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iE: CTR: click-through rate

NMT: neural machine translation
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1. model«—getJobModel(C;) ;/ * YHTAE 45 X6 0 AT 45 A A
*/

2. 2 ngtPerformance(model,wj) 5 /% AT S PERE (F)
Frmfia)) =/

3. important _list < permutation _importance(model) ; / *

1 95 1R (1 17 B AT N AR AR Al = /

4. whilea <1

5. for each resources type inw;:

6. if type r is not in important _list

7. w) < oaw’ s / % GEIRARATIEAE * /
8. endif

9.  Endfor

/% FLIE N IRE 2 )5 AR 45 R BE + /
10. T, < getPerformance(model ,W,) ;
1. error I T, — 1,1 /15
12. iferror < 0:

/s BEIRARAR T3 AT 55 1 HE 52 W0 10 B (25K i Jul

BRI AREE L « /
13. return W
14.  endif

15. o = a+Aa; / * HiEN LR =/

16. return w; ;
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i AT SRS R
1. Job _list < getOnlineJob(t,Job list,Pending job) ;
2. if Job _list is null;
3.  break;
4. Endif
/AR BRI B SR HEATAT 55 R, AN SR Mg Sy FIFO I
D4 B AT 55 Bk ) HERE = /
5. Job _list < sortJobList( Job list) ;
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7. job’ < updateResRequirement(job) ;
/o 3] G IRAR T HES  BEARBEIRE AL =« /
8.  sortServerList( Server list) ;
9. ifisJobExecutable( Server list, job’ ) :
/% YRR ARG T LIRS+ /
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12.  elseif
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14.  endif
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16. end for
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A e R 55 R AR A5 R R 22 4 BE BT IR
RS FFAT 55 5038 2l LA A2 B IR R 1) Al 55 48 17
R SEBUXT SRR ) B IR0 B DL HEAT Sh A
o B, T RGOS R CT BPATIRZS 4
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resTotal
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Abstract

A scheduling method based on task resource demand prediction is proposed to improve the job execution and

resource utilization of artificial intelligence ( Al) computing power cluster. Existing schedulers are designed by op-

timizing the graphics processing unit ( GPU) resources allocation, which ignore the effect of multidimensional re-

sources on Al task executing. In this work, the impact of multi-dimension resources on job execution and cluster re-

source utilization is considered. First, the multi-dimensional resource requirements of jobs are modeled through ma-

chine learning methods. Then, an adaptive resource scaling scheduling method is proposed, which reduce the over

claim resource waste. It is found that compared with the basic strategy, this method makes more tasks allocated and

execuled in the same period. Evaluation results shows that the job deployment increases by 25.3% , the completion

rate of deployed tasks increases by 15.2% . The GPU and memory utilization rates have been increased by 7.2%

and 8.0% respectively, leading to an improvement in the overall utillization of computing resources.

Key words: resource scheduling, elastic resource allocation, artificial intelligence (Al), computing power
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