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Abstract

High utility itemsets mining considers factors such as the importance,
profit, and user preferences of items, assigns different weights to items to
calculate the utility of itemsets, and better meets the needs of practical
applications. The field of high utility itemsets mining is one of the current
research hotspots in data mining. At present, the explosive growth of data
poses new challenges to the research of high utility itemsets mining
algorithms.

Through literature analysis, it was found that a class of high utility
itemsets mining algorithms using utility-list data structures can further
reduce the number of connection operations during the mining process.
This article improves the classic algorithms HUI-Miner and ULB-Miner
using utility-list in connection operations, and proposes improved
algorithms HUIWTMS-Miner and ULBwWTMS-Miner, respectively, and
conducts experimental verification on them. Due to the fact that single
machine multi-core processors are one of the foundations for
implementing complex parallel computing systems, research in single
machine multi-core processor environments can reveal the principles of
parallel computing from a microscopic perspective. This article designs
and implements parallel algorithms PULB-Miner and

PULBwWTMS-Miner for ULB-Miner and ULBWTMS-Miner algorithms
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using the Thread Pool framework in a single machine multi-core
processor environment. The main research work is as follows:

(1) By combining projection database technology and transaction
merging strategy, improvements are made to the classic algorithms
HUI-Miner and ULB-Miner, respectively. Sort transactions in order,
use residual utility pruning to perform secondary pruning on the 1-itemset,
reduce the number of generated projection databases, and merge the same
transactions. This study set 5 different minimum utility thresholds on the
Retail, Pumsb, Connect, Mushroom, and eCommerce datasets in the
SPMF public resource library and conducted algorithm performance
comparison experiments. The experimental results show that the
HUIWTMS-Miner algorithm significantly reduces running time on sparse
datasets eCommerce and dense datasets Pumsb, Connect, and Mushroom,
except for the extremely sparse dataset Retail, while increasing memory
consumption; The ULBwWTMS-Miner algorithm significantly reduces
runtime on dense datasets such as Pumsb, Connect, and Mushroom, while
increasing memory consumption on datasets other than Retail.

(2) Designed a parallel algorithm called PULB-Miner for the
ULB-Miner algorithm. Implement the PULB-Miner algorithm using the
Thread Pool framework in a single machine multi-core processor
environment. Conduct experiments on different minimum utility

thresholds and threads on the Retail, Pumsb, Connect, Mushroom, and
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eCommerce datasets to compare and analyze the performance of
ULB-Miner algorithm and PULB-Miner algorithm. The experimental
results show that the PULB-Miner algorithm performs well on all five
datasets, indicating its feasibility and effectiveness.

(3) Designed a parallel algorithm called PULBWTMS-Miner for the
ULBWTMS-Miner algorithm. Implement the PULBWTMS-Miner
algorithm wusing the Thread Pool framework in a single machine
multi-core processor environment. We conducted experiments on
different minimum utility thresholds and threads on the Retail, Pumsb,
Connect, Mushroom, and eCommerce datasets to compare and analyze
the performance of ULBWTMS-Miner algorithm and PULBWTMS-Miner
algorithm. We also compared and analyzed the performance of
PULB-Miner algorithm and PULBwWTMS-Miner algorithm. The
experimental results show that the PULBwWTMS-Miner algorithm has
significantly lower runtime than the ULBWTMS-Miner algorithm, with a
slight increase in memory consumption. The runtime on dense datasets
such as Pumsb, Connect, and Mushroom is significantly lower than the
PULB-Miner algorithm, and memory consumption is also reduced,

indicating the feasibility and effectiveness of this algorithm.

Keywords: High utility itemset;Projected batabase; Transaction merging;

Parallel computing; Thread Pool
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5B M BEE RO A SO AE A TR (Y SE R SRR, U T
SRR S AR LY R

(2) Eclat 5% oot 5k

Eclat Hi% /2 B Zaki #2H 1), R T EEEE R R, 8RB IR AR
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A 1 v 5P T 4 R AR A 2 75 A i 1B TOUEE FT 73 N B B R R —
B BURE o P B B TR A — I BUR B Rk 1 = R AR, 5 B Bt
ATAUE . — B BBV U B A i e 25 T2

B ML R (B B BBV -~ Two-Phase HVE & H1 Lin S NFRH™ ™0 %5k
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IHUP SLATSR 227 R K R IR TIIEE , s S P23 AR

N TR RO B R AR () 18] B, Vincen S.Tseng %5 A4& H 7 UP-Growth™"
HE. BT A BB 45 R UP-Tree APUFAP BT K 50 . DGU(Discarding
Global Unpromising items). DGN(Discarding Global Node utilities). DLU(Discarding
Local Unpromising items). DLN(Discarding Local Node utilities). i#idix PUFF 5T+,
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g% 1.1 KRNFHPHREZRE LSS

AT B Bt BACITER ) B SRS LA LS PS)
HUI-PR — P B Utility-Tree TWU. EFIM Whn 7o e b5
(2019 ) slocU. HIE 4, ANEEA RO

ssubU BB IR AR, TEF BT
KR RIUALT
EHUIM-DS —P B ITD TWU.local  EFIM. AN E5: i RAH
(2021 4F) TWU. d2HUP  J3#6 TWU, MR
Extension TR BRI T
utility R[]
UBP-Miner —Mr UBP. EUCS  TWU. HUI-Miner IR0 513K R4 22,
(2022 ) Suru. PU. {H & 75 EERIM ) A A
LA. EUCP

1.3 FEWRAZE

e R FH T 4 vk A HR A e 2 mT AR o S R B SR R — I B BV, SR
FH A5 45 ¥4 3= B R Utility-Listo S8 FH AN R R AR 450 . 38 2R S ms A BY
B SRmE,  SRLA B RE Y IR BT AN R SCHR[40]HP (1 9555 & I SRE 75 5242
P AR R ST IR HEY, M R E ST S . FEEIE
SR T DAYRG/INECHE (1 R /INFT S SR P2 PR A, 6 T 1R B0 h B e ST
Blo ARSI R R AN 5% & I SR N 248 Utility-List 20308 455 10
HUI-Miner. ULB-Miner 5.2, JE0 H AR BT IR . JEAE SN 2 A2 A0 B SR 30 555
™, FJH Thread Pool HE4¢73 5% it\ 523 1 ULB-Miner 5241 ULBwTMS-Miner
2 47 B PULB-Miner A1 PULBWTMS-Miner

AL TN AR EE R LI

(1) ASCEM T HA S H L 2T HUI-Miner 5 2% (1 S0 5 0%

HUIwTMS-Miner (High Utility Itemset Miner with Transaction Merge Strategy) 3%
F ULB-Miner 5% i) 2403k 572 ULBwTMS-Miner( Utility-List Buffer for high utility
itemset Miner with Transaction Merge Strategy). 5%, MR¥E M5 & b i
HEHATHT: N5, SSEREIRERIR, KT FAR RO 1 B R s S A 3
BB PE OB B, X 1-TER AT TIROE, AN FEX T AR AT AN R AL
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R @ e s e, P R MR FE S &I fJa, IRFZ A R
I HE

(2) ARSCHE:T 47 18 % 7T ULB-Miner 592 (1 I 47 572 PULB-Miner
(Parallel Utility-List Buffer for high utility itemset Miner), J-3&iIF 7l 47 P A1%L
F AL PN Z AL B ZR I T, FH Thread Pool HEZLSEIL 1 H:47 57 PULB-Miner,
FR AR REREAT IR AIE .

(3) ASCARIEIATEE B AR E G, it 7 ULBWTMS-Miner 5% JF
17 8% PULBWTMS-Miner(Parallel Utility-List Buffer for high utility itemset Miner
with Transaction Merge Strategy), FF4iE T H A THEMNAE . fERENLZZ LIS
LT, M H Thread Pool HEZESEI | H:47 5% PULBWTMS-Miner, [F]I46HIE |

HAtRE.

1.4 PICHALER

KRINEAET, RAENBFIT:

BB N .. MR RE SR EASMARIUR . EEH TN
A ST G T AR

BT R AROCHER AT AT . Al 1 ORI AR SC N IR L A B TR A v 2 TR
FRIAHOCE SO« dls B AN AT TSR SR, Forh AT T SRE SR 38 N4 T i
T HHLZ A AL B 2SR 55 4T (1) Thread Pool HEZLAN Fork Join HEZE, FEXHi&EH T£
AEFEHLIAEE IEAT ) Hadoop HEZEAN Spark HEZEHEAT i 215 BH .

5 = B N SO I S S R 2 R A T . 1 Y6/ 4 Utility-List 28 2514
HUI-Miner 551 ULB-Miner 535 (0 BB SL B0 B ARG A A oo skng, 5
gy T HRORS R R S 55 G R SN B DG R s B JE Y 4 St B
HUIwTMS-Miner 1 ULBWTMS-Miner, F£43HI7E 5 AMRFEAS [B] B4R HE £ 5 F
M HL 5 AN [R] 8 B /N RO BB 3R AT 0T LS5, 43 HUIwTMS-Miner 53% il
ULBwWTMS-Miner 53k (I [ VR REAN N A2 PERE, Bk 5210 Rt

S5 V0 % N HH4T ULBWTMS-Miner LR TT o B S5 Mo R H AR R AT SR
P J7 T A HAIEAT FIE BT JE U SR J5 5% ULB-Miner SLVEHEAT AT TH B4 RT 47 7E
i, FETIRTER, Jolaiit 1 AT IE PULB-Miner 71 PULBWTMS-Miner,
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G EFNZIZ AR E: 045, 7E Thread Pool AEZE FEGE 1 H aJ 4T A11MERE
FhENBESRE, NASCHAT TAERY, RN XA SR HT T/ER
H,

1.5 ARBIF =

(1) #HH HUI-Miner 5951 ULB-Miner 5772 2403k 5172 HUIwTMS-Miner
1 ULBWTMS-Miner. 45 & %5 8046 FE HR , #4 3 55 & IF w2 H 3R A
Utility-List 28845 K 53k b . K H Utility-List 208 450 10 5032 B Tid & 513k
ITHARIZYE, WRARHET 5 IR R o B B e, TR P B e %o = 4%k
176 IR LUK E D Utility-List # Tid 2 51 B4, ME/> Utility-List (%82
AR, AR . KSR AE A ER AR F AT IR AE ST

(2) ¥itsE T ULB-Miner 541 ULBwTMS-Miner HikHIFEATHIE, I
TERN Z AL FRZRIAEE T, FIH Thread Pool AEZESEILERIIE .
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2 HXRBILHR

2.1 KB

FIKFN I (Association Rules) & #1724 - i) — T B ZH0R , B AT DL A s
et ) 2 1A RAE TR R OGIBE M, FH T AN 2 25 Hh A2 48 A T ELIAE B
BWL={lylp . A <i=smEHKES, BIED={T,T,y.. . Tl =<
j=n), HpEATH#EGZARTIUE, 15 TSL. N3G THAE ME—RARRET,
WA TID. REFUZIZIN A=B 141k, H ACL, BCL, A# , B# ,
JEH ANB= . ¥ A=B 7E D HF %o, B SCFE sup, HH sup /& D HEHS
& AUB (BIEES AR B RIIFER A fI B =) E 2. EREMEP(A B).
M A=B 7E D 1 BA E(EE conf, HHt conf & D P ALE A M55 AN thE
B HSIME . IXRAME PB | A B
Support(A  B)=P(A B) (D
Confidence(A B)=P(B | A) (2)
[ P i A2 B 70N SCHRF T 184 (min_sup) P8 /)N A5 52 1B (min_conf) AR AR Oy 2 41
e AFTETHE, F 0%-100%Z [AJ IR, 1A 0-1.0 Z 8] FE R 7R SCRF BEAT
B
RICHU M S S5 oy iz, BB “Tap ot e “Tn i
I3H” T RAISRAR S LT i)
Lo KB Z B R 120 Rl i A B2 TR AT “ I v )
e it AT 23 BT P 00 i 2 ) R S B A 5
2. VMNVHZREAT N ZTH D WSy, AT DUA I SC RN 73 B >k
U AAT ] 2 ey SR A 3 A 0
3. DUBEHESR RS W ABLTH P AT R EOGE Y SO BA TR R
gt I RS
4. WEH N Xy L T W SRAT AT g A, TR H T
e AN, s TE S .

11
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2.2 F&EHANA

2.2.1 SAIngE

WA SRR, AL K NI EERR Jy KT . AR I H B 2 6
SR HSH, MR SCREE TR

®201 BRI B S BE E R, FH S E D=
{T1, T2, T3, T4, Ts}, L={ab,c,d e f gh@%#EE D HETHBIES .

R 2.1 ESBEEERR

Tid Transaction

T a b c de f
T, b ¢ d e

T; a ¢ d

Ta a ¢c e g

Ts b c e g

SEX 1 SETE™ . 4 f/ N SCREEBIE min_sup,  WHRIEE X 1R
T R FIRE SRR B /N SRR FE BRI CRIIRUEE P SCHF PR 36 A %o 2 FR) g /> S 4 T 2
B, WFR X M ETLE.

MR 1 & X OETE, Y AXKE =78, WY BAMEDSE, H
sup(X) < sup(Y): #& X AAEPRETLE, Y oy X BAE—#E, WY D ydR g
%, H sup(Y) < sup(X).

