http: /www. jsjkx. com

DOI:10. 11896/jsikx. 201200066

RBAMEBHERORAAEST

BN Re#s' WER axl’
1AM FREAFITENFR A 310018
2 ERBEMARNEEERAE S AF L 100053
SHMME FRHEAAFHEZE L% M 310018
A HIEEFREESRTFIEER AN 310023

S5 MEZTEARAE MM 311121

e It R

i E ABETSCINFARRESFHFEAZERIZKETCHTRAMEGRE A, LI TREG L Loy kaF,
VAT B % & A ey 3P o B EHIEE cluster-trace-v2018 AH A BEMA B IR B AL B L, #FakrH T RRAEA T4
FHEERDEFRTRARN EAFE, TE2EL AL T DIV ZFERAFLORAAF 0 EBLERELRD EHFEREHFTRY R
FiDRESFXAERGEES U EBIATI R Lk RS H oA EES5RAELRFT EHLF RS, A ;3BT 54 &M FE
BIEEREN 5 Loy A R IMEFFAE L L A K M Z ) &R ARALE, Bk Wby £ B IRAE S B RA A KW, ™ et ) k4R B
R RN B LR FHEEOIMES FH G RE AR L T FT ERHT LGP RKE T, KI5 T 50 -F 9 RN A
1000s & &, N30 S a94E 5 26 K 2 FAK, P39 L& BB E T A 10000s Ak,

KR RS IE TAF R BAAE ;o A XA A k2o AT

REESES TN391

Analysis of Workload Failure in Co-located Data Centers

JIANG Cong-feng' , YIN Ji-liang' , HU Hai-zhou' , YAN Long-chuan® ,ZHANG Ji-lin® , WAN Jian' and QIU Ye-liang®
1 School of Computer Science and Technology, Hangzhou Dianzi University, Hangzhou 310018, China

2 State Grid Electrical Information Communication Co. ,Ltd. ,Beijing 100053 ,China

3 School of Cyberspace Security, Hangzhou Dianzi University, Hangzhou 310018, China

4 School of Information and Electronic Engineering,Zhejiang University of Science and Technology., Hangzhou 310023 ,China

5 Alibaba Cloud Computing Co. ,Ltd. , Hangzhou 311121, China

Abstract Datacenter workload co-location can greatly increase the resource utilization of cloud data centers, while it also increa-
ses the scheduling complexity and job failures. In this paper,the cluster trace dataset from Alibaba Cloud is investigated,and the
characteristics of batch workload failure rates and cluster resource utilization are studied. The main contributions and findings of
this paper are as follows. First,Only a small portion of specific types of jobs account for the overall cluster failure rate and re-
source waste due to job failures. Second,the execution time of task failover in the Fuxi distributed scheduler can be quantified as
Gaussian distribution,and the task scheduling delay can be quantified as Zipf distribution. Third,Based on the failed instances dis-
tribution on cluster nodes.it’s found that the job failures randomly occur in the cluster spatially,and the failed jobs are prone to
fail again after their failovers. Moreover, job failures occur in the cluster temporally but not evenly distributed in the cluster.
Fourth, the mean time between failures of the cluster is calculated according to instance failure data,and the results show that
most of the cluster nodes have the mean time between failures values as 1000 seconds, while a few of them have the mean time be-
tween failures values as 10000 seconds.
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Table 2 Offline batch job statistics

Status Number Rate/ %
Terminated 4107706 97.92
Failed 83193 1.98
Running 3975 0.09
Waiting 0 0
Total 4194874 100. 00
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