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Image-based virtual try-on aims to fit a target garment to a reference person. Most existing methods are limited to solving the
Garment-To-Person (G2P) try-on task that transfers a garment from a clean product image to the reference person and do not consider
the Person-To-Person (P2P) try-on task that transfers a garment from a clothed person image to the reference person, which limits the
practical applicability. The P2P try-on task is more challenging due to spatial discrepancies caused by different poses, body shapes, and
views between the reference person and the target person. To address this issue, we propose a novel Keypoints-Driven Flow Based
Virtual Try-On Network (KF-VTON) for handling both the G2P and P2P try-on tasks. Our KF-VTON has two key innovations: 1) We
propose a new keypoints-driven flow based deformation model to warp the garment. This model establishes spatial correspondences
between the target garment and reference person by combining the robustness of Thin-plate Spline (TPS) based deformation and the
flexibility of appearance flow based deformation. 2) We investigate a powerful Context-aware Spatially Adaptive Normalization (CSAN)

generative module to synthesize the final try-on image. Particularly, CSAN integrates rich contextual information with semantic parsing
guidance to properly infer unobserved garment appearances. Extensive experiments demonstrate that our KF-VTON is capable of
producing photo-realistic and high-fidelity try-on results for the G2P as well as P2P try-on tasks and surpasses previous state-of-the-art
methods both quantitatively and qualitatively. Our code is available at https://github.com/OIUIU/KF-VTON.
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1 INTRODUCTION

As online shopping continues to grow in popularity, providing customers with a natural virtual try-on experience has
become increasingly important. While there are 3D model-based approaches [31, 39] used for virtual try-on but they
are expensive and require 3D measurement of garments. On the other hand, image-based virtual try-on [11, 14, 18, 20,
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Fig. 1. Existing image-based virtual try-on methods are primarily focusing on the G2P try-on task of transferring a garment from a
clean product image to the reference person, while they are unable to solve the P2P try-on task of transferring a garment from a
clothed person image to the reference person. To handle both the G2P and P2P try-on tasks, we propose a novel Keypoints-Driven
Flow Based Virtual Try-On Network (KF-VTON). The experimental results on the VITON dataset (le�) and MPV dataset (right)
demonstrate the advantages of our method for tackling the G2P virtual try-on as well as the P2P virtual try-on over existing SOTA
methods such as ACGPN [55], PF-AFN [14] and Flow-Style [20].

35, 42, 47, 48, 50, 55] has been rapidly developed due to the great progress in generative models [16, 22, 28, 32], which

make it more popular recently.

While many existing image-based virtual try-on approaches [11, 14, 18, 20, 23, 50, 55] have focused on the G2P try-on

task, there is an increasing demand for approaches that can also address the more complex and challenging P2P try-on

task. Due to di�erent poses, body shapes and views between the reference and target person, P2P try-on task has its

particular issues:8) disentangling the target garment from the body of the target person (see Fig. 1(a)(d) );88) deforming

the target garment free from reference and the target person's pose (see Fig. 1(b) );888) inferring the unobserved

appearance of target person (see Fig. 1(c) ). Some recent works [51, 52] have attempted to solve the P2P try-on task by

establishing correspondences between the body shape of the reference and the target person. However, these methods

su�er from inaccurate �t and missing textures of warped garments. Moreover, establishing correspondences based

on body shape restricts the ability to address the G2P try-on task simultaneously. Therefore, the P2P try-on task has

not yet been properly solved. Moreover, there is currently no generalized framework that can solve both G2P and P2P

try-on tasks.

