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ABSTRACT

When processing depthwise separable convolution, low utilization of processing elements (PES)
is one of the challenges of systolic array (SA). In this study, we propose a new SA architecture to
maximize throughput in depthwise convolution. Moreover, the proposed SA performs subsequent
pointwise convolution on the idle PEs during depthwise convolution computation to increase the
utilization. After the computation, we utilize unused PEs to boost the remaining pointwise convo-
lution. Consequently, the proposed 128x128 SA achieves a 4.05x and 1.75x speed improvement
and reduces the energy consumption by 66.7 % and 25.4 %, respectively, compared to the basic
SA and RiSA in MobileNetV3.
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