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Review of knowledge distillation based on generative adversarial networks

YANG Jucheng, LU Kaikui, WANG Yuan
(College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China)

Abstract: To summarize the application of generative adversarial networks in knowledge distillation, and explore the collaborative
mechanisms and optimization potential of generative adversarial networks in knowledge distillation, a review of knowledge
distillation based on generative adversarial networks was conducted. Research progress was reviewed in four categories of knowledge
distillation, including methods based on output features, intermediate features, relational features, and structural features. The
advantages and disadvantages of each approach were analyzed. The classification and development of knowledge distillation methods
based on generative adversarial networks were introduced in detail. Limitations of these knowledge distillation techniques based on
generative adversarial networks were identified, and potential directions for optimization and application expansion were proposed.
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Fig.2 Schematic diagram of knowledge distillation
structure based on output layer characteristics
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Fig.7 Diagram of distillation against generator
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