Exploring an accurate geometric deformation model to establish the spatial correspondences between the source and

target garments is crucial for solving the challenges of both G2P and P2P try-on tasks. Recent works on image-based

virtual try-on can be divided into two categories based on the garment warping methods: Thin-Plate Spline (TPS) based

methods [4, 8, 10, 18, 55] and appearance �ow based methods [5, 14, 17, 20, 50]. TPS performs garment warping on a grid

image with limited transformation sampling points, where each parameter de�nes the spatial deformation of a coarse

pixel block. These methods lack the �exibility to perform garment warping due to their limited degrees of freedom.
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Despite its disadvantages, TPS-based methods show their strengths in preventing garment over-distortion, especially

when the garment is occluded by the reference person. Against the TPS-based methods, appearance �ow-based methods

achieve high �exibility of garment deformation by computing two-dimensional dense �ow, therefore they can preserve

realistic textures of the garments. However, appearance �ow-based methods fail to handle the occlusion issue because

they perform garment warping by directly sampling from the target image, which limits their ability to accurately

estimate the structure of the occluded area of the garment. To combine the robustness of TPS-based methods and the

�exibility of appearance �ow-based methods, we design a novel geometric deformation model for precisely capturing

the garment deformation that addresses the occlusion issue e�ectively.

In this paper, we propose a novel Keypoints-Driven Flow Based Virtual Try-On Network (KF-VTON), a generalized

framework that can handle both the G2P try-on and the P2P try-on tasks. KF-VTON achieves this by establishing an

accurate and robust garment geometric deformation and a powerful context-aware try-on image generator. Speci�cally,

the KF-VTON follows the conventional three-stage scheme [4, 5, 17, 53, 54], which consists of three modules: 1) The

Semantic Parsing Prediction (SPP) module that accurately predicts the target semantic parsing map, aligning the

garment to the posture of the reference person and providing accurate spatial information for subsequent modules. 2)

The Keypoints-Driven Warping (KDW) module that precisely warps the try-on garment by leveraging the robustness

of TPS based deformation and the �exibility of appearance �ow based deformation. Speci�cally, the module obtains

multiple TPS coarse deformations by aligning the garment keypoints predicted by a gated co-attention mechanism,

and then predicts �ne �ow by sampling from multiple robust candidate sampling points provided by previous TPS

coarse deformations. 3) The Context-aware Spatially Adaptive Normalization (CSAN) generative module that renders

the �nal photo-realistic try-on image with high-quality garment appearances and �ne details of the human body. CSAN

incorporates contextual information and semantic parsing through a specialized modulation process, enabling the

generative module to infer unobserved garment regions accurately.

In summary, our contributions are listed as follows:

� We propose a novel and generalized framework, namely KF-VTON, for tackling the G2P virtual try-on as well as

the P2P virtual try-on.

� We design a new �ow-based geometric deformation to establish accurate correspondences by combining the

robustness of TPS based deformation and the �exibility of appearance �ow based deformation.

� We present a Context-aware Spatially Adaptive Normalization (CSAN) generative module, which renders photo-

realistic try-on images with high-quality garment appearances and �ne details of the human body.

� Experimental results on the VITON dataset [18] and MPV dataset [9] verify that our method performs substantially

better than the state-of-the-art approaches both qualitatively and quantitatively.

2 RELATED WORK

Image-based Virtual Try-On. Image-based virtual try-on aims to �t a target garment to a reference person. Recent

works on image-based virtual try-on can be divided into two categories based on the garment warping methods:

TPS-based methods [4, 8, 10, 13, 18, 23, 55, 56] and appearance �ow-based methods [5, 6, 14, 17, 20].

TPS based.VITON [18] was the �rst work to warp garment images via TPS, which computes TPS transformations

between in-store garments and warped garment masks via shape context matching. CP-VTON [8] improved on VITON

by learning the parameters of the TPS transformation through the geometric matching module. ACGPN [55] further

preserved the garment texture by imposing a second-order constraint on the TPS warping. However, previous methods
Manuscript submitted to ACM
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could not warp garments �exibly with a single TPS transformation due to its limited degree of freedom. To address this,

we estimate multiple TPS transformations to better capture garment deformation.

