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B Ry R AR T OIS 28 (fuzzy wtility list, FUL) Z5 09 FH T a0 Y BT 6 1 b ol itk S e 45 mh
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High Utility Fuzzy Itemsets Mining Over Data Stream
Based on Sliding Window Model

Shan Zhihui,Han Meng, Han Qiang

(1.School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China)
(2.The Key Laboratory of Images & Graphics Intelligent Processing of State Ethnic Affairs Commission,
North Minzu University, Yinchuan 750021, China)
Abstract : High-utility itemsets mining( HUI) can provide interesting itemsets ,but cannot provide information on the number
of items. Therefore, high utility fuzzy itemsets are proposed. However, real-world data is constantly emerging. Thus, new
incoming data needs to be processed in real time. To solve the problem that the current high utility fuzzy itemsets cannot
handle the data stream,a fuzzy utility list (FUL) structure is proposed to store the information of items, including batch
number of items,the transaction identifier of the items,the fuzzy utility of items,and the reminding fuzzy utility of items.
FUL can effectively insert and delete batches. Finally,based on FUL,a high utility fuzzy itemset mining algorithm on data
stream is proposed , extensive experiments on real and synthetic datasets show the efficiency and feasibility of the algorithm.

Key words: data stream mining,sliding window, high utility itemsets mining, fuzzy utility, utility list

e AP IUAEAZ 38 (high utility itemset mining, HUIM ) '@ B2 408 45085 — A~ S R ARS8 8. HUIM
KIEAEAE T BA S A AR 5, BV A8 304K (high wtility itemset, HUL) . ZJ5 , SUARWH 1 T HUI
HP BT | Wi 4 HUI( closed HUT, CHUT) ! | S F 241850 T 4E (high average utility itemset, HAUT) ¥/ 25,
TEATRIZEAVEAIRAE T AT AR (B2 48, 407 9 Al 4 b 7 ) TIUAR S 4 2 IR 50 4 1 1 25 i) 85
ORI T8 4.

(R SRR IR | ARSI rp B NI B 5 L AN A TP o RS R DS o 1
7 i 225 2 8 ) PO B T v PR T B i {5 L BFR 4 R T iU S 1 04K (high utility quantitative
itemset , HUQT) " 425732 , (H LS AEAFAE TUAR M. Wang S50 3042 T RORITT AR 454, F4 BRI 4 B8 5
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B AR TR B B L0 AR T e 8P AR T A7

[(A,3),(C,5),(D,8) | , HrfF- S R4y 5 A R0 S 14 i K I
Ho SRR, BN A A & 1 TR AR B R, BI04
{5 AL =M X 35 ; Low Middle £ High. (A,3) iy 3 /]
DAL M 5 HE 0.6 BY Low 11 0.4 ) Middle. HALZ 5% { (A,3),(C,
5),(D,8) | AT LIFEAL K { (0.6/A.Low,0.4/A.Middle ) , (0.2/C.Low,
0.8/C.Middle) , (0.6/D.Middle,0.4/D.High) | , 8 J5 H 4 AH 36 1 L

Membership

V/\\\\
0O 1 2 3 45 6 7 8 91011 12

HE RO AT, 4240 HUFL {58 F1) HUFT AS{ELRT A2 FH P 441 Domain of ftem
PR ST T LT LR 350 1 A 77 01 4 P 3IA S Bl mREEM
SE 7 A, A PR B RN (7 . Fig 1 Membership function

BEA B AR B g i g 2R B i e 7 £ ] v 2350 A BT 7™ A4 ) 580 BB TR0 ) A7
BEA —E MR S WFE S TEBEE R FAZ 4R HUL Sy s (E R 4 A s U Y T 4 5
AT P TR R (5 B O T AR T S TR AN BB AR R A SR T T B B 1 %R
PaUi HUFT $Z 805800k, BARAR UL, A SCh) £ 2 TRk ELE 3 51

