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Abstract With the explosive growth of Internet data, many distributed storage systems have integrated

erasure-coding mechanisms to ensure data reliability, while further reducing storage overhead. However,
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erasure-coding has changed the data placement scheme, thus affecting the data access of other services
of the cluster. This paper proposes a new data placement scheme and a task scheduling strategy based on
heterogeneous Hadoop cluster that can be better adapted to the “one-to-many” data access scenarios of a

typical offline batch job MapReduce applications. By analyzing the hardware parameters and historical

load of each node in a heterogeneous cluster, the data blocks of the same erasure coded stripe are distributed
as many as possible on nodes with similar performance. This way ensures that the data access pressure to
each node of the cluster during the execution of the MapReduce job achieves relatively balanced state. In
addition, when the system schedules tasks, the task concurrency of nodes is determined according to the
current load and computing power of each node and so to avoid straggler task caused by heavy load in
some nodes and optimize the progress of the MapReduce job. The experimental results show that compared
with the default random data placement and task allocation strategy in Hadoop, the data layout strategy
Heterogeneous-aware Data Placement Algorithm (HDPA) and the task allocation strategy Dynamic Task
Allocation Algorithm (DTAA) proposed in this paper can effectively reduce the long tail effect of tasks in

different types of MapReduce applications, thus reducing the running time by 10.5%~42%.
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Fig. 5 Completion time of Wordcount Application

processing 60 GB text data
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Table 2 Wordcount Application’s running statistics

Reduce BIBL gy ppinsy

ST Map BBt (% Shuffle) Map 115 R Map 1% Map  Reduce 1145 Pk Reduce #%12 Reduce
! FHI(s) uﬁﬁ i (s) Frs)  CPFHARG)  AEFARG)  AESAR () PR  AEFARG) RS AR (s)
Hadoop
BRI NS 105.7 17.7 128.0 63.8 43.3 84.9 5.7 4.3 17.6
HDPA+ 74.4 13.2 90.8 56.9 41.2 64.1 5.7 43 9.2

DTAA
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Fig. 6 Completion time of Sort Aplication processing 60 GB
vector record data
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Table 3 Sort Application’s running statistics
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BRSNS 72.1 106.5 180.6 35.4 22 70.4 32.7 12.3 47.2
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Table 4 HDFS data throughput in the Hadoop default strategy and HDPA +DTAA strategy
BT Hls 5 N F k= Kl 5 NP PN st T Bl R R
(MB/s) 10 J# % (MB/s) FRIEZE (MB/s) (MB/s) 10 #HZ(MB/s) FRiEZE (MB/s)
Hadoop BRI\ Hem 6.7 12.1 14.9 48.6 102.5
HDPA-+DTAA 7.0 12.5 15.9 50.4 98.7

10.5%, JFf HAERE G A 1 F I 38 2 9 58
FRE
43 A7 EXT HDFS HiEEML SRS

NI IE A HDPA J5 %% Hadoop £ H
B 1 BRI RS A B, A SCE
BRI RIEE 200 N3, A XA 1 GB
Kb, MK HDPA 77 58 R0 BR A B4k 7 B Sk g 1
Hadoop fEMHIEHE A&, Wk 4 f7n, HDPA
s B F B T HDFS BRI BEHLRE
EHIE S AW 10 B2 Lok — e ey, T8
JER BRIE 149 s 2 AN H i B . F T
LI 2 PR AR e 2 BRI B — BN ) 1) 3
U, PRI K 40 TR 9 R Gt — B ] (1)
Ry Z7% . AL, BdE R CE A B A
T A7 T . LR AT S LR R AR
T LA J 56y T 38 B 285 RS (R0 S 4P 3 A7 i
o B BE R A =gy, U EOF A AR K, A
It HDPA A2 75 SCAF 5 N B i R i K 1 4 4 42
B FH, HTHRMWGESEREE, W&
R ERTER S NBIEEL, [Hitk HDPA A2t
HDFS [ 51352 5 P R ik ik B 2 T AR

ARICHEW T — BT 574 Hadoop £EFF 1%L
% B 5% HDPA FIE S5 3L Sk ig DTAA, 435l
NAEfi (00 R A0 9 it A o 7 5% s 2 B A7 iy
#i:UF, LJZE MapReduce MHHT “—X£”
K vy i R S A 25 i AT 45 18 AT H
ISR I ., SIS S5 IR B, /£ Wordcount,

Sort. K-Means 55 =K HA LK) MapReduce
L FH A, T R S R R T Bl U I e
AT VRS A AR 41, DURAE S 2 65 2% o i B AL
B IR BURHE, e 23T MapReduce M H
fE Map B B Eds U7 n HE e bAh, MR SR
RS WG IR B DU Hadoop HIAESSIE K
FEBATANAS AT, R AT R0k G & 1T ST 55 ]
DA 8 5 4 7= AR T E K R AN, I A IR T
“HDPA+DTAA” Ji W AATIE S HRME. H
AT, B AN AMEFXT MapReduce N AL AL #3537
RREZETZRIAFHER, HT Hadoop
oty A MDA A A A o0 TARA X B2, 32
LT — S a3 B R TE [ R 3 5 T IR SRS 4y
B, A S B e . AR R TAE
H, JRATTHE 22 R AN TRV A s v B 1 AU
PEREREAT SEIIRS B B0 R 70, TR BB s AR TS
) ES I TECE N 55 70 e SR g Sk i — AR IR T AR HIE 5T
T7 ZARR

