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SPG-VTON: Semantic Prediction Guidance
for Multi-pose Virtual Try-on

Bingwen Hu, Ping Liu, Member, IEEE, Zhedong Zheng, and Mingwu Ren

Abstract—Image-based virtual try-on is challenging in fitting
a target in-shop clothes onto a reference person under diverse
human poses. Previous works focus on preserving clothing
details (e.g., texture, logos, patterns ) when transferring desired
clothes onto a target person under a fixed pose. However, the
performances of existing methods significantly dropped when
extending existing methods to multi-pose virtual try-on. In this
paper, we propose an end-to-end Semantic Prediction Guidance
multi-pose Virtual Try-On Network (SPG-VTON), which can
fit the desired clothing into a reference person under arbitrary
poses. Specifically, SPG-VTON is composed of three sub-modules.
First, a Semantic Prediction Module (SPM) generates the desired
semantic map. The predicted semantic map provides more
abundant guidance to locate the desired clothing region and
produce a coarse try-on image. Second, a Clothes Warping
Module (CWM) warps in-shop clothes to the desired shape
according to the predicted semantic map and the desired pose.
Specifically, we introduce a conductible cycle consistency loss
to alleviate the misalignment in the clothing warping process.
Third, a Try-on Synthesis Module (TSM) combines the coarse
result and the warped clothes to generate the final virtual try-
on image, preserving details of the desired clothes and under
the desired pose. In addition, we introduce a face identity loss
to refine the facial appearance and maintain the identity of the
final virtual try-on result at the same time. We evaluate the
proposed method on the most massive multi-pose dataset (MPV)
and the DeepFashion dataset. The qualitative and quantitative
experiments show that SPG-VTON is superior to the state-of-the-
art methods and is robust to data noise, including background
and accessory changes, i.e., hats and handbags, showing good
scalability to the real-world scenario.

Index Terms—YVirtual Try-on, Multi-pose, Semantic Prediction,
End-to-end

I. INTRODUCTION

Image-based virtual try-on systems aim at fitting a target in-
shop clothes into a reference person, which is a branch of the
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Fig. 1. Visual results of multi-pose virtual try-on by the proposed method.

field of image synthesis. Driven by the rapid development of
image synthesis [ |]-[4], the topic of image-based virtual try-on
has attracted more interest and has vast potential applications
in virtual reality and human-computer interaction. Despite
significant progress in previous works [5]-[16] for virtual try-
on, the multi-pose virtual try-on has not been well studied.
Concretely, for a given person image, the virtual fitting system
could generate realistic images of this person in different
poses while preserving the desired clothes’ appearance. The
multi-pose virtual fitting system is more in line with practical
application scenarios. The existing works on multi-pose virtual
fitting tasks are insufficient, and there are problems such
as mismatch between the target clothes and the given pose,
distortion of the clothes region in the try-on result, and loss
of details that need to be further explored. To solve these
problems, we propose a method to build a robust multi-pose
virtual try-on system based on 2D images (as shown in Fig. 1).

Most of the previous works [5], [6], [8], [9], [11], [12] focus
on swapping clothes in a fixed pose without considering the
body’s changing posture. However, in realistic scenarios, users
would like to intuitively see the results of wearing the given
clothes in different poses. Recently, MG-VTON [7] made the
first attempt at a virtual fitting system guided by multiple
poses. MG-VTON is a multi-stage framework that includes
a human parsing network, a warping generative adversarial
network, and a refinement render network. Although MG-
VTON takes a significant stride in virtual fitting system
construction under arbitrary posture, it still has some limi-
tations that restricts its further applications: (1) An end-to-
end mechanism is missing in the MG-VTON training process.
In MG-VTON, modules designed with different purposes are
utilized to generate the desired clothing deformation under
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different postures, a coarse result, and a refined result step
by step. Each module/step is optimized independently and
cannot collaborate with others bidirectionally, which might
cause a sub-optimal result. (2) In the inference process, MG-
VTON requires multiple steps to generate the final results,
which might cost more human interventions and cause error
accumulations. (3) MG-VTON only focuses on manipulation
of body parts while ignoring the other parts, for example,
faces. The absence of a mechanism to process non-body
parts makes their generated results unpleasant in nature and
appearance.

