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[ Abstract] The paper proposes a Deep Communication Learning ( DCL) pattern based on knowledge transfer to deal with the
problem of how deep neural networks can learn more quickly and adequately. In the pattern, multiple neural networks communicate
network parameters as knowledge while learning, and a single neural network shares its learned knowledge with other networks
during training, while absorbing a certain percentage of learning results from other networks, alternately learning alone and
exchanging knowledge in the group. Experimental results based on several publicly available datasets show that DCL with only two
networks can achieve up to 3.44% improvement in learning compared to independent learning. The number of networks performing
DCL is increased to 6 further, which increases the learning by up to 2.74%. DCL is beneficial for training better neural networks.
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%1 CIFAR-100 ##EE K=2 i Top-1 IEfZE
Tab. 1 Top-1 accuracy for CIFAR-100 dataset when K=2 %

Network Pretraining Independent ~ DCL DCL-Ind
ResNet—18 yes 77.68 79.82 2.14
WRN-16-4 no 65.88 69.32 3.44
DenseNet—121 yes 80.47 82.59 212
ResNeXt—50 yes 82.04 83.82 1.78
EfficientNet—B3 no 70.48 72.39 1.91

%2 CIFAR-10 ##E£ K=2 #J Top-1 EBXE
Tab. 2 Top-1 accuracy for CIFAR-10 dataset when K=2 %

Network Pretraining Independent  DCL ~ DCL-Ind
ResNeXt-50 yes 95.84 97.32 1.48

EfficientNet-B3 no 87.28 90.07 2.79
WRN-16-4 no 89.84 91.89 2.05
Tnception—=V1 yes 93.29 94.28 0.99
MobileNet—V2 yes 90.67 91.22 0.55

% 3 Fashion—-MNIST ##E5% K=2 #J Top-1 EFHZR
Tab. 3 Top-1 accuracy for Fashion — MNIST dataset when K=2

%
Network Pretraining Independent ~ DCL DCL~-Ind
EfficientNet—B3 no 90.46 91.62 1.16
ResNeXt-50 Yes 93.73 94.49 0.76
MobileNet—V2 Yes 92.83 93.56 0.73
WRN-16-4 No 92.49 93.04 0.55
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Fig. 2 Top—-1 accuracy of DCL learning using different number of

networks for EfficientNet—B3 on CIFAR-10
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Fig. 3 Top—1 accuracy of DCL learning using different number of
networks for ResNet—18 on CIFAR-10
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