022) datasets. They contain more than
10,000 frontal-view person and upper-body clothing image
pairs. We follow previous work for the use of them.
Evaluation Metrics. Following previous works (Kim et al.
2023; Morelli et al. 2023), we use four metrics to eval-
uate the performance of our method: Structural Similarity
(SSIM) (Wang et al. 2004), Learned Perceptual Image Patch
Similarity (LPIPS) (Zhang et al. 2018), Frechet Inception
Distance (FID) (Heusel et al. 2017) and Kernel Inception
Distance (KID) (Birikowski et al. 2018). Specifically, for
paired test setting, which means directly using the paired
data in the dataset, we utilize the above four metrics for eval-
uation. For unpaired test setting, which means that the given
garment is different from the garment originally worn by tar-
get person, we use FID and KID for evaluation, and in order
to distinguish them from the paired setting, we named them
FID, and KID,, respectively.

Implementation Details. We use Paint by Example (Yang
et al. 2023) as the backbone of our method and copy the
weights of its encoder to initialize &. The hyper-parameter
Ap is set to le-1, and Aper. is set to le-4. We train our
model on 2 NVIDIA Tesla A100 GPUs for 40 epochs
with a batch size of 4 and a learning rate of le-5. We
use AdamW (Loshchilov and Hutter 2017) optimizer with
B1 = 0.9, B2 = 0.999.

Comparison Settings. We compare our method with Paint
By Example (Yang et al. 2023), PF-AFN (Ge et al. 2021b),
GP-VTON (Xie et al. 2023), LaDI-VTON (Morelli et al.
2023), DCI-VTON (Gou et al. 2023), StableVITON (Kim
et al. 2023) and IDM-VTON (Choi et al. 2024) on both
frontal-view and multi-view virtual try-on tasks. For multi-
view virtual try-on, we compare these methods on the pro-
posed MVG dataset. For the sake of fairness, we fine-tune
the previous methods on the MVG dataset according to its
original training settings. Since previous methods can only
input a single clothing image, we input frontal and back view
clothing respectively and select the best result. For frontal-
view virtual try-on, we compare these methods on VITON-
HD and DressCode datasets. Following previous works’ set-
tings, the proposed MV-VTON only inputs one frontal-view
garment during training and inference.

Quantitative Evaluation

Table 1 reports the quantitative results on the paired set-
ting, and Table 2 shows the unpaired setting’s results. On
the multi-view virtual try-on task, as can be seen, thanks



Methods Reference MVG VITON-HD DressCode - Upper Body
LPIPS| SSIMt FID| KID| | LPIPS| SSIM?T FID| KIDJ) | LPIPS| SSIMt FID| KID/|
Paint by Example | CVPR23 0.120 0.880 5438 1495 | 0.150 0.843 13.78 4.48 0.078 0899 1521 4.51
PF-AFN CVPR21 0.139 0.873 4947 12.81 | 0.141 0855 776 4.19 0.091 0902 13.11 6.29
GP-VTON CVPR23 - - - - 0.085 0889 625 0.77 0.236 0.781 19.37 8.07
LaDI-VTON MM23 0.069 0921 29.14 439 0.094 0872 7.08 149 0.063 0922 11.85 3.20
DCI-VTON MM23 0.062 0929 2571 0.95 0.074 0.893 552 057 0.043 0937 11.87 191
StableVITON CVPR24 0.063 0929 2352 046 0.073 0888  6.15 1.34 0.040 0937 10.18 1.70
IDM-VTON ECCV24 0.095 0.896 34.66 5.33 0.135 0.826 1436 8.63 0.066 0912 13.88 5.39
Ours - 0.050 0936 2218 0.35 0.069 0897 543 049 0.040 0941 826 1.39

Table 1: Quantitative comparison with previous work on paired setting. For multi-view virtual try-on task, we show results on
our proposed MVG dataset. For frontal-view virtual try-on task, we show results on VITON-HD dataset (Lee et al. 2022) and
DressCode dataset (Morelli et al. 2022). The best results have been bolded. Note that all previous works have been finetuned

on our proposed MVG dataset when comparing on multi-view virtual try-on task.

Frontal cloth Back cloth Person  Paint By Example

h -

PF-AFN

- LaDI-VTON DCI-VTON StableVITON IDM-VTON

Figure 5: Qualitative comparisons on multi-view virtual try-on task with MVG dataset.

Clothing Person Paint By Example PF-AFN GP-VION  LaDI-VTON DCI-VTON StableVITON IDM-VTON Ours
; sy & T .u(
@@ N

L wv

Figure 6: Qualitative comparisons on frontal-view virtual try-on task with VITON-HD and DressCode datasets.

to the view-adaptive selection mechanism, our method can
reasonably select clothing features according to the person’s
pose, so it is better than existing methods in various met-
rics, especially on LPIPS and SSIM. Furthermore, owing
to joint attention blocks, our approach excels in preserving
high-frequency details of the original garments across both
frontal-view and multi-view virtual try-on scenarios, thus
achieving superior performance in these metrics.

