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Hardware counter multiplexing estimation algorithm

using deep learning

WANG Yichao, WANG Liuzhen, LIN Xinhua
(Network & Information Center, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract; A state-of-art deep learning method was proposed to achieve higher accuracy of MPX ( multiplexing) estimation. By analyzing the

similarity between the MPX results and the real data, it was proved that hardware counts gained by running the same program was linear correlated.

By applying the MLP( multilayer perceptron) and Bi-GRU ( bidirectional gated recurrent unit) model, the MPX data was fitted. Based on DTW

( dynamic time warping) , a new metric DTW-cost was proposed to judge the accuracy of MPX result. Experiment results show that when sampling

15 hardware events simultaneously, average result of 13 high performance computing applications gained by the MLP model has a 10.53% higher

relative accuracy than the fixed interpolation method. The MLP model has a 19. 8% improvement at most. On the hardware events which MLP has

a relatively poor performance, the Bi-GRU model improved relative accuracy score by 28.8% on average.

Keywords: hardware counters; hardware performance events; multiplexing; deep learning
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Tab.6  Average RA score of hardware events (higher is better)

i fE FlEMRE ~ MLP MLP &7

BRINS:ALL 0.95 0.96 0.01
BRINS:COND 0.95 0.96 0.01

BRMIS: ALL 0.80 0.79 -0.01
BRMIS:COND 0.80 0.81 0.01
DTLM :M 0.24 0.41 0.16

DTLM:S 0.73 0.72 -0.01
L1h 0.95 0.97 0.01
Llm 0.90 0.95 0.04
[2h 0.85 0.91 0.06
[2m 0.75 0.75 0.00
Ich 0.95 0.95 0.00
lem 0.16 0.82 0.66

UISTALL 0.97 0.95 -0.02
URSTALL 0.34 0.95 0.61
INST 0.97 0.97 0.00
HH 0.76 0.86 0.10
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Fig.7 DTW cost comparison between default method and MLP method (lower is better)
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