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Recognition of Multi Label Fashion Styles based on
Transfer Learning and Graph Convolution Network
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ABSTRACT

Recently, there are increasing attempts to utilize deep learning methodology in the fashion
industry. Accordingly, research dealing with various fashion-related problems have been
proposed, and superior performances have been achieved. However, the studies for fashion
style classification have not reflected the characteristics of the fashion style that one outfit
can include multiple styles simultaneously. Therefore, we aim to solve the multi-label classi—
fication problem by utilizing the dependencies between the styles. A multi-label recognition
model based on a graph convolution network is applied to detect and explore fashion styles’
dependencies. Furthermore, we accelerate model training and improve the model’s
performance through transfer learning. The proposed model was verified by a dataset
collected from social network services and outperformed baselines.
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(Figure 1) The Proposed Model Architecture
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3.1 Image Representation Learning
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ding Block(9)
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(Table 1) Structure of ResNet-50(9)

Layer Oqtput No. of Units
size
Convolution 119112 [7x7, stride 2, channel 64]
layer 1 x1
[3x3 max pool, stride 2]x1
Convolution 56556 [1x1, channel 64]x3
layer 2 [3x3, channel 64]x3
[1x1, channel 256] x
Convolution [1x1, channel 128]x4
01 Vo ”30 28x28 |[3x3, channel 128]x4
aver [1x1, channel 512]x4
Convolutio [1x1, channel 256]%6
01“ ‘;r | | 14x14 |[3x3, channel 256]x6
a [1x1, channel 10241x6
Convolution [1x1, channel 512]x3
laver 5 77 |[3x3, channel 512]x3
v [1x1, channel 2048]x3
average pool,
Output X1 1000-d fc, softmax
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3.2 Graph Representation Learning
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(Figure 4) Visualization of a Graph
Structure
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Romantic —  Elegant

P(LElegantlLRomantic) =0.7

Elegant —— Romantic

P(LRomantic|LElegant) =0.3

(Figure 5) Example of Building Corre-
lation Matrix
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(Table 2) Summary of the Labeled SNS
Image Data

Image |Main label| Sub label

Casual 6,048 | 36.25% 29.64%
Romantic 1911 11.45% 12.87%
Sexy 998 5.98% 6.53%
Ethnic 972 5.83% 5.73%
Elegant 96 5.73% 8.69%
Natural 949 5.69% 6.37%
Sporty 632 3.79% 3.76%
Retro 562 3.37% 4.46%
Classic 539 3.23% 2.62%
Businesscasual | 520 3.12% 2.88%
Exotic 506 3.03% 2.81%
Modern 486 2.91% 4.02%

Sophisticated 368 2.21% 2.53%

Glamorous 362 2.17% 2.30%

Manish 202 1.21% 1.17%
Hippie 157 0.94% 0.96%
Gothpunkrocker | 124 0.74% 0.86%
Military 116 0.70% 0.80%
Tomboy 87 0.52% 047%
Kitschkidult 62 0.37% 0.28%
Hiphop 48 0.29% 0.15%
Grunge 41 0.25% 057%
Preppy 39 0.23% 043
Total 16,685 100% 100%
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(Figure 6) Correlation Matrix Top 5/7
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(Table 3) Performance of the Proposed and Compared Models Using in the
Top 5 Labeled Datasets

Top 1 any-recall| Top 2 all-recall |Top 2 any-recall| Top 3 all-recall | Top 3 any-recall
Basic CNN 63.85% 61.08% 79.98% 78.10% 89.49%
ResNet-50 80.58% 79.10% 91.43% 90.82% 95.66%
Proposed model 82.75% 83.61% 92.73% 92.34% 96.62%

(Table 3) Performance of the Proposed and Compared Models Using in the
Top 7 Labeled Datasets

Top 1 any-recall| Top 2 all-recall [Top 2 any-recall| Top 3 all-recall | Top 3 any-recall
Basic CNN 56.87% 54.39% 72.48% 71.89% 81.67%
ResNet-50 74.19% 72.64% 86.68% 8.81% 92.66%
Proposed model 771.83% 75.50% 89.22% 88.15% 94.84%
(Table 5) Performance Measurement ol 5% oz Yelytor E3] Elegant

Results of the Proposed Mo-
del and ResNet-50 for Each

Label
Label name| ResNet-50 Prrgggz?d Support
Casual 94.64% 95.06% 1,023
Romantic 80.53% 86.67% 385
Sexy 84.09% 88.19% 310
Elegant 73.26% 77.89% 211
Ethnic 75.23% 76.92% 210
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Elegant, Natural Ethnic, Elegant

ResNet-50: Sexy, Natural
Proposed model: Elegant, Natural

ResNet-50: Romantic, Elegant
Proposed model: Ethnic, Elegant

(Figure 7) Comparison of Prediction
by the Proposed Model and
ResNet-50
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