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An accelerator for sparse neural network

Zhou Shengyuan™ ™ ™" | Du Zidong*, Chen Yunji* ™
( " State Key Laboratory of Computer Architecture, Institute of Computing Technology,
Chinese Academy of Sciences, Beijing 100190)
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( ™" Cambricon Tech. Ltd, Shanghai 201306)
Abstract
A novel sparse neural network accelerator architecture is proposed for the growing neural network scales and
the ever-changing structures of neural network models. The architecture can effectively leverage the synapse sparsity
and the neuron sparsity to further improve the performance of the accelerators when processing sparse neural net-
works. At the same time, it supports element-wise multiplication/addition so that it further enhances the flexibility,
supports and accelerates new neural network structures efficiently such as Resnet. The experiment results show
that, based on the five representative neural network models, the proposed accelerator outperforms the state-of-the-
art sparse neural network accelerator 2. 57x on performance. Especially, it achieves 4.40x and 4. 57x speedup on
average on the BN layers of Resnet-18 and Resnet-50, respectively.

Key words: neural network, sparse neural network, accelerator
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