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Abstract

A good garment try-on model should learn the transfer be-
tween different types of garments while satisfying: 1) high
fidelity and 2) low inference speed. Existing methods address
either of these two issues, limited processing speed or low
generation quality. We directly use a lightweight encoder-
decoder, ensuring faster speeds. To tackle the problem of
lower image quality typically generated by lighter models,
we present GarFast, a simplified, parser-free framework that
optimizes the same lightweight network through a two-stage
transformation of real data roles (from input to supervision),
thereby greatly promoting model convergence. Specifically,
first, we propose a correction strategy to prevent the diffi-
culty of convergence caused by the lack of ground truth in
the first stage. Second, we propose a fine-grained domain
consistency to ensure that the results generated in the un-
supervised first stage are highly realistic clothed human im-
ages. Finally, we propose a skin-variant refinement loss and a
skinMix regularization to amplify texture differences and en-
hance the realism of skin-variant regions, thereby improving
the quality of the generated skin. Extensive experiments thor-
oughly demonstrate that our method achieves high resolution,
near real-time performance, and superior reconstruction qual-
ity compared to state-of-the-art approaches, with processing
times of less than 0.03 seconds on an Nvidia A100.

Introduction

Garment transfer tasks aim to realistically put garment items
from in-store garment images onto the person in user photos.
The widespread demand for online garment try-ons within
the apparel industry has garnered significant attention, un-
derscoring its immense potential commercial value. Given a
target garment image and an image of a person wearing that
garment, this task requires learning to transfer any garment
using only these two images. To address this, parser-based
methods are proposed, which pre-train a human parser to
segment (remove) the garment region from the person’s im-
age, and then inpaint (reconstruct) this region with the tar-
get garment for the rest of the person’s image through self-
supervised training (Yang et al. 2020; Ge et al. 2021a; Yang,
Yu, and Liu 2022; Xie et al. 2023).
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Figure 1: Comparison of prevalent garment transfer ap-
proaches. Within the same person domain X, given a gar-
ment and an original (real) person wearing this garment: (a)
Knowledge distillation first trains a teacher network T* to
translate a person’s representation (e.g. human paring) into a
fake person wearing any garment. Then, a student network G
is trained to reverse this translation back to the original per-
son. (b) Vanilla cycle consistency uses two networks, G; and
G-, to translate the person’s representation into the fake per-
son sequentially and then from the fake person’s represen-
tation back to the original person. (¢) Our proposed method
is a faster, simplified pipeline that translates the real person
to the fake person and back using only one network, G. The
top right plot is another comparison demonstrating that our
approach can achieve excellent image realism in near real-
time. Loss 1 and Loss 2 are different consistency losses.

However, it has been demonstrated that even slightly in-
accurate segmentation (e.g., human parsing) can lead to
highly unrealistic garment transfer outcomes (Issenhuth,
Mary, and Calauzenes 2020; Ge et al. 2021b). Therefore,
using pseudo-labels (fake garment transfer results with ar-
bitrary garments generated by the classic work (Yang et al.
2020; Bai et al. 2022; Yang, Yu, and Liu 2022; Li, Zhang,
and Forsyth 2023)) with minimal errors as a substitute for
human parsing has become a more effective method. To
this end, a parser-free pipeline, knowledge distillation (Is-
senhuth, Mary, and Calauzenes 2020; Ge et al. 2021b; He,
Song, and Xiang 2022), is proposed (see Figure 1 (a)), which
involves pre-training a teacher network to provide a student



network with the required prior knowledge (pseudo-labels)
for fully supervised learning. However, since the teacher
network is pre-trained based on human parsing representa-
tions, the pseudo-labels it provides for the student network
inevitably contain some irresponsible knowledge (Ge et al.
2021b), which indirectly limits the student network’s perfor-
mance by constraining it to the teacher’s knowledge.

