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Abstract:In view of the large data problem of association mining by the method of taking two times of scanning

database and adding the transaction to the independent data partition, distributed renovation of traditional FP-

Growth algorithm was taken, the distributed FP-Growth algorithm based on Hadoop framework was then put

forward so as to realize the frequent pattern FP huge amounts of data mining. The simulation results showed

that in the process of increasing data processing, the algorithm was compared with the traditional algorithm

advantages of its running time and memory consumption were becoming ever more obvious. When the amount

of data processing reached 700,000 items, the algorithm saved about 2/3 running time than the traditional

algorithm , while the memory consumption was only 1/5 of the traditional algorithm. It showed that the algo-

rithm could significantly improve the mining efficiency of FP and reduced the memory consumption when deal-

ing with massive data.
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Fig. 1  FP-Growth algorithm flow chart

F_list ,F055 F_List 534, B 6 N BCR ) G_list s
A RO A B A — A 4 R
3 FP-Tree {55 — 253842 (WA HET 556 —
W AR 20 0 B S HE Y — 20 , 4
JE WU S AR S A iR Y R B A S
S kB AR TR WL ST TE T R A
EAEIN 1, Qi Js iy s LA HHIA R,
BB 0 B A% MU HE | L 25 e v ik
R T2 5 B, WUE L T & A AT F 15
(1) FP-Tree $4la 4514, 1IX A, B0408 e Hh (9 = 55 %
et A 48 B R 157 15 1 FP-Tree (AR 4544, G _
List ORI 655 TR g AR5 3 DX o, 5080 Pl
A3 T LA 43 IX. 3 ol e B8040 22 1 4 Xl
TEAEPRUESS 3 DX Sy P () TR s, o e AR KRR
RS T EER A E

7 Hadoop HEZLF, JLAN43 X [RI i 64T FP
288, fcfa a9 SO ST A R T R A T



- 100 -

a5 201849 A 4533 % 55 4

T8 AT (R A KRB . 33 A Al mT LA e ke v
BT PE K FP-Tree JG 1 B 54 46 PN A7 19 7]
R, = O S BAE Hadoop HEZR T FP 1) 73 A X
2408

1.2.2 FP-Growth EEXHEXZRE K
Hadoop HE Z2 /1, H: MapReduce =%y Map #lI
Reduce X P> B4, Map e&BGEAT %540
il R A TFAE 5, Reduce pREUE A )G 0 24~
TS5 WAL BREE SRR A2 K , Hadoop B TAE/R
AEE 2 R,

7 Hadoop fiE42F , 5T Hadoop 5838
FP-Growth S35 i # W & 3 fro , B4 20 %
.

WL B DX B D 0 A B e
PEHSEAT 53 DX X 8603 DORE SR Y, B — 6 IR 55 a4
FERE I X XLy XFRAE shard.

|2 I F_list, WL R A item 1y
support count ,if 1 Hadoop HEZLH5E K.

HE3 dtem Sy NG F_List B item 431,
N AT group_list, Ferf Y B — 4~ group
#RBL Bl — A~ group_id , T4~ group_list #RAD75
—2 item WIEE G, 2 BR 45 H HH FH I L]
YR RIS P 8 A 1) A .

FER4  FP-Growth 5% 73 A U A - 12

sk A MapHE/F 0l
AR Map <7
S F Map (]
S pr2 Map <]

Hadoop HEALH, F| 25 — 20 shard (%5035 1 73
DX, A Hb 22 400 BRI LR B0 PR 3 DX b i A — 2%
F55 B AW 55 transaction 53 A item,
WA group _List 4L EAAS drem B I} 3] Fiy X 1V Y
group HL. 4 HE 3304 Y B S5 R 00, K] A Map pR
B FAHIE group 1 item 5 RAF— B MRIF5
v b AR A B AR 15T R A Reduce bR
Bab P E PR A 25 2R.

S!S KRG GE ET AU ML S
A RIAT R A, 0 8 AR T B A B

2 PIHEIR

2.1 LHEFESMREE

T B EA SO A RO W SRS
[) FP-Growth %3 Fll PFPTC 45 32 #E 47 %) kb 52
K. SEEF- 6 4 B %A Linux RGEIR S5 4 1
Hadoop 2.0.4 6, B4 S % Intel i7 &b
PGS, AR 8 GB s AIREAS 19 R ] Intel 17 42
Hgs, BN 3.6 GHz, NAEH 4 GB. X%
&M python € B 78 7 ICHUAY 30 5 S5 1 k4
FHSE BRI T APL 4 1 3R HUTY) 40 J7 4%
TR , 2Lt 70 O S5 G | K B
FRSCHR N AT (WL N 28 A28 B 1 23
B AR, TEAF A K e Z T 42 0 B 1

It Reduce T

B 2 Hadoop TH+=EH

Fig.2 Schematic diagram of Hadoop work
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