Appearance Flow-based.ClothFlow [17] was the �rst to deform garment through pixel-level cascaded appearance

�ow, which is �exible but requires regularization to enforce smoothness. PFAFN [14] improved on ClothFlow by

distilling the appearance �ow between the person image and the garment image. Besides, it encouraged the co-linearity

of neighboring appearance �ows by adding a second-order smooth constraint, making the garment smoother after

deformation. Flow-Style [20] improved on PFAFN by estimating the global appearance �ow to achieve global alignment

based on the StyleGAN architecture [25]. However, appearance �ow is prone to excessive distortion, especially when the

garment is partially occluded by the arm of the target person. To address this limitation, we propose a keypoints-driven

�ow that combines the robustness of TPS-based methods and the �exibility of appearance �ow-based methods.

Additionally, there exist several P2P methods [3, 34, 38, 40, 41, 51, 52], including M2E-Try [51], which aligned the

target person's pose to the reference person's pose and integrated the transformed garment textures into the aligned

image. PASTA-GAN [52] introduced a patch-routed disentanglement module that disentangles the style and spatial

information of each garment. However, these methods are unable to simultaneously address the G2P try-on task, and

there is currently no comprehensive framework capable of resolving both G2P and P2P try-on tasks.

Keypoints-based Warping. Keypoints can capture the structure and motion of an object. Some works [29,43� 45,60]

on the motion transfer task propose to compute the �ow through the predicted keypoints. Speci�cally, Monkey-Net [43]

was the �rst to propose predicting a sparse set of motion keypoints in an unsupervised manner and synthesizing

these keypoints into a dense motion �eld to deform the source image. FOMM [44] added the �rst-order term of Taylor

expansion to describe the deformation around the keypoints. Additionally, TPSMM [60] adopted TPS transformation,

which is more suitable for large-scale motion. Inspired by these works, we improve garment warping by enhancing the

keypoints detector and estimating the TPS transformation before predicting the �ow.

3 PROPOSED APPROACH

Given an image of a reference person� 2 R3� F � � and an image of a target garment� 2 R3� F � � (the garment� of

the target person�� 2 R3� F � � is extracted with pre-trained semantic parsing model [15]), our goal is to synthesize a

human imagê� 2 R3� F � � wearing the target garment item� . Following the training procedure of VITON [18], the

pipeline is trained on paired data.

As shown in Fig. 2, KF-VTON mainly consists of three modules: (8) Semantic Parsing Prediction (SPP) Module

(Sec. 3.1) that generates accurateafter-try-onsemantic parsing maps to provide e�ective guidance for warping and

synthesis. (88) Keypoints-Driven Warping (KDW) Module (Sec. 3.2) that generates warped garments using predicted

�ow in a keypoints-driven manner. (888) CSAN Generative Module (Sec. 3.3) that fuses warped garment and garment-

agnostic human representations to obtain the �nal try-on results�̂ under the guidance of semantic parsing.

3.1 Semantic Parsing Prediction (SPP) Module

The misalignment between the target garment and the reference person in both G2P and P2P try-on tasks presents a

signi�cant challenge in disentangling the generation of shape and appearance of the human. This challenge arises due

to the complex and high-dimensional variations in body shape, size, and pose, as well as the deformations that occur

during try-on tasks.

To address the aforementioned issues, we propose SPP module to accurately predict the target semantic parsing

map, aligning the garment to the posture of the reference person and providing accurate spatial information for
Manuscript submitted to ACM
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Fig. 2. The Keypoints-Driven Flow Based Virtual Try-On Network (KF-VTON) is designed to generate visually realistica�er-try-on
image�̂ given a person image� and a target garment image� (or target person image�� ) . The KF-VTON is a three-stage pipeline,
which includes a Semantic Parsing Prediction Module, a Keypoints-Driven Warping Module and CSAN Generative Module. Semantic
Parsing Prediction (SPP) Module (Sec. 3.1) that generates accurate a�er-try-on semantic parsing maps(̂ to provide e�ective guidance
for warping and synthesis. Keypoints-Driven Warping (KDW) Module (Sec. 3.2) that generates warped garments^� using predicted
flow in a keypoints-driven manner. CSAN Generative Module (Sec. 3.3) that fuses warped garment^� and garment-agnostic human
representations (%and( C) to obtain the final try-on results�̂ under the guidance of semantic parsinĝ( .