2.2.2 SHAWE

HD={T,To,.. T} A <j<n), 2P EEXAMENESLEE, L=

(I 1o 1Y@ < T = myZ S5 EHEE D P ArA NSRS, PR TE MR

i, 43 TSL, TR BOA{(X1: €1), (Xo1 o), oy (X2 C)} (v A S TEEK L),

12
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Horfixe L(k=12,..,v), T E SR BE B IR, 128 iu(l, T). A4S
FT#AEME—FRIRTT, KO8 TID,

T I AT H A P A SO E : PR iu(lp, Ty) R4k 25
eu(lp). % 2.2 FIZ 2.3 45— 55808k R/ 91«

®22 BER
Tid Transaction
T (a,1) (6,5) (c,1) (d,3) (e,1) (£5)
T (b.4) (¢,3) (d.3) (e,1)
Ts (1) (c,1) (d,1)
T4 (a,2) (c,6) (e,2) (g,5)
Ts (b,2) (¢.2) (e,1) (g,2)

® 2.3 SRR

Item a b c d e f g

eu(ip) S 2 1 2 3 11

O SRR G RO
SEX 2 TUEFEST A, 88 ully, T)o uly, T)RTUEF ST H )
PSR iu(lp, Ty) 5 E AR eu(ly) TR, B,
u(lp, T;) = iu(l,, Tj) < eu(lp) (3)
T3 U X EESETHORA, TN U T). u TR T EST,
H R X LT TR RO A, R
uX T = u(p T) (4)
EX 4 W X AR D R, 189 u(X). u(X)2fEEdEEE D
SRR X (Rk A, R

13
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u(xX) = ulx, T (5)

Tj D
EX S BETIIA, 08 TUT). TUCT) RS TS 1T TR

AT, B
TU(TJ) = T U(l,TJ) (6)

EN 6 TE X MFESHEXH, idh TWUX). TWUX)Z 8-S TE X
()T S 45 IR A, BRI

TWUX) = x 7, TU(T) 7
T; D

EN T T X R, 188 RUXKT). X THEX, X T, HFIE X
Z WA TS HEC N T/X, W RUX, T) A T/X B AL, Bl

RU(X,T) = u(l,T) (8)

I T/X
EX 8 BHEERA, 188 TUD(D). 4 D e RH & B 55 HIRUH

AL, B,
TUDD) = 4 ,TU(T;,T) (9)

BN 9 mRHIEE, DN HUL. g — AN BIME min_util, 2R
u(X) = min_util, MFR X A& H k.

E X 10 fh Tk &% A 2L B 45 # ( Estimated Utility Co-Occurrence
Structure, EUCS) . EUCS g5# & —4 = cdlER(a b,c) L*L*R, —A=jcél
(a,b,c)F 7~ TWU({a, b}) = c. EUCS o] PLSEHUAUIE 2.1 s i = A TR .

Ttem a b e d
b 52
c 41 39
d 51 49 38
e 40 40 24 40
& 2.1 EUCS

TE i ROR U F2 48 A3, 2T Utility-List 2088 45 M M B, 228 A By
BRI =T

14
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BURISRME 1 TWU B9 5 LI ) TWU 8 A5/ 0 IRE min_util
HATEIAL

(1) % TWU<min_util, T2 4 A #8AS 1] e A2 i 28 FH T4
MR AZI, A F AT AR5

(2) % TWUZmin_util, XIS IR 7] Re s Bk, R
BAZI, JfiE— 2R .

BYUBIREE 2 RIRFHBIA . @i LI sumlutil+sumRutils {5 A1 /)
RO A min_util #E4T BT

(1) # X.sumlutils+X.sumRutils=min_util, %5 &% =P @ TEEA 7l fE 2
R, PR

(2) # X.sumlutils+X.sumRutils<<min_util, 3% & HA @ T4 H AN ] g
eI, AE B2

TOEE RN, EIZ R R A B A R 2, B
sumlutils+sumRutils<<min_util f)35, AR MIBR 7 PAZ A RS a6 TR AR R i 4E
FEAN T M 12 U A 43 5 H0H s 2 Hh A/ D M I ) mT 9 P T4k SR A7 A

BUELSEEE 3 EUCP BUA ™ . R AE EUCS H A o4 (x,y,0)ii /& ¢=min-util
B, B4 xy RIS L.

2.3 HTHERHIER

FETHENL MR R+ LR B, AR AR E5H 21 28 Gr A LSO, R AR
AT ARy R BEE AR A T B AT TR SRR REE, — S PR
RITEMAMEGEIFATI, IAT ISR IR Rt AL AR RS 2R R TT 1A«

2.3.1 FHTHERE

FFATHL, BRTLARRIEFFAT SN, SESRHLASAE R — I 8] N ERS AL BE 22 N5 &
B S M . AEFFATHLE BT 5, AROVIAT IS, SO e T S s 2t
S RN T EAT ORI . FRATTH SRS R o 2 A TAESS, SR
AR RS, BB S ELME . JFATHRAT, DASEEIUIN I8 SR ol v oK i
U e AT TF S 322 B s 2 il ik — RS B AR AL TR

15
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PP AT TH S R, 3 X T A N A7 B ] s B R

FAT TSR 20 i 18] L B AT A 8] _E B IFAT o I 18] B R AT B2 SR LK 28
TR, TR IAT R SE ] 2 AL B AS . 2N BEES AT SRR R 22
REFRHLR GRS AT, A0S 20 Sl R G (B, &%
BOIPNIE 2SS DR IES L E At s AL PAE 2 (Sl LR Y b PUNTTE O
PLARGEIE T P 251 A PA_E A A BEBLIE R K, 38 2 R TR — AME S AN ]
T, B R R FRAS AL BRALTCVA AR S R R R F R PR IRAT O3 S AT LA
Ao T R BHEN A RE 7T, ISR s R P I AT PERE -

FESEITUAE AN e S5 TS F2 0 s & AT T SROE A . (D b8y
AidFATs (20 BERAAIAT: (3 BESAIT () BB EIMT™.
SCHR[49THIBUER I, THEU A T AT AELE R ER 70 00 B T bl 7o A AT A ik
AT, GRERIERL.

2.3.2 FHTIHEAER

FEAT VSR T A AL B84 (1 £ 82 1T 40 g SR 2 A% AL BEES AT« 2 b B3R
TR ENLIEAT . Hod, L A RS R A CPU WE 2Nt 5
O ZACFREARNE — BT ENL FAAEE S AN EEA . ZFHRNE — R
G5 BATAE Z A F T SN B BT o AN E A AR AT HESS 238 T4
WLZ AL BE 2R A 355 1) Thread Pool HEZEFN Fork/Join AE4E; & T 2 AL HEA LIS
Hadoop HEZEL A Spark HEZE,

2.3.2.1 Thread Pool

T EAERMES S, KRG RILRE IR A IR AR —
ARSI — AR DX BT $AT, 2 R ARSI FEE . L
W —MONEM R EE N ERE LR, RIXSRRE EPAT AW A RIS .
£ Az ith(Thread Pool) A i lt 72—~ FH AR HLAT BR IR 2 A Ak BEAR S TE BRAE 55 1) IFAT
THEAELET

Thread Pool & 1 4 THERISATHI R WAL, LAEAERE P TR aIE,
i FH BRSO 5 AL BT S5 HEAT 2147, JF R — e BUE I TARERE (2Rt 14k

16
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FE) ZHASIF AR S BEATIT, AT ZERUR, IREAE HARAE S5, LA AR
RRZS, ARSI e le, B2 AR 55 AT 58 Bl ok P 2R it . 20A2
BRI 2.2 Fros, Hedr, PHEEBAAI B AGAE S5 X g e 3 =

i HIE A

B 2.2 ZeFEh R A

Kl 2.2 F11] Runnable AR HATIRES . RFZIIE AT 5 B AFEFE—FEASZE0T
T CPU [IHSE, XA EPIREFO AT HATIRGS, g2 i e B & AT 1 BE4%
{ESR IR BT HAERISAT R T 2 AESR A CPU TR

LA RN R AR AR M o TARLAE AR, X EAREI 1 AR RCR AR A
LR RN R R 2TE AR 2 B, RN B R Sl 2Rt R/ NR/ D, AT g
FHLIETR A CPU B, AR5 AL B ARt AR, & BRI /N
R EAR M T E A B AL 55 R « AR 8 B EDIR L LA K AT 55 P45 FH FO i R B3
IR R

AR R BEZ AR T LLE S 9 2.3 s .

ﬁ})ﬁ THACERAZIAT

R, e
SERFEAT
)

S

REE I

R AT

FRACLR it

& 2.3 ThreadPoolExecutor H{E55 8 5 E &

17
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& ThreadPoolExecutor FJ DL FH K 61 d 2k F2it, 72 Thread Pool A=K —A
n[ 2 5. fER)%E T ThreadPoolExecutor Xt % J&, 7] L Runnable Xf 538452k
FEMIZAT .

Thread Pool 1 xd ik 5 F — & # i 1) TAE R F2 L HAT A W4 22 4T 55
L) T RFEX A PR & 5 U, Thread Pool #=0IE AT LA K LA R 474k -

(1) HEHLLFEAIREMITH, RN, Thread Pool A5 =il it H i g —
T BAAE A A AT 55 7T DAL BIABRAT 1T J0 75 S5 A AR AR I B, T2
AR . BT AN TR AT U 2 AME S IR SS, R 61 2 AR A B T4
BEFRER HPAT A RS . — D TAERIEPATHRE S BZ, B2 L@ RIT
B 77k B . R 4 KT

(2) PSRN ENE. LEEMBTTR, MATRBaE, Ml
HRERG TR, BB RARNEEN. KL, HEARRMRE AR,

(3) IR B TR T8 . Thread Pool A5 202 FATTHEE A 7 A % 61 2 T4
LR, DRI G AR A B AT LR AR, AT el A S R T

2.3.2.2 Fork/Join

M IDK1.7 AT 46, Java 51N T Fork/Join HE 424w FE R FH T 4T $UAT1E %5
ZAEZL S H T 2 A B ES TR R EIOMTHESE, A] DA 2 2 /AT
K/ FFATIMAERI R, AN BE 4 M 3R AR e i P

Fork/Join SR 1 73 11776 2 W RUAR, S8 H T ok IR e m A3 U1 s 2 Dy BE /)
RS 1R . Fork/Join AE4R R A5 X 3 2l Fork A1 Join BMRIEMI K, Fork #
VE R Z R FIHE S EHEIATRI 73, R — D KAESF AW F, BB TAEFIEH
TN ANTFEAMED BRI AT TAE55: Join #4E B ZH TX5 &AL 1)
BATER T A, BH KSR, Fork/Join HEZLZEIT MapReduce, AJ LA
Yise A, AR, 7Rt g AR TE E TP RIS

Fork/Join HEZLH BRG] 2.4 Frar.

18
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f£%
iEH

AT
R

& 2.4 Fork/Join R &

Fork/Join MEALIRAME 5 1R SF . WERRIAMES S 2, FECAAES KN, 1%
(X oy R R T] BRAA R T s SR M T8 A, IR FAES RIS K, &
YL SR AT BEANES T8 . 754 Fork/Join AEZE L FEH, 1 S0 T45 ForkJoinTask
BEATRI 53, AT K05 (80 H AT LUK 10 R FA AR AE LA & CPU A [ B A 22 ) 24 722
BEATVCE » SR HRIA BT 5558 45 ForklJoinPool AbFH, e Jm ) b B 25 Bk 4T U4

Fork/Join HEAE I s 2 TAE B3 B o T4 93 BB IL R 45 2 A RE 5 b Al o
AT 55 I 2R 4 BB R AT A H 5E BN TAE, WA, WIAE R 58 BT 551
LRAR I BB B BT 55 K ARAT . DT 75 W 2R 56 B IR R AR R PR T J A, IR A
B4 M5E . TAE BTV & Fork/Join HEZL [0y, RIERFEFIERE. RAE R
B — P

Fork/Join AE 4R F Xt BA 51 (Deque) 1 AT 55 IAE it 454, 1B\ S5 )i ik
%% Hi (Last In First Out,LIFO) I %4 pop M1 push #4F, I H 32 #7463 % H (First In
First Out,FIFO)[¥] take #1F . 13t — TAELRRR O I RS-SRS N B 5 21
BABI R, — MR push BE: AR E CRIX0HBA S AT 554047, —
R pop BR1E: 4 TAELEAE 75 M ILABLEAR (6 TAEBA S P G BT 55 AT I, —
R take RAE, fIE 2.5 Pos.
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%5 H £k FEB

take (7 HE) 2 {E

B2 N FEA

pushffk
| [O]O]|0]|O]|O]OE A popiit:
NG PA 2k

& 2.5 Fork/Join HEZEFE 55 G B R 2 &

Fork/Join HEAR XI55 05 U B ) DA SR ERAF . 0] Fork #8457 A8 E
S5, ZATHAE S ININBI RS S EB,  IXHE R BAORAIE Fork H R (1038 AE 55 I LTS
FURPRPAT; HHA TAFLREHAT 78 H CHES I, wt A AR TAELAZBA A 1
AT — MRS AT

Fork/Join HEZESEHL 1 AE55 5 XAME S5 A B DI RER) 70 B, R A P DAL SEILIFAT
G R R, BENEER ARG 7 SV S5 AR AT ORI N AR KRR B A 1 IR AT RE /7
BT HIHERL o

2. 3. 2.3 Hadoop

Hadoop 72 ¢ i WL H 0 A7 2 FAELE . 2 X Hadoop #8112 Apache {3
B FOTIREA, FRVE P AEA T AT SR Z 4 BTG OL R, 38 P i 2R
O R AR SCEIL B A LA S A 0 Vi B B AT AT 3T SR A B

Hadoop B Z e R4, HpEZOMPANESS2: (1) Hadoop HDFS™

(SR RS« AT Hadoop &, f#fifi Hadoop S8 H Fr A 17k
A M (2) Hadoop MapReduce (43 A sUit-SAESL) « 4bF HDFS [ L
— 2, P T KB P RIERA . e EORETI N2 MES, B
ANMESSER AT LS AT B THRR 58 G, B 20 25 2R AT LIRS & I 55 B ok
#1758 A . M Hadoop HIHZ e 73 %) Hadoop HE4T 41 R /44
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Metedata(Name, replicas,...):
_»| Namenode /home/foo/data, 3,. ..