Qualitative Evaluation

Multi-View Virtual Try-On. As shown in Figure 5, MV-
VTON generates more realistic multi-view results compared
to the previous five methods. Specifically, in the first row,
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due to the lack of adaptive selection of clothes, previous
methods have difficulty in generating hoods of the origi-
nal cloth. Moreover, in the second row, previous methods
often struggle to maintain fidelity to the original garments.
In contrast, our method effectively addresses the aforemen-
tioned problems and generates high-fidelity results. We pro-
vide more results of multi-view virtual try-on in the supple-
mentary materials.

Frontal-View Virtual Try-On. As shown in Figure 6, our
method also demonstrates superior performance over exist-
ing methods on frontal-view virtual try-on task, particularly
in retaining clothing details. Specifically, our method not
only faithfully generates complex patterns (in the first row),



MVG VITON-HD

Method FID,| KID,| | FID,| KID,|

Paint by Example | 43.79 5.92 17.27 4.56
PF-AFN 47.38 7.04 21.18 6.57
GP-VTON - - 9.11 1.21
LaDI-VTON 36.61 3.39 9.55 1.83
DCI-VTON 36.03 3.79 8.93 1.07
StableVITON 35.85 4.22 9.86 1.09
IDM-VTON 40.73 5.74 18.27 10.43
Ours 33.44 2.69 8.67 0.78

Table 2: Unpaired setting’s quantitative results on our MVG
dataset and VITON-HD dataset. The best results have been
bolded.

Hard Soft | LPIPS, SSIM{ FID| KID| FID,| KID,J

X X 0.068 0925 25.13 0.77  35.28 3.24
X v 0.064 0928 2458 0.62  34.67 3.05
Vv X 0.052 0934 2218 043 3347 2.74
Vv v 0.050 0936 22.18 035 33.44 2.69

Table 3: Ablation study of our proposed view-adaptive se-
lection mechanism on MVG dataset.

| Global Local | LPIPS| SSIM{ FID| KID| FID,| KID,|

v x | 0062 0929 2571 095 3601  3.78
2| x v | 0058 0931 2616 121 3629 391
v v | 0050 0936 2218 035 3344 269
al v x | 0074 0893 552 057 893 107
2| x v | 0070 0896 576 081 915  1.09
| v J | 0069 0897 543 049 867 078

Table 4: Ablation study of joint attention blocks on MVG
and VITON-HD datasets.

but also better preserves the literal *Wrangler’ in the cloth-
ing (in the second row). We provide more qualitative com-
parisons in the supplementary materials, as well as dressing
results under complex human pose conditions.

Ablation Studies

Effect of View-Adaptive Selection. We investigate the ef-
fect of view-adaptive selection on the multi-view virtual try-
on task. Specifically, no hard-selection represents that we di-
rectly concatenate two garments’ features encoded by CLIP,
and no soft-selection means that two clothing features are
concatenated without passing soft-selection blocks. Com-
parison results are shown in Table 3 and Figure 7. As can
be seen, the performance is greatly reduced without hard-
selection and soft-selection. No hard-selection will confuse
two view’s cloth features, as shown by the blurriness of the
"POP’ text in Figure 7. In addition, no soft-selection causes
the model to lose some cloth information when processing
the side view situation, such as the missing white hood and
cuffs in Figure 7.

Effect of Joint Attention Blocks. In order to demonstrate
the effectiveness of fusing global and local features through

(w/0) hard-selection Ours
X,
(m,

L&

(w/o) soft-selection Ours

Person Back Frontal

=l W
e,
L~

Figure 7: Visualization of view-adaptive selection’s effect.

(w/0) local features (w/o) global features Ours

0 G

coui
2
D

Agnostic person

Clothing

Agnostic person

Figure 8: Visualization of joint attention blocks’ effect.

joint attention blocks, we discard the global feature extrac-
tion branch and the local feature extraction branch respec-
tively. Results are shown in Table 4 and Figure 8. As can
be seen, relying solely on global features may lead to loss
of details, such as the distorted text "VANS’ in the first row
and the missing letter *C’ in the second row. Moreover, if
only local features are provided, the results may also have
unfaithful textures, such as artifacts on the person’s chest.
Compared to them, we fuse global and local features through
joint attention blocks, which can refine details in garments
while preserving semantic information.

Conclusion

We introduce a novel and practical Multi-View Virtual Try-
ON (MV-VTON) task, which aims at using the frontal and
back clothing to reconstruct the dressing results of a per-
son from multiple views. To achieve the task, we propose a
diffusion-based method. Specifically, the view-adaptive se-
lection mechanism exacts more reasonable clothing features
based on the similarity between the poses of a person and
two clothes. The joint attention block aligns the global and
local features of the selected clothing to the target person,
and fuse them. In addition, we collect a multi-view garment
dataset for this task. Extensive experiments demonstrate that
the proposed method achieves state-of-the-art performance
both on frontal-view and multi-view virtual try-on tasks,
compared with existing methods.
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