Recently, another pipeline for garment transfer based on
cycle consistency (Zhu et al. 2017) was proposed (Ge et al.
2021a) (Figure 1 (b)). This pipeline consists of two net-
works: Network 1 provides pseudo-labels to Network 2,
while Network 2 reconstructs the input of Network 1 to
maintain consistency. However, to ensure convergence, this
method still relies on the parser and uses additional, poten-
tially unreliable, consistency loss to supervise the first net-
work. Although an upgraded version (Du et al. 2024) re-
moves the parser at the input stage, it introduces pseudo-
labels as ground truth at the supervision stage. As expected,
using flawed pseudo-labels for supervision leads to inaccu-
rate training guidance for garment transfer. Additionally, this
dual-network architecture slows down both training and in-
ference speeds (see Table 2).

To tackle the aforementioned issues, we present a new
parser-free method with only one model, GarFast (see Fig-
ure 1 (c)), which operates at high resolution and delivers su-
perior quality compared to current state-of-the-art optimiza-
tion methods. GarFast is well-suited for interactive applica-
tions due to its use of a single lightweight encoder-decoder
during both training and inference, ensuring faster process-
ing speeds. However, there is a common trade-off: the lighter
the network, the poorer the quality of the results tends to
be. To counteract this, GarFast optimizes the same weight-
shared lightweight network through a two-stage transforma-
tion involving real data roles, shifting from input in the first
stage to supervision in the second stage. In essence, by col-
laboratively optimizing the same network across two stages,
we can significantly enhance the effective convergence of
the model.

Specifically, to prevent the difficulty of convergence
caused by the lack of ground truth in the first stage, we
propose a correction strategy in the early stage of train-
ing, which guides the network towards high-quality iden-
tity consistency by distinguishing and then mixing identity-
invariant and variant regions during garment transfer. To
ensure that the results generated in the unsupervised first
stage are highly realistic human images (see Figure 8 (D)),
we propose a fine-grained domain consistency, which nar-
rows the domain (distribution) gap between each pixel of
the generated results in the first stage and that of real im-
ages through pixel-level supervision. To improve the quality
of generated skin, we propose a skin-variant refinement
loss. Specifically, since the target garments in the two stages
are different, the textures of the regions where the shapes of
the two garments differ must also be different. For exam-
ple, if this region has a skin texture in the first stage, it must
have a garment texture in the second stage, and vice versa
(see Figure 3). Therefore, we introduce this loss to amplify
the texture difference in this region between the two stages.
In addition, we propose a skinMix regularization to em-
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phasize the optimization of skin-variant regions by utilizing
a weight-shared discriminator. This technique increases the
discriminator’s sensitivity to skin by mixing the skin regions
of generated images with other regions of real images.

In general, the contributions of this work are as follows:

* We introduce a novel two-stage, parser-free framework
for garment transfer named GarFast, which quickly gen-
erates realistic try-on results, offering a new perspective.

* We propose a correction strategy to prevent the difficulty
of convergence caused by the lack of ground truth in the
first stage.

* We propose a fine-grained domain consistency to ensure
that the results generated in the unsupervised first stage
are highly realistic human images.

* We propose a skin-variant refinement loss to amplify the
texture difference of skin-variant regions, thereby im-
proving the quality of the generated skin.

* We propose a skinMix regularization to emphasize the
optimization of skin-variant regions towards realism by
utilizing a weight-shared discriminator.

Proposed Approach

Problem Formulation.
RH xXW x3

Given a specific person image p €
and a target garment image g,,, € RZ*W>3 the
garment transfer aims to make the person p put on the gar-
ment g,,,. In other words, it involves generating the desired
virtual garment try-on outcome t,,, € R7*WX3 where p
is wearing g,,,. H, W, and 3 denote the height, width, and
number of channels of the image, respectively.

WK .

