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Abstract

Among the recent pruning techniques, it is
conducted in various ways such as block—wise and
channel—wise, and the accuracy is low because it is
coarser than the relatively dense model. In addition,
there is a disadvantage that hardware must be
designed accordingly. To solve this problem, we
propose an optimized pruning technique for VTA
accelerator GEMM Core. Accuracy was 5.73% to
23.83% higher than block—wise pruned model. It is
expected that there will be scalability that can be
applied to various vector engine—base NPUs using

this technique.
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