To address the limitations mentioned above, we present
a new multi-pose virtual try-on network that can work in
an end-to-end manner. To make our method able to handle
variations introduced by arbitrary postures, we propose to
introduce semantic prior knowledge into our network, mak-
ing the learning process receive additional guidance from
semantic prior knowledge. We name our designed method
Semantic Prediction Guidance-Virtual Try On system, a.k.a.,
SPG-VTON. As shown in Fig. 2, the SPG-VTON consists
of three major modules, including the Semantic Prediction
Module (SPM), the Clothes Warping Module (CWM), and
the Try-on Synthesis Module (TSM). The purpose of the
designed SPM is to predict the semantic map for target images,
which is utilized to provide additional spatial and semantic
guidance during the learning process. Given the semantic map
for source images, the in-shop clothes, the target pose, and the
predicted semantic map for the target image, a coarse result
and corresponding predicted clothing mask are generated by
the SPM. The CWM is introduced to warp the in-shop clothes
to the desired shape according to the semantic map predicted
by the SPM. To alleviate the misalignment between the desired
in-shop clothes and the target human posture, we propose
utilizing a conductible cycle-consistency constraint in our
network learning. Given the target pose, the coarse result
generated by the SPM, and the warped clothes generated by
the CWM, the TSM generates the final try-on image with high
precision and realism. Furthermore, to make the generated
results photo-realistic, we introduce a global discriminator and
a local discriminator to control the global shape and local
texture of the generated results; to make the generated image
visually pleasant, we utilize a face identity constraint to keep
the synthesis face region realistic.

Extensive experiments on the MPV dataset [7] show that
our method achieves superior performance to several existing
approaches [5]-[7]. It is worth noting that what we studied
in this work is currently the largest dataset for the multi-
pose virtual try-on task. Since all images are collected from
the internet, the dataset inevitably contains unexpected label
noise”, such as misalignment and different backgrounds. The
noise existing in web collected data inevitably compromises
the training process in the dataset, making it challenging to
train a robust virtual try-on system based on these noisy
images. The proposed method is robust to noisy data through
the mutual cooperation of the introduced various losses and the
end-to-end model frameworks. The specific mechanism can be
summarized as follows: (1) In the training process, the end-to-
end approach allows the modules to be integrated, dynamically

adjusts the network parameters of each module, and encour-
ages the model to generate better results. Meanwhile, the end-
to-end generation could , in turn, correct inaccurate predicted
semantic maps to guide the model with more accurate semantic
information. (2) This paper introduces global-oriented losses,
i.e., reconstruction loss and perceptual loss, to make the
generated result consistent with the ground-truth image at both
the pixel level and perceptual level to resist the interference
of noisy data. In addition, this paper also introduces local-
oriented losses, i.e., the conductible cycle consistency loss and
the face identity loss, to ensure that the clothing area and
facial area of the generated image retain more characteristic
information of face regions. Moreover, introducing global and
local adversarial loss can also ensure that the generated image
is close to the real image and prevent the negative impacts
from noisy input. (3) One way of compression or denoising in
prior works [17]-[19] is to extract kernel information through
latent representation learning. The latent representation is
usually much smaller in dimension than the original input data,
making it easier to control and analyze. In this work, the role
of prior semantic information (human semantic map) is similar
to that of latent representation. Specifically, the first process
of SPM predicts the semantic map of the target image, and the
second process of SPM predicts the mask of the target clothing
area. In this case, SPG-VTON can accurately locate the target
clothing area by combining the semantic map of the target
image and the target clothing mask, which could prevent the
generation of background noise. Benefiting from our designed
method and exploration, we experimentally observe that the
proposed method is still robust to such training noise, and
demonstrates good scalability to unseen test images during
inference. The main contributions of the proposed method are
summarized as follows:

We propose an end-to-end image-based multi-pose virtual
try-on system called SPG-VTON, which can synthesize
high-quality try-on images. Compared to previous works,
the proposed method could fit the desired clothing into a
reference person under arbitrary poses while preserving
details of the desired clothes.

We conduct extensive explorations and locate effective
strategies for learning a robust and accurate virtual try-
on network for multi-pose inputs. The novelty points of
the proposed method can be summarized as follows: (1)
We introduce a conductible cyclic consistency loss to al-
leviate the misalignment in the clothing warping process.
Concretely, the conductible cycle consistency loss could
match the shape of the deformed desired clothes with
the target person image and maintain the characteristics
of the desired clothes in the generated try-on image. (2)
We introduce both global and local adversarial losses
and face identity loss to refine the facial appearance and
maintain the identity of the final virtual try-on result at
the same time. Specifically, the role of global and local
adversarial losses encourages the generated image to be
close to the real image, whether it is the whole image
or part of the whole image. Moreover, the role of face
identity loss enforces that the identity of the generated
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image remains unchanged. (3) We apply an end-to-end
training strategy to boost the proposed method to generate
accurate semantic maps and improve the virtual try-on
results under pose transfer. Additionally, the end-to-end
manner can effectively reduce human interventions and
avoid error accumulations in the inference process.

The qualitative and quantitative experiments on two pre-
vailing datasets, i.e., MPV [7] and DeepFashion [20],
demonstrate the advantages of our method in virtual
try-on, especially when given different postures with
heavy variations. The ablation studies also show that the
proposed method has good scalability to unseen test data
and is robust to label noise in the training set.

