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Prediction of Resource Usage on High-performance Computing Platforms Based on ARIMA
and LSTM

LI Sigi, YU Kun and CHEN Yuhao

School of Data Science and Engineering, East China Normal University, Shanghai 200062, China

Abstract The rapid increase in data scale and experimental complexity in scientific research and engineering simulations has sig-
nificantly heightened the demand for high-performance computing (HPC) resources. However, limited availability of such re-
sources necessitates efficient utilization strategies. This paper analyzes over 400 000 job records collected from the HPC cluster at
East China Normal University between January 2022 and November 2023. After preprocessing the data,daily job counts and CPU
utilization rates are extracted to represent the cluster’s resource usage patterns. Autoregressive Integrated Moving Average( ARI-
MA) ,Long Short-Term Memory with Dual Dropouts(2DLSTM) .and a hybrid ARIMA-2DLSTM are applied to fit the historical
data and forecast short-term and long-term resource usage. Model performance is evaluated by mean absolute error(MAE) and
mean squared error(MSE) metrics. Results indicate that the ARIMA-2DLSTM hybrid model achieves superior predictive accura-
cy compared to standalone ARIMA and 2DLSTM models. The hybrid model effectively captures trend changes of the cluster’s
resource usage patterns and accurately predicts peak and trough timings, providing critical insights for optimizing resource alloca-

tion in HPC environments.

Keywords High-performance computing, Time series analysis, ARIMA model, LSTM model, ARIMA-LSTM hybrid model
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input_2 input: [(None, 7, 1)]
TnputLayer output: [(None, 7, 1)]
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Fig. 4 LSTM model structure for short-term forecast of future

job count
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Fig. 6 Daily job counts in the HPC cluster after data preprocessing
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log_id job_id | queue id| queue name |cpu num submit_time begin_time finish_time
1641005329140650| 140654 29 gpu2 1 2022/1/1 10:48:49| 2022/1/1 10:48:49| 2022/1/1 10:48:51
1641005468140650| 140655 12 normal 1 2022/1/1 10:51:08| 2022/1/1 10:51:10| 2022/1/1 10:51:54
1641005571140650| 140656 29 gpu2 1 2022/1/1 10:52:51| 2022/1/1 10:52:52| 2022/1/1 10:53:06
1641005738140650 | 140657 29 gpu2 1 2022/1/1 10:55:38| 2022/1/1 10:55:40| 2022/1/1 10:55:51
1641007136140650 | 140658 12 normal 1 2022/1/1 11:18:56| 2022/1/1 11:18:58| 2022/1/1 11:19:14
1641007246140650| 140659 29 gpu2 1 2022/1/1 11:20:46| 2022/1/1 11:20:46| 2022/1/1 11:21:18
1641007438140660| 140660 29 gpu2 1 2022/1/1 11:23:58| 2022/1/1 11:23:59| 2022/1/1 11:24:11
1641007599140660| 140661 special 1 2022/1/1 11:26:39| 2022/1/1 11:26:41| 2022/1/1 13:43:16
1641007658140660 | 140662 29 gpu2 1 2022/1/1 11:27:38| 2022/1/1 11:27:39| 2022/1/1 11:27:51
1641010207140660| 140663 12 normal 1 2022/1/1 12:10:07| 2022/1/1 12:10:07| 2022/1/1 12:10:29
1641010414140660 | 140664 12 normal 1 2022/1/1 12:13:34| 2022/1/1 12:13:36| 2022/1/1 12:13:42
1641010983140660 | 140665 12 normal 1 2022/1/1 12:23:03| 2022/1/1 12:23:04| 2022/1/1 12:23:09
1641011125140660| 140666 12 normal 1 2022/1/1 12:25:25| 2022/1/1 12:25:25| 2022/1/1 12:25:29
1641011215140660| 140667 12 normal 1 2022/1/1 12:26:55| 2022/1/1 12:26:55| 2022/1/1 12:27:00
1641011302140660 | 140668 12 normal 1 2022/1/1 12:28:22| 2022/1/1 12:28:23| 2022/1/1 12:28:28
1641011373140660 | 140669 13 gpu 1 2022/1/1 12:29:33| 2022/1/1 12:39:57| 2022/1/1 12:45:36
1641011391140670| 140670 12 normal 1 2022/1/1 12:29:51| 2022/1/1 12:29:53| 2022/1/1 12:29:57
1641011526140670| 140671 12 normal 1 2022/1/1 12:32:06| 2022/1/1 12:32:06| 2022/1/1 12:32:11
Bl 5 HPC &/ R FLfE B
Fig. 5 Job details of the HPC cluster dataset
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Fig. 8 ACF and PACF plots of daily job count time series

