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Workflows scheduling powered by execution time prediction model

HU Yahong" , QIU Yuanyuan, MAO Jiafa
(College of Computer Science and Technology, Zhejiang University of Technology, Hangzhou 310023, China)

Abstract; For the problem of workflow job scheduling, the critical path method was proposed to predict the execution time of the workflow and
allocate resources. The parallel application directed acyclic graph was used to describe the relationships among the sub-jobs of a workflow in the
workflow execution time prediction algorithm. Based on this order, the system resources were logically allocated to the sub-jobs. According to the
characteristics and resource allocation information of sub-jobs, the gradient boosting decision tree-based algorithm was used to predict the execution
time of sub-jobs, and the critical path of workflow was calculated. The sum of the completion time of all sub-jobs on the critical path is the
execution time of the workflow. If the predicted workflow execution time satisfies the user’s requirements, job scheduling was executed according to
the sub-job execution sequence and resource allocation scheme, and the workflow was executed. Comparative experiments show that the prediction
errors of the execution time of two workflows are 5.72% and 1.57% , respectively. Compared with the default scheduling algorithm of Spark, the
workflow scheduling algorithm reduces the completion time of the two workflows by 15.71% and 15.44% , respectively.

Keywords: workflow; time prediction; critical path; scheduling algorithm; gradient boosting decision tree
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time prediction and scheduling algorithm
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Tab.4 Hardware configuration for the cluster nodes

A CPU XL  WA/GB  RE#L%#/GB
FHR 2 5 60
A 1 2 4 40
AT R 2 1 2 40
AT 3 1 2 40
AT R 4 2 1 40
AT 5 2 2 50
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Tab.5 Data size of each sub-job in workflow 1

FHEL 0 1 2 3 4 5 6

BiE/GB 0 4 2 2 1 2 6
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Fig.4 PAD of workflow 2

Fo ITiEm2BFRLMHHEE

Tab.6 Data size of each sub-job in workflow 2

FAEL 0 1
BAEE/GB 0 4 2 2 1

2 3 45 6 7 8 9 10

2 4 2 1 4 6

4.3 TIERIE 1 BOTHE, TR EIFNSEFRIZT TR [E]

{11 BFS M IE [ F1 38 [ % €] 3 Jr 75 ) PAD
PATHR, B TR P R ERE R LS 3. W]
PAA 30 1 [0 05 o) B8 AR R A AT I

IERER: TR T >R 2.3 4 FFF7
Fi>FAR s > 7Rk 6,

W TR 1 > 1Ed 2 13 Ff:47 44
Fr>TARl 4 A5 AT AT > TR 6,

BT LR R TR T REE R I
e, I FHEET GBDT A4 () F50 5805 #E AT 4% 1
PR AE RS R TR 3 BE T3 58 T A PRAT I 1] 000, 245
AN 7 MK 8 PR,

®7T LTERMEL I WE@MBERESETRR
FAE A BT BUAT Bt
Tab.7 Resource allocation scheme under forward searching for

workflow 1 and the predicted execution time of sub-jobs

BR SR FAEAL B ERAT
TR CPU %0 N#/CB i)/
1 10 10 69
2 3 4 49
3 3 4 49
4 3 32
5 10 10 51
6 10 10 92
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Tab.8 Resource allocation scheme under backward searching for

workflow 1 and the predicted execution time of sub-jobs

L BEIR ST B ?1@%?\9‘1%3‘%?
CPU B WIT7/GB i
1 10 10 69
2 5 6 39
3 5 6 39
4 3 6 23
5 5 6 39
6 10 10 92
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Tab.9  Critical path and the predicted execution time of

workflow 1
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Tab. 10  Comparison of the predicted running time and

actual running time of workflow 1

TR BN TES A s SERRPATIERR /s 1R/ %
1 69 62.01 11.27

2 39 45.31 -13.93

3 39 45.87 -14.98

4 23 19.89 15. 64

5 39 35.06 11.24

6 92 83.13 10. 67
BTAER 239 226.07 5.72
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Forward and reverse series-parallel execution

Tab. 11
relationship of the sub-jobs of workflow 2
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Tab.12  Resource allocation scheme under forward searching for

workflow 2 and the predicted execution time of sub-jobs
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Tab. 13 Resource allocation scheme under backward
searching for workflow 2 and the predicted

execution time of sub-jobs
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Tab. 14  Critical path and the predicted execution time of

workflow 2
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Tab. 15 Comparison of the predicted running time

and actual running time of workflow 2

T BNRATIS (/s SEPRIRATIRR s ERZE/ %

1 129 112.86 14.30
2 71 80.56 -11.87
3 89 78.99 12.67
4 47 51.97 -9.56
5 89 96.92 -8.17
6 129 116.49 10.74
7 71 79.12 -10.26
8 38 33.08 14.87
9 129 142.61 -9.54
10 143 158.47 -9.76
BCAER 619 609. 42 1.57
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