Metgdafé’ops

Block\ops

Datanodes

O O O Ck Replication g O a
a8 A = B

Rack2

B 2.6 HDFS Z2# &

#i51E 2.6 sty HDFS 28R18], X HDFS ZEREEAT 41 T 4124
HDFS >k F Master/Slave I¥] 22 14 Ok 17 it £ 45, X M 444 3= B f Client
Namenode. Datanode 1 Secondary Namenode iX VU™ 73 2H At »

(1) Client. Client Hi2% /i, SCIF A% HDFS [ 5, Client 33 Y]
DE— A Block, #RJE1AT/#f#. Client 55 Datanode &2 H., 152HXEH NE#E;
Client 55 Namenode 3 ., SKRECCHMIALEAS B Client 7] DL S 45 A& B AT
i) HDFS.

(2) Namenode. Hadoop £E#f £ & — > Namenode 1K &= [ Datanode ,
Namenode 5f /& Master/Slave 2244 (] Master, ‘©&EHE, MITEHLHFREL
FRAZ A RIS ] SR P AL DT Al SEBR B /O H55 3% A 4 0d Namenode, A
7~ Datanode FAH ) S-S ) T 84 224 Namenode .

(3) Datanode. Namenode #t/& Master/Slave Z2#4[) Slave, Namenode Fik
fir %, Datanode tHAT SEFR I RAEAR i SE PRI B B, AT Bl 15/ B #R 4

(4) Secondary Namenode. Secondary Namenode 7& Namenode []—~ 1. K,
%5 B Namenode & 2o (#5152 . Namenode A& & A 1]k i A SPOF (Single
Point Of Failure ) ¥ 5 2% 24 1Y XU, 24 Namenode H! B[ HS , Secondary Namenode
HiBh & Namenode, FFA:2E 5 bE# Namenode H2 55
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KEHHEAES
Mapli Bt TS THES TS THES

SHREIT
Reducelfi B¢ \\r% //

e ZE

A 2.7 MapReduce JF ¥ E

2.7 Frz )72 MapReduce J5 P K], & & 5. (K] MapReduce £7 3 M7,
map PR reduce BREH main K% HoH map BRECH reduce BRI%L/Z MapReduce
FURRYE, main eR ECRE AR 22 HIAN SO N /e HH 45 5 2K« MapReduce 2~ 5 il
ISR IAT AL B R B G AR AOHESE - Map B HORT LUK EE B A R e R Ak
XF R ff<key,value>%11, Reduce BREUH £ Map eREUAE I 51 R AT & 5T
HNEE key B —N<key,value># 5 . MapReduce 7] DL MT55 [FI I 3E4T, R
SR E AR TR B2 R, B T Ab T A 2 OEE R

Hadoop FIALEE 5> MapReduce B A AT 15 FR 14, FERIAELCLR LT
T :

(1) REEHATE M5 Bl E . B

(2) LB MEREZ . MapReduce s Bt T HECEEH R, AEKAK
JEIR

(3) AREHEATIES . WS BB IR IR AN W AR B0, o B I [A) S 4k
T TG PRGBS HE 4L & - MapReduce 1E NS 26T BHESE, ARe AT it £dfs b
H.

55T HDFS ZEH4F1 MapReduce JE 2, 1 LLE 25 Hadoop HIFFHEIL A (D)
= JEME: Hadoop A2 7E AT F BTSSRI 2 18] 2 Bl Hods OF e Ot AR S5 1, X
SR 7 8 RGN T Y R BB AT A (2) BOARIS: Hadoop 5 7o
VR 0 0l BRAT (LA 2 SR B R AR B R EE , AR T RUARIRAK, B2
SERERARAE ST (3) k. I K s, Hadoop W] LAETY s Z [ A IFAT
IRe N EdE, AR, (4 nIEM. REZSVEFEIENZnER, I
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HAEAE S RIMUA g B 3 EHE T RAESS,  Prbl Hadoop R4 AF it AL B 5
38 [ RE T A WO

2.3.2.4 Spark

Spark ™ £ 3T W AZ AT THEHESL, 5 Hadoop 8181, {H 2 AT LA5R*h Hadoop
AbFEES 5> MapReduce AN E . & Z KK &, Spark H AT &4 N4 Spark
Streaming. Graphx“". MLIib™'. SparkSQL %&£ Ihfit N1k ES RS, Spark
A LTS ZE R AL 1 5 R AR S5 R A 55 5 P 28 L 1) 25040 4544 , RIS 195 5F Python.
Java. Scale. R PAK SQL BT RN AP IHESEE, MAMmAERZ, B
L, HiFRZ AG— 5T E] .

Spark $& Hi T —FhE: T A AE 5 43 A1 UEE 48 RDD, RDD 2 730 A1 X 9 7
g G, LR MER Spark I— KR, ARG ATLLEITSWAEH, Wit
&/ RDD, ZRE&EWEZ— RDD, ARMD A 2 B key-value
FA [P map F(d /& RDD. JEit X% RDD [ — RAEAEE T LS, AlLAK
RIRTHERE

Driver
SparkContext

Driver

SparkContext

Driver

SparkContext

& 2.8 Spark Z4T4HE

Cluster

Client
Manager
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Master node

Worker node 1 Worker node 3

Worker Worker

K 2.9 Spark SEEEHIEA L

Worker

Worker node 2
Executor

Spark IZ17 444 & 4] 2.8 Jii7n . Spark SEBFIILARLEF W] 2.9 7R . Spark
FEF AT L
(1) Client: FP I, $E3CRH, Master 79 55 3/ Driver;
(2) Driver: f3a# i —AN N A BI#AT, Driver [4] Cluster Manager HiF 5%
IR, FFHIE Application H1ia47 3488, B[l JE 3l SparkContext;
(3) SparkContext [fi] Cluster Manager H1i#% Executor %% ;
(4) Executor [ SparkContext H! 1§ Task, SparkContext ¥ X 5 & Jil 44
Executor, Executor 7 57 4{T Task 1£55 .
1£ Spark N R FHATILFEF, Driver A1 Worker #3874 B 2 1 /1 . Driver
i AT AR 5, SRR, Worker 8 3R H 0 25 % G E I AT AL BRAE 55
{8 F %t Spark HEZERFE—25 T fi#, *F Hadoop Al Spark #H47 1 EbiE, Wk 2.4
PR o

% 2.4 Hadoop H1 Spark L&

Hadoop Spark
7Y e, SeiE. Fn. HE AitETH
5 W EEERAC . (R R (AR &
HARWED | iEEHEERIE
i KA A EERAR XA K
HaFEvE Map+Reduce, APl B NJKJZ, %%k  RDD 4 A ALK, AP BN
TR B, e
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43 2.4 Hadoop M Spark L

Hadoop Spark

Btk 45H  MapReduce H1A] {1545 B F HDFS  RDD H[EJIZ 4T 45 RAE A7, GBI/
B b, FEIRK
B Task LAERE 5 S\4E 4, (R55 52018 Task LAZRRE 7 R4Ed, (R55Eahtk,
AL QIS S AT RE

& Spark A%t T Hadoop 1fii & A E KL%, 1H Spark I AN fE 56 4 & A
Hadoop, FE &K A:

(1) e 21, Spark #1% MapReduce A E K ITEREIL S, (HE A58
B2 1 H T HXET MapReduce HESE;

(2) Spark {NAETH5E, 1l Hadoop “EZS B AN A MapReduce, 4 HDFS F
PEUR 2% YARN(Yet Another Resource Negotiator), HDFS A1 YARN 1548 &4 %
R R BER I o

2.4 WHRENE

AR S0 s FH B 22 SR H B 288 5 X S SPMF CIL bk : SPMF: A Java
Open-Source Data Mining Library (philippe-fournier-viger.com)) 2 7144 45 1 f b
MRS, DB RRHEN AT

R 2.5 BIEERHE
. . - F . ,
G S NG HEHE Ty e wE REAIE
T &

Retail 6.83MB 88162 16470 10.3 0.06% WA B
Mushroom  1.03MB 8124 119 23 19.33% WA %

Connect 16.20MB 67557 129 43 33.33% WA %
eCommerce  1.92MB 14975 3468 11.71 0.34% Mol

Pumsb 26.42MB 49046 2113 74 3.50% T

2.5 KRG

AREA T H AT N A 50 B BLIS RNRURT SE048 ] B Bs 4R - AH SR B I8
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FR T AR IO A I AR A8 SE A 5 SCRIPE T« v RFH AR 42 4
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3 WHHSHABSKEZHEERR

FERRHIESZR FE T, OF 2 FZ98 B FMIRA T 5 52 tH HAE S A 2K
B AN R 238 BOAR TG TV A A [F] (R BRVRFAE , & T 8] i) 80 2544
AR 32 A8 F A Bt 5 4 32 2270 ey A BRERD Uttility-List.

HUI-Miner 5% ULB-Miner 5H%# /2 %= T Utility-List 548 25 1) 0% w5 2H 1
Serzii . Horb, HUI-Miner SE RS — > —BrBUEEL, B IRGEH Utility-List
KR gE R, BAE S T AT AT A B BRI o {3 Utility-List 2504 45 44 (1 5
AN ARG A, AT B B3 BB B 4T 4, (HR 2R T Utility-List 204 45141
FOLAE QIR AL S Utility-List N JE RN, I BB WHERERNF. £
HUI-Miner Hy% A b, JefE4EH T FHM 55 F1 ULB-Miner 572 . ULB-Miner
FEAMAE HUI-Miner S92 B9 EREAT 250t , IERES 1 FHM S5 i i 2-
TSR B A SR EUCP,  (EAH 25 FIRR b A4 £ 1 #R I R 47«

A DL Utility-List B 5T H0y, 43 5% HUI-Miner 5751 ULB-Miner 5%
e HIAH [R] SEMS EAT 25t s H B oA 1 b et S of B — SRy H i) A R 1 .
AP HHRE PESOR ISR 55 & g, &8s B P AR ) 9555, Js/b Utility-List
RIFERERE,  IF 5 T 20O AR BYBCSRS , sb A B R B Adie 2 O H =,
A3 IR H T B 5% HUIwTMS-Miner Al ULBWTMS-Miner

3.1 Utility-List #IELESH

TE = R IR AR A28 AT F  Utility-List 203 45 4 i SR 430 5008 2 180 45
B EREHZIRE AR, B R B FE A 1- TR Utility-List, 25 A
XEEHE R AT A, SR EARYE 1-TU4E Y Utility-List AT . 83 LA /> T4k
¥ Utility-List Hf) Tids SR AL F 5, BOZEBAT EHHRAE, EME T
Utility-List. 1-Ji£E ) Utility-List 2038 25 #an1 & 3.1 Frow.
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e} ic} {b} la} d}
2 14 1 (217 11215 2145 1[5]0
4142 2 |% |Ed 2129 314|5 2|58 | O
58|14 31219 514110 5155 315|0
41210 6|83 630 5 1% | D
61|11 7150
|

Tids Iutils Rutils
&l 3.1 1-TI&EH) Utility-List

TidE X 1) Utility-List "R TR ARG =B Tid. Tutil A1 Rutil. 3%
H, FB Tid £ EIE X S T; 7B Tutil RoRTIE X E T T IRH,
Bl u(X, T): 7Bt Rutil R B ETEE X /E T HMRIARZH, BIRUKX,T).

(k+1)-TAE m i o P S B LRI AT R0 k- TR BT AR . MR (k+1)-THi4E
[ty Utility-List, 7] 43 APt

(D JLEFTGEN 0, RO 1- RIS R AR 2-Ti4E . B 3.2 iR
F9 2 1486 R 25 19 2-T0U4E 1) Uttility-List 157 5.

1ec) 1eb; 1ea; ted;
2 |7 |41 21609 2 5 2. (9 |9
4160 51210 5 (13| 5 s|113] 0

&
e
e
F
-~ i

e.Tids e.lutils+b.Iutils b.Rutils

~

-
LS

t
, |

# I ~
1
I

& 3.2 2-T£E [ Utility-List

(2) HFEIFTHEANTR;, KIS k-5 (k= 2) B2 S 4R Bl(k+1)-Ti4E .
Kl 3.3 Fon 2 LA {e} NATZE I 3-Ti4E (1) Utility-List T15 7%

28



YN 1 e DATSS el RO AR 20 S0 Atk 7

{eba} {ebd} {ead}
2 |10| s 2 (11]o 2 (130
5(17]5 5(17] 0 5(018|0

1
[l
- ~
- 1 -
-
o i
- ] -
-
- \ -
- -~
-

eb.Tids eb.Iutils+ed.Iutils-e.Iutils ed.Rutils

& 3.3 3-Ti£E [ Utility-List

3.2 HUI-Miner 1 ULB-Miner E3: N 48

A TET AP EVEIAT U AR D, 450G E D, W
3.1 fhine BAEER 7 45554, Transaction P4 H T INAESHSHF I (£
3.1 25 H ARG A& PSS RO AR RO B3R A o ¥ B /N BRIE min_util=30.

