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1. Architecture Details
1.1. Local-Flow Global-Parsing Warping Module

Our Local-Flow Global-Parsing Warping Module is
composed of two Feature Pyramid Network (FPN) [10]
(i.e., & and &;) and a cascade flow estimation module
which consists of five LEGP blocks. We provide the de-
tailed architecture of the FPN and the LFGP block in Tab. 1
and Tab. 2, respectively. Note, for &,, it takes as inputs a 25-
channel densepose [5], a 25-channel 2D pose map [2], and
a 1-channel preserved mask, resulting in a 51-channel input
tensor. For &g, it takes as inputs a 3-channel garment image
and a 1-channel garment parsing, resulting in a 4-channel
input tensor. For the LFGP block, we take the block with
lowest resolution as example, which receives the incoming
feature with the resolution 16 x 12, and outputs the local
flow with resolution 16 x 12 and garment parsing with the
resolution 32 x 24.

1.2. Generator

Our try-on generator G inherits the Res-UNet [ 12] archi-
tecture. We provide the architecture details in Tab. 3. Note,
the output of G is a 4-channel tensor, which is further split
into a 3-channel coarse try-on result I, and a 1-channel al-
pha mask M.. The final try-on result I’ is obtained by using
M. to fuse I/, and the warped garment G’, which can be for-
mulated as:

I'=G' oM. +1I.6 (1 - M,.). (1)

2. Experiments Details
2.1. Loss Functions

During training, we train the LFGP warping module and
the generator separately. For the LFGP warping module, we
calculate the [ loss £; and perceptual loss [7] L, between
the local warped parts {G’*}3_, and their corresponding
ground truth {G¥,}?_,, which can be formulated as:

3
£ =3 16" - G, @
k=1

3 5
['perc = Z Z )‘j ||¢](G/k) - ¢j (Glgt) H] ’ €)
k=1 j=1
where ¢,;(x) denotes the j-th feature map in a pre-trained
VGG network [13]. We also utilize the /1 loss £, for the
local warped masks, and the pixel-wise cross-entropy loss
L. and the adversarial loss L4, for the global garment
parsing. Besides, we follow PFAFN [4] and employ the
second-order smooth loss L. on the local flows { f k %:1.
The total loss for the LFGP module can be formulated as:
LY =LY + N0 Lo+ v LY

per~per

w  w 4)
+ Ace‘cce + )\adq; adv + Asecﬁseca
where )\;";er AR5 Aces Ay, and Mg are the trade-off hyper-

parameters, which are set to 0.2, 2.0, 0.5, 0.1, and 6.0, re-
spectively.

For the generator, we utilize [; loss L1, the perceptual
loss [7] Lper, and the adversarial loss for the try-on result
I’, and also utilize the I; loss L., for the alpha mask M...
The total loss is defined as follows:

L9=0L9  + /\%lﬁﬁ + X L9

per adv’™~ adv

+ A2 LY 5)

m=~"m>

where A7 , A9, and \J, are the hyper-parameters, which

are set to 5.0, 0.5, and 5.0, respectively.
2.2. Implementation Details

The training process for both dataset are the same, which
include a two-stage training procedure and are trained on 8
Tesla V100 GPUs. During training LFGP warping module,
the batch size is set to 2 for each GPU and the model is
trained for 120 epochs with learning rate Se-5, in which the
DGT strategy is only employed for the last 50 epochs. Dur-
ing training the generator, the batch size is set to 16 for each
GPU and the model is trained for 200 epochs with learn-
ing rate 5e-4. Both LFGP warping module and the gen-
erator employ the Adam optimizer [8] with 5; = 0.5 and
B2 = 0.999.

2.3. Human Evaluation Details

For human evaluation, we separately design two ques-
tionnaires for the VITON-HD dataset [3], and DressCode
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dataset [11]. Specifically, for the VITON-HD dataset, 40
volunteers are invited to complete the questionnaire which
is composed of 25 assignments. For the DressCode dataset,
20 volunteers are invited to complete the questionnaire
which contains 15 assignments for each garment category
(i.e., upper-, lower-garment, dresses), namely, 45 assign-
ments in total. For each assignment in the questionnaire,
given a person image and a garment image, the volunteers
are asked to select the most realistic and accurate try-on
result out of five options, which are generated by out GP-
VTON and the baseline methods (i.e., PF-AFN [4], FS-
VTON [6], HRVITON [9], SDAFN [1]). Besides, the order
of the generated results in each assignment are randomly
shuffled. Fig. 2 shows the interface of the questionnaire for
the VITON-HD dataset. The interface for the DressCode
dataset is identical. Please refer to Sec.4.2 in the main text
for the detailed quantitative results of the human evaluation.

