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Performance Comparisons of GAN-Based Generative Models
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Abstract Amid the recent rapid trend change, the change in design has a great impact on the sales of fashion
companies, so it is inevitable to be careful in choosing new designs. With the recent development of the
artificial intelligence field, various machine learning is being used a lot in the fashion market to increase
consumers' preferences. To contribute to increasing reliability in the development of new products by quantifying
abstract concepts such as preferences, we generate new images that do not exist through three adversarial
generative neural networks (GANs) and numerically compare abstract concepts of preferences using pre-trained
convolution neural networks (CNNs). Deep convolutional generative adversarial networks (DCGAN), Progressive
growing adversarial networks (PGGAN), and Dual Discriminator generative adversarial networks (DANs), which
were trained to produce comparative, high-level, and high-level images. The degree of similarity measured was
considered as a preference, and the experimental results showed that D2GAN showed a relatively high similarity
compared to DCGAN and PGGAN.
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Figure 1. GAN-Based deep learning models
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Table 2. Similarity measurement by GAN algorithm
Progressive
D2GAN D2GAN
GAN
Datejust 55.3892 61.2348 71.2392
Lady datjust 47.8322 59.1200 67.1299
Day date 41.7198 51.2093 57.9503
QOyster perpetual 40.9234 44,0985 50.0322
Sky dweller 41.1112 49.2301 54.2155
Celline 26.4590 25.3032 31.2309
Daytona 56.3302 62.1201 70.0002
Gmt master2 52.6900 58.3028 64.5921
Submariner 51.2011 57.6421 62.1891
Yatch master 30.3489 31.2042 32.4521
Yatch master2 31.3483 32.5821 34.3121
Explorer 33.2901 34.2190 35.6661
Explorer2 31.2381 32.43%4 33.5903
Seadweller 41.2593 42.1892 49.1029
Deap sea 39.0900 40.4999 43.3321
Air king 22.1211 21.8542 22.9308
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