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New Parallel Algorithm for Mining Frequent Item Sets Based on FP_Growth

Sun Hongyan,Ji Genlin
(School of Computer Science and Technology ,Nanjing Normal University , Nanjing 210023 , China)

Abstract : Mining of frequent item sets is used to find the association rules between items. In order to get frequent item
sets of big data efficiently, this paper proposes a new parallel algorithm for mining frequent item sets based on FP_
Growth ,named NPFP_Growth( New Parallel algorithm based on FP_Growth). The storage structure of local frequent pat-
tern tree is improved and created in each node based on parallel computing model Map/Reduce and distributed storage
system HDFS and then longest global frequent item sets are mined in each branch of the tree. Finally, Support for item
sets which does not meet global minimum support is computed and then sent to corresponding computing node to count.
Parallel mining algorithm NPFP _Growth is implemented. The experimental results show that the algorithm have high
computing efficiency and good scalability.
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FP_Growth 3% 32 B2 S BURE 25 55 B0 128 v 1) B3l 1 4 O — BRI BB X FP_Tree, SR )5 18 1 1%
FP_Tree SKfift Hh HE b AT 000 S50 H 4R N 1 B 9 3 55 5t TID J2 8555 1D 5, il T HfE— bR il 45
%, W H SN RIE S AL E AT E Y ID 5 X 3R 1 rh i s AR, sl 1R,

£1 ESUE

Table 1 Transaction data set 12:7
TID T H % TID it F 53 1:6 |
T1 11,12,15 T6 12,13 13:6 |-
T2 12,14 T7 11,13 14:2
T3 12,13 T8 11,12,13,15 15:2
T4 11,12,14 T9 11,12,13
TS5 1,13 B sRgEEH

Fig.1 Frequent pattern tree

FP_Growth 5.4k F AL E I MLOP TR
HB1 FP-Ftass .
(1) FfF 58 e $o 1-TUs E H 4 | IF%0 Hople SCRp RE R P EA T HE .
(2) EEST A RYAREE 5, UL null ARic. SRS 55 80Ea A g5 55 v i B 30 H 4R IR 1 - T SRR
REVNHATHET T4 A S EAE .
$B2 % , i A E s FP_G(Tree,null) RS s HOCHET .
FP_G(fp_Tree,con_mode)//fp_Tree 5 BEAREZ ML ; con_mode S22y S5 AR IS IR N %5
if fp_Tree {15 HL45 %A% path, then
for each #%4% path HH4% & 44 (iEN comb) do
FEHEAE S comb U con_mode , HSZ B TR T comb W45 55 A H /D SRR BRI
A HSCRR R T 45 T /NS5 BE A, DU G 1
end
else
for fp_Tree 3k 2 P YA con_mod e; do
P comb = con_mod e, U con_mode , H: S FEEEHZE T con_mod e, RS FRRE L
P comb [ 55 AFBER I SR IF AR comb IS5 FP A fp_Tree,,, ;
if fp_Tree,,,,, # ¢ then
FP_G(fp_Tree,,,,, ,comb) ;
end

end

end
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(1) T H S0 T4 200 Y.
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ZEH 1 4~ Map/Reduce job SZEK.

HER2 AR S B AR 1 I RS 55 B A T AR | 2% 1555 vh B B R SRR R
TER key fH, AT R value {A, TR 1 4> Map/Reduce job S, S5 5K AE HDFS 4 A XS4

BRI REPTR 2 ARSI E SN AL 2 B ) R A B . 45 3 SO K A R
WE I H AR key {8, AR ZE 0 S H SRR BUE N value 8, #5553 30 HAFFE AR A B30T, W key Ky
NULL. Btid#H 1 4~ Map/Reduce job SZHER, 45 AFif7E HDFS 4341 XS04,

A PR EARPIR 3 i A O SRR A R I B TR IR AR value S, X key
AT &R G 15 3 — L 4 JR i 2000 H 5 5 Q2R value AN =S W key AN IUHAT ARG, Z
JE S value "I G B UGS | &5 158 T0UHE 1Y S 8 i 3 4R vh BT 40, 25 30 H 1) die /N SRR BE 5
R key a3, B NULL, W HX value HH 50 H SEAT 4 R 2 &, HSCRRBE D iZ 0 46 v i, 25 0 H A fie /N S8R
B AT 1 4> Map/Reduce job SZER.