(1) 4R T BSOS (fuzzy tility list, FUL) S5 AU RBOBI RN 5 R XS5 BERE A Ui
A BRI U I AR 8O A5 R, 5

(2)FF FUL $2H 7T ah i AR A 50 7 HUFT #2408 5335 FHUI_DS (fuzzy high utility itemset
on data stream, FHUI_DS) X5 FHUI_Native ( fuzzy high utility itemset native , FHUI_Native) ;

(3) 0 T IR S A5k  Te LSRR AR 5 & OB AR HEAT T T2 A SE 5. SR SRR $E i iy
SR A A7 I B i HUFLL

1 MR

H T HUT SR G205 0 45 AN 300, 1A AL & BT 8015 B, L Wang 260 42 T BDRI ORI 2
fi, R ST RSO SSOT BRI KR 36 5 SR TR R R PR A T DR (R AP A IR O U . 2 ), Lan
AT — i Y BOBORI R A2 087 (two-phase fuzzy utility, TPFU) | i FHASOR 5 /N TS DEA 151 4
RSORS00 P B B SR k , 5 7 A TR B ) T0 A B  a TUAE , T FERT [R]. Lan S50 i —
AR T SR A DR R F2 98 557 (gradual data-reduction fuzzy utility, GDFU) , %5 1k48 17 i [H]
fF TPFU. Hong 554 M 1 — B B el [EASTA A0 FHI 42 41 B 12 , 3o b B892 T LA 4 380 A v B IR SR 255 P 3
B RERS LT/ AAE B TR AP T LR 3RS RGP RO TR RE. BIFSE #1044 a8t AL 30k RIS S R e f ik
Tk HUFTARGS &1 e Sk A, (U2 AT HUFT S48 550008 008 F 1 8 8 800 , 8 B4 A
I i B ET R B A B LA

PRSP G v U S AN W= A 1, B st A BT 7 A R R AR . RIS R T ST g5
W sh v 1A ECE I = O T A 42 48025 (mine high utility itemsets over data stream , MHUIDS) , it F — i i
1] 1 RN B, 5T 5 T 55 A R TSR i e T B 48 R 25 R B A Tsai 60 B R T — BRI
S DB HUIM — B BB, (HAZ 0k A T R B IR A 04  TH AR 1 R N AF. Jaysawal
ALV T — B Be A9 (single-pass one-phase algorithm for mining high utility patterns over a data stream,
SOHUPDS ) 4Z 4 £ i b i S O U8 | Sk Al P B e e 7 i e sl 3 11 BORIZ I8 HUL, B B
fERE. WHE IS T EBAR R FAZHE wop-k MU R i AOR AR R Y i O O
AISRE A RERZ A HUT R it F A g f B 4 vh B I i K {5 RL. O 1 AR BB A 1 A% HUFT,
ARSCEE L T T S 1 1Y HUFT 28855 %

2 [fidiE X

AR T M SR HUFL BRI L. 1= L seroorye, | LIV m A0S 4 D= (T,
Ty, T, VRS S5 o 7= (07 057 e 0l e 0l?) 0 op=1, - m 2S5 T, it e, e T 1Y
WS, B {5 B SR B R B AL . T ¢, e 1 105 o MO DX, R BRI E ¢, , AR
ISR B e, 2o, il L <q<q, 3 HL g SR o MORUIK K1 (P 5 30)
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—T\) He i e A PN ; l‘l’c (v(i) )
EX Y B, F5 T, o' MR ¢ RIBORIBE 2 SCINR LA = ZMZ”)
(v
e N Tp
fian, 7e’ 2 5% 1 b pyEdE iR Gl Ea R 1 K 544 (TID) 4%
TN B RO I B U AL BB, e 55 T, B ; (a,(2> (3)(7) <8f;,4>
2 a, c,
W (PR 2, B0, =2 A b, 1) 5 1, ST 0.8 W‘{ 5 L @)B)ENED 0
F10.2 B T, (6.2) (.9) (&.8) (h.5)
v A 0] o ‘ : T, @2)(d3) (@) (1)
EX 2 IAINER RO, BRI ¢, ) B AL SM B, T, @3) (0,2 (¢,3) (@) (&,2)
RO SCR I 0 FR 280 5 20 T EASOR 1) 5 5 1) 3 H2 HERTEIEE
L RRHh U,( o) )= p/X[ argmax (i y ik, () ( v;i) ). Fig.2 Sample of data stream
B e 55 T, I a. M} B INALINTE RO A5 o F1 SMIMAR
HIFMRROH 20 5 { a. M| KRR 6 TN, B U, (a.M) = Table 1 Profit table
20x6=120. I a b c d e f g h