Let Dyrain = {(g°,p%) }i:1 be a training dataset, where
K indicates the total quantity of sample sets. The char-
acteristic of Dy,.qin is that g and p* are paired, mean-

ing p* is wearing ¢*; furthermore, D;,.q;,, does not include
p® wearing any other garment due to collecting them is
labor-intensive. However, during the actual inference stage,
the target garment image g,,, given for p* is random, that
is, they are unpaired. Therefore, learning garment transfer
through paired (g, p) samples is challenging.

To address this issue, previous works proposed two ap-
proaches: 1) Knowledge distillation pipeline (Issenhuth,
Mary, and Calauzenes 2020; Ge et al. 2021b; He, Song, and
Xiang 2022), which constructs a new dataset with triplets
{(g,tun),p} to training the student network to reconstruct
p from (g, tyn). tu, represents p wearing arbitrary garment
Jun, Which is generated by the teacher model based on other
ready-made works. 2) Cycle consistency pipeline, its pro-
cess is essentially similar to knowledge distillation, with
the difference being that its ¢,,, is synchronously gener-
ated during the training of the main network. Although both
methods are easy to implement, ¢,,,, has become their bot-
tleneck due to some irresponsible prior knowledge in the
teacher network and the lack of effective supervision for
tun. In this paper, we will show that we can train a
high-performance garment transfer network with only
triplets {g, gun,p}, where p serves both as input and
ground truth.



B Fake -
Person t

vision

Fake / Real

Warped Real
Garment g,,] Person p

juswdUSY

L) 4
Real = S Fake Fake Warped
Person p Person t,, Person t,, | Garment g

JuBLIBA-UD|S € ="

" a Discriminator Synthesis Network

Garment Person
Image Image

¥

Try-on
Fake / Real Fake / Real

Correction Strategy 4 Training # Inference —> Data Flow <-» Supervision

Figure 2: Overview architecture of our GarFast, containing a generator G and two ResUnet-discriminators D ;. and Dpize;.

On the far right is the inference process of the generator G.

Pre-processing

Garment Warping. The target garment g/ g,,,, needs to be
warped naturally to visually align with the corresponding
regions of the reference person p. We directly adopt off-the-
shelf warping network W (He, Song, and Xiang 2022; Xie
et al. 2023) to generates the warped garment §/ g,

f/fun :W(p,g/gun), 9/ Gun :B(g/gunvf/fun)a (H

where B(-,-) denotes the bi-linear interpolation based on
generated deformation field f /f,,, € R¥*Wx2,

Mask Generation. We utilize the deformation field f /f,,
to warp the garment mask {1y, 1t}

,EL = B(va)a /:Lun = B(N’unyfun)-

Proposed Fast Framework

@

As illustrated in Figure 2, our framework consists of a
weight-shared generator G, a weight-shared discriminator
Dpizel> and another discriminator D ;.

Generator. Given the pair (p, §), and assuming an any gar-
ment try-on result £,,,, of the person image p, our generator
G synthesizes the try-on result ¢ = G (tyn, ), where ¢ is
the reconstruction result for p, minimizing the difference be-
tween ¢ and p can optimize generator G. However, it poses a
problem: how to obtain ¢,,,,?

Discriminator. Our discriminators Dy;;¢; and D ¢4y, con-
sists of ResUnet (Diakogiannis et al. 2020). Each discrimi-
nator outputs a W x H x 1 dimensional prediction proba-
bility, encoding whether a pixel is from a real or generated
data distribution.

Garment Transfer Result Synthesis

In this section, based on the previous cycle structure (Ge
et al. 2021a; Du et al. 2024), we propose a novel concept:
”provide for oneself what one needs.” Specifically, we
abandon all auxiliary networks that may introduce irrespon-
sible knowledge and incorrect training guidance. Instead, we
rely solely on ourselves to provide everything we need.
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Improved Two-stage Constraints. To obtain G through
fully supervised learning, the cycle structure is divided into
two stages. Thus, ¢ = G (tun, §) is transformed into:

tyn = g(p, gun)y t= g(tun7g)a

first stage

unlike the method (Du et al. 2024), where ty,, := sg[tun]
(stop-gradient operation) to prevent that G is free to ignore
the garment condition §,,, by finding a solution satisfying:

