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Abstract

In recent years, the development of deep learning has led to an increase in the complexity of deep
neural network (DNN) models, accompanied by a proportional increase in the amount of memory
and data transfer required. This has a detrimental effect on the training and inference speed of
DNNs, as well as limiting their deployment on some Internet of Things (IoT) devices with limited
memory and computational capabilities. Existing research combines a distributed computing
framework based on cloud-edge-end collaboration with deep neural networks to form the Distri-
buted Deep Neural Network (DDNN) framework, which has significant advantages in IoT applica-
tion scenarios. However, the DDNN framework suffers from the problems of limited computational
power of devices, as well as high transmission cost between devices. To address these issues, this
paper proposes the Adaptive Distributed Deep Neural Network (ADA-DDNN) inference framework.
The ADA-DDNN framework employs multiple edge exits, which allow the models in the ADA-DDNN
framework to perform different depth levels of adaptive reasoning to accommodate different task
requirements and data characteristics. Furthermore, the framework incorporates an additional
edge processing module, which is responsible for evaluating the credibility of the output results
produced by each terminal module. If the results are deemed credible, the classification results
are directly outputted without feature fusion and subsequent computation. This significantly in-
creases the probability of the sample being outputted at the edge and reduces the subsequent
computation cost. The paper validates the ADD-DDNN framework on the open CIFAR-10 dataset.
The experimental results demonstrate that the framework significantly improves edge testing ac-
curacy while maintaining the same level of testing accuracy in the cloud.
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Figure 1. The Existing Inference Framework of DDNN
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Figure 2. The Inference Framework of ADA-DDNN
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Table 1. Experimental setup
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Figure 3. Training loss
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