TEX 310N AEORIIR A s, AR B A A SREAUNME 20 15 70 54 11 100 75 47
ML O RSA 2 5 150 ) S AR RBL, B0 U, =30 XU (e -

B, g 55 T b e MRS {a M| BRI RS 0.2 5 HOMALANA SO 120 AR, B U, =
DxU, (a.M)=0.2x120=24.

EX 4 BIBUELER D RO, B0 W, RO X MR IZ IR S 55 TR AU A il
K Upio FmAH Upy= YD wexﬁ,;;) xU, (¢, HH e, eX,ieTID(X).

fin G 1 W, P (a. M, e H) BB N (a. M e H) TESE 55 T, T, T, BIBUHA, A LI IR A
Upiart.omn= Fontfonton) XUy (aM) +(fytf 4o ) XUy (e H) = (0.240.4+0.2) X120+ (0.2+0.4+0.2) X770 =
96+616=712.

EXS wWH W, R 4Eed 8w, FRUH RS O TR AS R BORI I8 Z f 10 TFU(W,) ,
FORN TFU(W,)= ), D Z”:l Urieyo-

fihn, %0 ow, E@*ﬁlﬂfmﬁzﬁﬁﬁ TFU(W,)=Uy(a.L)+U,(a.M)+U,(a. H) ++-+U,(h.L) +U,.(h.M) +
U, (h.H)= 44+96+0+---+28.2+394.8+0=4091.

TEX 6" AR, IR X AR KT P e SO fe NSRBI, A R AR 33 4
X J& HUFL, BV Uy >EXTFU(W,) b Uy 2% 0 W, WhIAE X BN, TFU(W,) & 411 e BR800 € 2
FH P SCH Fe/ INRSOFH TR

EX 7" FHERKMA. F55 T e D MRS IR, LK TMU(T,) ,J&$55 T, HOR TR IR AR
HE R I AL, B TMU(T )= D, max (uy,, (0" ) XU, (¢,,))).

‘ <q¢<
1;,(,'>5T,»' 1=4p

BN, =55 T, BFS55 SRR I o BT AERORI B (0 85O fe KA 48 5 ¢ FIrFeASaml 32 i R0 F 5 K {H 308
BIROHZ 0. B TMU(T,) = max(U,(a.L) ,U,(a.M) ) +max(U,(e.M) ,U,(c.H) )= 48+308 = 356.

TEX 8 BRI S5 IR RO, BOWITAE X A 55 AR KR, 188 TFI(X)  J& il
AL SIS X YT 55 B KRR RO AR B TFI(X) = Y, oy, TMUCT).

B, WA (a. M . H) B 55 e KUK TFI(a. M, c. H)= TMU(T,) +TMU(T,) +TMU(T,) = 529.5+
356+904.2=1789.7.

3 HiENY
AT T RO 5 3% FUL S5 A7 BRI I 8 F A5 8L, R 3 Tk 5 M4 8 T FHUI_DS 5 FHUI_
Native 575424 HUFL A5G4 T FUL 4568 SR G40 T & B
3.1 EMPAYIR
EX 9 BRTUE X 25 BRI 258 — MR T X Ml—A35% T, FEFH%5 T HOidE X 25 H
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il

B AR TR B B L0 AR T e 8P AR T A7

el

SRRITE X IO [R) AT ¢, 5 SCH T/ X.