II. RELATED WORK
A. Pose-Guided Person Image Generation

Pose-guided person image generation is a practical yet chal-
lenging topic. In past years, Generative Adversarial Networks
(GANs) [21] and various extensions [1]-[4], [22]-[26] have
made significant progress in this research direction. However,
due to the high variations existing in human poses and human
appearance, these previous works [1]-[4], [22], [24], [25] still
suffer from their limited scalability in pose-guided person
image generation. To generate high-quality person images in
arbitrary poses, Ma et al. [27] proposed a two-stage gen-
eration framework. [27] first uses the U-Net-like network
to produce initial images with blur and then applies the
adversarial method to refine coarse results. To further improve
generated image qualities, Ma et al. proposes a disentangling
strategy [28], encoding a given person image into three factors:
pose, foreground, and background, which are decoded back to
an image space after editing a specific factor. It is believed that
manipulating those disentangled factors rather than treating
them as a whole can benefit generation quality improvement.
Zheng et al. disentangles the input pedestrian images into
structure and appearance embedding, and can easily exchanges
codes to generate source person with target clothes [29]. [30]
also adopts the disentanglement strategy. Specifically, they use
a conditional U-Net architecture that combines the appearance
decomposed from a variational autoencoder [3 1] with a given
shape to reconstruct a new image. Methods such as [27], [28],
[30] focus on the global pose deformation between the source
image and the target image, while ignoring the /ocal structure
of generated images. Therefore these methods have difficulty
maintaining the local details of the original image, especially
when there is a large pose discrepancy between the source
image and the target image. Recently, some works [9], [32]-
[35] have focused on the spatial deformation relationship in
pose changes. [32] uses an inpainting network to estimate the
coordinates in source images for elements of the body surface.
Def-GAN [33] designs deformable skip connections in the
generator to address the pixel-to-pixel misalignment caused by
the pose differences. [9], [34], [35] employ a specific module
to predict the human semantic map after the pose changes
to align the source image with the target pose to enforce the
module to generate high-quality images. In this work, we also
introduce a semantic map prediction model to produce the

semantic map under a given pose. The difference is that when
our method predicts the semantic map under a given pose,
the clothing region of the semantic map changes with the
given clothes. In contrast, the works mentioned above for pose-
guided person image generation do not involve this aspect.

B. Virtual Try-on

The image-based virtual try-on task is a particular case of
person generation. The core difference is that this task aims to
generate a person image while the clothes region is changed
to the desired clothes. The Thin-Plate Spline (TPS) [36] trans-
formation is a typical 2-D interpolation model that performs
geometric deformation between images by controlling a set of
registration points between two images. VITON [5] directly
applies shape context-based matching [37] to estimate TPS
transformation parameters between the mask of desired clothes
and the clothes mask of the target person. Furthermore, CP-
VTON [6] uses a learnable method to estimate the TPS
transformation parameters via convolutional neural networks
dynamically. In the image-based virtual try-on task, using
convolutional neural networks to learn the TPS transformation
parameters between the desired clothes and the given human
image is verified as a practical approach. The pioneering
works [6]-[8], [10]-[12] mainly use two ways to estimate
TPS transformation parameters. One way [6], [8], [10], is to
use the geometric matching network [38] to estimate the TPS
transformation parameters between the target clothing and the
person representation (embedding the body shape, the target
pose and reserved regions of the source image). In addition,
these methods directly use the pixel-wise Lj-norm between
warped clothes and the clothing area extracted from the
target image to train the geometric matching network. Another
way [7], [11], [12] is to apply the geometric matching network
to estimate the TPS transformation parameters between the
clothing or clothing mask and the clothing area mask or the
body shape obtained from the predicted semantic map. Similar
to the first way, these methods also use the pixel-wise L1-
norm between warped clothes and the clothes region extracted
from the target person image to train the geometric matching
network.

Although the methods mentioned above can produce high-
quality fitting images to a certain extent, there is still a large
gap between the generated images and natural images. For
example, VITON [5] and CP-VTON [06] are state-of-the-art
virtual try-on approaches that adopt a multi-stage coarse-to-
fine strategy to tackle the virtual try-on task of a single pose.
However, neither of these two methods includes changes in
human pose. In this case, these methods cannot avoid distor-
tion and misalignment in the process of clothing deformation
(such as the distortion and misalignment of texture, patterns,
logos, and embroidery).

III. METHOD

We propose a novel image-based virtual try-on network
named SPG-VTON, which focuses on multi-pose virtual try-
on. Specifically, for a given source person image, a target in-
shop clothes, and a target pose, the proposed method aims to
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Fig. 2. The overview of our SPG-VTON. (a) The Semantic Prediction Model (SPM) consists of two processes. One is the target semantic map prediction,
and the other one is the target clothes mask prediction and coarse result generation. (b) The Clothes Warping Module (CWM) warps the in-shop clothes to the
shape of the clothes region of the target image, according to the Thin-Plate Spline (TPS) transformation parameters estimated between the mask of in-shop
clothes and the predicted clothes mask. The CWM is composed of two Geometric Matching Modules (GMM) [38]. In speci ¢, the GMM 1 deforms the mask

