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A load balanced LSTM hardware accelerator design

Zha Yi,Pan Hongbing
(School of Electronic Science and Engineering, Nanjing University , Nanjing, 210093, China)

Abstract: Neural network is increasingly widely used in embedded end. In order to meet the characteristics of low power
consumption and low delay of embedded end, the common solution is to compress LSTM (Long-Short Term Memory)
model and customize special hardware accelerator. When LSTM model is compressed by pruning, its network model
will become sparse and irregular, which will bring unbalanced load to PE (Process Element) operation unit. In this
paper, weight matrix is redistributed to each PE unit according to certain rules by sorting method. On this basis, a special
hardware unit is customized for the sparse model. The zynq series xczu9eg-2{fvb1156e development board was used for
experiments, and the experimental results showed that the PE unit achieved a 2% improvement in computing speed
when it consumed 0.314 % more hardware resources.
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Fig.2 Weight matrix recombination
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Fig. 5 Matrix vector multiplication and partitioning
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Fig. 6 Sparse matrix vector multiplication state diagram
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