3.1 JFEIE%IEE

Tid Transaction TU
T, b(2) c(2) d(5) g(1) 10
T a(4) b(2) ¢(3) d(5) e(4) 18
T a(4) ¢(2) d(5) 11
T, c(2) e(4) f(3) 9

Ts a(5) b(4) d(5) e(8) 22
Te a(3) b(8) c(1) f(6) 18
T, d(5) g(5) 10

3.2.1 HUl-Miner E3%

HUI-Miner &k K 3 2 #2 g7~ Algorithm 3.1. HH, i\ D NFH S
JiE, min_util S/ BIE, oy e ROH 8k .
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Algorithm 3.1 HUI-Miner algorithm

Input:

D:a transaction database; /5555 B ¥ E

min_util:a minimum utility threshold;  //#/NH BIME
Output:

The set of high utility itemsets ; /=R H I ES
Scan D to calculate the TWU of 1-item; /55— XFAMEHE E T+ H 1-0i4EH TWU H
Let I* be the list of 1-item such that TWU > min_util;
Let be the total order of TWU ascending values on I*;
Scan D again to rebuild the database and build the utility-list of each item i I*; /28 —IXFAHFHEL
P, MRYE rEMEEEE, SRR 1 IR EIR

5 Search( ,J*,min_util);

AW N =

Algorithm 3.2 Search Procedure

Input:
P.UL:the utility-list of itemset P;  //Ji4E P (KX %1%
ULs:the set of utility-list of all P’s 1-extensions;  /FTA P [f) 1-Tiy R IUEEN S YR E S
min_util:a minimum utility threshold;  //#&¢/N 3 H BIE
Output:
all the high utility itemsets with P as prefix; /BTSN P WIFTA = 2 TidE
1 foreach utility-list X in ULs do
2 if (X.Sumlutils>min_util) then
3 output the extension associated with X;
4 end
5 if (X.Sumlutils+X.SumRutils>min_util) then
6 exULs=NULL; /LA Px fENRTEEM 1-30 R IR L4
7 foreach utility-list Y after X in ULs do
8 exULs=exULs+Construct(P.UL.X,Y); /] Construct, Jf5# exULs
9

end
10 Search(X,exULs,min_util);  //i#JH1# A Search
11 end
12 end

Algorithm 3.3 Construct algorithm

Input:
P.UL:the utility-list of itemset P;  //Ti4E P [ H 53
Px.UL:the utility-list of itemset Px;  //Ji4E Px R %13
Py.UL:the utility-list of itemset Py;  //Ti4E Py HIRLFH 513
Output:
Pxy.UL:the utility-list of itemset Pxy;  //Ti%E Pxy A FIER
1 Pxy.UL=NULL;
2 foreach element Ex Px.UL do
3 if ( Ey Py.UL and Ex.Tid==Ey.Tid) then /{15 Px Ml Py /7 7EAH[ Tid
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4 if (P.UL is not empty) then

5 search such element E P.UL that E.Tid==Ex.Tid;
6 Exy=<Ex.Tid, Ex.Iutil+Ey.Iutil-E.lutil, Ey.Rutil>;
7 else

8 Exy=<Ex.Tid, Ex.Iutil+Ey.lutil, Ey.Rutil>;

9 end

10 append Exy to Pxy.UL;

11 end

12 end

13 return Pxy.UL;

Algorithm 3.1 F E I FEHAT LR P IR

Step 1: 55— KA E I PERIH AT A 1- TR F 55 kU8 TWU 18, 115
SERINE 3.2 R QIS DA TWU=min_util (1 1-T04E, FR3H TWU (E
FFHEF CEIF) .

+ 3.2 FUH) TWUE
Item a b c d e f g
TWU 69 68 66 71 49 27 10

Step 2: 25 XM EHE B, AR S 0T A B A, R A 1- TR Y
Utility-Listo HH#4 @ M E0RE 0k 3.3 fas, 1-BU5ER Utility-List 201 3.1 Frs.

# 3.3 EMBERE
Tid Transaction TU
T, ¢(2) b(2) d(5) 9
T e(4) ¢(3) b(2) a(4) d(5) 18
Ts c(2) a(4) d(5) 11
Ty e(4) ¢(2) 6
Ts e(8) b(4) a(5) d(5) 22
T c(1) b(8) a(3) 12

T, d(s) 5
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Step 3: 1/ Search i %, Search 3T F KD LAS WL Algorithm 3.2.

FRYE A ) Utility-List BE4T 115, 8 ELE AN TSR Utility-List ## Tids
KRN A S F LS, WS R £ e Utility-List, #7577 0L Algorithm 3.3,

ST HUE B AR U k-TRUAEHEAT A2 00 . SVEFS I SRS

(1) FiZITEEN N Utility-List FTA Tutils AKX T25F min_util, 1%
EREBHTE, il

(2D HIZWUEEX M Utility-List 1 Jr A Tutils 5 Rutils [ & 1K 55 T
min_util, %I 5 B — A E

(3) FIZTUEEX N Utility-List FFTA Iutils 5 Rutils 7 F1/NF min_util,
WHZ ISR I FL P A 3 R ORI T, o AT YA

Step 4: HFIAREECHLE AT, W HELE R,

HUI-Miner SE R4 2 25 (8] 7] LRI A — ARG BN . RIER 3.2 i
TWU {H#E47 TWU=min_util i, %8 TWU BT PR BIBFE 9: e\ c. bs
av do R 3.1 JRAGHEE MRS MEEM WK 3.4 FroR. M&E T EAE R T

(D BIERARTT A

(2) B n A 1-TUERAE R 0 AT R, AR B RIAZ I TWU B T
FFHEF: ev ¢ by as d;

(3) FEREANT SR RRARE I TWU B K T1% 15 5 R 5 — T TWU AL B3,
PEZTT U719 i T LA A g, 0 TP 0 A B PV o 380 T )7
i, BT R R AL TWU A FHEF I ecy eb. eas ed. cb..;

(4) EEPIT (3D, HFCIEFEMNTI 5.

o

%\
/ \ /\\\
e iy

cb eca ecd eba ebd ead cba cbd cad bad

ecba echd ecad ebad cbad
ecbad Itemorder:e<c<b<a<d
A
Kl 3.4 AN

32



YN 1 e DATSS el RO AR 20 S0 Atk 7

3.2.2 ULB-Miner E%

ULB-Miner 3% &2 £ HUI-Miner 502 150 EdHAT o0, 3 250G P A

(1) 42 H 20H %1 3% 28 i [X 45 74 (Utility-List buffer structure) 3K fiff 1 3
Utility-List [ —r BORE 4R A 8T Utility-List BARE S R BR

(2) —ME BB, BIETEL MRS [ N 7E Utility-List buffer H @1
MOHHIFREL, DS/ Utility-List 2559 B s (i A .

EX 11 G RE XA . B E D M IR E X 818 N
UTLBuf. &5 it N— N WAFEE, HSRAEM Utility-List U {5 B .
Kol 2 R P R b X AE % — 40 (tid  Tidp,iutil  R,rutil  R) ot d,
XL TR AR BL . T POE Vs [ A4 FE Utility-List buffer PIEE, KA
—H &5 B, HAR5 B SULX) R RTEE X 115 BEAEAETE Utility-List buffer H
hr B . 2R 51 BRI T inl A7 72 25OH 51 R 8 1 X IR B8

SEM 12 ZRIIBL, 68 SUL. SUL(X)2 Hid B T4 X R 5B, #iE X
N B A I 2 (X, StartPos,EndPos,Sumlutil, SumRutil) i) 76 41 . 3, StartPos Al
EndPos 73 AR EHE B F a6 A7 B ASE A7 E,  Sumlutil 71 SumRutil 43 5 A8#&
TGUAR X 12880 371 2 R 0080 e R R 42 288 e

EX 13 REIBAIER. B —KRA SULsp KN AFEE, FEE XN

= {SUL(X),X 1}

TESIEI S R, S T —Fh B &SRS S R B I R, XA R
1£ Utility-List buffer i) T —> %5 A #idls Bk & — > Utility-List JF 5287 SULs 4544,
DA 7E 75 B ANGE I X A BRGE A 2R Uttility-Listo 4 G B KR 5113 B i 72
IR WL Algorithm 3.4,

Algorithm 3.4 basic utility-list segment construction procedure

Input:
PPosition:the StartPos of itemset P;  //Ti%E P B IG0 &
PxPosition:the StartPos of itemset Px;  //Ti%E Px W E B
PyPosition:the StartPos of itemset Py;  //Ti4E Py 4L B
Output:
PxyPosition:the StartPos of itemset Pxy;  //Ti4E Pxy I 4G17 B
1 PxyPosition=NULL;
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2 countX=SULs(Px).EndPos-SULs(Px).StartPos;  //i+5 X WIS FFEETHEL, BPANFEN Tid 24
3 for(i=0;i<countX, i++)do
4 if( j [SULs(Py).StartPos,SULs(Py).EndPos] and TIDs[SULs(Px).StartPos+1]=TIDs[j])then

5 if(PPosition>0)then  //HI%% P RN NZ

6 Search index p [SULs(P).StartPos,SULs(P).EndPos] such that
TIDs[p]=TIDs[SULs(Px).StartPos+17;

7 TIDs[PxyPosition+p]=TIDs[PxPosition+i];

8 Tutils[PxyPosition+p]= Iutils[PxPosition+i] +Iutils[PyPosition+j]- Tutils[PPosition+p];
9 Rutils[PxyPosition+p]= Rutils[PyPosition+;j];

10 else

11 TIDs[PxyPosition+p]=TIDs[PxPosition+i];

12 Tutils[PxyPosition+p]= Iutils[PxPosition+i] +Iutils[PyPosition+;j];

13 Rutils[PxyPosition+p]= Rutils[PyPosition+;j];

14 end if

15 end if

16 end for

17 Update SULSs of Pxy;
18 return PxyPosition;

ULB-Miner %3 3 Eid f R A Algorithm 3.5, H, A\ D NHELSH
e, min_util Jyf NI BIE, oy & I .

Algorithm 3.5 ULB-Miner algorithm

Input:
D:a transaction database;
min_util:a minimum utility threshold;
Output:
The set of high utility itemsets ;
1 Scan D to calculate the TWU of 1-item;
2 Let I* be the list of 1-item such that TWU > min_util;
3 Let be the total order of TWU ascending values on I*;
4 Scan D again to build the initial utility-list buffer UTLBuf,and SULs of item i I* and bulid the
EUCS; /=B, #Erintt UTLBuf, SULs A1 EUCS
5 Search( ,I*,min_util, EUCS,UTLBuf, SULSs);

Algorithm 3.6 Search Procedure

Input:
P:an itemset; //T4E P
ExtensionsOfP:a set of extensions of P; /P HIY B&EH
min_util:a minimum utility threshold;
EUCS:the EUCS structure; /i TH 3L IL45 44 EUCS
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Utility-list buffer UTLBuf:the utility-list buffer structure; /% 5K 210 X 4544 UTLBuf
SULs:the summary list; /2 5] Bt#1#% SULs

Output:
The set of high utility itemsets ;

1 for each itemset Px ExtensionsOfP do

2 if (SULs(Px).Sumlutil>min_util) then

3 output Px;

4 end if;

5 if (SULs(Px).Sumlutil+SULs(Px).SumRutil>min_util) then

6 ExtensionsOfP ~

7 for each itemset Py ExtensionsOfP such thaty xdo //y x fRERI y HiFED x J5
8 if ( (X,y,¢) EUCS such that ¢c>min_util) then

9 Pxy ~Px Py;

10 if (ULBReusingMemory-Construct(UTLBuf,SULs,P,Px,Py)) then

11 ExtensionsOfPx — ExtensionsOfPx Pxy;

12 end if

13 end if

14 end for

15 Search(Px,ExtensionsOfPx,min_util, EUCS,UTLBuf, SULs); /%43 Search
16 end if

17 end for

Algorithm 3.7 ULBReusingMemory-Construct

Input:

P:an itemset;  //Ti%E P

Px:an itemset; /T4 Px

Py:an itemset;  //T4E Py

Utility-list buffer UTLBuf:the utility-list buffer structure;

SULs:the summary list;
Output:

Updated UTLBuf,SULs with itemset Pxy;  /#R¥EI14E Pxy B # UTLBuf,SULs
1 Let PPnt,PxPnt,PxPnt are three pointers that initially point to UTLBuf at positions
SULSs(P).StartPos, SULs(Px).StartPos, SULs(Py).StartPos, respectively.  // PPnt, PxPnt, PxPnt $3°4
VIsEA IR £
2 Let EACriterion=SULs[Px].Sunlutil+SULs[Py].Sunlutil+SULs[Px].SunRutil+SULSs[Py].SunRutil
/EA BIRLHIZ%AF
Let insertionPosition=SULs.Last.EndPos;  //#fi AL B N SULs &G &
while (PxPnt not reach SULs(Px).EndPos and PyPnt not reach SULs(Py).EndPos) do

if (TIDs[PxPnt] <TIDs[PyPnt]) then
shift PxPnt to the right by 1;
Substract EACriterion by(Iutils[PxPnt]+Rutils[PxPnt])
else if (TIDs[posX]>TIDs[posY]) then
shift PyPnt to the right by 1;

O© 0 9 &N L K~ W
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10 Substract EACriterion by(lutils[PyPnt]+Rutils[PyPnt])

11 else

12 if (SULs[P] is not NULL) then

13 while (PPnt not reach SULs(P).EndPos and TIDs[PPnt]#TIDs[PxPnt]) do
14 shift PPnt to the right by 1;

15 end while

16 end if

17 if (insertionPosition>UTLBuf.TIDs.size()) then

18 UTLBuf. TIDs[TIDs.count++]=TIDs[PxPnt];

19 UTLBuf lutils[Iutils.count++]=lutils[PxPnt]+Iutils[ PyPnt]-Tutils[ PPnt];
20 UTLBuf . Rutils[Rutils.count++]=Rutils[ PyPnt];

21 else

22 insertionPosition++;  /E N 1F

23 UTLBuf. TIDs[insertionPosition]=TIDs[PxPnt];

24 UTLBuf Iutils[insertionPosition]=lIutils[ PxPnt]+lIutils[ PyPnt]-Tutils[ PPnt];
25 UTLBuf . Rutils[insertionPosition]=Rutils[PyPnt];

26 end if

27 shift both PxPnt and PyPnt to the right by 1;

28 end if

29 end while

30 if (EACriterion<<min_util) then
31 return false;

32 end if

33 Update SULs[Pxy];

34 return true;

Algorithm 3.5 F i FEHAT LA T D ER:

Step 1: 55— KA E I PERIH AT A 1- TR F 55 kU8 TWU 18, 115
ZERUNER 3.2 FioR. QIS % TWUZ=min_util 19 1-304E, FE3%08 TWU (|
THEHEF GRIBF .