of the in-shop clothes to the same shape with the predicted clothes mask, and then the GMM 2 is used to convert the warped clothes mask back to the mask
of the desired clothes. Note that we do not directly applylthenorm between the warped clothes mask and the predicted clothek,jandrm between the
reconstructed clothes and the original clothes mask to train GMM 1 and GMM 2. By contrary, we introduce a conductible cycle consistency loss to indirectly
constrain GMM 1 and GMM 2, respectively (see |lI-C for details). (c) The Try-on Synthesis Module (TSM) combines the incomplete coarse results, the target
pose, and the warped desired clothes to synthesis the nal virtual try-on images. Also, the pre-trained SphereFaceNet [39] is applied to compare the distance
between the generated face region and the ground-truth face region, which enforces the génetatgenerate realistic and natural faces.

generate a new person image such that the same person wigairf/2] to extract the pose of each person image. Then we
the target in-shop clothes and preserves the target pose. Tdt#tin the coordinates of 18 human body keypoints from each
is, given different poses, the proposed method can generpéeson image and convert them to an 18-channel heatmap.
high-quality virtual try-on images. Each channel of the heatmap corresponds to a human pose
The SPG-VTON consists of three sub-modules, includingeypoint. We use each keypoint as the center of the circle
the Semantic Prediction Module (Section 1l1I-B), the Clothet® draw a circle with a radius of 4 pixels. The values in each
Warping Module (Section I1I-C), and the Try-on Synthesisircle are all ones, and the parts outside the circle are all zeros.
Module (Section I1I-D). We show the overview of SPG-VTONN this way, we obtain the representation of the human pose
in Fig. 2. Concretely, the SPM has two sequential processembedding.
The rst process of SPM aims to predict the semantic map Human semantic map. Inspired by two semantic-guided
of the target image according to the source semantic map, theual try-on approaches [7], [8], we extract human seman-
in-shop clothes, and the target pose. The predicted sematiicmaps of training images by using the existing human
map provides precise guidance to locate the region of tparser [41]. Each semantic map contains 20 labels that corre-
desired clothes and generate a coarse virtual try-on imagpond to different parts of the human body. For intractable
Then, we combine the predicted semantic map, the in-shimpman body parts, such as the head (including the face
clothes, and the target pose as the input of the second procass$ hair regions), it preserves characteristic personal identity
of SPM to generate the coarse result and the predicted clothefsrmation. The extracted information provided an additional
mask. Subsequently, the CWM warps the in-shop clothes gapervision signal for training our network.
the desired shape according to the predicted semantic map.

A. Person Representation B. Semantic Prediction Module

The diverse clothes and human poses struggle with theTo precisely locate the clothes region of the generated
performance of the virtual try-on system. During the trainingerson image and alleviate the mismatching between the
process, the human pose and human body semantic maptarget clothes and the generated human body, we introduce
critical supervision information for understanding the humam Semantic Prediction Module (SPM). As shown in Fig. 2
geometric structure. For training images, we apply off-the&, SPM consists of two sequential processes and can be
shelf pose estimator [40] and human parser [41] to extract thptimized in one step. The rst process is target semantic
human body keypoints and semantic maps, respectively. Thap prediction, and the other is a target clothes mask and
detailed process is as follows: coarse try-on result generation. First, given a source human

Human pose embedding.Following several off-the-shelf imagels and its corresponding semantic m&p a target in-
virtual try-on methods [5]-[9], [11], we use the pose estimahop clotheC, and a target human po$g, the rst process
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of SPM aims to predict the target human semantic rap predicted semantic maé\’, and then combin@ with the
conditioned on the source semantic ng&y the target clothes target poseP;, the in-shop clothe€, and the source image
C, and the target pos;. Second, we combine the predictedvithout clothesl ¢~ as the input of the second process of
semantic mag; with the desired clothe§, the target posB;, SPM (.e, the input of the generatd®, ). Then the generator
and the source image without clothe®™ | and then feed G, produces both the coarse try-on imdgeand the predicted

it into the second process of SPM to generate the coarse triethes masi §. To allow the generator to produce the photo-
on image and the predicted clothes mask. Speci cally, eactalistic coarse try-on imadg, we also de ne the adversarial
process of the SPM is based on the conditional GeneratiessL?  as follows:

adv
Adversarial Network (cGAN) [22]. We adopt a ResNet-like LP = E[logDs(li:&:C:P,: | w=oC ]

network to replace the U-Net [43] structure as the genefator adv . (3)
and the multi-scale discriminator (PatchGAN) [3] is applied + Eflog(l Do(lp; St; C; Py 187
as the discriminatoD. SPM contains two generatorse, Following several start-of-the-art virtual try-on methods [5]-

G: and Gz) and two discriminatorsi., D1 and D2). G1 [9] [11], [12], we also adopt the perceptual loss [45] to enforce
produces the predicted semantic map of the target person generatoG, to synthesize photo-realistic try-on images.
makes discriminatoD; indistinguishable from the real image.The perceptual loss betweép and |, can be de ned as:
Similarly, the role of generatds, is to generate the realistic

