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Abstract: In this paper,

block-wise retraining to transfer the useful
(ResNet) in a teacher—student framework (TSF).

we propose a stage-wise knowledge transfer method that uses
knowledge of a pre—trained residual network

First, multiple hint information transfer and

block-wise supervised retraining of the information was alternatively performed between teacher

and student ResNet models. Next, Softened output information-based knowledge transfer was

additionally considered in the TSF. The results experimentally showed that the proposed method

using multiple hint-based bottom—up knowledge transfer coupled with incremental block-wise

retraining provided the improved student ResNet with higher accuracy than existing KD and

hint-based knowledge transfer methods considered in this study.
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Table 1. Accuracy [%] on CIFAR-10

Method 1 ond grd Ave.
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ResNet 90.36 90.23 90.30 90.29
KD
[10] 90.58 90.69 90.4 90.55
HIFE}]{D 90.46 | 90.85 90.79 | 90.7
Proposed 9159 9161 o157 o159
method

2% 6. SVHN 97 dle]glAl [13]
Fig. 6 SVHN image dataset [13]
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