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Research of thread placement optimization strategy for CUDA programs
XIE Genshuan, ZHANG Weizhe
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] GPU has powerful data parallel processing and floating—point computing capabilities, so it is more and more widely
used in numerical simulation and scientific computing. It is particularly important to improve the efficiency of program development
and program performance on GPU. Thread placement strategy is an important part of it. On the basis of program information, this
paper establishes an optimization model of thread placement in CUDA program by using machine learning algorithm. Firstly, this
paper improves the information acquisition link at runtime, and only retains the core information related to program performance.
Then, a method of replacing runtime information with static information based on LLVM is proposed and implemented, which
further reduces the time of information acquisition. In addition, the paper proposes a new label setting algorithm. By synthesizing the
above improvements, the model of selecting the best by using the support vector machine algorithm and the grid search method is
finally determined. The open assembly on the same condition is tested between the existing model and the propesed model. The
results show that the proposed model has more advantages in time and higher training accuracy than the existing model.
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Fig. 1 Improvement of thread allocation optimization model for
CUDA program based on LLVM
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Tab. 1 Runtime information of CUDA function obtained by nvprof
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Tab. 2 Replacement of runtime information by static information
of CUDA program
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Fig. 2 Implementation of instruction information statistics of analysis pass
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Tab. 3 Parameters of SVC grid search

C
gamma
1 10 100 500
10 (10,1) (10,10) (10,100)  (10,500)
5 (5,1) (5,10) (5,100) (5,500)
2.5 (2.5,1) (2.5,10)  (2.5,100)  (2.5,500)
1.25 (1.25,1)  (1.25,10) (1.25,100) (1.25,500)

0.625 (0.625,1)  (0.625,10) (0.625,100) (0.625,500)

03125 (03125,1) (03125,10) (03125,100) (0.3125,500)
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Tab. 4 Model running environment
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Fig. 3 Time comparison with existing model
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Fig. 4 Comparison of training accuracy with existing model
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