EX 10 BRI RO, BRI X AR E SO fratil (X, T,) 25 < Xf 5505 e, ik X
GBI ¢ BRI, 2R frutil (X, T,)= D, very Un(x,T)).

FUL (R385 75 2 Ui L P 3 55, 7E55 — U b R 30 i i 15 2030 3o s I B el B A ol
BB, AR5 TSR0 (Y TFL, JF A48 TR XSO 017 HE PP, 7658 Z 4 $ 10 8], B 2 41> RO 10 1)
FUL. FUL £ S HT % O rh B RN E B XSS AR LR 5 DL — AN 8 TID fiutil | frutil JTC4H
2% H. TID FAAA 0 & A 1 F 55 bRt AT fiutil 2 BORIAE A R80H , fruil S2 A0 3004 1) ) OB A0

3B — 4P 55 BIAIS B R 55 ThBOBI I Y SO (R B2 A% S FUL . S 2R AL CECR R T8 1R
INIERE RS B B IH B — 55 i AHT — U0 EE 55, FUL B8 2540 A0 00 A 2 vl Db s R A 4t vk A 37 AL
B, flhn 7ER 2 R — AN ShE 0 W, BORTHITR (a.M) B9 FUL Q018 3 B, 2438 A I A G | 35357 )5 390
(a.M) 1y FUL 2305l an (&l 4 Fios.

a.M | TID | fiutil | frutil a.M | TID | fiutil | frutil (a.M),(c.H) TID fiutil frutil
B T, 24 | 678 B, | T, | 24 | 1218 B T, 178 0
1 1
T, | 48 | 560 AR TR T, 356 0
B, T, 24 | 1218 3 T, 48 180 B, T, 178 0
(a) W, (b) W, B4 | (a.M),(c.H)| A FUL
B3 Iia.MHA FUL Fig.4 FUL of { (a.M),(c.H) |

Fig.3 FUL of a.M

H PRI ASOR Z0T2H RO 05 1) FUL 238 3 PSR I FUL H iy TID AR ARy, il 4n, 435
M(a.M)Fl(c.H) Y FUL #3ETEE | (a.M) , (c.H) | BY FUL. (a.M) fl(c.H) iy FUL A SL[E AR B, Fl
B,. 7E B, 1 (a.M) fl(c.H)7E T, FI T, H[EBFH I, 7E B, 1 (a.M) FI(c.H)FE T, [FBHEL. WL { (a. M),
(c.H) | By FUL 401 4 Ff7s.

3.2 FHULDS &k

FEATT P T FHUILDS 5240 80 i HUFL FHUILDS B0k A 5 S50 (1) B 354551
i, (2) FREBHRSE , (3) B H R/, (4) RIS, (5) TP & LR R/ NSO BB .. AT 4 00 R
[7] HUFT.

DO Ry €T & iR Rl DR U SN i AV G MR 55 I DN B ) R M IS A ) | AN OF 18/ Y ¢ E|
RTEETH /NI, A YRS . S8 A Om A IR %7 1 b i IHHE U £ 2, BITH
LU BT AL g 55 A RDR I B SRR B, SRS BB AL U TP DR I ) M (R B SR B b O st v
(9 TFI BSHAN R RE B (B 1 MO-OF7) . X T Y4508 1 i 55, SGlE 788 — Ui 44, @i
SF R B2 R BSCRE T B AR S A S TR S, TR T ST BN BORI I TR SR 5 R4 758 —OBE 94, i el 5
AT FUL S48 T AR08 P 3L BR 25 #) (estimated fuzzy utility co-occurrence structure , EFUCS) | 1% 4514
Ytk T FHMY ) ) EUCS (estimated utility co-occurrence structure, EUCS) Z5#4 (515 1 II@D-1017). R
PR A28 4288 88 0 i HUFT(SA: 1 ADAT ).