2 £ X #k

[11 IDC. ¥4 :##M % [EB/OL]. (2017-03-07)[2021-

10-09]. https://www.seagate.com/files/www-
content/our-story/rethink-data/files/Rethink Data
Report 2020 zh CN.pdf.
IDC. New horizons of data [EB/OL]. (2017-03-07)
[2021-10-09]. https://www.seagate.com/files/www-
content/our-story/rethink-data/files/Rethink Data
Report 2020 zh CN.pdf.

[2] Ceph. Ceph documentation [EB/OL]. (2016-08-25)
[2021-10-09]. https://docs.ceph.com/en/latest/rados/

operations/erasure-code/.



33

BiRT, 4%

AR T B B et A FAE M RE A4 97

Apache Hadoop. HDFS erasure coding [EB/OL].
(2021-06-11)[2021-10-09]. https://hadoop.apache.
org/docs/current/hadoop-project-dist/hadoop-hdfs/
HDFSErasureCoding.html.

Plank JS. Erasure codes for storage system: a brief
primer [J]. ;login:, 2013, 38(6): 44-50.

Wang A. Introduction to HDFS erasure coding in
Apache Hadoop [EB/OL]. (2015-09-23)[2021-10-
09]. https://blog.cloudera.com/introduction-to-hdfs-
erasure-coding-in-apache-hadoop/.

Wang J, Shang PJ, Yin JL. Cloud Computing for
Data-Intensive Applications [M/OL]. Springer,
2014: 153-179. https://link.springer.com/content/
pdf/10.1007/978-1-4939-1905-5.pdf.

Xiong RQ, Luo JZ, Dong F. Optimizing data
placement in heterogeneous Hadoop clusters [J].
Cluster Computing, 2015, 18(4): 1465-1480.

Shen ZR, Lee PP. Cross-rack-aware updates in
erasure-coded data centers [C] // Proceedings
of the 47th International Conference on Parallel
Processing, 2018: 1-10.

Li RH, Li XL, Lee PP, et al. Repair pipelining for
erasure-coded storage [C] // Proceedings of the
2017 USENIX Annual Technical Conference, 2017:
567-579.

Wang F, Tang Y, Xie Y, et al. Xorinc: optimizing
data repair and update for erasure-coded systems
with XOR-based in-network computation
[C] // Proceedings of the 35th Symposium on Mass
Storage Systems and Technologies, 2019: 244-256.

Rashmi KV, Chowdhury M, Kosaian J, et al. EC-
Cache: load-balanced, low-latency cluster caching
with online erasure coding [C] // Proceedings of the
12th USENIX Symposium on Operating Systems
Design and Implementation, 2016: 401-417.

[12]

[13]

[14]

[15]

[16]

[17]

[18]

Yao X, Wang CL, Zhang MZ. EC-Shuffle: dynamic
erasure coding optimization for efficient and
reliable Shuffle in Spark [C] // Proceedings of the
19th IEEE/ACM International Symposium on
Cluster, Cloud and Grid Computing, 2019: 41-51.
Tandon R, Lei Q, Dimakis AG, et al. Gradient
coding: avoiding stragglers in distributed learning
[C] // Proceedings of the 34th International
Conference on Machine Learning, 2017: 3368-
3376.

Wang HZ, Guo S, Tang B, et al. Heterogeneity-
aware gradient coding for straggler tolerance
[C] // Proceedings of the 39th International
Conference on Distributed Computing Systems,
2019: 555-564.

Li S, Maddah-Ali MA, Avestimehr AS. Coded
MapReduce [C] // Proceedings of the 53rd Annual
Allerton Conference on Communication, Control,
and Computing, 2015: 964-971.

Ford D, Labelle F, Popovici FI, et al. Availability
in globally distributed storage systems [C] //
Proceedings of the 9th USENIX Symposium on
Operating Systems Design and Implementation,
2010: 61-74.

Ahmad F, Chakradhar ST, Raghunathan A, et al.
Shufflewatcher: Shuffle-aware scheduling in multi-
tenant MapReduce clusters [C] // Proceedings of
the 2014 USENIX Annual Technical Conference,
2014: 1-12.

Darrous J, Ibrahim S, Perez C. Is it time to revisit
erasure coding in data-intensive clusters? [C] //
Proceedings of the 27th IEEE International
Symposium on the Modeling, Analysis, and
Simulation of Computer and Telecommunication
Systems, 2019: 165-178.



