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Abstract : Recently, it is increasingly necessary to run high-end neural network applications with huge computation

overhead on top of resource-constrained embedded systems, such as wearable devices, While the huge computational

overhead can be alleviated by distributed neural networks running on multiple separate devices, existing distributed

neural network techniques suffer from a large traffic between the devices: thus are very vulnerable to communication

failures. These drawbacks make the distributed neural network techniques inapplicable to wearable devices, which are

connected with each other through unstable and

low data rate communication medium

like human body

communication. Therefore, in this paper, we propose a distributed neural network partitioning technique that is resilient

to communication failures. Furthermore, we show that the proposed technique also improves the inference accuracy

even in case of no communication failure, thanks to the improved network partitioning, We verify through comparative

experiments with a real-life neural network application that the proposed technique outperforms the existing

state-of-the-art distributed neural network technique in terms of accuracy and resiliency to communication failures.
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Fig. 1. An Overview of Distributed Neural Network
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