subsequent modules. Our SPP module improves previous approaches [4, 27, 55] by introducing a newglobal spatial

alignmentscheme. Speci�cally, the SPP is built on the U-Net architecture [36]. It takes the garment image� and

dense garment-agnostic representation�?A8>AB(including pose map1 %, garment-agnostic semantic parsing map( 0 and

garment-agnostic person image�0) as input to predict the target semantic parsing map(̂ . Note that garment-agnostic

semantic parsing( 0 focuses only on the regions where the garment, hands, and neck are located. As shown in Fig. 2(I),

the encoder �rst encodes the garment image� and dense garment-agnostic representation�?A8>ABand obtains two

feature pyramidsf28g#
8=1 andf?8g#

8=1. Then, it mines the correlation between the garment and human body shape in

the low-resolution feature embedding space through the global spatial alignment scheme.

Theglobal spatial alignmentscheme consists of T alignment blocksfF8g)
8=1. In the8-th alignment block, we �rst

calculate the correlation map [57] A8based on the garment features28 2 R/ 8� , 8� � 8 and human features?8 2 R/ 8� , 8� � 8.

In practice, we �atten28 and?8 to obtain28 2 R/ 8� ¹ , 8� 8º and?8 2 R/ 8� ¹ , 8� 8º , and then calculate their product, so the

9-th vector ofA8 represents the result of the vector product between the9-th vector in28 and the9-th vector in?8. To

obtain relevance-enhanced features, the correlation mapA8 is then multiplied to the features of28 and?8, respectively.

This step helps to highlight the global correlations between the garment and human features. Finally, we obtainF8 by

1Pose map is obtained with a pre-trained model [2].
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Fig. 3. The Keypoints Detector predicts N keypoints maps containing K keypoints for a given garment� and a warped garment map
( � .

feeding the relevance-enhanced features into a ConvNet and adding them withF8� 1 :

F8 = �>=E2¹A8 
 2>
8 º � �>=E? ¹A8 
 ?>

8 º � F8� 1• (1)

where
 denotes element-wise product,� denotes element-wise sum. we feedF8 to the decoder to predict theafter-

try-on semantic parsing map̂( . Additionally, the cross-entropy loss [59] is used to train the target semantic parsing

prediction module.

3.2 Keypoints-Driven Warping (KDW) Module

Establishing an accurate geometric deformation model between the source and target garments is crucial for solving

the challenges of both G2P and P2P try-on tasks. While previous TPS based deformation methods are robust but

in�exible, appearance �ow based deformation methods are �exible but lack robustness. To overcome these issues,

our KDW module combines the robustness of TPS based deformation and the �exibility of appearance �ow based

deformation, which consists of two components: (8) Keypoints Detector that predicts keypoints in an unsupervised

manner to establish accurate correspondences between source and target garment. (88) Flow Predictor that predicts a

keypoints-driven �ow by fusing multiple sets of TPS coarse deformations derived from keypoints coordinate o�sets.

These TPS deformations provide multiple candidate sampling points to predict the �ne �ow. In addition, we also predict

the garment occlusion mask to indicate the areas that cannot be obtained by the �ow, which helps infer the appearances.

Keypoints Detector. Speci�cally, we take the given garment� and warped garment map( � (from the garment region

of the predicted semantic parsing map̂( ) as input to predict their keypoints. To establish the accurate correspondences

between the source garment and the target garment, we introduce agated co-attention mechanismto predict keypoints,

which capture their signi�cant correlations in feature space.

As shown in Fig. 3, we encode the warped garment map( � and the given garment image� to obtain the corresponding

three-dimensional feature representationsb+0 2 R/ � , � � andb+1 2 R/ � , � � . To mine the potential correlation between
b+0 and b+1, we �rst �atten them to obtain +0 2 R/ � ¹ , � º and+1 2 R/ � ¹ , � º , and calculate their a�nity matrix )

Manuscript submitted to ACM
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using the weight matrix, 2 R� � � :

) = + )
1 ,+ 0 2 R¹, � º � ¹, � º ” (2)

where, is a learnable weight matrix. We then multiply the �attening features+0 and+1 with the a�nity matrix ) to

obtain the corresponding enhanced features/ 0 and/ 1:

/ 0 = +0) A• / 1 = +1) 2• (3)

where) A represents the softmax operation for each row of) ,) 2 represents the softmax operation for each column of) .

