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Semi-supervised learning based on a hybrid of generative and discriminative models
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Training set Semi-supervised Supervised
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80 0.032 |72.8 (2.4) 59.1 (4.8) 59.5 (2.7) [52.6 (3.5) 59.0 (2.3)
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320 0.13 [78.4 (0.9) 71.1 (2.7) 73.8 (1.3) |68.8 (1.9) 72.7 (1.2
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