Step 2: 5 YA BN 22, RR B SN E R A A, RIIN A -0 1Y
Utility-List buffer 1 EUCS &5 #4 . 25 f & () 8088 FE 3% 3.3 fiow, 1-T4E I
Utility-List buffer 411 3.5 ffrzx, EUCS 45#49411& 2.1 Bros.
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TIDs |
Tutils

Rutils

| Item=c
StartPos=3
EndPos=8
Sumlutils=10
SumRutils=38

SULs

& 3.5 1-J 4 [ Utility-List buffer

Step 3: IR BRI R, AH Search I HE.

Search I3 #2 Il Algorithm 3.6, Search id#2/2 ULB-Miner #iL 248 77 7%,
&7 FE R BT R S AN Utility-List buffer B94E3 A5 8T .

7 Search I FEH, N T I/ WAFE L, 78 Utility-List buffer /1 SZEL N 77 8,
WE R UL, WIER Pxy AR A [ BRI, 4 H A7 f# Utility-List A AR 4
AEIFEEA, HTFESIEHH Search I 225 [E 1 R —/MBTEMIETE, HE
1t Utility-List buffer T, A< RHRINAE. B& NAFAEMK ULB ikl
FELHACHS W, Algorithm 3.7,

(1) Xof AL A PEEAT VR BE AR S 42 R, & e X I {e} EAT R IT, IRIRAE A
2-Tji4E {eb} . {ea}. {ed}, 2-Ti4E {ec}fE EUCS &5fH K TWU il 24<<30, A
iR T, R R & g . BEJEXT 2-T04E {eb) HEAT T, MRIKAE R
3-T51%E {eba} . {ebd}, X} 3-Ti£E {eba} HEATEIF, AR 4-TH4E {ebad}. X TH /&
TR R RS S AE 1-T04E 1 Utility-List buffer J5 1025 W 98 Bk i Utility-List 3
BB SULs £544. T4 R I Utility-List buffer 21F 3.6 AR
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B 3.6 ¥ B Utility-List buffer

RIEE 3.6 (TLLEH, R 4-14 {ebad} ) Sumlutils =30, % H! v m%0H I
oo 3-TAE {ebd} ANl R JEFF S5 4F, AFE— D24

(2) 2-THEE {eb} T RS RFTE MG, XT 2-T04E {ea} #HAT R IT, 7RI HE
HE AN, EH AR Utility-List buffer 416 3.7 Fis.

TIDs 2 5
Tutils 15 32‘2
Rutils g’

SULs

& 3.7 EFH WS/ Utility-List buffer

RYEE 3.7 AT UAFH, 3-T54E {ead} () Sumlutils=30, % i Wi4E.

(3) 2-TEE {ea} MY DL R RS, X 2-TEE {ed} AT R IT, T~ 2-T54E
{ed} TR BRI, Fik, Ti{e}CREIFTEM. BEJEXHAbL 1- TR AT IR R
R,

Step 4: ELEITATFIAIH RIS, HIRLER.
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3.3 B

IR HUI-Miner 531 ULB-Miner 504248 & U TR KRR D 2R AR
T, AR Utility-List KAZ BT KR Tid R, BFAER—AHTH) k-Ti4E
LA AN (k-1)-T0 83047 Tid L8 . Utility-List 7 Tid FIE0R k& 5L 3238
R WERAT LUK AR [ 93553047 & 0F, ] BLKE D Utility-List H Tid B2
&, BRI RCE.

3.3.1 P HIERE

P B B2 R T ORBRRU R HAT v B, & R AT I v R TR
PR EVEREAT AT VH BT, SR ORIFAT BB () AR EY, BE B EEE AR R —A
R I3 A FH 3302 s P R mT DK S U 5040 J22 Xl o o 2 A B s 7 2080 /2
A AR AEAN I 2R R B AR R 98 b AT 5. A SR B B 1 s SN

SEX 14 E(0). E(0)FRNHRIE R E LI 2R T DU RS R T o) B A 10U
Eh.

SEX NS BOEHR " R R R I 5 FE T a4 A A LA
TR o AR RO SRR (1 R, BT AN R T E(0) & AT LA 2
VA IR S T R R P s B

EX 16 o-T. WHTEANHES T IR ERRNO-T, HE Xa-T={i[ieTA
i€E(a)} -

SEX 17 o-D. Lokt #di & D R R va-D, € X a-D={a-D|TeD
AN o-T#2 },

T v R A2 4 v, A3 P 15050 25080 PR BOR 20 TRt Bt P R 8 T AT #5052
o X 5y, — AR T8 W] LUE AR & AR U AR TS s 0 o s e
A PE 38 23 BRAREUE FE I A, DR g Bt 5 4 2% o K IR, TR R S 4
ESARRTE/N, FEKEM AR, iR A
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3.3.2 EERHRME

24 voi RO ST P A5 P 0 5 95 2000 e e 22 2 S5 AL, BATIARAE 0 B2 5
[F] 255 . 454 Utility-List 208 25 W IReIE, @& 9155 55 250808 e v (Al 7] 2 55 7T
AR/ INECHE P B DR 0S s DT 33E— 20 /IR 4l 3 55 20 P2 28 Y Uttility-List K/,
FAIG Utility-List FIZHERCA, $2 s EIRRIZ I RCR

UK F 555 I RIS AH R A B AT -

EX 18 HFHES . WRFES T 555 Ty RAMFEIRKE, B T=Te. 7%
R, EXAE X, AT ENA S5 BA MR R, AT Z A A g3
55 HATHH [R] ) A 8 8 FH A

EX 19 FHEEH. W —AF S T BH8E 6 D PAHFE RS Ta,
T2y s Toms Bl To=Tr1=Teo=..=Tem, HAFGATURKA A UG T) = LU, Trdo

EN 20 FH5%EIF (Total order on transactions) ™ . Wi FE#E & X NFE S [H]
JEBEHUR 7 SIE o ARA IS T, = {in o, 0 im} 1Ty = {1 J2, 0 i}
G B DY 17 250 5 S

(D) WRTMT A, HTol Tid KTTH8 Tid, WTy  Tao

(2) W k>m B4 FAEEEH x(0<x<m), #BHin=k WTp Tae

(3) HIERAFAE — DR x(0<x<min(m,k))FT & FEH y(x<y<min(m,k)),
3 —x  Ime Himoy =jkoy, Wy Tao

(4) Bk BIR=FEN, BT, Tpe

WF 2 A A HEFEREEE D AN idka, ARRERF S EES
AER R R oD

N TR DA BRI 55, A RO SR (705, SR S
Fe xR AR B B R AN R S AT HEE , SRR HAT AR BRI EAR L, XA A
M H AT LA ZIE AT, BN RBUT K. BRI R AR JEU Bt 8
S E IRk, MAXFRAIA IR, A EIEREE R, FEEGHHH
W FER AT &5, UM A L R A B v /N, B4R, R S A A
[F )= 5%
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3.4 WHEENA

AR AT 3.2 AR B S 55 I SRS AT B B aE R R i) N £
HUI-Miner 53541 ULB-Miner 5L H, JF0 3k -9 4 200H H B g S B Y 214552
Kol PE RO 2B B, W IUHEAT IR0k, IR BT A AR AN s RO BT, KT
FE I v RO TA AR S B e, A [RS8 55 EAT & 0, DAk s> SVEAE 12 4
AR Utility-List BOZ SRR E, MRk 2.

FEARTT AR PIA SO BE D, S555 6 IR SEmE X HAR R ] 32 227 A 2D 4R

(1 X JFEIEHEE RS 07X 2% FH S AT HE

() ERIFBCEHE R, e — 55 WE, WRFFMFE, MK ix
HEH AT — K F5HATEIR, WREFAME, WP ZFE B E I —%F
%, BERBGCEE PR d 4

3.4.1 Bu#HEE HUIWTMS-Miner

3.4.1.1 HUIWTMS-Miner B L3R

HUIwTMS-Miner 5L H) F 2SRy Algorithm 3.8, 1, A D N5
S E, min_util AN BME, s R TE .

Algorithm 3.8 HUIwWTMS-Miner algorithm

Input:
D:a transaction database;
min_util:a minimum utility threshold;
Output:
The set of high utility itemsets ;
1 Scan D to calculate the TWU of 1-item;
2 Let I* be the list of 1-item such that TWU > min_util;
3 Let be the total order of TWU ascending values on I*;
4 Scan D again to rebuild the database and build the utility-list of each item i I*; /35 —IXRFAHHEL
e, AR PRI M)A utility-list
5 Sort transactions in D according to T; 118U AR
6 delete empty transactions;  /MIFR = FH 5
7 foreachiin I* do
if (i.Sumlutils+i.SumRutils> min_util) then

8
9 Scan D to creat projected transaction i-D and use projected transaction merging;
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/IR B e T AR R 555 OF
10 rebuild the utility-list according i-D;
11 end if
12 call the preSearch procedure;
13 end

Algorithm 3.9 preSearch Procedure

Input:
ULs:the set of utility-list of all 1-item; /AT A 1-TifJH IR ES
min_util:a minimum utility threshold;
Output:
newprefix:Pitem;  //HTHIZE P
utility-list P =ULs.get(0);
if (P.Sumlutils>min_util) then
output;
end
if (P.Sumlutils+P.SumRutils>min_util) then
exULs=NULL;
foreach utility-list X after P in ULs do
exULs=exULs+Construct(P.UL,X,Y);
end
10 Search(X,exULs,min_util);
11 end

O 0 3 N W B W N —

Algorithm 3.8 FISEHLIS FEHEAT U0 F Rk

Step 1: 55— KA E I PE RIS A 1- TR M F 55 kU8 TWU 18, 115
ZERUNER 3.2 FioR. QIS 7% TWUZ=min_util 19 1-304E, FE3%0E TWU (|
THEHEF GRIBF .

Step 21 55 R A e, AR ST HAL HHR o 0o R s )
SHEFP . IR R A 1-TRAE MY Utility-Listo SEHTA4EE IUE0E PE 0% 3.3 Fis,  1-T0
£E 1Y Utility-List W1 3.1 Fias.

AR S I S OB 17, TR E S 1S 45 IR 5% S G of 2k A i di 2R
S ST HEE, TR AR S SR . HEF S B R SR 3.4 TR .
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R 3.4 HFEREEE

Tid Transaction TU
T e(4) c(3) 6
Te c(1) b(8) a(3) 12
T, ¢(2) b(2) d(5) 9
T c(2) a(4) d(5) 11
Ts e(8) b(4) a(5) d(5) 22
T e(4) ¢(3) b(2) a(4) d(5) 18

Step 3: ML EAEE, EFEPXHREF ST AR, HFEMSTN
Utility-List.

TERY BB A, i F B R S 2 % 1-T AT IR BTk . ARAEE 3.1
Fronf) 1-TU4E /) Utility-List, 7 A& sumlutils+sumRutils=min_util 254K 50A {e.
cv by a}, AMEENRHEIEE, Wk 3.5-3.8 fion. LLe-D N, Ak
1-TH£E 1) Utility-List 1.1 3.8 Fios .

K35eD
Tid Transaction TU
T4 e(4) ¢(3) 6
Ts e(8) b(4) a(5) d(5) 22
T> e(4) ¢(3) b(2) a(4) d(5) 18
#3.6¢D
Tid Transaction TU
T4 0) 2
Ts c(1) b(8) a(3) 12
Ty ¢(2) b(2) d(5) 9
Ts c(2) a(4) d(5) 11
T> c(3) b(2) a(4) d(5) 14
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#3.7b-D
Tid Transaction TU
Ts b(8) a(3) 11
T, b(2) d(5) 7
Tm b(6) a(9) d(10) 25
#* 3.8a-D
Tid Transaction TU
Ts a(3) 3
T a(13) d(15) 28

Horr, £ 3.7 FH) TR ERERSCEIRER, B Ts Al T, PG FH ST S
FRE T IR Tid, % 3.8 Y Tn R E BB B FERT, B Ty Ts M1 T
SCHS T B IR T R Tide AT FEHER, EARCHER T ZRIENT

PREBEAT AR o
fe} {c} {b} {aj 1d;
2] 414 31 229 1 2[5]0
4lal2 2|0 s|4]|10 5 ss|o
5|8 |14

Step 4: 248 = A H W4, W, Algorithm 3.9,

& 3.8 1-JU4E A Utility-List

£ HUIwTMS-Miner SAHONREANTEIGE 1 BOUEHE A, 20 & 800
ol PEdEAT 1290 . (ERAEBSVEIEFE H 2B & EEMWE, WIR %K HUI-Miner
SR PP Y23 FAL e P R 5 R IR B B e, 23 T 0 TR AL 22 MR A
Y e P E B, i XA SRR AR R B SR b, B RS
PATEES G, SEIZHE RREL, BA .
XSGR EY2IR SO TR, E R 1- TSR BT TE R . X X-D
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BEATTAZAR I, RAZ90 X R DL X BUNAR AR 2-T04E, o 2-TiAR ()4t J7 v
UL Algorithm 3.3. DL e-D fil, ARk 2-Ti#ER Utility-List WL 3.9 Aios .

