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Mutual Learning Knowledge Distillation Based on Multi-stage Multi-generative Adversarial
Network

HUANG Zhong-hao. YANG Xing-yao, YU Jiong,GUO Liang and LI Xiang

School of Software, Xinjiang University, Urumqgi 830008, China

Abstract Aiming at the problems of insufficient knowledge distillation efficiency, single stage training methods,complex training
processes and difficult convergence of traditional knowledge distillation methods in image classification tasks, this paper designs a
mutual learning knowledge distillation based on multi-stage multi-generative adversarial networks (MS-MGANs). Firstly, the
whole training process is divided into several stages,teacher models of different stages are obtained to guide student models to
achieve better accuracy. Secondly . the layer-wise greedy strategy is introduced to replace the traditional end-to-end training mode,
and the layer-wise training strategy based on convolution block is adopted to reduce the number of parameters to be optimized in
each iteration process,and further improve the distillation efficiency of the model. Finally,a generative adversarial structure is in-
troduced into the knowledge distillation framework, with the teacher model as the feature discriminator and the student model as
the feature generator,so that the student model can better follow or even surpass the performance of the teacher model in the
process of continuously imitating the teacher model. The proposed method is compared with other advanced knowledge distillation
methods on several public image classification data sets,and the experimental results show that the new knowledge distillation
method has better performance in image classification.

Keywords Mutual learning knowledge distillation, Layer-wise greedy strategy, Generative adversarial network, Model compres-
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Table 2 Effects of different loss function composition on model

performance
CBLpE 2 00D
Dataset LOS% X Accuracy Gap
composition
Lt 95.10 0. 00
Loy 94. 88 0.22
Ly 91.56 3.54
CIFARI10 LSw‘FL‘g 94.92 0.18
Lot LgtLir 94. 80 0.30
L s MGANs 95. 35 -0.25
Lyms MGANs T L IRG-t 95.02 0.08
Lt 78.50 0. 00
L, 76. 56 1.94
Lig 67.72 10.78
CIFAR100 Lo+ Ly 77.84 0. 66
Lo+ L+ Lire 77.82 0.68
LmsMGANs 79.30 —0.80
LysMeans TLIRG 79.02 —0.52
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# 3 TEARRMAER CIFAR10/CIFARI00 $4E 4 T H A A SO 3RS /i i AT 19 7 2%
Table 3 Comparison of proposed method and state-of-the-art methods on CIFAR10/CIFAR100 datasets with different sizes

AT 2 %)
CIFARI10- CIFAR10- CIFAR10- CIFAR100- CIFAR100- CIFAR100-
10% 20% 100% 10% 20% 100%
Baseline(T) 79.16 87.33 95. 10 37.72 55.67 78.50
DTS 71.71 78.59 92.06 32.35 40.53 68.37
KD 78.18 85. 65 93.72 39.13 51.15 72.87
FSp 77.84 84. 81 94. 40 39.41 53.79 74.21
AT 73.51 80. 48 93.94 31.17 44.06 73.76
SW 79.17 86.93 94. 88 38.57 55.45 76.56
SW+TG 79.47 87. 34 94.92 38.85 56.23 77.84
MS-MGANs 80.02 87.91 95. 35 39.23 57.29 79.30
MS-MGANS+IRG-t 79.56 87. 86 95.02 38.96 56. 85 79.02
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B R, B A L, MS-MGANSs [ REE /N A a0 1Y g 800 &
> P . < 8600
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Table 4 Comparison of proposed method and state-of-the-art

methods on different student-teacher pairs

CRLAL 2 20D
Resnet34(85. 5m) Resnet20
Teacher MobileN ResNetl0
~ Net >sNet
Student ResNet34  ResNetl8  ResNetl0 obiee ese
(9.29m) (19. 8m)
Baseline('T) 78.50 78.50 78.50 78.50 77.51
DT(S) 68.57 68. 37 64.68 53.27 64.68
KD 71.08 72.87 70.40 55.17 70.91
FSP 73.99 74.21 73.39 53.82 72.89
AT 69. 10 73.76 66. 37 54.86 66.03
SW 78.06 76.56 74.40 55.74 73.95
SW+TG 78.13 77.84 74.83 55.95 73.93
MS-MGANs 79.39 79.30 76. 84 56.21 76.58
MS-MGANS—+
. 78.89 78.99 76.03 57.70 76.02
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Fig.3 Comparison of proposed method and state-of-the-art methods

on ImageNette/ImageWoof datasets
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