Pg(p‘gun) = Pg(p), €]

where Pg(x) is generator distribution. There should be high
mutual information between §,, and the generator distri-
bution G(p, Gun). Thus I(Gun;G(p, jun)) should be high
(Chen et al. 2016). In other words, ignoring g,,,, can wrongly
merge the two stages into one, as the input is p and the output
needs to reconstruct p. Therefore, if this combination is not
disrupted using sg[], Gun will be disregarded by G, causing
the correlation between §,,,, and t,,, to disappear.

However, the first stage of G lacks supervision during the
early training stages, leading to low-quality inputs for the
second stage. This can result in inefficient convergence or
even cause G to get stuck in local optima.

3)

second stage

Correction Strategy. To facilitate high-efficiency conver-
gence while preserving identity-invariant information (e.g.,
head, hands) of p as much as possible, we introduce a cor-
rection strategy for G during the early training stage to pre-
vent falling into local optima. Thus, ¢, in Equation (3) is
transformed into:

; sg[tun] , ifk > Ej, s

un {Sid O p+ (1= S;q) ® sgltun], otherwise, ©)
where k is the current number of training epochs. Ej, de-
notes early training iterations. © denotes element-wise mul-
tiplication, S;q € {0, 1}7*Wx1 is the identity-invariant se-
mantic map (a semantic layer combination that includes ar-
eas such as the head, legs, etc.) of p, which is from an off-
the-shelf semantic segmentation model (Gong et al. 2018).

Training Objectives
Given the triplet {§, §un,p}, we train our framework using
the following objectives.



Figure 3: A randomized case of variable skin area M, be-
tween ¢/p and t,,.

Adversarial Objective. To make the generated image in-
distinguishable from the real one, we propose two pixel-
level adversarial losses to optimize G.

e Fine-grained Domain Consistency. Since the first
stage lacks ground truth, we employ a ResUNet discrimina-
tor D ;e (Sushko et al. 2022), which outputs a W x H x 1
dimensional prediction probability for input pair (t,.,,p).
This encourages the per-pixel distribution of the output im-
ages t,, to align with that of real images p.

H W
£Dfine = Ep[ZZIOnglne (p>i,j,1i| (6)
v

H W
+ B [ Y _ log (1_Dfi"€(t“”)>i,j&]’
J ,

1

This objective can forcefully ensure that the output do-
main of G belongs to the real image. However, this is limited
for the second stage, L p ine can only ensure that the output
tun 18 a “person”, but the specific appearance (content and
structure) of the ¢,,,, cannot be supervised.

o Pixel-level SkinMix Regularization. To address this,
we employ another weight-shared ResUnet discriminator
Dypizer to regularize G. Given a pair (¢,p), Dpizer also out-
puts a W x H x 1 dimensional tensor. The difference is that
this encourages the per-pixel class of the output images ¢ to
align with that of p. As shown in Figure 3, as the garment
changes, the color and texture in the variant area M, of
t and t,,,, are different; however, using t,,, as input to gen-
erate ¢ will result in similar appearance in the region M,
because it is more beneficial for convergence.

To encourage Dpize; to sensitively focus on this differ-
ence, we propose a SkinMix regularization. First, the warped
garment mask {/i,n, /i} are used to locate variant skin area

Mvar = /lun © (]- - ﬂ)v (7)

where M., € {0, 1}#*Wx1 g a binary mask. ® denotes
element-wise multiplication. Then, M, is used to mix the
pair (¢, p): SkinMix(p, t, Myar) = Myar ©p+ (1= Myar ) ©
t. Afterwards, we further train Dy, to be equivariant under
the SkinMix operation, which is achieved by

EDpizel = ‘)Dpimel <Sk1nM1X (pa t? Mvar))
— SkinMix (Dpixel (p) ) Dpiwel (t) ) Mvar) ‘2
+ HDPM (SkinMix(t, P, MW))

— SkinMix (Dpi:tel (t) 5 Dpiacel (p) ) MU(”’) HQ .