To account for the impact of occlusion on input (( � , � ) pairs, we employ a self-gating operation, which assigns a

co-attention con�dence to each feature after co-attention, allowing the network to learn which features to retain and

which features to discard. This approach enables the network to weight di�erent pixel features instead of treating all

co-attention features equally, which is important for handling occlusion in virtual try-on tasks. Speci�cally, we input

the enhanced features/ 0 and/ 1 into gating and obtain� 0 and� 1:

� 0 = / 0 � 5 ¹/ 0º = f ¹F/ 0 ¸ 1º 2 »0•1¼, � •

� 1 = / 1 � 5 ¹/ 1º = f ¹F/ 1 ¸ 1º 2 »0•1¼, � •
(4)

where 5 identi�es information retained from enhanced features and can be learned automatically,f is the sigmoid

activation function,F and1 are the convolution kernel and bias, respectively.

We concatenate the features retained after self-gating with the original features to obtain»b+0• � 0¼and »b+1• � 1¼,

respectively. Finally, we predict the keypoint coordinates of the input pair using a linear layer. With the help of multiple

sets of keypoints obtained by the keypoints detector, we calculate �ne �ow as follows.

Flow Predictor. Flow prediction is widely used for warping target garment in virtual try-on, which aims to calculate

a mapping function� B! C from the source image( to the target image) to obtain a two-dimensional coordinate o�set

> 2 R2� � � , for each pixel?. The target image featuresGCare derived from the nearby grid points of the source image

featuresGB by bilinear interpolation:

GC= GB� ¹?ºB! C= GB¹? ¸ >?º• (5)

where? ¸ >? is the estimated sampling position.

Inspired by keypoints-based motion transfer works [43, 44, 49] that �rst estimate coarse motion transformation with

the help of keypoints and then estimate the �ne �ow, we warp the keypoints of the source image to the keypoints of

the target image to calculate multiple TPS coarse transformationsq=•== 1• ” ” ” • #.

Then, the mapping function� B! C is approximated by# TPS coarse deformations. Speci�cally, the given garment�

is warped by# TPS deformations, respectively. Then, the N warped images are input to U-Net to predict# con�dence

maps b" = 2 R� � , •== 1• ” ” ” • #, which are normalized to obtain:

" = ¹?º = B>5 C<0G¹ b" = ¹?ºº•== 1• ” ” ” • #• (6)

where" = ¹?º represents the contribution of the=-th TPS transformation at the pixel position?. Finally, we obtain the

�ne �ow � ¹?ºB! C:

� ¹?ºB! C=
#Õ

==1

" = ¹?º q= ¹?º ” (7)
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The �ow is obtained by merging multiple TPS transformations, which provide multiple candidate sampling points to

predict the �ne �ow.

Previous work [14, 17, 20] directly used the �ow to perform a bilinear interpolation warping operation on the target

garment to obtain the warped garment images. However, in cases where the target garment is occluded, particularly

under the P2P try-on task, the warping operation of the �ow may not be su�cient to obtain the warped garment. This

is because the occluded regions of the target garment cannot be recovered by image warping and have to be painted. To

address this problem, we predict a garment occlusion mask" � simultaneously while predicting the �ow. This mask

covers the area that needs to be repainted. The warped garment^� is then represented as:

^� = " � � 5F ¹�• � B! Cº• (8)

where � denotes the Hadamard product. To estimate the garment occlusion mask, we add a channel to the last layer of

the U-Net network.

Loss. To constrain the keypoints detector, we use the Equivariance loss [44]L 4@:

L 4@=
�
�
�� :? ¹) A0=¹( ºº � ) A0=

�
� :? ¹( º

� �
�
� • (9)

where) A0=is a random TPS transformation,� :? is a keypoints detector, and( is the source garment image. Equivariance

loss is adopted to make the model predict the keypoints that are consistent with the known geometric transformation.