%1 FHULDS

HIA A data stream DS;profit database DP ;the size of window winSize ;the number of batches number_of_baiches ;a user-defined
threshold minutil ;

i cthe set of fuzzy high-utility itemsets in current sliding window ;

(DWhile there is stream of tranctions do

@ Read the transaction from data stream DS and add to batchTransactions according to batchsize;
®  ++currentBatch ;

@ If currentBatch>winSize then

® Remove oldBatchBumber

® Add batchTransactions.

(DFor T, in batchTransaction

Scan the transactions in current batchTransaction to compute the fuzzy domian and TFI of items;
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© I*— Each fitem such that in batchTransaction
@0 Second scan the transactions in current batchTransaction to create FUL and EFUCS.

@HUFIMining(@,1* FULs,EFUCS, minutil)

PR AR A 5 SSH (1) BUZRBIRITNAE P, (2) HIT9 RAEHIIAR P 1Y4EG ExtensionsOfP , (3) B4
RUNFER FULs, (4) Al MBI AL BL45 # EFUCS, (5) FH A 5E U/ VSO BB minutil.

Bk 2 @7 T HUFIMining (908 fUHS. FULs Hig & MSORITAE Px BOACHIZH] K T8 T minutil, ) Px
R HAHE Y S HUFT(BE 2 I0O-@47) . 25 Px IIEIRUH /N T minutil, #E— 25 5 Px B9AOR 5500
S B AU B KT 45T minutil, 25 K F 5 T W07 LIXE Px F — 2097 &, 45 W00 JLBT A% i
EFUCS {HBRMSHUHY R Pxy, XY & Pxy H3EH FUL, T4 Px MFTA 1-9 1 FUL #5178 540
FOEE 2 E-1T) . SRIG I T A2 B , B A2 Y AT B b i 438 HUFL(S0 2 adfT).

#3% 2 HUFIMining

HIAP:an itemset ; ExtensionsOfP : a set of extensions of P;FULs; EFUCS ;a user-defined threshold minutil;
it s the set of fuzzy high-utility itemsets in current sliding window ;
(DFor each itemset Px € ExtensionsOfP do
If FUL( Px) .sumFiutil = minutil
Output the extension associated with X.
End
If FUL( Px) .sumFutil+FUL( Px) .sumFrutil = minutil then
EnxtensionsOfPx <« ;
For each itemset Py € ExtensionsOfP such that y>x do
If( 4 (x,y,c) € EFUCS such that ¢= minutil ) then
Pxy < PxU Py;
Pxy<—Construct( P,Px,Py) ;
ExtensionOfPx «— ExtensionOfPx U Pxy ;
End if
End for
HUFIMining( Px , ExtensionsOfP ,FULs ,EFUUCS , minutil ) ;
End if
19End for

DEEPREBEOEOOV®®®

3.3 FHUI _Native &%

FHUI_DS 5300 7 1 b i 2 ik 2 55 Th I AY FULs 9047 7 8 T B —AN8 1R A4 100 i A
IR B AR S LIS S BRI R O B A TFT 277 A — e AR Ak, 18 % TFLHEF IS
FUL H R A 8O AN HER |, IS 42 SR PR RERRAIR. O T 38 B2 i Bk Mk e, A< SCH R T FHULL
Native 535, BT HE AR AR, I ER IHHE K, 3 A LR, A HEE #R A FULs, 8% 1Y FULs #BM
SLIF UG # 3 FHUI Native 25 Y H & 33 #2 5 FHUI_DS #H[H]. FHUI_DS #H . FHUI_Native 237742 85 £ (1%
FERRE  BRAR T SR BE. ZE5R 4 SR XA SRR A PEREET T T X .

