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Research on loop automatic unfolding based on reinforcement learning
LI Juyao, HE Xianbo
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Abstract: In recent years, the chip industry has flourished, and new architectures have emerged at the faster pace than before. At
the same time, the application scenarios of modern computers are becoming increasingly complex, and the requirements for
computer performance are gradually increasing. Loop unrolling in compilation optimization plays a connecting role, and it is a
complex task that highly relies on expert experience and requires a significant investment of manpower and resources. To reduce the
workload of loop unrolling in compiler development and adapt to the rapidly developing environment of the chip industry, this article
proposes an automatic unroller based on reinforcement learning. After experimental comparison, the proposed unroller performs
better than Clang —O3,and it also has a faster compilation speed compared to brute force search.
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Fig. 1  Compilation time ratio of s3111. c¢ with different loop

unwinding times in TSVC
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Fig. 2 The automatic loop unrolling framework proposed in this

article
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Tab. 2 Parameters of reinforcement learning model

RETI 24 Kl
sample_batch_size 25
train_batch_size 500
sgd_minibatch_size 20
num_sgd_iter 20

learning - rate 5-e3,5-e4,5-€5
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Fig. 3 TSVC training and testing set construction process
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Fig. 4 The performance ratio of reinforcement learning loop
unroller, LLVM benchmark model and brute force search

after normalization
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Fig. 5 Time ratio between reinforcement learning vector machine

and brute force search compilation after normalization
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