The geometric transformation function here is simulated by TPS with random parameters, similar to FOMM and MRAA.

Through this loss, each keypoint is encouraged to locate a stable local pattern. More speci�cally, if the same visual

semantics still exist in the image transformed by TPS with random parameters, then keypoints should move according

to the image transformation.

In addition, the warped garment images are constrained by the L1 loss, perceptual loss and style loss. The L1 loss is

formulated as:

L 1 =



 ^� � � C





1 • (10)

wherek�k1 represents the! 1 distance, and̂� and� Crepresent the warped garment and target garment. The perceptual

loss [24] encourages the visual similarity between̂� and� C. TheL ?A42loss is formulated as:

L ?4A2=
Õ

9






 q9

�
^�
�

� q9 ¹� Cº






1

• (11)

whereq9 ¹�º indicates the feature map on9-th layer of VGG-19 [46] network pre-trained on ImageNet [7]. Furthermore,

the style loss [12] is utilized to match the style information between two images:

L BC~;4=
Õ

9






 �

q
9

�
^�
�

� � q
9 ¹� Cº







1

• (12)

where� q
9 represents the Gram matrix for the9-th layer in the pre-trained VGG network. The objective function for

KDW is:

L F0A? = _4@L 4@̧ _;1L 1 ¸ _?4A21L ?4A2̧ _BC~;41L BC~;4• (13)

where_4@, _;1 , _?4A21 and_BC~;41 denote the hyperparameters for balancing the four objectives. When setting the

speci�c value of these hyperparameters, we took into account the size of each loss as well as the experience of previous
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Fig. 4. Overview of the Context-aware Spatially Adaptive Normalization(CSAN) ResBlock.

work (PF-AFN, DAFlow), and �nally determine the value of these hyperparameters that made the results optimal after

several experiments.

3.3 CSAN Generative Module

The goal of CSAN generative module is to render the �nal photo-realistic try-on image�̂ with the garment-agnostic

person representation (�0, %) and the warped garment̂� , guided by the semantic parsinĝ( . The challenge of this module

is to render the �nal try-on image with high-quality garment appearances and �ne details of the human body. To

address this issue, we propose a context-aware spatially adaptive normalization (CSAN) generator that can generate

synthetic try-on images by accounting for context.

Context-Aware Spatially Adaptive Normalization . Nowadays, spatial adaptive normalization [33] is widely

used for conditional image generation. It generates images by learning modulation parameters from semantic parsing.

However, considering that rich contextual information (%, �0, ^� ) helps to generate context-aware try-on images. To

address this issue, we propose a Context-aware Spatially Adaptive Normalization (CSAN) that adopts a two-step

modulation process to fuse contextual information and semantic parsing to obtain context-aware spatial modulation

parameters.

Speci�cally, as shown in Fig. 4, the semantic parsing(̂ is convolved to generate a set of spatial modulation parameters,

including scaling parametersWand shifting parametersV. Additionally, the contextual information (%, �0, ^� ) is convolved

to generate two sets of contextual modulation parameters
�
WW• VW

�
and

�
WV• VV

�
. To obtain context-aware spatial

modulation parameters, each set of contextual modulation parameters is used to modulate the spatial modulation

parametersWandV, respectively. The fused modulation parametersŴandV̂are obtained as follow:

Ŵ= WW� W̧ VW•

V̂ = WV � V¸ VV•
(14)
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where� denotes the Hadamard product. Additionally, we use the output of the8-th layer of a network,� 8, after batch

normalization to obtain- #>A< :

- #>A< =
� 8 � 1

j
 j
Í

¹G•~º 2
 � 8
q

1
j
 j

Í
¹G•~º 2
 ¹� 8 � 1

j
 j
Í

¹G•~º 2
 � 8º2
• (15)

where
 denotes the set of pixels of the current layer andj 
 j is the number of pixels in
 .

