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ABSTRACT

With the recent development of Generative Al technology by IT giants, the size of the transformer
model is increasing exponentially over trillion won. In order to continuously enable these Al ser-
vices, it is essential to reduce the weight of the model. In this paper, we find a hardware-friendly
structured pruning pattern and propose a lightweight method of the transformer model. Since com-
pression proceeds by utilizing the characteristics of the model algorithm, the size of the model can
be reduced and performance can be maintained as much as possible. Experiments show that the
structured pruning proposed when pruning GPT-2 and BERT language models shows almost sim-
ilar performance to fine-grained pruning even in highly sparse regions. This approach reduces
model parameters by 80% and allows hardware acceleration in structured form with 0.003% ac-
curacy loss compared to fine-tuned pruning.
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