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An Energy-Efficient DNN Training

Processor Supporting Sparsity Scaling
for Edge Computing
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Abstract

On-device training has become critical for personalized, secure
edge Al applications. It enables deep neural network adaptation
to achieve a better accuracy by utilizing local information while
protecting users’privacy. To tackle the high training complexity,
data sparsity has been leveraged and several sparsity-aware
DNN training processors have been presented in previous works.
Although the sparsity comes from the neural network itself, an
even higher sparsity can be achieved by filtering out the smaller
interim data while maintaining acceptable training performance.
A narrower data range that stems from sparsity-scaling training
also enables aggressive quantization, like 8-bit block floating point,
for data computation. Compared to long-bitwidth floating point
arithmetic, sparsity-scaling training allows for a shorter bitwidth for
MAC operations, which is associated with smaller computation unit
and higher energy-efficiency. In addition, sparsity-scaling training
also makes the data movement more efficient. The high sparsity
caused by sparsity-scaling training enables compression on training
data, resulting in a smaller amount of data, leading to less energy
dissipation and cycle count for accessing the external memory. In
this work, these characteristics are fully utilized to enhance both
the energy efficiency and the area efficiency. This work presents
the first DNN processor that supports sparsity-scaling training.
The proposed processor enhances the sparsity of interim data
during training, and achieves an over 90% sparsity with less than
2% accuracy loss. Besides, 8-bit block floating point arithmetic and
hierarchical bit-mask encoding is utilized for better performance.

Our chip achieves an energy efficiency of 646.6TOPS/W. Compared
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to the state-of-the-art DNN training processors, this work achieves
3.7x [4.9x] improvement in energy [areal efficiency, providing a

better hardware solution for next-generation Al applications.
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Fig. 3 Proposed sparsity-scaling training scheme
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Fig. 4 Hardware performance comparison