®)

2774

where ||||, denotes £> norm. This objective is more sensitive
to changes in skin areas using two mixing approaches.

Perceptual-level Skin-variant Refinement. To further
enable G to distinguish and amplify the differences in
color and texture within the region M,,,, we propose a
perceptual-level skin-variant refinement loss to explicitly
regularize G to refine skin area M, of ¢:

Lovr = Etpgun [HMvar(t—sg[g (#.3un))) } ©)

where sg[] is the stop-gradient operation. |||, denotes
perceptual loss (Johnson, Alahi, and Fei-Fei 2016). Maxi-
mizing this term forces G to amplify the appearance differ-
ences between ¢ and t,,,, in area M.

per

Retaining Source Appearances. To guarantee that the
transfer result G(p, jun) effectively retains the identity-
invariant characteristics (e.g., head, hands) of the input im-
age p, we employ the cycle consistency loss (Zhu et al. 2017)

Leve = Epguns [Hp = G(G (1 dun) 9)], /pej . a0

where ||| /., denotes £, norm and perceptual loss. By en-
couraging G to reconstruct p with the warped garment §, G
learns to retain the original characteristics of p while accu-
rately changing its garment faithfully.

Full Objective. The full objective functions to optimize G,
,Dpiwel, and Dfine as:
ngiIl A1Achine + AQEDpizel + )\BACcyc

max
Dpizel;Dfine

*)\4‘651;7“7

where A1, A2, A3, and A4 are hyper-parameters controlling
relative importance between different losses.

(1)

Experiments

Datasets. Our experiments use VITON (Han et al. 2018),
VITON-HD (Choi et al. 2021), and DressCode (Morelli
et al. 2022), which are three challenging datasets in virtual
garment try-on. VITON consists of 16,253 image groups
with a resolution of 256 x 192. Each group includes a
frontal-view woman image, a top garment image, a seman-
tic map, and a pose heatmap. VITON is split into a training
set with 14,221 groups and a testing set with 2,032 groups.
VITON-HD is a high-resolution dataset with a resolution of
512 x 384. It comprises 13,679 image groups and is split
into a training set with 11,647 groups and a testing set with
2,032 groups. DressCode is another high-resolution dataset
with a resolution of 512 x 384. It comprises 15,363 image
groups and is split into a training set with 12,863 groups and
a testing set with 2,500 groups.

Implementation Details. All experiments are performed
on a single NVIDIA V100 GPU through PyTorch. By de-
fault, we set the batch size to 32 for training over 200 epochs.
We utilize the AdamW optimizer (Loshchilov and Hutter
2017) with parameters 51 = 0.5 and 2 = 0.999. The initial
learning rate is set to e~ and linearly decays to 0 after 100
epochs. The hyper-parameters are set as: E; = 100; in the
loss function, Ay = 0.5, Ao = 0.5, A\3 = 5, and A\, = 1.
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Figure 4: Qualitative results with different baseline methods on the VITON dataset. Red boxes represent defects.

Methods Publication Parser-free SSIM 1 FID |
VITON CVPR’18 X 0.74 55.71
CP-VTON ECCV’18 X 0.72 2445
VTNFP ICCV’19 X 0.80 n/a

Cloth-flow CVPR’19 X 0.84 14.43
CP-VTON+ CVPRW’20 X 0.75 21.04
SieveNet WACV’20 X 0.77 n/a

