8% B8 WHETFESITAE N Vol. 28 No. 8
2011 4E 8 A MICROELECTRONICS & COMPUTER August 2011

& T it B Map/Reduce RAEF = 6 X% 53 1 IE 12 1B

x| FE,K W
PEAMWRE IHEIRESHEA R, LR 102249)

¥ ¥: ##Ed Map/Reduce XT@/EHULEHEREERRRN I ENABX RN T A LALELE, B
ERAFURVNEANBLETEENELA AR ERFHNERAEIANENAE RE THLIHATHAN ) ZAHL
BEHFEERX BN R ANFIAEL AL EREE S TEREWESH NN X AW P AW F %, 7 % Map/
Reduce £ H W EHH R AL AR/ Ext ey 7 R#AT T % #. BB T Map/Reduce JATE AL/ EF WS,
% Map/Reduce £7 R A BB S E L4 A2 XA 8 F E W W HTEE T Map/Reduce 1. # 15 4
K@iA: Kt Map/Reduce; B8 St Sl 4T MR Z M0 A BT KELHE

hE S TP39 XHEERIRE: A TEHE . 1000—7180(2011)08—0140—03

Data Mining Based on Improved Map/Reduce
and Pattern Space Division

LIU Qian, CHEN Ming
(Department of Computer Science and Technology, China University of Petroleum, Beijing 102249, China)

Abstract: In order to realize data mining through map/reduce based on key/value pairs, the way of processing the
many-to-many corresponding relationship between the data set and the pattern set is adopted. For some of the more
complex types of pattern, the pattern set is so large because of combinatorial explosion that the corresponding rela-
tionship cannot always be processed directly by the map/reduce. Therefore a way of pattern space is proposed to
convert the problem of processing the many-to-many corresponding relationship between the date set and the pattern
set to the problem of processing the many-to-many corresponding relationship between the data set and the set of the
sub-pattern sets. At the same time, the scheduling mechanisms of the map/reduce cluster and the way of organizing
the key/value pairs is improved to enhance the ability of map/reduce to execute pattern mining tasks. The results
show that higher parallelism is achieved on map/reduce clusters by using this idea than the map/reduce of the tradi-
tional algorithm in mining some of the more complex types of pattern.
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