3. Additional Results

Visual Comparisons with SOTAs on VITON-HD
dataset [3]. Fig. 3 displays additional visual comparisons
among GP-VTON and the baseline methods on the VITON-
HD dataset.

Visual Comparisons with SOTAs on DressCode
dataset [11]. Fig. 4, Fig. 5, and Fig. 6 display additional
visual comparisons among GP-VTON and the baseline
methods on the upper, lower and dresses subset of the
DressCode dataset, respectively.

Virtual Try-on for FIFA World Cup Qatar 2022. We
also test our GP-VTON in the jersey try-on scenario for
FIFA World Cup Qatar 2022, where the garment images
are jerseys from different countries that we can acquire in
the Internet, and the person image are from the VITON-HD
dataset [3]. Please refer to Fig. 7 for the visual results.

4. Potential Social Impacts and Limitations

Potential social impacts. As with most generative models,
our GP-VTON might be applied to malicious image manip-
ulations, such as transferring weird garment onto specific
person without permission. Nevertheless, such negative im-
pact could be alleviated via forensics analysis and other ma-
nipulation detection methods.

Limitations. Since our GP-VTON conducts local warping
for different garment parts individually, it would fail to ob-
tain accurate warped result when the input in-shop garment
is incomplete. As shown in Fig. 1 (A), the right sleeve of
the input garment is invisible, GP-VTON fails to generate
compelling result in the arm region. Besides, GP-VTON is
unable to address the parsing error. As show in Fig. 1 (B),
the wrong human parsing result of the lower body leads to
the incorrect preserved region, which further influences the
shape of the warped garment and the visual quality of the

Person Garment GP-VTON Person Garment GP-VTON
L = & Q
= ¥
) / ‘ §: e '
| = || :
Person Garment Hun}an Prese.rved GP-VTON
Parsing Region

% m

Figure 1. Failure cases of our GP-VTON. Please zoom in for more
details.

try-on results. To alleviate the influence of the parsing error,
we could resort to the knowledge distillation mechanism,
which is commonly used in [4, 6], to obtain a parsing-free
model.
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Figure 2. Interface of the questionnaire used to evaluate the final try-on results on the VITON-HD dataset [3].
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Ep (&g)
Layer Operation Output Size
Input - (512,384,51(4))
Conv 1-1 InstanceNorm, ReLU, Conv2d 3x3 (256,192,64)
Res 1-1 Residual Block (InstanceNorm, ReLU, Conv2d 3 x3) (256,192,64)
Res 1-2 Residual Block (InstanceNorm, ReLLU, Conv2d 3x3) (256,192,64)
Conv 2-1 InstanceNorm, ReLLU, Conv2d 3x3 (128,96,128)
Res 2-1 Residual Block (InstanceNorm, ReLU, Conv2d 3x3) (128,96,128)
Res 2-2 Residual Block (InstanceNorm, ReLLU, Conv2d 3x3) (128,96,128)
Feature Encoder Conv 3-1 InstanceNorm, ReLLU, Conv2d 3x3 (64,48,256)
Res 3-1 Residual Block (InstanceNorm, ReLU, Conv2d 3x3) (64,48,256)
Res 3-2 Residual Block (InstanceNorm, ReLLU, Conv2d 3x3) (64,48,256)
Conv 4-1 InstanceNorm, ReLLU, Conv2d 3x3 (32,24,256)
Res 4-1 Residual Block (InstanceNorm, ReLLU, Conv2d 3 x3) (32,24,256)
Res 4-2 Residual Block (InstanceNorm, ReLU, Conv2d 3x3) (32,24,256)
Conv 5-1 InstanceNorm, ReLU, Conv2d 3x3 (16,12,256)
Res 5-1 Residual Block (InstanceNorm, ReLLU, Conv2d 3x3) (16,12,256)
Res 5-2 Residual Block (InstanceNorm, ReLLU, Conv2d 3x3) (16,12,256)
Conv 6-1 Conv2d 1x1 (16,12,256)
Conv 6-2 Conv2d 3x3 (16,12,256)
Upsample 7-1 Interpolation(scale-factor=2) (32,24,256)
Skip Connection 7-1 | Skip Connection from Res 4-2 (Conv2d 1x 1, Addition) (32,24,256)
Conv 7-1 Conv2d 3x3 (32,24,256)
Upsample 8-1 Interpolation(scale-factor=2) (64,48,256)
. Skip Connection 8-1 | Skip Connection from Res 3-2 (Conv2d 1x 1, Addition) (64,48,256)
Pyramid Encoder
Conv 8-1 Conv2d 3x3 (64,48,256)
Upsample 9-1 Interpolation(scale-factor=2) (128,96,256)
Skip Connection 9-1 | Skip Connection from Res 2-2 (Conv2d 1x 1, Addition) (128,96,256)
Conv 9-1 Conv2d 3x3 (128,96,256)