ACGPN CVPR’20 X 0.84 16.64
LM-VTON AAAT21 X 0.85 17.18
DCTON CVPR’21 X 0.83 14.82
ZFlow ICCV’21 X 0.88 15.17
OVNet CVPR’21 X 0.85 15.78
PF-AFN CVPR’21 v 0.89 10.21
RT-VTON CVPR’22 X n/a 11.66
DAFlow ECCV’22 X 0.88 12.05
Dress Code CVPR’22 X 0.89 13.71
CIT TMM’23 X 0.83 13.97
PL-VTON TMM’23 X 0.87 10.96
POVNet TPAMI’23 X 0.89 13.37
USC-PFN NeurIPS’23 v 091 1047
LDM-based This Work v 090 9.93

GarFast (Ours) This Work v 093 9.39

Table 1: Quantitative comparisons on the VITON dataset.
“Parser-free” denotes whether the parser is used during in-
ference. Bold denotes the best result.

Quantitative Evaluation Metrics To facilitate quantita-
tive evaluation, we set up evaluation metrics as follows.

e Structural Similarity. We take paired (p,g) in the
testing set as inputs, then we employ Structure Similarity
(SSIM) (Seshadrinathan and Bovik 2008) and Learned Per-
ceptual Image Patch Similarity (LPIPS) (Zhang et al. 2018)
to evaluate the structural and perceptual similarity between
real and generated images in terms of brightness, contrast,
and structure.

e Distribution Discrepancy. We take unpaired (p, gu»)
in the testing set as inputs, then we use Fréchet Inception
Distance (FID) (Heusel et al. 2017) and Kernel Inception
Distance (KID) (Binkowski et al. 2018) to measure distribu-
tion discrepancy between real and generated images.

Baseline Methods. To conduct qualitative experiments,
we employ 29 state-of-the-art methods, including VITON
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Methods Parser #Params FLOPs FPS
DCI-VTON v

Anydoor v >900M >>800G < 0.4
StableVTON v

DCTON v 153.0M 194.0G 78
PF-AFN X 43.90M 87.80G 126
Style-Flow X 4390M 87.80G 126
USC-PFN X 69.86M 92.19G 122
GarFast (Ours) X 10.98M 22.27G 147

Table 2: Computational complexity analysis on VITON.

(Han et al. 2018), CP-VTON (Wang et al. 2018), Cloth-flow
(Han et al. 2019), CP-VTON+ (Minar et al. 2020), SieveNet
(Jandial et al. 2020), VINFP (Yu, Wang, and Xie 2019),
ACGPN (Yang et al. 2020), DCTON (Ge et al. 2021a), PF-
AFN (Ge et al. 2021b), ZFlow (Chopra et al. 2021), OVNet
(Li et al. 2021), LM-VTON (Liu et al. 2021), DAFlow (Bai
et al. 2022), Style-Flow (He, Song, and Xiang 2022), RT-
VTON (Yang, Yu, and Liu 2022), Dress Code (Morelli et al.
2022), VITON-HD (Choi et al. 2021), HR-VITON (Lee
et al. 2022), CIT (Ren et al. 2023), PL-VTON (Zhang et al.
2023), POVNet (Li, Zhang, and Forsyth 2023), GP-VTON
(Xie et al. 2023), USC-PFN (Du et al. 2024), and diffu-
sion models LaDI-VTON (Morelli et al. 2023), PbE (Yang
et al. 2023), DCI-VTON (Gou et al. 2023), StableVITON
(Kim et al. 2024), OOTDiffusion (Xu et al. 2024), and Any-
door (Chen et al. 2024), as baseline methods for quantitative
evaluation and select several publicly available methods for
qualitative evaluation.

