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( Performance Analysis of Hint-KD Training Approach for the
Teacher-Student Framework Using Deep Residual Networks )
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Abstract

In this paper, we analyze the performance of the recently introduced Hint-knowledge distillation (KD) training approach
based on the teacher-student framework for knowledge distillation and knowledge transfer. As a deep neural network
(DNN) considered in this paper, the deep residual network (ResNet), which is currently regarded as the latest DNN, is
used for the teacher-student framework. Therefore, when implementing the Hint-KD training, we investigate the impact on
the weight of KD information based on the soften factor in terms of classification accuracy using the widely used open
deep learning frameworks, Caffe. As a results, it can be seen that the recognition accuracy of the student model is
improved when the fixed value of the KD information is maintained rather than the gradual decrease of the KD

information during training.
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Table1.  Recognition rate [%] as to A (CIFAR10).
A E[%]
A=0,31 E(X)
A=0,31 E(O)
A=13E(O)
A=2,3E(O)
A*S,@E(O)
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A=6,31 E(O)
A=6,3 E(X)
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Fig. 1. Recognition rate [%] as to A when teacher models
with different layers are considered (CIFAR10).
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Tabled. Recognition rate [%] as to A for 26-layer teacher
model (CIFAR100).

BEL[%] | SHARE] | SR A REZ| gk
A=0,3 E(X) 56.51 54.89 55.88 55.76
A=0,31E(O) 56.9 55.94 57.27 56.70
A=1,31E(O) 59.28 58.84 59.47 59.2
A=2,31 E(O) 59.09 59.3 59.22 59.2
A=3,31E(O) 59.78 59.76 59.14 59.56
A=33E(X) | 5722 58.17 5784 | *57.74
A=4,31 E(O) 59.68 59.46 59.15 59.43
A=5,3E(O) 59.11 59.89 59.0 59.33
A=6,31 E(O) 59.55 59.4 59.24 59.40
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Table5.  Recognition rate [%] as to A for 14-layer teacher
model (CIFAR100).

BAEE[%]  |sARE] |2 R3] gt
A=031E(X) | 5651 54.89 55.88 55.76
A=0FIE) | 584 | 5671 | 5847 | 570
A=1LFIE) | 5874 | 5849 | 5825 | 5849
A=28E(0) | 5854 | 5915 | 5803 | 5857
A=3,31 E(O) 58.73 58.86 587 58.76
A=4,31E(O) 5893 59.04 58.88 58.95
AN43E(X) | 5787 5758 5798 | #57.81
A=531E(O) 58.61 58.22 58.61 58.48
A=6,31E(O) | 5858 5857 59.15 58.77
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