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A Survey of Knowledge Distillation in Deep Learning
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Abstract With the rapid development of artificial intelligence, deep neural networks are widely used in various
research fields and have achieved great success, but they also face a lot of challenges. First of all, to solve more
complex problems and improve the training effect of the model, the network structure of the model is gradually
designed to be deep and complex, and it is difficult to adapt to the development of mobile computing for low
resources and low power consumption. Knowledge distillation was originally used for model compression as a
learning paradigm that transfers knowledge from a large teacher model to a compact student model and improves
performance. However, with the development of knowledge distillation, its teacher-student architecture, as a
special transfer learning method, has evolved a rich variety of variants and architectures, and has been gradually
extended to various deep learning tasks and scenarios, including computers vision, natural language processing,
recommendation systems, etc. In addition, through the learning method of transferring knowledge between
neural network models, cross-modal or cross-domain learning tasks can be connected to avoid knowledge
forgetting; it can also achieve the separation of models and data to achieve the purpose of protecting private data.
Knowledge distillation is playing an increasingly important role in various fields of artificial intelligence, and it
is a universal means to solve many practical problems. This paper sorts out the main references of knowledge
distillation, elaborates the learning framework of knowledge distillation, compares and analyzes the related work
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of knowledge distillation from a variety of classification perspectives, introduces the main application scenarios,

and finally discusses the future development trends and provides insights.
Key words Deep Neural Network; Knowledge Distillation; Model Compression; Transfer Learning; Artificial

Intelligence
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Background

With the rapid development of deep learning, it also faces
a lot of challenges. Firstly, the model has become more and
more complex, making it unable to be deployed on embedded
devices and mobile devices. Secondly, deep learning seriously
relies on manual labels, causing huge costs and expenses.
Finally, the security and privacy issues of deep learning have
gradually attracted researchers’ attention. Knowledge
distillation is one of the important technologies of model
compression. It belongs to the category of transfer learning, it
can not only be used for model compression but also integrate
with various fields, and can solve many difficulties of deep
learning at present. Therefore, knowledge distillation has
gradually been valued by researchers since it was proposed.
Because of its simplicity, ease of use, and scalability, it has
been widely concerned and applied in the industry at present.

Our team has been committed to research in areas such as
model compression and knowledge distillation and has
achieved certain research results in data-free distillation and

model quantification. Due to the rapid development of
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knowledge distillation and the numerous and complicated
articles, it is difficult for beginners to get a complete picture.
During the research, our team has collected a lot of materials
and documents, but most of them are in English, which is not
convenient for domestic researchers to read and learn. To
introduce the research status and solution of knowledge
distillation and to facilitate researchers to understand
knowledge distillation from a macro perspective.

We categorized and summarized based on current
research, introduced the current research status, as well as some
representative methods and ideas in the process of integrating
with various fields, and discussed possible development trends
of the future. We published and shared this article in Chinese to
facilitate more domestic researchers to learn. At the same time,
we also hope to attract more researchers’ attention and

contribute in this direction.