. . N
coarse _result and the predlcteq gloth_es mask_. At the same time, LP = E] K (1) (1)K @)
discriminatorD, attempts to distinguish real images from the perc - p

results generated b$,. The network structure of generators N ] )

and discriminators can be found in Table |. where (l.) denotes thé-th layer feature map of the image

Target semantic map prediction.We rst de ne the head I. in the visual perception network We apply the pre-trained

part asAs = M ;M g, which is composed of the face mask/CGG-19 [46] network as . Here ve activations are utilized to
S s I

M! and the hair maskV!'. A means that all the maskscalcula_te the perc_:eptual loss. The hyper-paramel;emntrol
in A are obtained from the source semantic nfp Next, € weights of the-th layer to the term in Eq. 4. We apply the
we remove the hair, face, and clothing areas from the soufi¥€l-wise 1 loss to guide the target clothes mask prediction
semantic magSs to obtain the reference semantic msp. and the coarse result generation. Therefore, to minimize the
Finally, we binarize the desired clothes imaGeto obtain distance between the generated image and the ground-truth
the mask of desired clothel €. As shown in Fig. 2 (a) image at the pixel level, we formulate the loss function as:
we combine the head pafs with the reference semantic LPecon = ElKlp  Iika]+ EkMS  MSky]; (5)
map S?, the mask of desired clothedl €, and the target . .
poseP; as the input of the target semantic map predictio/here My represents the predicted clothes mask, aff
Therefore, the predicted semantic map can be formulatdgnotes the clothes region mask extracted from the target
as$ = G1(S% As;MC;Py). To encourage the generated““ma” image:. The objective function to generate the coarse
semantic map to be indistinguishable from the ground-trutfy-On result and target clothes mask can be formulated as:
semantic map, we introduce the spatial matching adversarial

loss [ ] as follows: Lprd:Lp + 2(Lfecon +Lperc ); (6)

adv

where » control weights ofL},.,, andLf.. Then the full

Laav = EllogD1(St;SgAsiM Py objective function of the SPM can be de ned as:
+ Eflog(l D1(G1(SgAs;M GP); SE A M S Py]: Lepm = Liseg + Lprg
1
( ) = I-zldv + 1|-fSI + L?econ (7)
In addition, to generate high-quality target semantic maps + L2+ 2(LPuon Lgerc);

S, we utilize the focal loss [41] on pixel-wise segmentation.
Besides, following [7], [44], we also adopt the pixel-wisez. Clothes Warping Module

L;-norm between the predicted semantic map and the targell_he Clothes Warping Module (CWM) aims to t the desired

femantlc map to push th'e ggneraﬁ)lr'to produce smoother clc{thes into the target person according to the given pose while
esults. Therefore, the objective function to generate the tar%e . f clothes. Most existi K a
semantic map can be formulated as: reserving the_ fcexture ot clomes. WIost existing wor s [O1-[5],
[11] directly utilize a Geometric Matching Model (GMM) [38]
Lseg = Lagv + 1Lf + Liecon (2) to estimate the parameters of the Thin-Plate Spline (TPS)
used to warp clothes. This strategy is applicable when the
whereL$ denotes the focal loss betwe&n and S, LS., texture of the clothes is monotonous, and the target pose is
denotes the pixel-wisk 1-norm between the predicted semanxed. However, when dealing with complex casesd., the
tic map & and the target semantic m&®, and the hyper- desired clothes with complex texture and the target person
parameter ; control weights of the focal loss. under diversity poses), it might lead to misalignment between
Target clothes mask prediction and coarse result gener- clothes and the human body, and blurred results. To address
ation. As shown in Fig. 2 (a), after obtaining the predictethe challenges mentioned above, we introduce the conductible
semantic mapS; from the rst process of SPM, we rst cycle consistency loss, which effectively aligns the desired
remove the clothe region of; to obtain the incomplete clothing with a given pose.
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As shown in Fig. 2 (b), we rst apply the geometricclothes and the ground-truth clothes extracted from the target
matching network [38] to estimate the TPS transformatigverson image is the constraint of the geometric matching net-
parameters ; between the mask of desired clothds® and work. Furthermore, we adopt the pixel-wikg-norm between
the predicted clothes mas¥ 5. The mask of desired clothesC and the desired clothe3 to encourage the warped mask of
M € is then warped using the transformation parametet® desired clothed $ to return to the original mask of desired
align it with the predicted clothes masks. We denote the op- clothesM €. This indirect constraint strategy can not only
eration of TPS transformation ds, and then the warped maskachieve accurately geometric deformation between the desired
of desired clotheM & can be represented B = T,(M ). clothes and the target person image under an arbitrary pose,
Next, the second geometric matching network is adopted hat also preserve rich details of the clothing in the generated
estimate the TPS transformation parametersbetween the person image. The ablation study veri es the effectiveness of
warped mask of desired cloth#$ and the mask of desiredthe conductible cycle consistency loss.
clothesM €. We use the TPS transformation parameters
to warp M$ back to the original mask of desired clothe®. Try-on Synthesis Module
M €. We denote the output of the second geometric matchingAfter producing the coarse try-on resujtby SPM, we rst
network asM'¢ = T ,(MS). randomly erase a part df, to obtain the incomplete coarse