34 BEZRESH

LR R 52 2% B S FUL B IE S5 IO A2 . 2 m FoR i 1 OR[R I 405 n R
MHTE F RS R SRS T AR — R AR A I R R R B AL M B T I ] O (min) B
TG BN TR Z# AL & T 3 B T 416 72 48 HUFL, [0 TR 35 2208 0 (3mn) |, X5
HATH R A FUL 5 EFUCS, 7 ZEARYE TR XTI HET , 75 228 [E) 24 0 (3mnlog(3mn) ) ;
QI EFUCS 52k A i 55 th L BT TG I 624 O ((3m) *n). 2483 B AL S LA (k- 1) IR 5 —A
(k=2) TAEY) TID 7=4E k Witk HHal B 228 R 0 (3n+3n) = 0(6n). 2285 BN 22 J5 A i i 39 S 4%
O 1RSSR ) AR 22l 0 (61n) , WA A B 8] &2 2% FE SR O (2x3mn+3mnlog(3mn) +9m’n+
6in)= 0(9m’n+3mn log(3mn) +6In). FHUI_Native 55 FHUI_DS {9 X 3 7E T 2445 B A9 v m A 20 & 1 v,
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B AR TR B B L0 AR T e 8P AR T A7

FHUI_DS SR HEHLR S MIBR TH F55 1 5 8 A 8 55 55 19 FUL, 28 i AR $55 808 n' ,FHUI_DS 77
FHEAL B Y = 45 4508 n' i FHUT_Native 75 Z2A0 B2 45 800 o BUAN, i THEF 25 R0 22 572, 40 8
R w22 Je A IR RO [ A ARTR, B n 5 o/ BORTRVAN 1 AR AR A B A A s 1) B 2 B 7= A T 25 5

BN AEIEAE R E AT FUL (A, FUL FHTAAR65 5 TID  BOMISOH S5 B0 R 2008, B4
YIHRREZH n & H , HTE FUL 28 28R 0(4x3mxn)  (EIZ R FE o AR Y & 4 B0 %0l 1
Y FUL 28 [0S AR O (4xixn) , GBYZS A 28 B 0 (4x3mxn+4xIxn) = 0(12mn+4in) , F = BN
mn, RIS A 0(12mn).
4 SEEAPr

FEARTTH 38 0 SR DAL TR B B O PERE. AR T SEG T BRI Java T SCBL. o ECSLAL
P4 54 OBE SR A A O MERE. BT BE S 29 L SPMF™) 3B, 53k BU R 48 (I RRAE N 26 2 FR
22 R T B A 0 T 55 B A TR B TUEICRD S 34 5 45 KR 1, R 4R R RV A2 88 9 HUFT 5 FHUQI-
Miner" 4248 () HUQI %5t HEAT % 5 SR )5 , i T FHUI_Native 5 FHUI_DS J2& & W H T804 i B85 42 48
HUFT (9535 DRI VPAk B 10 80025 1) T & 5 3k 2o G 15 5 2 00 v A 1 B0 3k AT s, X LU BV
FHTFUP"™ | AR SC8 7% FHUI Native DAPALET DTHEARBE 7 S8 17 5 B I, %5008 7 0 53 A9 B8 76 A R) e /N sk
FHBIE AR # HR/NRUR [RIHE R KN R A3 1 PR .
4.1 HUFI 5 HUQI XLt

H/ETER 2 FTR 7R GBS S AT Foodmart B4 4 1 64T T 52456, LATEAS AR R e/ NSOH BB R HUFI
5 HUQI M8t 22 5 , o ¥R BB AR 1 0 1 R/INBEE R 1, HIERCR/INEE R 6. 3R 3 s T Rl G fe /Al
FHBI(E R3S, 7242 5 HUFT 5 HUQI MR #idi/b , H HUFT B Z /0 F HUQT, SRR 7 T HUFT K¢
TiAE B 5 B L Ao TR R, /b T BT [0 21 A B P A B AR I 4.