{ec} {eb} {ea} {ed}
27| [2]6]9 ARIE ERE
460 s|i2f10| |5]13]s 513 0

& 3.9 2-T4E A Utility-List

Step 5: 24 = 2 FHIIEE .
X P2 A B 2-TRAEE — 2B A2 4, F248 7775 L Algorithm 3.2, 438 77 V%
M, Algorithm 3.3,
LA e-D B, XEIERIZIE AR AT R
(1) FRIFHH 2 sumlutils+sumRutils =min_util 5251 2-TEFITY R, 4
B 3-T4E Utility-List WL 3.3 Fras. 3-J0i4E {ead} ) sumlutils =min_util, JJI5
N IEE, ft .
(2) ZREEXHH 2 sumlutils+sumRutils=min_util 25/4-1) 3-TEER LY, &
B 4-T4E 1Y) Utility-List UL 3.10 Fion . 4-T04E {ebad} [f) sumlutils=min_util, I
TRy = RO A, i

febad}
2 |15 |0
5|22|0

& 3.10 4-TU£E Y Utility-List

Step 6: XA M BEAN B EE AT Step 4 A1 Step 5 (9ZdmL AR, EHEIPT
A BRI R 20, IR R
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3.4.1.2 SLWERE N

N T VAl HUIwTMS-Miner 535 B £ 68, K HUIwTMS-Miner 5 V2% Al
HUI-Miner 57AFER 2.5 IR B AN Bigty, 73 AlfEisds i (i Az AT i
A7 THEAT HEL

(1) EWikE

SIS (a) BEfF: 17-12700KF, 32GB HlL# RAM, [EZ 500G f##,
12 %0 20 LRFEAIHG; (b)) #fF: IDEA; (c) Windows 11 #1ER%; (d)
FEES: Java;  (e) Java izfT¥AEi: JDK 21.0.3.

AR SO BT B SR SR M A2 IR BV, P AR LR IR — B AR R —
min_util 4238 ) S 80 RS R R AR I . O TR ORSLIG I B AT (S B, SR
— AR R T VEEAT 0T LS, R RN HE SR (AN IR R /N SO BB min_utill R 43531
BEAT S IRSES, Al SEE A R BCTME.

AT BB B A SERY AR SRR R B T T, 1R 5 T ISR AN
BN A,

(2) BATH A M RE TR A4

R HUI-Miner 5% A1 HUIwTMS-Miner S35 7E A R 5008 45 _E I 4TI [R] 22

HIHTE K, i 3.11 .

1. 500 =C= HJI-Minar
m= HIIwTHS-Minar

Time (ms}

116 117 118 119 1.20 1.46 143 1.50 1.52 1.54
Minuti| 127 Minutil 1e7

(a)Pumsb (b) Connect
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Time (ms}

== HIl-Minar

140000 1000 { m— HIWTNS-Niner
120000 10000 1
100000 K00
£
20000 T w0
0000 00
T : T T T T
50000 0000 000 80000 0000 500000 520000 540000 560000 580000
Min_util Min_uti|
(c) Mushroom (d) eCommerce
-3 == Hll-Minar
0000 w— HIlwTHS-Niner
55000 4
45000 e S
A000 1
\—’\\(
X000 . . .
2000 000 2000 5000 000
Min_wtil

(e) Retail

& 3.11 HUI-Miner &% HUIwTMS-Miner B ¥ F131E4T 5 8]

ME 311 AT UREE W E H, HUIWTMS-Miner H.V£7E Pumsb. Connect.

Mushroom iX =/ MHEHE b RI2 1T I [A]#G 1R KL BE )4k, 7£ eCommerce 24/
e B /IEEAR I . e rb i [A) 4 gk e ) S O BidE B 2 Connect, 4553 2.5 4511
R R FHERT LAE 2, Connect RS 129 NI, S PIIKE N 43, %

F (density)y 33.33%, J& THRAAEHAREE . EBERES, AT H I A AR
e HY A [R) S 55 B AT BE PR AR, I 555 5 I SRS T LA& A 2 R B 5%
WORARBE B9 B2 B i & . i — 281 HUIWTMS-Miner 5% AH
XF T HUI-Miner S5 HIIEAT I (8] AR A0 B2, K [R]— B 4 b B AS [F) e/ 50 B 48
min_util )48 {6 1% [ BCF 29 {5 #3647 3275, #E Pumsb. Connect. Mushroom #l
eCommerce 1X VYA 4k 68 b (132 47 I8 [6) 48 980 P2 73 00 A 81.90% . 99.76%
81.21%- 8.03%.

{HZ, HUIwTMS-Miner 5 {51E Retail 2355 _F IS TR FFA SR, MY

BB YR fE et a),  fm e R B HUL-Miner FIig AT (8] . i — B it &,
HUIwWTMS-Miner 5.2 1E Retail £ 5 )iz 1705 18] B AR TR 2 8K T 44.86%.
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X KR FEALUN 0.06% K] Retail FadEr, T LRI AR B, HIBUH
() 55 1 AT e PRI, Gl 2 55 5 IR SR ek /D (K384 7 I R) AN RE SR 2 55 T
I A ERRN 2 $50 50 B0 T 38 o ) I 1]
(3) BT HFRIMERETEMG
R4 HUI-Miner %A1 HUIwTMS-Miner HiA7E A [ EHE5E _E 21T NF4
HlHT &K, i 3.12 s

: —C— HII-Miner
- m:n:lligf;mar 1730 1 == HIwTNS-Ninar
2500
1500
200 1250
E I L3 —— g 1000 L
= 1500 - T e
g 2 —m—
- 2 =
1000
MW 0
50
'} T T T 1] T T T
116 117 118 1.19 120 1.46 1.48 1.50 1.52 1.54
Min-util 1e7 Min_util te?
(a)Pumsb (b) Connect
500 00
—Cr HII-Miner —C— HII-Miner
== HIIwTNS-Niner 50 - = HIIwTHS-Niner
200 500 b — ;
- 40 - o S ..'
g il e g a0 e
3 1 o S 2
100 z0
00
[ : : : 150 : : :
50000 0000 0000 0000 0000 500000 520000 540000 560000 000
Min_util Min_util
(c) Mushroom (d) eCommerce
1000
=Cr= HII-Minar
= HIIwTNS-Minar
a0
— -
-] ke ] -
=
‘2 w
3 a0
. W
0 : T T
000 000 000 5000 000
Min_util
(e) Retail

3.12 HUI-Miner 251 HUIWTMS-Miner 2% K11E4T N R
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ME 312 ATLMRE MM E 2, £ B4 F, HUIwTMS-Miner 51151817
I o5 F PRI A A7 #8 i T HUL-Miner SERIEAT W AE o 1IX R FUNTE R E FE — AN 54
B BRI > N2 AN EEE B, BRI BE R TR A6 K (R
FEISAEA R W HE AR E P ES ML, SRR ER E S RS 2 A
#E— 75 HUIwTMS-Miner 509244 T~ HUI-Miner 5092 13847 A A7 39 IniE 2
i [ — et B _E AN ) e/ O BRIEL min_util RS AR B B S (E HEAT 2R,
4 4F Pumsb. Connect. Mushroom. eCommerce Fl Retail 454 [ {11817 A 471
IG5 262.32%. 101.34%- 57.32%- 62.66%- 231.12%.

(4) B&

L% B A BIEENRHE, 45618470 [MALEAT A AE R PERE VAL AT A4S H
£510: HUIwTMS-Miner F9%FR 7 ANl T % LR i 4, Mt A& T
AR N EIESE, £ HAMBER S b, EAE b A S A0 A 5 s S # e S BL
g R, JEHRAERSEHIEE F. HUIWTMS-Miner %7 — @ FL B _ B3N 17
RN, Ay UK BE g8 A7 I 8] o AR T N AE R, 3 A7 I B i) 4 71 3
TN . MRIE SR S 4518, HUIWTMS-Miner 5355245 3 H A T47 10

3.4.2 KiHE % ULBWTMS-Miner

3.4.2.1 ULBwTMS-Miner LA

ULBwWTMS-Miner 5% = EZ 3 R 5 ACAS W, Algorithm 3.10. HHr, #iA D
NS HAEEE, min_util iR RME, s R TE .

Algorithm 3.10 ULBwTMS-Miner algorithm

Input:

D:a transaction database;

min_util:a minimum utility threshold;

Output:

1
2
3
4

The set of high utility itemsets ;
Scan D to calculate the TWU of 1-item;
Let I* be the list of 1-item such that TWU > min_util;
Let be the total order of TWU ascending values on I*;
Scan D again to rebuild the database and build the utility-list of each item i I*;
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5 Sort transactions in D according to T;

6 delete empty transactions;

7 foreachiin I* do

8 if (i.Sumlutils+i.SumRutils> min_util) then

9 Scan D to creat projected transaction i-D and use projected transaction merging;
AR 2 D A& BOR B P AT R R 55 A OF

10 build the initial utility-list buffer UTLBuf, and SULs and build the EUCS according i-D;
/AR B B PEA 2 9148 1K UTLBuf, SULs # EUCS

11 end if

12 call the Search procedure;

13 end

Algorithm 3.11 Search Procedure

Input:
P:an itemset;
ExtensionsOfP:a set of extensions of P ;
min_util:a minimum utility threshold;
EUCS:the EUCS structure;
Utility-list buffer UTLBuf:the utility-list buffer structure;
SULs:the summary list;
Output:
The set of high utility itemsets ;

1 if (P=NULL) then

2 itemset Px=i;

3 if (SULs(Px).Sumlutil>min_util) then

4 output Px;

5 if (SULs(Px).Sumlutil+SULs(Px).SumRutil>min_util) then
6 ExtensionsOfP ~

7 for each itemset Py ExtensionsOfP such thaty x do

8 if ( (X,y,¢) EUCS such that ¢c>min_util) then

9 Pxy ~Px Py;

10 if (ULBReusingMemory-Construct(UTLBuf,SULs,P,Px,Py)) then
11 ExtensionsOfPx « ExtensionsOfPx Pxy;

12 end if

13 end if

14 end for

15 Search(Px,ExtensionsOfPx,min_util, EUCS,UTLBuf, SULSs);
16 end if

17 else

18 for each itemset Px ExtensionsOfP do

19 if (SULs(Px).Sumlutil>min_util) then

20 output Px;

21 end if;
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22 if (SULs(Px).Sumlutil+SULs(Px).SumRutil>min_util) then

23 ExtensionsOfP - ;

24 for each itemset Py ExtensionsOfP such thaty x do

25 if ( (X,y,¢) EUCS such that c>min_util) then

26 Pxy ~Px Py;

27 if (ULBReusingMemory-Construct(UTLBuf,SULs,P,Px,Py)) then
28 ExtensionsOfPx — ExtensionsOfPx Pxy;

29 end if

30 end if

31 end for

32 Search(Px,ExtensionsOfPx,min_util, EUCS,UTLBuf, SULs);
33 end if

34 end for

35 end

Algorithm 3.10 PJSEILE AT W1 R R IR

Step 1: 55— KA E I PE RIS A 1- TR M F 55 kU8 TWU 18, 115
ERINE 3.2 R QIS DA TWU=min_util (1 1-T04E, JR3H TWU (E
FHFHEF CEIF) .

Step 21 55 R e, AR ST HAL HHR o 0o R s P )
SHEF . AR 1-304E (0 Utility-List. HEFF G RIB0E FE QR 3.4 fioR, 1-Ti4kE
) Utility-List 20/ 3.1 Frzs.

Step 3: A F BYAL WS 2 0 1-TUER AT —IRBTEL, X2 2 F T {e\ ¢ b.
a} oy ARG P, B AR o0 AR R ST A T, Ik 3.5-3.8 s, R
PE PR HE E R )8R Utility-List buffer £1 EUCS.

Step 4: i HH Search 1L B2 4 =i R WL, W, Algorithm 3.11.

Hi T~ 7£ ULBWTMS-Miner 53 H ] T B8R BEROR, i,
BEIX RIS P 2 NS X AE L. LLZHE e-D i, I8 #I45 Utility-List buffer
P TE Pxy, H4i& 795 W, Algorithm 3.7, AL NH

(1) HIUHALRTEE P 9 NULL, ExtensionsOfP AFFA 1-Wi%E, BLH, A7 i
& RAZHE LA (e} AR R 7R A BB A 5 5, TRE Px=c, Py NETHHTIE {e}
JE T 1-T04E, WRIRAERL 2-T54E {ec. eb. ea. ed}, LDARIFAEREVAIHA Search 1T
FERIFTA TSR P AR A3 00 e} H LI {e} N#EUET, I HT ExtensionsOfP;

(2) FI g P A4 NULL, %918 H Search it ##, L4 Px ] LAWK AE A
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ExtensionsOfP FHIFrA T, 4154 Px i & Sumlutil>min_util 544, Wy & &% 1
£, it W Px 2 Sumlutil+SumRutil>min_ util %45, #—FH9 R, HIE
AR TR, BB B IR 4

Step 5: ELEI A IR B FE A 2 00, SRS

3.4.2.2 SLWHERE SR

47 VAt ULBWTMS-Miner 53 (F11E 6, 43 B4 ULBwWTMS-Miner 51 fil
ULB-Miner SA(ESR 2.5 TRV MRS LIg T, Jr /e AT i (B Ffligds
777 THBEAT ELAL

(1) B4THF AR BB TP A

R & ULB-Miner 5951 ULBWTMS-Miner 5327 A [ 085 4 b (138 17 1A]

I, ikl 3.13 fw.

