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Knowledge Distillation Algorithm for Image Classification Based on
Correct Predictions of Teacher Model
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(1. School of Computer Science and Technology ,Nanjing University of Aeronautics and Astronautics,
Nanjing 211106, China;
2. MIIT Key Laboratory of Pattern Analysis and Machine Intelligence, Nanjing 211106, China)

Abstract ; Knowledge distillation aims to simplify the complexity of large models. Logit distillation is a commonly adopted strategy,
which utilizes the output Logit of the teacher model as a soft label to assist in the training of the student model. Although the algorithm is
highly effective in many cases, the errors of the teacher model in prediction can also have an adverse influence on knowledge transfer. In
other words, teachers may pass on incorrect knowledge to students, which may cause the student model to deviate when imitating the
teacher , thereby affecting its final judgment. To solve the problem, we introduce a simple yet effective algorithm based on correct instance
predictions ( CIPKD) , which can filter the instances where teachers make incorrect predictions, enabling the student model to focus on the
instances with correct predictions and improving the teaching quality of teachers. Moreover, CIPKD can not only convey the information
contained in different instances,but also convey the information at the category level , which provides more comprehensive semantic infor-
mation for the student model. Experiments show that the proposed algorithm significantly improves the classification accuracy of the
student model on multiple datasets such as CIFAR-100 and ImageNet, verifying its effectiveness.

Key words :deep learning ; model compression ; knowledge distillation ;image classification ; convolutional neural network
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