H39% 1M it A HL =5 Eire Vol. 39 No. 1
2016 4 1 A CHINESE JOURNAL OF COMPUTERS Jan. 2016

BigDataBench: FFiR R KE#E R FiE N EHE

BHE HHA I OB B2 & 4
BUA B 4 ERE 2EF

O CpE B B AR BRSO dEBT 100190)
DOPERER R dbat 100190)
P ALE R PG BRHE BB b 10008D)
P OREGREGEMEBE dbs 100191

B OE REE RGN ERN KRR T OB I 1 S L ] 2 T M B A TR ) R B AR G LA K A AR B
R RS T8 A AR ST T BT TR SR L S T AT A T2 A RO I Y Y 2 A A R AT R A Y A2 TR AR DR K
8 v 0 3 1 B TR AR DR B A A A A S R o 0 4 A A B 0 R — 2Rk E B RO A AR B
AT L 32 00t 6 % DR B AT 7 48 LA AT B 32 BN B 2 R R SR TR . B B AR AR R SO T R B I
00 35 A 7 0 TR OR L IR T — B R G R R A BRI 3 A R Y RO R T R AR Y —
BigDataBench. ‘& # i 5 >t 84 1y i T 4500 (18 R 518 0 T 1 55 AL S M4 2 IR AEE B a2k ok
AL ARG A RO BOE 2 B L R 3 B T R L AU BT TE SRR 5 W NoSQL X 4 Bl 2R B, AT 14 A ELsk
BOR AR L3 B0 YA B0 2 1R LB 33 A S B A [ /R A% 55 L. BigDataBench & 7732 B 8 22 AR SR Tl 5t
Hh L I B A B BT R RS BT R Gk . BT BigDataBench, H [ {5 83 5 BF 5T Be Ik & o [ B2 BE
T BRBTFE BT A6 45 [ N A4 23 5] ANRRTF LR JE ] 72 1 I P9 A Tl o o A R K - 15 1 E P v o

RAIE KRB 5 o DU 5 oMb bR o 5 03X D ik 5 B 2B A5 0L 2
hEESES TP311 DOI € 10.11897/SP.J.1016.2016.00196

BigDataBench: An Open-source Big Data Benchmark Suite

ZHAN Jian-Feng” GAO Wan-Ling"”'? WANG Lei” LI Jing-Wei” WEI Kai”
LUO Chun-Jie” HAN Rui” TIAN Xin-Hui”® JIANG Chun-Yu"

U (Institute o f Computing Technology, Chinese Academy of Sciences, Beijing 100190)
» (Uniwversity of Chinese Academy of Sciences . Beijing 100190)
9 (Beijing Academy of Frontier Science & Technology . Beijing 100081)

Y (Chinese Academy of Information and Communications . Beijing 100191)

Abstract Booming big data sparks tremendous outpouring of interest in storing and processing
these data, and consequently a variety of big data systems emerge, giving rise to great pressure
on big data benchmarking. However, complexity and diversity of big data raise great challenges
in big data benchmarking. Most of the related benchmark efforts either target at specific application
domains and software stacks, or choose workloads subjectively according to so-called popularity,
thus fail to cover the diversity and complexity of big data. In this paper, we discuss the requirements
for big data benchmarking and present our open source big data benchmark suite— BigDataBench,

which is a multi-discipline research and engineering effort, i. e. system, architecture, and data
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management. BigDataBench adopts an iterative and incremental methodology, not only covering
five representative application domains, but also containing diverse data models and workload
types. Currently, it includes 14 real-world data sets, scalable data generation tools for 3 kinds of
data types, and 33 workloads implemented using competitive technologies. BigDataBench has
been used both in academia and industry, with typical use cases of workload characterization,
architecture design and system optimization. Based on BigDataBench, Chinese Academy of
Information and Communications releases China’s first industry-standard big data benchmark

suite together with ICT, CAS, Huawei and other well-known companies and research institutions.
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