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[1] LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. nature, 521(7553), 436-444.
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[2] Oliver, A., Odena, A., Raffel, C., Cubuk, E. D., & Goodfellow, I. J. (2018). Realistic evaluation of deep semi-supervised learning algorithms. 32nd Conference on Neural Information Processing Systems (NeurlPS 2018), Montréal, Canada.
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[2] Oliver, A., Odena, A., Raffel, C., Cubuk, E. D., & Goodfellow, I. J. (2018). Realistic evaluation of deep semi-supervised learning algorithms. 32nd Conference on Neural Information Processing Systems (NeurlPS 2018), Montréal, Canada.
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3. Safe SSL Against O.0.D Unlabeled Data

- UASD, DS3L, SafeUC
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1. Uncertainty—Aware Self-Distillation (UASD, 20204 AAAI H|XH)
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1. Uncertainty-Aware Self-Distillation (UASD, 2020 AAAI H|XH)
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1. Uncertainty-Aware Self-Distillation (UASD, 2020 AAAI H|XH)
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1. Uncertainty-Aware Self-Distillation (UASD, 2020 AAAI H|XH)
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1. Uncertainty-Aware Self-Distillation (UASD, 2020 AAAI H|XH)
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1. Uncertainty—Aware Self-Distillation (UASD, 20204 AAAI H|XH)
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1. Uncertainty—Aware Self-Distillation (UASD, 20204 AAAI H|XH)
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2. Deep Safe Semi-Supervised Learning (DS3L, 2020 PLMR H|H)
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2. Deep Safe Semi-Supervised Learning (DS3L, 2020 PLMR H|H)
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2. Deep Safe Semi-Supervised Learning (DS3L, 2020 PLMR H|H)
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2. Deep Safe Semi—-Supervised Learing (DS3L, 20204 PLMR A|XH)
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2. Deep Safe Semi—-Supervised Learing (DS3L, 20204 PLMR A|XH)
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2. Deep Safe Semi-Supervised Learning (DS3L, 2020 PLMR H|H)
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3. Safe Uncertainty-based Consistency Training (SafeUC, 2022+ Information Sciences Accept)
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3. Safe Uncertainty-based Consistency Training (SafeUC, 2022+ Information Sciences Accept)
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3. Safe Uncertainty-based Consistency Training (SafeUC, 2022+ Information Sciences Accept)
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[3] Anzai, Yuichiro. Pattern recognition and machine learning. Elsevier, 2012.

[4] Gal, Y., & Ghahramani, Z. (2016, June). Dropout as a bayesian approximation: Representing model uncertainty in deep learning.

In international conference on machine learning (pp. 1050-1059). PMLR. 42/56
[5] Gal, Y., Hron, J., & Kendall, A. (2017). Concrete dropout. arXiv preprint arXiv:1705.07832.
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3. Safe Uncertainty-based Consistency Training (SafeUC, 2022+ Information Sciences Accept)
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3. Safe Uncertainty-based Consistency Training (SafeUC, 2022+ Information Sciences Accept)
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