Upsample 10-1

Interpolation(scale-factor=2)

(256,128,256)

Skip Connection 10-1

Skip Connection from Res 1-2 (Conv2d 1x 1, Addition)

(256,128,256)

Conv 10-1

Conv2d 3x3

(256,128,256)

Table 1. The architecture details of the FPN (€, (&y)).
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972 1026
973 1027
974 1028
975 1029
976 1030
977 1031
978 LFGP Block 1032
979 Layer Operation Output Size 1033

1034
2:(1] Conv 1-1 | Conv2d 3x3, LeakyReLU(negative-slope=0.1) | (16,12,128) 1325
982 Left Flow Block.1 Conv 1-2 | Conv2d 3x3, LeakyReLU(negative-slope=0.1) | (16,12,64) 1036
983 Conv 1-3 | Conv2d 3x3, LeakyReLU(negative-slope=0.1) (16,12,32) 1037
984 Conv 1-4 Conv2d 3x3 (16,12,2) 1038
985 1039
986 Conv 2-1 | Conv2d 3x3, LeakyReL.U(negative-slope=0.1) | (16,12,128) 1040

Conv 2-2 | Conv2d 3x3, LeakyReLU tive-slope=0.1 16,12,64
987 Coarse Flow Block | Middle Flow Block-1 |—— onv2d 33, LeakyRel. Utnegative-slope=0.1) | ( ) 1o
988 Conv 2-3 | Conv2d 3x3, LeakyReLU(negative-slope=0.1) | (16,12,32) 1042
989 Conv 2-4 Conv2d 3x3 (16,12,2) 1043
990 1044
991 Conv 3-1 | Conv2d 3x3, LeakyReL.U(negative-slope=0.1) | (16,12,128) 1045
992 . Conv 3-2 | Conv2d 3x3, LeakyReLU(negative-slope=0.1) (16,12,64) 1046
Right Flow Block-1
993 Conv 3-3 | Conv2d 3x3, LeakyReLU(negative-slope=0.1) | (16,12,32) 1047
29 Conv 3-4 Conv2d 3x3 (16,12.2) 1048
995 1049
996 Conv 4-1 | Conv2d 3x3, LeakyReLU(negative-slope=0.1) | (16,12,128) 1050
997 Conv 4-2 | Conv2d 3x3, LeakyReL.U(negative-slope=0.1) (16,12,64) 1051
998 Left Flow Block-2 - 1052
Conv 4-3 | Conv2d 3x3, LeakyReL.U(negative-slope=0.1) (16,12,32)
999 1053
1000 Conv 4-4 Conv2d 3x3 (16,12,2) 1054
1001 Conv 5-1 | Conv2d 3x3, LeakyReLU(negative-slope=0.1) | (16,12,128) 1055
1002 Conv 5-2 | Conv2d 3x3, LeakyReLU tive-slope=0.1 16,12,64 1056
1003 Fine Flow Block | Middle Flow Block-2 |— o cakyRel. Ulnegative slope=0.1) | ( ) 1057
1004 Conv 5-3 | Conv2d 3x3, LeakyReL.U(negative-slope=0.1) (16,12,32) 1058
1005 Conv 5-4 Conv2d 3x3 (16,12,2) 1059
1006 Conv 6-1 | Conv2d 3x3, LeakyReLU(negative-slope=0.1) | (16,12,128) 1060
1007 ) Conv 6-2 | Conv2d 3x3, LeakyReLU(negative-slope=0.1) | (16,12,64) 1061
1008 nght Flow Block-2 1062
1009 Conv 6-3 | Conv2d 3x3, LeakyReL.U(negative-slope=0.1) (16,12,32) 1063
1010 Conv 6-4 Conv2d 3x3 (16,12,2) 1064
1011 . Conv 7-1 Conv2d 1x1 (32,24,256) 1065
1012 Fusion Block - 1066
Res 7-1 Residual Block (32,24,256)
1013 - 1067
1014 Global Parsing Block Conv 8-1 | Conv2d 3x3, LeakyReL.U(negative-slope=0.1) | (32,24,128) 1068
1015 Parsine Block Conv 8-2 | Conv2d 3x3, LeakyReL.U(negative-slope=0.1) (32,24,64) 1069
arsing Bloc