Conductible cycle consistency lossA straightforward resultl ; and then we combinb;, and the deformed desired
solution is to train the geometric matching network by directlglothesC,, obtained by CWM and the target poBg. Next,
applying the pixel-leveL 1-norm to encouragM $ to approx- we directly fed them into the TSM to generate the nal virtual
imate M¢§ and M to approximateM € to obtain the TPS try-on imagel;. As shown in Fig. 2 (c), we use the generator
transform parameters for the desired clothing deformatioGs to produce a rendered resuiit and a composition mask
However, using the self-reconstruction approach to estimdfe at the same time. The nal virtual try-on result can be
TPS parameters between the given clothes mask and thenulated as follows:
target clothes mask can only roughly align the shape of the _ :
given clothes mask with the target clothes mask. Applying fi=Cu M +1r @ M) (10)
the estimated parameters to warp the desired clothes direstlyere(l,;M ) = G3(|;; Cw;Pt). represents the element-
cannot preserve the details of the clothes well. Based on th#gee matrix multiplication, and the clothes part in the nal
observations, we introduce the conductible cycle consistertty-on image can be denoted €= C,, M . The value of
loss for two goals. One is to match the shape of the deformedch elementiM is between 0 and 1. Following several start-
desired clothes with the target person image. The otherabthe-art virtual try-on methods [6], [8], [11], [12], we apply
to maintain the characteristics of the desired clothes in theth the self-reconstruction loss and the perceptual loss [45]
clothing region of the generated try-on image. Speci cally, wto enforce the generated imadle to approximate the target
adopt the estimated parametegsto warp the desired clothesimagel. We de ne the full reconstruction loss as:

C to obtain the warped cloth&s, = T, (C), and then use the t _ i
estimated parametep to warpC,, to produce€ = T ,(Cy). Llecon = 1Bkt Ieka)+ oKL Mk a]; (11)
Thus, we formulate the conductible cycle consistency loss éiere we adopt the second term in Eq. 11 as the regularization
to constrain the generation of composition m&sk We set
Leond = E[KCw  Cika] + EKC  Ckyl; (8 1 =2 and , = 0:5. Additionally, the perceptual loss

. betweenl} andl; can be formulated as follows:
whereC; denotes the ground-truth clothes region exacted from ! !

the target imagd;. Then the full objective function of the Lt
CWM can be de ned as: perc

x5
=E[ k() 0kl (12)
i=0
Lowm = 3lcond; (9) Global and local adversarial loss.In the real scenario,
it is dif cult to obtain images of the same person wearing
where 3 controls weights of the conductible cycle consistenayie desired clothes in arbitrary poses. Therefore, we cannot
loss. retain parts outside the clothing area following many existing
Discussion. The existing methods [5]-[g], [11] adopt avirtual try-on methods based on a xed pose. In this case,
separate clothing deformation module to calculate the TR& generate the photo-realistic try-on image, we employ a
transformation parameters between the desired clothing ajl@bal adversarial loss and a local adversarial loss in TSM.
the target person image. The TPS transformation parameterg diagram of global and local discriminators is shown in
are given by the pre-trained clothing deformation modulgig. 3. Speci cally, we apply the global adversarial Ids%,,
which cannot be dynamically adjusted for these parametessenforce the generatds to synthesize sharp virtual try-
and leads to error stacking. In contrast to previous works [5pn images with global consistency. Furthermore, the local
[8], [11], we adopt an indirect approach to train the geometrigdversarial losd.,, is adopted to re ne the face area of
matching network. Concretely, we rst fed the mask of desireghe nal result with local consistency. The global and local
clothes and the predicted clothes mask of the target persgfversarial loss can be formulated as follows:
image into the geometric matchlng network, then used t'he L9, = E[Iong(It;Ct;Pt;Igvz":C N
estimated TPS transformation parameters to warp the desired

T (13)
. . . =0:C y1-
clothes. The pixel-wisé ; loss between the warped desired + Eflog(1  Dg(l1; G P 187°€);
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Our ultimate goal is to solve:

6T = arg G1§G2!’]|"“P;T 2G3 D1;Dn2];%xg§D| Lot (18)
End-to-end training. In this article, we divide the training
process of the proposed method into three steps: (1) We rst
separately train the semantic prediction network to obtain the
preliminary semantic prediction map, and this process corre-
sponds to the rst process of the semantic prediction module.
(2) Then, we use the semantic prediction map generated from
the xed pre-trained semantic prediction network as guidance
for the subsequent steps, including rough result generation,
clothing area prediction, target clothing deformation, and

re ned try-on generation. (3) Finally, we jointly train three

Fig. 3. The diagram of global and local discriminators. More details can 8ib-modules of the proposed method to synthesize the nal

found at Table I. virtual try-on image. This step can alleviate the impact of
inaccurate semantic maps and improve the quality of the
LLy = EllogD (1] ;1 C; P 1 970C)] generated results. o _
Ao N (14) Differences from MG-VTON [7]. There are signi cant dif-
+ Eflog( DIy ;17 G P 1 970C )] ferences between MG-VTON. (1) MG-VTON adopts a multi-

_ _ _, stage framework, and each stage independently implements a
where we extract the face regidp and the hair region distinct task. In particular, MG-VTON applies different mod-
from the ground-truth imagé;. In the same way, we alsoyles to achieve the desired clothing deformation, coarse result
extract the face regiom/t}, and the hair regiori/th from Ii. generation, and nal result re nement separately. Instead,
Dy denotes the global discriminator, aBq denotes the local we employ end-to-end training to encourage the generator
discriminator.D4 andD, share the same structure. to produce realistic virtual try-on results. Speci cally, we

Face identity loss. After adopting the global and local dynamically update the parameters of each process including
adversarial loss, our method can produce high-quality ttinthe desired clothing deformation, the coarse result generation,
images while making the face region look natural. Furtheand the nal result re nement. (2) Both MG-VTON and SPG-
more, to enforce that the face region cropped from the gen®fFON use a semantic prediction model to predict the target
ated images remains similar to the face region of the relatedmantic mapif. the rst process of SPM in SPG-VTON
ground-truth images, we introduce the face identity loss. and the conditional human parsing network in MG-VTON).

However, unlike MG-VTON, SPM in SPG-VTON contains
Lu = EKF(F) F ()kal; (15) one extra clothes mask prediction. Therefore, SPG-VTON can
accurately locate the target clothing area by combining the
where F denotes the pre-trained SphereFaceNet [3{]. predicted target semantic map, and the predicted target clothes
represents the face region extraction guided by the predict@gsk. (3) MG-VTON divides the coarse result generation and
semantic map, including the face part and the hair part. Thgfe composition mask production into two independent steps.
we formulate the full objective function of the TSM as:  |n contrast to this technique, we concatenate the coarse result,
_ t ¢ g | ) the warped clothes, and the target pose as the inpu®zof

Lim = 4(brecon * Lperc) + Lagy * Laov * skiai (16) produce a rendered result and a composition mask at the
same time. Then, we combine the warped clothes, the rendered
result, and the composition mask to synthesize the nal
result. These differences make our method generate images
with improved qualities in both qualitative and quantitative
evaluations, which is demonstrated in Fig. 5, TABLE Il and
E. Optimization TABLE III.

Objective function. Taking all of the above loss functions

into consideration, we formulate the total objective function
as: A. Dataset

We perform experiments on the MPV dataset [7], which
is the largest multi-pose virtual tting dataset available. The
MPV dataset consists of 35,687 person images and 13,524

SPM clothes images collected from the internet, with a resolution

13k ) blem * LYo oo+ L * sbig 0 e images ofthe same person wearing the gnven
CwM TSM in-shop clothes in different poses. The MPV dataset contains
(17) 62,780 three-tuples, including 52,236 training sets and 10,544

where the hyper-parametey; controls weights of the recon-
struction lossLls,, and the perceptual Iosjsperc(l’};lt)),
and s controls weights of the face identity lo&sy .

IV. EXPERIMENTS

s S s p p p
_ I-adv + 1Lf| + Lrecon + L7adv + 2(Lrecon + Lpercf
Ltotal - {
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TABLE |

THE NETWORK ARCHITECTURE OF OUR GENERATORS AND
DISCRIMINATORS, WHEREK, S, P,AND A DENOTE THE KERNEL SIZE
STRIDE SIZE, PADDING SIZE, AND THE ACTIVATION FUNCTION,
RESPECTIVELY IN REPRESENTS THE INPUT CHANNELSAND OUT
DENOTES THE OUTPUT CHANNELS