Finally, we use the fused modulation parameters to modulate the batch normalized feature mapping- #>A< and

obtain the context-aware spatially adaptive normalized feature mapping- :

- = Ŵ� - #>A< ¸ V̂” (16)

CSAN Generator. The generator consists of a series of residual blocks [19] (ResBlock) with upsampling layers.

Each ResBlock contains context-aware spatially adaptive normalization (CSAN), which helps the generator preserve

garment details and generate the appearances for occluded areas. Additionally, all inputs are resized before being fed to

the ResBlock, which enables the network to perform multi-scale re�nement at the feature level.

Loss. The training objectives of the generator include a pixel-wiseL 5 loss, perceptual lossL ? , and style lossL B.

The objective function for the CSAN generative module isL 64=:

L 5 =
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L 64= = _1L 5 ¸ _?4A22L ? ¸ _BC~;42L B•

(17)

where�̂ and�Crepresent the synthetic image and reference person image, respectively. Besides,_5, _?4A22 and_BC~;42

denote the hyperparameters for balancing the four objectives.

4 EXPERIMENTS

4.1 Datasets

We conduct experiments on the VITON [18] and MPV [9] dataset. The VITON dataset contains a training set of 14,221

pairs and a testing set of 2,032 pairs, where each pair consists of a front-view female image and a garment image with a

resolution of256� 192. MPV is a multi-view virtual try-on dataset that contains 35,687 images of people in di�erent

views and 13,524 images of their upper body garments with a resolution of256� 192. We obtain a training set of 20,034

pairs and a testing set of 4,175 pairs and follow the test set of [52].

4.2 Implementation Details

All experiments were performed on RTX 3090 GPUs using Pytorch. we use the Adam optimizer [26] in all modules.

SPG is trained with a minibatch of size 16 and a learning rate of 0.0001 for 100 epochs. The KDW module and CSAN

generative module are trained end-to-end for a total of 100 epochs, with the initial learning rate set to 0.00005 and

gradually decreased from the 50-th epoch until it reached 0. Additionally, the weights of the loss function are set to_4@
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Fig. 5. We compared KF-VTON (ours) and several recent state-of-the-art models for tackling the G2P try-on task (le�) as well as the
P2P try-on task (right) on the VITON dataset, focusing on areas of interest in the synthesized images that are marked with a red
bounding box.

Model Warping FID(P2P)# LPIPS(P2P)# FID(G2P)#
CP-VTON [8] TPS - - 22”71
CP-VTON+ [30] TPS 32”89 0”172 21”63
ACGPN [55] TPS 21”77 0”129 15”05
DAFlow [1] Flow 21”03 0”148 11”64
PF-AFN [14] Flow 15”52 0”099 10”52
Ours TPS+Flow 12”117 0”086 10”80

Table 1. KF-VTON achieves significant improvement over existing baselines on VITON dataset.

Method Flow-Style [20] PASTA-GAN [52] Roy et al. [37] Ours
FID 17.40 16.48 15.74 10”89

Table 2. The FID scores on the MPV test set used in [52]. The scores of all the methods are taken from the paper [37].

= 1,_;1 = 20,_?4A21 = 2,_BC~;41 = 200,_5 = 10,_?4A22 = 1, and_BC~;42 = 100, aiming to balance the contribution of each

loss term and achieve optimal performance.

4.3 �alitative Results

Results on VITON. We conducted a visual comparison of our approach with �ve state-of-the-art virtual try-on

works, including CPVTON+ [30], ACGPN [55], PF-AFN [14], DAFlow [1], and Flow-Style [20] on the G2P and P2P

try-on tasks, respectively.

As shown in the �rst row of Fig. 5, TPS based deformation methods (i.e. CPVTON+ [30] and ACGPN [55]) are

in�exible to align the target garment to the reference person, but they do not cause pixel-squeezing when the hands

occlude the body. In contrast, appearance �ow based methods (i.e. PFAFN [14] and Flow-Style [20]) will produce

over-distorted and pixel-squeezing due to arm occlusion. In comparison, our method aligns the garment with the human

body more accurately, owing to the �exibility and robustness of our keypoints-driven �ow. As shown in the second row
Manuscript submitted to ACM
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