Comparison with SOTA Methods

Qualitative Results. The qualitative comparison with
GAN-based methods, diffusion-based methods, and ours is
shown in Figures 4 and 5. It can be observed that after com-
pleting the garment transfer, all methods exhibit errors to
varying degrees in the skin and garment regions. Among
them, GAN-based methods such as GP-VTON (Xie et al.
2023) may produce incorrect garment appearance fusion and
unnatural skin generation, which is due to their lack of pixel-
level distribution supervision for the garment try-on results.
Diffusion-based methods can generate realistic human fig-
ures, but they struggle to faithfully reconstruct the shape



Train / Test .. VITON-HD DressCode Upper .
Publication Time (s) |
Methods SSIM 1 LPIPS | FID | KID | SSIM 1 LPIPS | FID | KID |
VITON-HD (Choi et al. 2021) CVPR’21 0862 0.117 12.117 3.23 n/a n/a n/a n/a 0.17
HR-VITON (Lee et al. 2022) ECCV’22 0.878 0.105 11.265 2.73 0936 0.065 13.82 2.71 0.13
GP-VTON (Xie et al. 2023) CVPR’23 0.884 0.081 9.701 1.26 0.769 0.270 20.11 8.17 0.05
LaDI-VTON (Morelli et al. 2023) MM’23  0.864 0.096 9.480 1.99 0.915 0.063 14.26 3.33 11.31
PbE (Yang et al. 2023) CVPR’23 0.802 0.143 11.939 385 0.897 0.078 1533 4.64 6.13
DCI-VTON (Gou et al. 2023) MM’23  0.880 0.080 8.754 1.10 0937 0.042 11.92 1.89 5.90
StableVITON (Kim et al. 2024) CVPR’24 0.864 0.084 9465 140 0911 0.050 11.27 0.72 14.17
Anydoor (Chen et al. 2024) CVPR’24 0.821 0.099 10.850 246 0.899 0.119 14.83 3.05 n/a
GarFast (Ours) This Work 0.908 0.070 9.640 1.21 0.949 0.036 12.01 1.13 =0.02

Table 3: Quantitative comparisons on the VITON-HD and DressCode datasets. For LPIPS, FID, and KID, the lower the better.

For SSIM, the higher the better. Underline represents second best.

USC-PFN GP-VTON Ours

Input

Style-Flow

(a) GAN-Based Baseline Methods

Input

DCI-VTON

StableVITON OOTDiffusion

(b) Diffusion-Based Baseline Methods

Figure 5: Qualitative results with different baseline methods on the VITON-HD dataset.

Methods SSIM 1 FID |
(A) Baseline 0.47 106.79
(B) + Correction Strategy 0.89  10.78
(C) + Skin-variant Refinement 0.90 10.26

0.92
0.93

9.66
9.39

(D) + Fine-grained Domain Consistency
(E) + SkinMix Regularization

Table 4: Ablation results. Performance of various configura-
tions on VITON. Baseline is only a two-stage architecture.

and detailed features of the garment. For example, StableV-
TON (Kim et al. 2024), which relies solely on empirical
and coarse-grained garment information for guidance, of-
ten results in generated outcomes that do not match the ap-
pearance of the target garment. In contrast, our method can
preserve identity information well and generate more real-
istic skin and garment areas. This is because the correction
strategy, fine-grained domain consistency, and the two-stage
structure can preserve and generate details as much as pos-
sible during the early stages of training. Additionally, due to
the proposed skin-variant refinement and the skinMix regu-
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larization, our method handles the skin parts well in complex
poses. These results indicate that our method produces more
realistic results compared to the baseline method.

Quantitative Results. We conduct quantitative experi-
ments on the VITON, VITON-HD, and DressCode datasets,
comparing our method with GAN-based methods and
diffusion-based methods. As shown in Tables 1 and 3,
it can be observed that our model performs the best on
these datasets, outperforming the state-of-the-art GAN-
based method, GP-VTON (Xie et al. 2023) and USC-PEN
(Du et al. 2024), and the state-of-the-art diffusion-based
method PbE (Yang et al. 2023) and Anydoor (Chen et al.
2024). However, in terms of FID and KID metrics, our per-
formance is slightly inferior to DCI-VTON (Gou et al. 2023)
and StableVTON (Kim et al. 2024). This is due to the in-
herently powerful image generation capabilities of diffu-
sion models, which can guarantee extremely low FID and
KID scores. Nevertheless, our method outperforms all other
GAN-based methods in terms of SSIM and LPIPS, thanks
to its robust ability to preserve identity information.
Furthermore, to compare the preservation capabilities of
identity information and skin-invariant regions, we sepa-



