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[Abstract] Computing fot, high-energy physics is typically data-intensive/It mainly adopts file-based hierarchical
storage solutions where data is allocated based on the access popularityato storage devices with different performances.
The existing schemes of data popularity prediction generally adopt a heuristic algorithm based on artificial experience,
whose prediction accuracy is low.This paper proposes a method of‘predicting future access popularity using Long Short-
Term Memory (LSTM) network, which consists of network structure design, training, and prediction algorithms. The
method divides the dynamic time window to construct a time series of file access features, and on this basis predicts the
access trends of different data. Experimental results on the data set of LHAASO high-energy physics experiments show
that compared with SVM, MLP and other algorithms,'the proposed method increases the prediction accuracy by about
30%,and it has stronger applicability.
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Fig.2 Structure of data migration management system
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Table 2 Comparison of prediction accuracy of different predictive models

) VIS i A
A [T 2 YIGFERT/m A BFERS /ms
y=1 y=2 y=5 y=1 y=2 y=5
MLP n=0.1,layers=6,nodes=64,steps=500, 0.591 0.658 0.547 0.662 0.693 0.634 0.78 269
SVM kernel=rbf,c=5.12e+02,gamma=250e-01 0.682 0.883 0.481 0.612 0.811 0.352 0.96 513
LSTM 7n=0.001,layers=4,nodes=128,steps=500 0.866 0.788 0.772 0.847 0.724 0.763 1.23 1053
Attention LSTM #=0.001,layers=4,modes=128,steps=500 0.873 0.924 0.856 0.866 0.897 0.820 1.37 1191
R3 AEEERTN— BT
Table 3 Comparison of prediction consistency of different models
e 7 2 % R W WG AR /ms
y=1 y=2 y=5 y=1 y=2 y=5
MLP n=0.1,layers=6,nodes=64,steps=500 0.564 0.536 0.784 0408 0356 0.619 0.78 269
SVM kernel=rbf,c=5.12e+02,gamma=2.50e-01 0.782 0978 0.541 0439 0.221 0.490 0.96 513
LSTM 7=0.001,layers=4,nodes=128,steps=500 0.801 0.682 0.753 0.623 0.512 0.661 1.23 1053
Attention LSTM #=0.001,layers=4,nodes=128,steps=500 0.822 0981 0.795 0.793 0.674 0.727 1.37 1191
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