=C— WB-Miner
1.4 == ILBwTMS-Minar

100000
116 117 118 119 1.20 148 148 1.50 1.52 154
Min_wtil 1e7 Min_uti| 1e7
(a)Pumsb (b) Connect
000 =Cr= ILB-Minar
N = LBwTMS-Minar
8000
000
3
250
5000
2000
10000
T T T = %00 T T T
F0000 0000 000 80000 0000 500000 520000 540000 560000 530000
Min_util Min util
(c) Mushroom (d) eCommerce
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—C— WB-Minar

0000 w— ILBwTMS-Minar

50000
=~ 20000
£
£
= 30000

X000

)"—-—._._‘_‘_‘_
10000 O_‘_‘_‘_‘_‘—_‘_‘—‘-O—-—._
T T
00 3000 A0 5000 00
Min_util

(e) Retail

& 3.13 ULB-Miner Z3EM ULBWTMS-Miner 825 135 47 ]

M 3.13 AR E MM A H, ULBwWTMS-Miner 55 7E Pumsb. Connect.
Mushroom X =/M#E£E F IS AT (8] ULB-Miner H02: B S 4Rk . i3E—
it ULBWTMS-Miner H % AHYT T ULB-Miner Hik I8 47 I A1 AR LIRS,
[7] — B 4R b AN [ 5/ 280 B0 AE min_util B A5 AR B2 B S kAT R, 7E
Pumsb. Connect. Mushroom iX =AM 5 b [R1IE 47 I (8] 408008 2 73 730 9 - 86.71%-
99.14%- 69.34%.

{H/&, ULBWTMS-Miner 5LiEAEM: 5 £ 4 eCommerce. Retail b HJIZ{TI
[ i i ULB-Miner (IZ A7), JGHGRAESS BEAUN 0.06% ) Retail 24k . —fHK
TEOLE, T LR R SR % [T R IE L . FEME R R, il 555 0F
SR/ (RIS AT I ) AN e RS AR 35 55 6 I A g A2 38 $ s 2508 e B 34 m 114
i iE] . it it —25 114, ULBWTMS-Miner 5E7E eCommerce. Retail 244 F
I ATIS E] 2 3G T 25.25% 591.70%.

(2) BT HFRIMERETEMG

R ULB-Miner 57241 ULBWTMS-Miner 5375 AN F ¥k 4 (817 W77

il 2, Kl 3.14 Bk,
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1800
=Cr= WLB-Minar == |LB-Minar
== ILBwTMS-Minar 1600 LB TMS—Miner
2000 =
1400 -
® - - =
a 1200
2 3000 -]
= = 1000
2 8
® 20 = m
@0
1000 e
T T T 20 : : :
116 117 1.18 1.19 120 145 1.48 1.50 1.52 1.54
Min_util 17 Min_wtil 1e7
(a)Pumsb (b) Connect
k) 0
=Cr= ILB-Minar =Cr= ILB-Minar
= WBWTHS-Minar e =~ LLBWTHS-Minar
[ !
e @0
320 ~—= - = -
& =
g 2 =0
=35 =
g B
H %
£
50
O_-_‘_‘—-—-Oi
%€ 0
10 . . : /0 . . ;
50000 000 0000 0000 %0000 500000 520000 540000 560000 80000
Min_util Min_util
(c) Mushroom (d) eCommerce
1200
=Cr= ILB-Miner
1100 = ILBwTMS-Minar

Memary (NB}

(e) Retail

& 3.14 ULB-Miner Z i/ ULBWTMS-Miner EIEHE1T R

MK 3.14 AT LUR EWHA 2], 7F Pumsb. Connect. Mushroom. eCommerce
X P H4E % b, ULBWTMS-Miner 53232 47 B &5 B I 9 A2 #0000 2 & T
ULB-Miner 5%, #F— 2115 ULBWTMS-Miner H. A%t T ULB-Miner 51512
TN RIARALTE B, £ Pumsb. Connect. Mushroom F1 eCommerce £(#&4E | 1]
IBAT A GRS 73 54 439.58%- 210.21%. 4.31%- 36.61%. HIT7E Retail
L ERRHEA S, @it E, 51 ULBWTIMS-Miner HE ST A7 4 ik
&4 0.37%
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(3) B4

ZEE R A BARENFHE, 4561817 RIAE AT A AT M RE VEAL 7T DAAS H
g5 : ULBWTMS-Miner BiEANE H THEE S, EMEHEE LRI R LT,
ULBwWTMS-Miner Hi%2 A H 471

3.5 RE/GE

Utility-List A2 5 R0 H TR 42 4 00k ) v A FH i Bl 4 4y, A 58 B A ot
Utility-List FZER0E, B & 355520 e hom 9] 0 5 95 R N a2, Ok
/INARHE B e A Y Utility-List R/, LI/ 78 i 280 FH TR #2908 S A v 3
AR Utility-List B3ERZ A . B, A< 50Hd ] Utility-List 2008 4519 1 28 ML 5
7% HUI-Miner A1 ULB-Miner #4750, 737l 42 Hh o 575 HUIWTMS-Miner A
ULBWTMS-Miner. N | KAEF55-E I KIS B RN, B S 4 )= 8l A bt
ITFSHET, DA ORTE AR R s 208 R B, AR () 5% 5 2 M I AE 2 )5 I 26 1 55
SRIG, 4k TWU BTk, i BTR RIS 2 X 1-J4ERET IRk, AT
WA AR R e /D R BB R RO RS, TERG B0 R e e gk
IrHGSEIH.

A B AR R R R A R R TR AR EESER . (1) X R A
HUI-Miner %M HUIWTMS-Miner HIEIPERE, WEW] T HUIwTMS-Miner 5.2
fal AT AT 2t (20 XFE43 T ULB-Miner 5321 ULBWTMS-Miner 572/
PEfE, LR T ULBWTMS-Miner 50925 0 AT AT MR AR 2k
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4 31T ULBWTMS—Miner BER3T

TE L HT R BRI N, AL 5800 B AT i RO IR P24 S50 M DA S 030 AR
BRI, SRAIFAT T RBOR (1 i RO TSR 2 98 SR i 58 AR 2
FAT B B AR A2 IR SR B T IRAT U H SR AR, o RIS ) 50408 40 B A58 40
HATAEEE, RS IR, WRIZHE R K.

ZAIZAC TR BT B AL TR — PP B 78 4 R IR 2 A AL B 2R R R, X P Ak 3
FULE BRI AT 2T S 2 LA R BRI N AT AT T AR 7R R
FTHENLBIR, 8 B R R I BEURIR 3% . H BT PC iFRHLR Z #2044
8 HiH HZ MWL, FIAT IS IRAL T IR 1F . BARAE e RO A2 4 0K
ZAf I T Spark. Hadoop I ZHIEERE AT, (H2 LA FREA L2 36Al, M
ML) £ FEREATHIE 7T, 45 Bh T BRf@AE Spark. Hadoop 2 HUAERE R 48 Fis4T R HE.

BRI SO FEER R AT R, AT utility-list BE SR, FE42
P EABARL, AT P 2K 3% 8% ULBWTMS-Miner SLE3HT IATHF 7T, B+
SEHL 7 AT 5L PULBWTMS-Miner. J9 1 5 421 #1704 PULBwTMS-Miner 5%
IERE, (EAE e Wit SEBl 7 ULB-Miner 532 #1347 53% PULB-Miner,
W S256 45 R — 5] A F] PULBWTMS-Miner 535 (114 GE 0 Hr H

4.1 HTEZLHEN

FEIAT IR, B sUESS BRI T3k AT RIRRIE e, IHATHESR i
Ay EL, BRI AR AT,

] B, AT SERS 20 58 (V0 R 3 ff s TN IR AT RESROL I 7 R AL, AR5
i 22 AL PRERAEFFATHL_ B IR G SRAR R R, e 2845 2R 46 1) 1R fift R 05 56 SR
BT R AR T SR e o] R DGR 40

K — D RBSTE RN 0 v 2 /ML FRR L Bogs A F AL B 85347 IR AT
PAT, XRIFFATHIEBR P R IR 08 1A R IFAT 2 8O F47 S i2
R S R G, B T B A AR 55X 03 05 s IR AT SR A . Ay
T QLB R A 2 R BOR AN IFAT AR A AR SR KR
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4.1.1 FHTELHS

145 (Task) & 27 04 8 XIRTHS BTG o AT45 o0 AR T 540 D LA T A
[R)/MESS, BFIUIMESER AL . A EOCHEN . HHATAE 50 R, 24T 55 R4
AT A& Y3/ gt PR B A [ R T 5 BT T8 (1 D

3 AR 100 BT SRAS ) AR R AN RN T 40 il 1RORE P (granwlarity ) o 44T 55 53 il
J K B PR 0/ 55 R 9IRS (fine-grained), 10K 5% 20 A R b () KA 55 %
FHLHLJEE (coarse-grained)

K % (degree of concurrency) & — /N E T RLEEAH K MM & . TEFRATRET
AT DAEEAT B 20 [R] I AT (R B KA 55 B RO T R B o R T 55 18] (R AR ELAR
o, EREET, BRIFKEES RN T BIESHCE.

AR RPATAESS 1B T FARHE o KB AR SERR AT TS I AR . 722
BEDL R, KT IMTEERT M SC S SRR, AR ANAL 2 38 2 () 4 ——
SR ISE R, FF B AT DUB e AR SR A AT HH L 1 CPU BE— e ™

4.1.2 SRR

I FRBOR T ARG DU R 73 fi# (exploratory decomposition). 1 JH 73
fift (recursive decomposition) I 14 43 fif (speculative decomposition). £ 7> fi
(data decomposition).

FEZ VU 3 AR R, e A FH B0 388 VA 70 e A S 20 e, R 9 I v 2 i
AR BB & FH T~ 28 KB 23 (0 e L, 000 A A R 00 12 2 A 5 i P 345 P
M A, BT . BUR YR R R A IR

L 3B R0 e Z SN, 15 Sl il R oy — A AL B 5 )
¥ 1) R A R AR ABA AR ) 23 07 16459 21 BE /N 7 1) L

2. BRI R AR REIEIZIOR, BdE o0 2 I 70 R EOR . AR5 H)
IR B NP IR G, BATEERERI . RE, EEEER AR, K
THRBHATAE 550 70 o I8 B 70 W R 70 B R — AT 55 AT RO THSRU AR ROy S 2 ) —
o AREEAREAT S P I AL, FERIS IR

(1 Xt s RAA A5 AT UE A R Hat T o5, 4 Rexy
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b B AT R 0 o R AR AN, BB IRGER o N VME S, BEME
ST S A B R

(2) XrsmANEE: AL RS GRS, DUR R REZ R
AR HAT U5

(3) Hll oy N A L RS A m] R A HH B AT R e OB DL R, KRR
Hedga (K% o v e BRI A I R Ak

(4) X7y 25 R 8 A M ENAIEE h 2 Q0 A H R, et
SR AR N — O SRR 2 o X T Se Bk, Ay DU R 3 5k A A 2
P N Bt ey ) e AT 00 i -

3. PRIVE . AETRDNVE S b, KRR R ANy, IR eI
RARZIXE NI s WEAEARAT— B R BRI EER, Al R e s AE
ST AL, MR

4. HEMPEI M. FEFP PAEEAER 2 Al REAR S EE 030, XL ik
FALAERUR T EAESHITHELIR, ARXMEOLT, LG AN i, 200
ESPAT ISR, HARAE S5 w] LLFI $hAT T — 25

5. HEor . IR AR . BRI AR RINME SR AR, K DU )
EINEIFA M EHE T, AR A A RN

4.1.3 HITEEER

SEF A SR G PRI M I o R AR RN SR A G IR AT SR I — R L T vk
LA B Fb . BdlE I AT 58 (data-parallel model). 1T I A
(task graph model). T/E#AE 7 (work pool model)~ - MR 7 (master-slave model)-
MK AT (pipeline model).

1 BRIFATRAL . B AT 2 B (o R IR VB A 2 — o S B gk
11815y, BTSN B R s B R A b FERERE AT IR
— AN R R B IR PR S i A ) AR (R 8 o v 14, A T I S R i s
A LS B 2 1 RE SR A R AR v

2. AR5 B . AR AT VL T H R ] LB AR N — MESS WO, 7EAT:
55 BRI P Al FAT: 2% 2 8] (R AR L O B RAR T AR b 1 Bk /D 32 L4 i SRS — i
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R P 5 55 5%k I PR B8 R KT S AR S5 AR S AR TR, UL AT 5% TR R Sk fi
e

3. LAEMIAL . AR MR AL th i fF S5 B Y (task pool model), AF-55A1#EFE
FEEZMZHIRFR, WA LERISTS RHR € R . RERE— 8@t 51
SRR I B g /N T SR, A A AR

4. F-MBRL F-PBREE —ANBEA B, IFEAAT A 55 90k
25 WEERE, e TAEE R .

5. TKERMEAY . KR L H A ERE, CrRe 2L MsE, WrTRe R
—AHE . TR AR, R DA ARy b — AR 13 o
BRI — AR A A

6. WAL . BVERIR ] A AR AR, AT LA 2 AR e — AN 1]

4.2 ¥H4TF PULB-Miner EEH5T

Thread Pool HEZLHI Fork/Join HESL T2 7E BN 2 A% AL FR AR A58 R AT HAT 1T
BLPRANAETIOAESLIE B . TESEIOHTIN, 43 5I7E Thread Pool HE4LA Fork/Join 4E
ZRN AT T AT S AT

ULB-Miner HVETE AL 2 AL BL RIS T AT AT VML, R BRI =A
B

(1) #23 TWU=min-util ({35, = HEHEE;

(2) ¥ EAHARE AT R, TE 2 AERAR B2 R0 s 8 T

(3) BEFEMAREIE, Hh 2R s .

