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Learning Dual-model Structure
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Abstract: The imbalance in quality data distribution and the ambiguity of classification boundaries
were identified as the factors limiting the performance of traditional classifiers, which hindered the ef-
ficient implementation of intelligent production decision-making in enterprises. Therefore, a dual-
model-based deep generative model anomaly detection method was proposed. Qualified products were
classified into two levels, excellent and sub-optimal, based on size data distribution, and two deep
generative models were trained separately. A weighted ensemble strategy was designed considering
characteristics of data distribution, and anomaly scores were calculated to determine product qualifica-
tion. Two dual-model structures were developed based on VAE and WGAN. Experimental results in-
dicate that, compared to single-model structures, the dual-model-based VAE and WGAN improve
classification accuracy on the test sets by 4.5% and 6% , respectively.

Key words: product quality; anomaly detection; variational autoencoder (VAE); Wasserstein
generative adversarial network(WGAN) ; dual-model structure
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Fig.1 Product anomaly detection flow chart based

on dual model structure
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Fig.2 The framework of VAE
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Tab.5 Data used for training each model
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Tab.6 Comparison of classification accuracy of

different models

F A Fq Fy F, A 18] /s
VAECHAR) | 0.855 | 0.910 | 0.800 | 0.860 65.6
WGANCHAER) | 0.858 | 0.803 | 0.913 | 0.850 | 17.43

VAE, 0.858 0.937 0.780 0.870 27.7
VAE: 0.842 0.950 0.740 0.860 43.8
WGAN, 0.907 0.873 0.940 0.903 17.1
WGAN; 0.888 0.860 0.917 0.890 14.3

VAECRAERD) | 0.900 | 0.953 | 0.847 | 0.905 43.8
WGANOREEED | 0.918 | 0.903 | 0.933 | 0.917 17.1
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Fig.6 Training duration of different models
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Tab.7 Baseline model detection results and comparisons

(% A Fq Fuy F,y
IS AR 0.828 0.850 0.807 0.831
— R FFm =L 0.845 0.873 0.817 0.850
WGANCBUEE AL 0.918 0.903 0.933 0.917
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