1016 £ Conv 8-3 | Conv2d 3x3, LeakyReLU(negative-slope=0.1) | (32,24,32) 1070
17 Conv 8-4 Conv2d 3x3, Tanh (32,24.7) 1071
1018 1072
1019 Table 2. The architecture details of the LFGP block. 1073
1020 1074
1021 1075
1022 1076
1023 1077
1024 1078
1025 1079
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g
Layer Operation Output Size
Input - (512,384,37)
Conv 1-1 Conv2d 3x3, ReLU (256,192,64)
Res 1-1 Residual Block (Conv2d 3x3, BN, ReLU, Conv2d 3x3, BN) | (256,192,64)
Res 1-2 Residual Block (Conv2d 3x3, BN, ReLU, Conv2d 3x3, BN) | (256,192,64)
Conv 2-1 Conv2d 3x3, BN, ReLLU (128,96,128)
Res 2-1 Residual Block (Conv2d 3x3, BN, ReLLU, Conv2d 3x3, BN) | (128,96,128)
Res 2-2 Residual Block (Conv2d 3x3, BN, ReLLU, Conv2d 3x3, BN) | (128,96,128)
Encoder Conv 3-1 Conv2d 3x3, BN, ReLU (64,48,256)
Res 3-1 Residual Block (Conv2d 3x3, BN, ReLLU, Conv2d 3x3, BN) (64,48,256)
Res 3-2 Residual Block (Conv2d 3 x3, BN, ReLU, Conv2d 3x3, BN) | (64,48,256)
Conv 4-1 Conv2d 3x3, BN, ReLLU (32,24,512)
Res 4-1 Residual Block (Conv2d 3x3, BN, ReLU, Conv2d 3x3, BN) | (32,24,512)
Res 4-2 Residual Block (Conv2d 3x3, BN, ReLU, Conv2d 3x3, BN) (32,24,512)
Conv 5-1 Conv2d 3x3, ReLU (16,12,512)
Res 5-1 Residual Block (Conv2d 3x3, BN, ReLLU, Conv2d 3x3, BN) (16,12,512)
Res 5-2 Residual Block (Conv2d 3x3, BN, ReLLU, Conv2d 3x3, BN) (16,12,512)
Conv 6-1 Upsample, Conv2d 3x3, BN, ReLU (32,24,512)
Res 6-1 Residual Block (Conv2d 3x3, BN, ReLU, Conv2d 3x3, BN) (32,24,512)
Res 6-2 Residual Block (Conv2d 3x3, BN, ReLLU, Conv2d 3x3, BN) (32,24,512)
Skip Connection 7-1 Skip Connection from Res 4-2 (Concatenation) (32,24,1024)
Conv 7-1 Upsample, Conv2d 3x3, BN, ReLU (64,48,256)
Res 7-1 Residual Block (Conv2d 3x3, BN, ReLLU, Conv2d 3x3, BN) (64,48,256)
Res 7-2 Residual Block (Conv2d 3x3, BN, ReLLU, Conv2d 3x3, BN) (64,48,256)
Decoder Skip Connection 8-1 Skip Connection from Res 3-2 (Concatenation) (64,48,512)
Conv 8-1 Upsample, Conv2d 3x3, BN, ReLU (128,96,128)
Res 8-1 Residual Block (Conv2d 3x3, BN, ReLU, Conv2d 3x3, BN) | (128,96,128)
Res 8-2 Residual Block (Conv2d 3x3, BN, ReLLU, Conv2d 3x3, BN) | (128,96,128)
Skip Connection 9-1 Skip Connection from Res 2-2 (Concatenation) (128,96,256)
Conv 9-1 Upsample, Conv2d 3x3, BN, ReLU (256,192,64)
Res 9-1 Residual Block (Conv2d 3x3, BN, ReLLU, Conv2d 3x3, BN) | (256,192,64)
Res 9-2 Residual Block (Conv2d 3x3, BN, ReLU, Conv2d 3x3, BN) | (256,192,64)
Skip Connection 10-1 Skip Connection from Res 1-2 (Concatenation) (256,192,128)
Conv 10-1 Upsample, Conv2d 3x3 (512,384,4)

Table 3. The architecture details of the generator G.
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