3% WAl £ % i 7N Vol. 3 No. 4
2014 57 J JOURNAL OF INTEGRATION TECHNOLOGY Jul. 2014

RIKBRESIERENH
AL R

(F BEREA BETH HHOARBTSUT M Hdi R of 5 TR A SEE S JEst 100190)

BOE REE TSRO KR AL S 1T HOAR TG B K B U IR 45 sk ek R K 0 57 3 2 RE 10
Pl 7935 T [ P A8 K ELIE I 2 7] ) 52 B B FHL RTYAR D 5Tk, Apache Hadoop % CUpkh PB 2% K i b
BB R R AN S hRAE, I L 6N [ 28 B0 Ak B0 585 SR 1 SR D k. SO T KK
WS R G ARt R 5 R 4 A R 45 (B A2 DN =I5 4%, Bl RCFiles CClndex Ml SwiftFS, 4G affe T K
BT 2R G5 107 s 24 1) 1 SR 7 Dk 25 ) R 33 e R R T B R R AR A4 B R U 5 | A%
t, ELHESTRE TV S AR T AN N

KEIR  REHESIE, Btk 1THRG: RBERSI
hES%S TP3164 TP319 ICHMREM A

Golaxy Big Data Engine and Its Applications

ZHALi CHENG Xueqi

( Key Laboratory of Network Data Science and Technology, Institute of Computing Technology, Chinese Academy of

Sciences, Beijing 100190, China )

Abstract Volume, variety and velocity are the three challenges that the big data computing must be faced with, which
cannot be dealt with by traditional IT technologies. Benefiting from numerous domestic and overseas Internet companies’
practical applications and continuous code contributions, the Apache Hadoop has become a mature software stack and
the de facto standard of the PetaByte scale data processing. Furthermore, around different types of data processing
requirements, different software ecosystems have been established. In the big data system field, three research works of
data placement, index construction and compression and decompression hardware acceleration, i.e. RCFile, CCIndex and
SwiftFS respectively, effectively solving the storage space and query performance issues, were introduced in this paper.
The above research achievements have been already integrated into the Golaxy big data engine software stack in the form

of key technologies, and directly supported multiple practical applications of Taobao Inc. and Tencent Inc.
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Golaxy big data engine software stack
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