7E LI =AM Beh, sl Bt E s s =8 B, 65— BORsE =i
BT LA o Sy BASEILER Y B R AT L, ULB-Miner SAREAT I
TP E A AT . FE2 AL DRI S R T, B BRI RS 4
PRI AT, RERE T 2 4R B /N SOF IME min-util, XA EE THE AR

T JG7E Thread Pool HEZE X 5 [ Bei#t 475 8 . Thread Pool HEZL %A B E
AR ST 55 %I 5y 7710, P DARR R S35 R84TSRl 3 S o 18 i i FH TOU 4
FEAT VRS, 380 5 4 FH B B0 R BN T R s e X 49 oA — AN 7B

59



YN 1 e DATSS el RO AR 20 S0 Atk 7

DB ARAE AN [ R FE 142408 &5 SR O e A e R M . L, E Thread Pool HEZE
X} ULB-Miner SUEHEAT AT THRZH EATAT

SRJ5, 1E Fork/Join HEZE T8 55 — I Bedb 4725 18 MR IE 2.3 PR i Fork/Join
NEZR S HE, @it Fork #AEXSHEHEATRI 7, W UREAR E— A =, —4Al,
PUsr )\, &5, B3TH0RE PE b S 508 B Tde v B AN EUE N 1k, R4y
ZEOR . BRI TR Ay IO & AR, TR R 2 38 = S T o Fork #4E &
3 H 0 B A 24 T IR A B B I PO, B T R, AReilid i
B 14 R min-util R AT BT A, T HL R > s 2 7 % S 2R B AR R
Utility-List, JiZkG 4290 = R4 . FrLh, £ Fork/Join HEZE T X%} ULB-Miner
FOEBHAT AT I EAATAT

J# 1L 7E Thread Pool HEZLFN Fork/Join AEZE N REAT FIATHE 04T, AT IRAT
ULB-Miner 53354 7€ Thread Pool HEZE N #E47 5256

4.2.1 Thread Pool #E%2 T PULB-Miner %%+ 55ci

AFi ¥ ULB-Miner H %454 Thread Pool HEZR AT AT UHE, WitsLdl 1
ULB-Miner 541347 51 PULB-Miner.

PULB-Miner 5321 £ E i #E B 7~ N Algorithm 4.1. 29, #i N\ D NS4
JiE, min_util Sy N BIE, oy s RO 8k .

Algorithm 4.1 PULB-Miner algorithm

Input:
D:a transaction database;
Thread:a number of threads;
min_util:a minimum utility threshold;
Output:
The set of high utility itemsets ;
Scan D to calculate the TWU of 1-item;
Let I* be the list of 1-item such that TWU > min_util;
Let be the total order of TWU ascending values on I*;
Scan D again to rebuild the database and build the utility-list of each item i I%*;
foreach i in I* do
if (i.Sumlutils+i.SumRutils> min_util) then

Scan D to creat projected transaction i-D;

0 9 N L AW N =

Assign the projected transaction to each free thread and build the initial utility-list buffer
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UTLBuf, and SULs and build the EUCS;

9 end if
10 call the Search procedure;
11 end

PULB-Miner H3% M) F AT LU P IR

Step 1: 58— RS EUARE K VF EBTA 1-TER I 55 INBUSUH TWU 18, 614
4 7 TWUZmin_util 1) 1-T04E,  JHI8 TWU ETHFHEE CRIBFE) S

Step 2: 55 AR BN BE, MR HE SN B A AR R A 1- AR 1Y
Utility-List.

Step 3: A F BYAL WS 2 0 1-TUER AT —IRBTEL, X2 2 F T {e\ c. bs
a} 73 il ) S 15 KR P

Step 4: 7 W I ZR AR AT 55 BA B rPosR S s Baf e, AR 50 M e vy 12
¥14f Utility-List buffer A1 EUCS, A Search i P24 i 2% FHI4E, W, Algorithm
3.11.

Step 5: ELENFFABOE R PEAIZ IR TE R, B & B AIZHR 45 R G IR
CRRTY

# Step 4 A1 Step 5 FIIRFEL H] i Thread FATIRAER, 0k 4.1 TR

(ESSPATY: IRFEIRE

HEULility-list IR Utility-list R Utility-list 3R ULIlity-list
buffer HIEUCS buffer FIEUCS buffer #1IEUCS buffer FIEUCS

\EAFSearchid#2| [AfSearchidf®| [AASearchidfE| [fFSearchidiz

BHER, Wd

& 4.1 Thread 3-4TIREHE

61



B PN T e AT

e R0 TSR P24 SR O W

4.2.2 KWERE S

N7 VAl PULB-Miner HiEIIMERE, 7E2R 2.5 @B H A B o iilE

4 2R 8 LRAEAN 12 ZRFE T T 5 REER, 1SRk SLI g RIFHCFIIE, 7 fEiZ
AT R FIE AT A7 75 T 5 ULB-Miner 523317 LUK
(1) B4THF AR BB TP A

fR¥E ULB-Miner 57 A1 PULB-Miner 5175 4 2645, 8 ZAEH 12 ZFE T HY
ANFEHIRE ERE T R 2T L, il 4.2 FoR.

1ad

== LLB-Miner

~@- PULB-Miner (Thraad=g)
=@~ FULB-Miner (Thraad=12)

& PULB-Miner (Thread=4)

116 T 113
Mim_util

(a)Pumsb

=~ WB-Miner

~@- AULB-Miner (Thread=a)
@~ FRLB-Miner (Thread=12)

#h— PLB-Miner (Thraad=4)

Min_util

(c) Mushroom

=C— WB-Miner
#— PALB-Minar (Thread=4)

T @ AiLB-Miner (Thread=8)

10000 @~ FALB-Minar (Thread=12}

000 T
I s
2 3000

000 1

000

5000

2000 000 2000 000 00
Min_util
(e) Retail

=C— LWLB-Miner

& ALB-Miner (Thread=4)
~@- AULB-Miner (Thread=3)
—@~ FAILB-Winer (Thread=12)

1.50 1.52 1.54
Min_util 1e7

(b) Connect

=C— WB-Minar
#— PRLB-Minar (Thread=4)
ALB-Minar (Thread=3)
=~ ALB-Miner (Thread=12}

520'2203-

T
560000

540000
Min_util

(d) eCommerce

A 4.2 ULB-Miner E % PULB-Miner &% K354 A]
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M 4.2 ATUUR EMHE H, BT 1E 4 2672 L1 Retail BUEEMIZITH IS
Pt e, PULB-Miner 5032 B32 171 ] #8458 ULB-Miner 505 B A% B2 R4 o

3 — 35115 PULB-Miner 54X} T ULB-Miner 532 (32 1T B 8] (A2 AL IR
W A —Hed 4 AR Rl /N RO BB min_utill FARARIE B BT M HEA T R, %
HNER 4.1,

R 4.1 BT R RZRALIEEE

B e
AR
Pumsb Connect eCommerce Retail Mushroom
4 -72.89% -72.49% -7.38% 27.64% -74.43%
8 -78.27% -74.63% -7.04% -17.21% -82.82%
12 -76.66% -72.35% -3.19% -34.11% -81.74%

(2) BITHERHEEERE
4% ULB-Miner 5.2: 1 PULB-Miner 575 7E 4 Z6F2. 8 L8 A0 12 Z6FE R I
AEFHESE st NELHIIT L E, K 4.3 Fis.

000
%00 1
4 b, —— —3 00
000
000 e —h——— ——
—C— WLB-Miner - 000 —C— WB-Miner
g 2w A PULBMinar (Thraad=4) g A ALB-Minar (Thraad=1)
& s @~ FLB-Winer (Thread=g) § 0 @ ALB-Winer (Thread=1)
=~ FILB-Miner (Thread=12) & ~@- FALB-Miner (Thread=12)
200 100
2000 200
1000 1000
T T T . ; -
116 117 118 119 1.20 146 1.48 1.50 1.52 1.54
Min wtil le7 Min_util 1e7
(a)Pumsb (b) Connect
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O
1000
E)
- /\*/4\1 w0
20
= —O— WB-Miner — A———
EE) ’\.’_”\‘\ﬂ £ A FULB-Miner (Thraad=4)
S g 0 @ AULEMinsr (Thread=a)
& E —@~ ALB-Miner (Thread=12)
450 - @
] — — | —0— WB-Miner
a0 d— PILB-Miner (Thread=4) 0
%0 ~@- FULB-Miner (Thread=3) )\O\o‘—o\_(
—@- FALB-Miner (Thread=12} A0 4
00 ! - - T T T
50000 40000 0000 0000 0000 00000 520000 SA0000 560000 BO000
Min_util Min_util
(c) Mushroom (d) eCommerce
1600 m
T —————
@ 1200 ——— h—
g —h—
E 1000
ag { O WE-Miner
&~ RLB-Winar (Thraad=4}
~@- ALBMiner (Thread=a)
40 1 —@- ALB-Miner (Thraad=12)

T T T
2000 2000 2000 5000 &000
Min_util

(e) Retail

& 4.3 ULB-Miner 2 A1 PULB-Miner H¥ERET N E

ME 43 AT LR B Wb F H, PULB-Miner B kg /T WA # I & & T
ULB-Miner 5% .3 —25 115 PULB-Miner A%} T ULB-Miner 513817 N
AP AR, K R — B 46 b AN [F) de /N S5OF BB min_util 1) AZ AR i B2 P2
EATRR, SHAE 4.2,

X 4.2 BITNERZALIEE

B B
AR
Pumsb Connect eCommerce Retail Mushroom

Sk

4 1050.80% 1124.34% 40.17% 92.89% 45.90%

8 1093.90% 1298.26% 72.62% 108.71% 79.33%

12 1116.74% 1429.88% 116.15% 120.47% 95.48%
(3) B4

it FH 2 AR HEAT IFATUH S, A2y 178 0 M AT NS IR. Ke sp AT Sk
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HHATIFAT I, SRR T BR300, EWEBITNERIN K. fEiFENL
AT WARRENS AR TS LR, IFAT T B2 fR (K S Is AT I 1R (O 4 4 . 7
458, 475k PULB-Miner #2& 7] 47T HAG 21 .
4.3 H4T PULBWTMS-Miner B Ef5T

A ULBWTMS-Miner .1k 454 Thread Pool #EZRH3E4T 34T 1HE, WitsL
LY ULBWTMS-Miner 7% 1947 575 PULBWTMS-Miner.
4.3.1 Thread Pool #E%2 T PULBWTMS—Miner B %1%+ 5SLiR

PULBWTMS-Miner &% 1 £ Z i /R A Algorithm 4.2, Hr, A D N
HEHARE, min_util /DR BIE, s RO g .

Algorithm 4.2 PULBwWTMS-Miner algorithm

Input:

D:a transaction database;
Thread:a number of threads;

min_util:a minimum utility threshold;

Output:

O 0 9 O i B W N =

10

The set of high utility itemsets ;
Scan D to calculate the TWU of 1-item;
Let I* be the list of 1-item such that TWU > min_util;
Let be the total order of TWU ascending values on I*;
Scan D again to rebuild the database and build the utility-list of each item i I%*;
Sort transactions in D according to T
delete empty transactions;
foreach i in I* do
if (i.Sumlutils+i.SumRutils> min_util) then

Scan D to creat projected transaction i-D and use projected transaction merging;

UTLBuf, and SULSs and build the EUCS according i-D;

11

end if

12 call the Search procedure;
13 end

PULBWTMS-Miner 57E ) F IS FEHAT LA T 2D BE:
Step 1: 25— R EHE FE R 1T AT A 1-TEE )55 U TWU 13, 62
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A Ik TWUZmin_util (9 1-304E, IR TWU ETHFPFERE CRUBF) .

Step 2: 2 “IRFAREEIE FE, AR BT EAGEGE B, ST A HEE A
SHEF . [FIRHEE 1-T4E R Utility-List.

Step 3: BT HENE 2 X 1-TAEREAT —IRBIARL, X R I {e. ¢\ b.
a} o> AR B P, 7R I R ek R 95 55 04T B 9

Step 4: 7% PR IO B R AT 55 BAA1 b SRER S S B0 e, AR 43 50 00 e 1
W14 Utility-List buffer A1 EUCS, ] Search i #2424l & 2 F Wi 4k, Search i 2
W, Algorithm 3.11.

Step 5: ELEIFFABOE R PEARIZ IR TE R, B & B2 45 IR G IR
AR

4.3.2 KRWERE S

¥ PULBWTMS-Miner HIETER 2.5 2RI H) HANEIEEE 3l fE 4 2672, 8
EFREA 12 RN AT S REE, R LRSS RIFICEHME, H Al
ULBWTMS-Miner 55 PULB-Miner SLVAREATHLEL, AL FLEAE IS AT I (B iz
AT AT T TH IR RE .

(1) BATH A R RE VP 4G

R4 ULBWTMS-Miner 551 PULBWTMS-Miner 55 7F 4 452, 8 LRAEAN

12 A2 N BB AT I (R 2 4 2, Ak 4.4 B

180000 —m— LLBWTMS-Miner 200
@~ PLBWTMS-Miner (Thread=4)}
160000 —sle—  PULBWTMS-Minar (Thread=3)
—de- RULBWTNS-Miner (Thread=12) 200
140000
) | 2200 { —=— WBWTNS-Miner
B 120000 E @~ FLBWTNS-Miner (Thread=4}
2 E X000 —— PRILBWTMS-Miner (Thread=3)
= 100000 = ~fe— FULBWTNS-Minar (Thread=12)
0000 1800
r— /_,5. -
000 : s —— T T T
116 117 1.18 1.19 1.20 1.46 148 1.50 1.52 1.54
Min_util 1e7 Min_util 17
(a)Pumsb (b) Connect
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22500 1

=@ |LBwTMS-Minar 000 =@ |LBwWTMS-Minar
000 @ ALBWTHS-Miner (Thread=4) W~ ALBwTMS-Miner (Thread=4)
—k—  AILBWTHS-Miner (Thread=3) b AULBWTNS-Minar (Thread=g)
17500 1 ~dr- AULBWTMS-Miner (Thread=12} Ll - —de— FULBWTMS-Miner (Thread=12)
15000 7000
£ 12500 | E
£ 2 00
™ 10000 k
000
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