- 10660
- 10640

1056913 0521.91 10498, 4 10499. 45 050134 10620

Q, 1055378

10540
10520

10500

q

K9 A p.qdl & AICHA SR
Fig. 9 Heatmap of AIC for different p and ¢

) 0st8.57 oss. 10546.20 053 - 10660
- 10640
os7e 19

10620
Y 10567.38 10600
10580
10560
10540

10520

&l 10 A p.q 441 BIC HM S E
Fig. 10 Heatmap of BIC for different p and ¢

SEIRFW L, Y (py ) 43 A BUE (1, 2) #1 (2, D B, AIC F1

MAC2, 1, 1) B8, b8 H 75 5 HiE 48 B 9 MAE. 70 il 4
509. 433F1 499, 451, H L& H ARIMA(2,1, D A4 H BT
AR b 5 % i 30 T A AR
£ F ARIMA (2, 1, 1) 8 B % B8 i 17 80 &, JOfF 2

Ljung-Box £ 5 56 §iF 5% 22 ¥ 51 02 45 S M5 e 41, K 56 &5
W% 2 A .10 B S I p KT 0. 05, HAR 2 74y
Durbin-Watson ¥ 8625 5 H 2. 02, £ ¥ 2 7 5 JC @ A& M,

A MR R, U] ARIMAC2, 1, DBELA R BT 48 1
BATE B B R AR E B .

* 2 X ARIMA(2.1. DRERIFE 22 3547 Ljung-Box ;5 45

Table 2 Ljung-Box test results on residuals for ARIMA(2,1,1) model
lag Ib_stat Ib_pvalue
1 0.056037 0.812872
2 0.404 605 0.816848
3 1.346498 0.718122
4 1.592336 0.810169
5 1.668151 0.892887
6 2.229109 0.897468
7 2.284113 0.942458
8 3.508553 0.898525
9 4.537496 0.872621
10 5.187689 0.878293
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Table 3 ARIMA(2,1,1) fitting effect summary
coef std err z P> 2] [0.025 0.975]
ar. L1 0.4658 0.026 18.096 0. 00 0.415 0.516
ar. L2 0.2032 0.027 7.514 0. 00 0. 150 0.256
ma. L1 —0.9792 0.010 —95.12  0.00 —0.999 —0.959
sigma?2 2.7X10° 8796.405 30.593 0. 00 2.5X10° 2.8X10°
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Table 4 Comparison of short-term forecasting for future job

counts by three models

A A MAE MSE
ARIMA 170.0137768 279.7471904
2DLSTM 134.4070072 267.9426154

ARIMA-2DLSTM 125.8718333 255.2750526
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Table 5 Comparison of long-term forecasting for future job counts
by three models
HA MAE MSE
ARIMA 225.3205351 274.4449281
2DLSTM 110.4949256 210. 2895892
ARIMA-2DLSTM 155.0116779 219.9974892
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Table 6 Comparison of short-term forecasting for future CPU

utilization rate by three models

HA MAE MSE
ARIMA 3.116610231 24.1820589
2DLSTM 3.284649505 24.9540936

ARIMA-2DLSTM 3.085268496 23.1830871
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Fig. 16 Short-term forecasting comparison of future CPU

utilization rate by three models
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Table 7 Comparison of long-term forecasting for future CPU

utilization rate by three models

M MAE MSE
ARIMA 3.074284912 18.15715092
2DLSTM 3.584 188695 20. 88338542

ARIMA-2DLSTM 3.207 889831 17.976 11990
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Fig. 17 Long-term forecasting comparison of future CPU

utilization rate by three models
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