[ GeneratorG . |
Layer Input Output K&S&P&A
Convl IN 256 192 | 64 256 192 3 3,1,1,RelU
Conv2 64 256 192 | 128 256 192 3 3,1, 1, RelLU
Conv3 128 256 192 | 128 128 96 3 3,2, 1, ReLU
Resblock 128 128 96 128 128 96 |3 3,3 3,1,1, RelLU
Conv4 128 128 96 | 256 64 48 3 3,2,1,RelU
Resblock 256 64 48 256 64 48 |3 3,3 3,1, 1, RelU
Convs 256 64 48 512 32 24 3 3,2,1,RelU
Resblock 4| 512 32 24 512 32 24 |3 3,3 3,1,1, RelLU
Upsample 512 32 24 512 64 48 -
Fig. 4. Examples of noisy images in the training set and the test set. We Sgg\;r:ple géé 23 32 225566 16248 ‘;82 33 1’_1 RelY
observe the three typical kinds of noise existing in the training set and the rsgny7 256 128 92 | 128 128 92 33 1, 1, ReLU
test set, including interference of unrelated appearance attribelgshats, Upsample 128 128 92 | 128 256 192 .
bags, glasses), mismatching of clothes in paired person images with the sameéconvg 128 256 192 | 64 256 192 3 3,1, 1, ReLU
identity, and mismatching between the target clothes and the clothes in the[Conv9 64 256 192 |OUT 256 192 3 3,1, 1, ReLU
source image. These noise demands strong robust ability of the proposedConvi0 OUT 256 192[OUT 256 192 3 3, 1,1, Tanh
algorithm during both training and testing. Convll OUT 256 192[OUT 256 192 1 1, 1,0, None
[ DiscriminatorD - |
Layer Input Output K&S&P&A
P Pt Convl IN 256 192 | 32 256 192 |3 1,1, 0, LeakyRelLl
test sets. Egch input data point is a three—tuple composed otz 555107 |32 6 107 13 3 LT LeakiReLL
two human images and one clothes image. The two personconva 32 256 192 | 32 128 96 |3 3, 2, 1, LeakyReL(
images wear the clothes in the clothes image but with different |<onv4 82 128 96 | 32 128 96 |3 3,2, 1, LeakyRely
. Convb 32 128 96 64 64 48 |[3 3,2, 1, LeakyRelLU
poses. Moreover, we also conduct experiments on the Deep+cons 64 64 48 T 64 48 T 1. 1,0, None

Fashion datasetr{-shop Clothes Retrieval Benchmafk0] to
verify the effectiveness of the proposed method. Following the

setting in MG-VTON [7], we collect 10,000 pairs (the same Inception Score (1S).1S [48] is a general metric used to

pelrson_ in giﬁerelznthposfes) frﬁm DeepFasfhir(])n, and (rjando'@&imate the quality of the synthesis image. In this work, we
se ec_t IN-Shop clot €s from the test set of the MPV at"“setapply IS to evaluate the quality of generated images by our
_Noise in the training set and the test setFor the oiqq Notably, all generated images used to calculate IS
virtual try-on task, the mqu three-tuple con§|sts of two IOa'reﬁjave no corresponding ground-truth images. To evaluate the
person images and one in-shop clothes image. When Qpgyjity of speci ¢ regions i(e., clothing regions, face regions)

of the following conditions occurs, the input three-tuple cafl the nal virtual try-on image, we also calculate Mask-SSIM
be regarded as "noise data.” (1) One person image cont% Mask-IS for the extracted regions.
attributes that do not exist in the other person image, and these

attributes are limited to glasses, bags, hats, scarves, necklaces, ) .
gloves, coats, upper clothes, and background; (2) The given ImPlementation Details
clothes are different from the clothes in the paired personArchitecture. Here we provide details about the network
images. Since MPV does not provide labels for the noiggchitecture of three sub-modules in SPG-VTON. In speci c,
data, in this case, to accurately obtain the noise data in @enerator$s;, G, andG3z adopt the same structure, which is
training set, we manually lter it and obtain 8,740 sets of nois@ ResNet-like architecture. The generated resutpaindGs
data, accounting for approximately 16.73% of the training sés.a 4-channel tensor that could be split into a 1-channel mask
We show three typical kinds of noise in both the training sénd a 3-channel RGB image. We show the detailed network
and the test set in Fig. 4, including interference of unrelat&tructure of generators and discriminators in TABLE I. In
appearance attributes., hats, bags, glasses), mismatchingddition, all the discriminators in the proposed method apply
of clothes in paired person images with the same identity, atfite multi-scale structure from pix2pixHD [3]. Additionally,
mismatching between the target clothes and the clothes in W@ use instance normalization [49] both in generators and
source image. It is challenging to train a robust virtual ttingliscriminators. We employ ReLU and LeakyReLU activation
system based on these noisy images. functions in the generator and discriminator, respectively.
Following existing works [29], [50], we adopt LSGAN [51] for
) ) all adversarial losses in our method, and a gradient punishment
B. Evaluation Metrics strategy [52] is also used to stabilize the training process.
Structural SIMilarity (SSIM). SSIM [47] is widely used  Setting. In this work, we use the Adam optimizer [53] to
to evaluate the similarity of generated images in GAN-baseqtimize generators and discriminators in SPG-VTON, and set
methods. In this work, we adopt the SSIM metric to measutie initial learning rate to 0.0002, weight decay to 0.0005, and
the similarity between the generated image and the real imageponential decay rat€si; ») = (0 ;0:999). For training, we
Higher scores indicate that the generated image is closer to de¢ hyper-parameters = 10; (i =1;2;4;5), and 3 = 20.
ground-truth image. Additionally, we set the batch size of semantic map prediction