Figure 6: Ablation studies of correction strategy.

rately calculated the SSIM, LPIPS, and single-image infer-
ence speed for paired and unpaired images between DCI-
VTON and StableVTON. The results are shown in Figure 7.
The results demonstrate that compared to SOTA diffusion-
based methods, our approach can preserve human identity
information and skin-invariant regions to the greatest extent,
while achieving the fastest speed close to real-time.

Computational Complexity Analysis. To validate that
our approach can maintain high performance while keep-
ing computational complexity low, we compare parameters
(#Params), floating-point operations (FLOPs), and FPS
(same configuration) with state-of-the-art three diffusion-
based methods (Gou et al. 2023; Chen et al. 2024; Kim et al.
2024) and four GAN-based methods based on knowledge
distillation (Ge et al. 2021b; He, Song, and Xiang 2022) and
cycle consistency (Ge et al. 2021a; Du et al. 2024). Table
2 shows that our model has lower complexity and higher
inference speed compared to them because we employ a
lightweight ResUnet (Diakogiannis et al. 2020) as the back-
bone. Furthermore, our network achieves higher quality with
lower complexity due to the use of our proposed two-stage
architecture and optimization strategies.

Ablation Studies

Effectiveness of Correction Strategy. Figure 6 illustrates
the need that using the correction strategy can help the two-
stage framework converge efficiently in the training period.
When the correction strategy is removed, the FID repre-
sented by the blue line barely changes from start to end.
However, with the addition of it, the network can reduce
the FID to about 32 initially and then gradually optimize the
model effectively through training iterations. Table 4, entries
(A) and (B), confirm its positive contribution.

Effectiveness of Skin-variant Refinement. Figure 8 and
Table 4 (C) show that the proposed skin-variant refinement
can improve the quality of the generated skin and amplify
the texture difference of skin-variant regions. The improved
skin quality around the neck in Figure 8 (C) highlights the
enhancement brought about by this component.

Effectiveness of Fine-grained Domain Consistency.
Figure 8 and Table 4 (D) show that the fine-grained domain
consistency can bring the distribution of each pixel in the re-
sults generated in the first stage closer to that of real images.
Therefore, the arms in the figure are disturbed by the origi-
nal garment after removing this component, resulting in the
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generation of very fake and redundant skin areas.

Effectiveness of SkinMix Regularization. Figure 8 and
Table 4 (E) show that directly applying the skinMix regular-
ization helps the optimization of skin-variant regions. It can
be observed that when this component is removed, although
the skin of the arms resembles skin in texture, its black color
differs from that of the hands, which is a result of the in-
fluence of the original clothing. The score (E) in Table 4
highlights the improvements brought by this term.

Conclusion and Limitations

In this work, we introduce a new GarFast for garment trans-
fer. Unlike previous approaches, we were able to achieve
high quality and high resolution that outperforms other gen-
erative network-based methods but still work in near real-
time. we propose a correction strategy to prevent the dif-
ficulty of convergence caused by the lack of supervision
in two-stage structures. Second, we propose a fine-grained
domain consistency to ensure that the results generated in
the unsupervised first stage are highly realistic clothed hu-
man images. Finally, we propose a skin-variant refinement
loss and a skinMix regularization to amplify the texture
difference and improve the realism of skin-variant regions,
thereby improving the quality of the generated skin.
However, there is still an unavoidable limitation present in
datasets. The most significant issue arises from the fact that
the existing datasets are acquired from the same website and
are limited in quantity. In the real world, users often come
from various regions, with diverse skin tones, but collect-
ing this is labor-intensive. Therefore, effectively improving
network performance from limited samples is a challenge.
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