Fx2 ZTWHEE *3 APR/NHABET HUFL 5 HUQI K=
Table 2 Deatil of Details of the datasets Table 3 Numbers of HUFIs and HUQIs under various minutil

ESEITE S FEE WA FETHKE Rm EIEES /N (L HUFI HUQI
Foodmart 4141 1559 4.42 T 1 000 35 45
Retail 88162 16470 10.30 Wi BIRRES 1100 25 36
1 200 16 22

BMS2 77 512 3 340 4.62 i

. 35 000 1989 2 055

Mushroom 8 416 119 23 GES Foodmart 40 000 132 614
T2016D100k 99 922 893 19.90 Pk 45 000 64 101

4.2 5 FHTFUP 3ttt

AFTHE Foodmart 5 Mushroom Z0E£E I L% FHUI Native 5 FHTFUP #JPERE. ¥+ FHUI Native % &N
PAGT O 5# B FHTFUP Ho&S, 728057 1 |- FHUI Native 5 FHUI_DS PEREREA —2, R HAY H &% FHUI
_Native 5 FHTFUP [ 57

M5 FE 6 ] LA R BEE minatil B0, WA A 12 17 I B/ ) AR B N FE e Db, Tt B
FETF Rl e VSO (BRI, 72 26 R J2 2 PR AR Sl i/ D, b, FHUI Native 505 AEA8 1T ] 5 N A7

6 600

Foodmart l Mushroom
5T 500
@ 4 2400
: :
= 3r 5 300
= =
E E
& 2F & 200
i 100
’//.\.’_.
0 1 1 | O
0.7 0.8 0.9 1.0 55 60 65 70
Minutil/% Minutil/%

—s— FHTFUP —e— FHUI Native
B 5 5 FHTFUP RYE1TREE LR
Fig.5 Comparison of running time with FHTFUP

— 125 —



B IR 2 ( HAARBL AR 546 55 11 (2023 4F)

THAE T EPERESSUL T FHTFUP, JREZE T FHTFUP SR FHA 25 F 77 0 ORI 5 F S B, HLAE i — B BL ™ 4k
FFE MG TIAE | SR 5 7826 — B B BRI s A FI W e T 4 b (Y 4R 2 75 o HTFUP T 28— B Bt ™
TR WA Ay BB I 4. FHUL_Native Wf ] FUL FEGET 09 380E B, o P AR ik i 4 $2 v 7 Bk
PRE.

70 Foodmart 3000

- ] Mushroom
60 - 2500
g ig: S 2000]
& £ 1500
g 30 g L
[} [}
2 2 1000
0L 500 [ _I
0 0 1 1 J
0.7 0.8 0.9 1.0 55 60 65 70
Minutil/% Minutil/%

[0 FHTFUP [ FHUI Native
6 5 FHTFUP HNTEEFELLEE
Fig. 6 Comparison of memory consumption with FHTFUP

4.3 ARR/NMIARE

AATTEA R B4l 48 b L B SR AE AN () e /SO I R B9 MERE, 181 € 28 1 K/ R 3, Retail , BMS2
T2016D100k H 4 4 AL & H [ %E 4 10 000.

ME 7 F1E 8 0T LAE HBEE minutil AYBGIN, Sk 2 17 B [ 2 B AIC. R R Sk g A i [e] 5 7= 4E
P4 F TR AR (IO A DG, 04 (% T 1 K W T A% 1 ) e T AR 1 i e DGR A AT I T A 2
fik. FHUI_Native BYAMEREIL T FHUI_DS J2& B WA 781 %0 1 B KA # %0 1 P IR FULs, 145 41
B DA RALH TFLHEY. 35554% TR AP HEF I, 3 T80 R A PERE R I 4, 7 2k iy v [R] AR 45
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Fig.7 Running time comparison under varying utility threshold
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