2.2 1-TEXFHgt
1-T4E SRS R, - —A> Map/Reduce SEER, AL ANT .
Mapper 1 2 .
map( key,value) | //key 55 ID 5, value 3555 5
for each word, Cvalue do
output<word; , 1> 7/ ,word, ATl H , iz 3 AEEeE N 1
}
Reducer 172 ;
Reduce (key,value) {  //key A& H ,value J& Mapper H1iZ3i B -0 E S
count=0;
for each v, in value do
count =count+v, ;
end
if count/ || D || = minsup then //D A EF 5 EH , minsup S/ L
output<key,count> //%iH key AT, value Hi% key Xt I B9 S 55X count
end
|
2.3 HIETmALE
FAHH 2 55 B 0T 5 55 i IR 1 I 1) SRR AR R B N BB RN HE Y, 5 KSR BE IR key 18, 6
AR — Map/Reduce SZ8L, HAMRAIS AT .
Mapper i ;
map (key,value) { //key A5 ID 5 value =55 EHE
for each line C value do
Filter_Sort(line, 1-itemSets ,item[ ) //%F 8155 line #% 1-T04E 1—itemSets A9 2355 i K BN /NIEAT i 38 FnHE
Fe S5 R0 T ERT item $2H
— 21 —
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output<item[ 0] ,item-left> //%iHH , TR HE R ATUER key {H , HAT item-left fE 4 value (&
end
!
Reducer 372 ;
reduce(key,value) { //key JE451~, value J& Mapper HF T A AT ES
count=null;
For each v, in value do
count = count+ 73 FAfF+v, 5 //key FHIFI A 53 3 LT BRAT 43 B8 , 320 count
end
output<key,count> //$iH  key AT value A UL ATBAAT 0 B 0 2540 52
end
}
24 BIBEFMEERAN, KBEINMIZEKEFHMEDBEMIEFETBE
233 #E H—> Map/Reduce SZ8E, DA CAS 40T .
Mapper 13 2 .
map (key,value) { /%A key 9 SCHRPEUR AU, value & LI FRAF 43 B8 1 214332
builtTree( Tree  key) ; //FSIATN BEARIEM Tree , LG 5 %S, H. key (H AREE ST F45 5
for each branch Cvalue //branch & LIS FaAFHEAT 0 B B9 53 =2
updata _tree( Tree,branch, List) ; //LA branch ##f Tree
(RIS List 305 205 i 0L
!
cleanup () {
for each item, C List //item, J& 45 55 1467 &
ergodic (item, ,Max_fre infre) ; //MR¥E item, , 3R fiff 1< 2 Jm S5 uit H 48
Max_fre 14> Jrid A5 00 H 48 K X HFEE infre
if (Max_fre=null)
output<NULL, infer>; //%i %5 Max_fre %5, ] key 1% ¥ & NULL, infer 4 value
else
output<Max_fre,infer>; //#ith  key {ih Max_fre, value {H_} infer
end
}
Reducer 14 2 ;
reduce(key,value) | //key J& Mapper H1 Y Max_fre , value JE£4H[F] key A9 infer FIEE A
combine =null ;
for each v, in value do
combine = combine+53 M +v, 3 // B EA M key BI85 value A3, I FH A BRAT #4740 FR
end
output<key,combine> //%ii i1}, key A 2 R ZEI H 4 | combine iy LUZE A 2Rl B0 B 4L AT 4 Rk
L STNEE S S EE T3
end
}
2.5 EESBMEmE
IZid R D AR AT
Mapper 7 ;
map (key,value) | //Hi A key NI K2R B H A, value 1B X R 1 425 AT 200 H 46 K S e
for each v, in value do
if(v,=d)
result=perm_comb(key) ; //X} key "RASINIUIEA T4 TR & 15 B — L8 42 Ry 00T H 4R

for each res; in result do
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output<res, ,minsup>; //fii G EER res; L) Medm/INSCHFEL minsup
else
if(key 7 NULL)
result = perm_comb (key) ;//key H&ATWFEAT R4 A, 15 5] — L6 4 Jap 4 20l H 42
for each res; in result do
output<res, ,minsup>; //4i G LR res, LI/ SZFFE minsup
result_value =perm_comb (res, ,value) //Z )55 value H45- T4 &
for each res_val, in result _value do
output<res_val, ,sup>; //HiHAAEER, SIFBERA G 4 TR IR/ SRR
else
result=perm_comb( value) ; // BX value H1A930 H 474 Fh 4G
for each res; in result do
output<res, ,sup>; //fii A GEIR res, , LHRFEE R A G h & TUEA 1Y F/D LR
end
end

end

}
Reducer i1 7 .
reduce(key,value) { //Hi AW key JEZH A L5, value JEIZH B L5 R T HFBES
c=0;
for each v, in value do
c=ctv;;
if ¢/ | D || =minsup then //D A RFi55%L
output<key,null> /% F key 527 & e/ N SAF B (A4 00 H 4 |, value 25

end

|
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Fig.3 Algorithm execution time comparison of FPPM Fig.4 Execution time of algorithm NPFP_Growth

and NPFP_Growth at different support
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