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A Method to Set Decay Factor Based on Gaussian Function
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Abstract Data stream is a continuous and time changed sequence of data elements, and contained
information is different over time. In some data stream applications, the information embedded in the
data arriving in the new recent time period is of particular value. Therefore, time decay model (TDM)
is used for mining frequent patterns on data stream. Existing methods to design time decay factor have
the characteristics of randomness, so the result set is unsteady. Or, the methods just consider 100 %
recall or 100% precision of the algorithm, while they ignore the corresponding high precision or
recall. In order to balance high recall and high precision of the algorithm and ensure the stability of
the result set, a novel way to set average decay factor is designed. To further increase the weights of
the latest transactions and reduce the weights of historical transactions, another novel way to design
decay factor based on Gaussian function is proposed. For comparing the pros and cons of different time
factors, four time decay models are researched and designed. The algorithms based on these four
models are designed to discover closed frequent patterns over data streams. The performance of the
proposed methods to mine the frequent patterns on the high-density or low-density data streams is
evaluated via experiments. Results show that using the average time decay factor balances the high
recall and high precision of the algorithm. Compared with other ways, setting decay factor based on

Gaussian function gets better performance than them.

Key words decay factor; time decay model; Gaussian function; recall; precision; frequent pattern

mining; data streams mining
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Fig. 1 Mining frequent patterns on data stream based on TDM.

Bl 1

3T TDM i B8 T A a0k R B -



B WA TR T BRI S R TR B R AT Y

2837

— A F 5 Bk, W B 8 A Closed Table 3%, B4R
M EGE FR W Frequent Table 7. ) 4n 4 4 55 T,
FAR, TAES R TR RO A R
freqa({134}) = 0.8 X f+r® = 0.64,
Hrp, 9 =0;
freqa({235})) =1X f+r% =1.8,
freqa({3})) = 1.8 X f+rP = 2.44,

Horh O =15
e

freq ({1 235})) =r% =1,

WA A 4 AR 2 S R

HER/NCFFRE T Y F 5 T, B3k B
JE B /N SRR 4X0.5X0.1=0. 2, 2R BT
B R 6 A, & 1 Ce) Brn. B A & K e ir
R 25 ) R, )55 B0 2 i Fe /N S RE RO 4 X0, 5=2.
T ATRLE A BE L B 2 AR (23 500
(3} s BRT A A AT BE M I3 B 2. P ol o gk A5
TR SIRCHIE U v 1 0 A B R R A 0 HE SR,

2 HEEEEFHHFR

LESE A O RN N /NSRRI E 0
Flde KA VPR 2Z B e 25 WA 2 T K1 f
B ? A [ 208 5 R T BE P B B E R
100 %6 25 4= %1 100 U6 45 1 2 1 2. i) i MSW 4%
R R A F I XK R E Recall=100%
i f W L 2 (4) 5 R 5E Precision=100% I, f i
().

f= "N TO—=]0F » Recall = 100%. (4)

(@—e)N—1
(0—eN

1 P R N i 7 SR B E O R IR
E. s H £ ML B sl e 1T IRZ
M REHLIE. Pt R S 245 BB 19 Recall S0

f< ., Precision = 100%. (5)

Precision s XN [ Precision 8% Recall NEAK. T
R ML 2 0 A F AR R 25 RIS REARE.
fi = f_recall = (miwil«)/[(ﬁfe)/@]z >

_ oo _@—oN—1 (O
fz - f_precl.\l()n - W.

kT e b ATE 5 R e R U 2 xR (D
HEATIE . 51 A W N T R factor (f,x), WX
(DFiw. 355 T, 2lAE S8 a=m—i,i=
L2y smyeeeom B8 f R WHE T, T, J2 58T 3
KB S5, RAEL factor (f o) A LEEREGD r 1Y
BAE IO R, 228 [ . 2HEEG DR
ARHERR B IR 002 T, B3k i EUE S (9
7R,

freqi(P,T,) = freqq(P,T, ) X f+r=

Zr, X it = er X factor (fym—1), (7)
i—1 i—1

factor (f ) = 7, (8
D,, = { factor(fym —1),+, factor (f,1),
Sactor (f,00 ) = {f" 1 72 e 110 (9)
M F Recall Fll Precision AT GER BT R 100% .
FIR AR £ IR 2% BB 3 i P . AR SO SR
— PR BE A T B R B SR D =l (10)
F £y iR B forecall 1 f precision BFEHE ,
MER IS b0 AT RS 5k Y A 4 30 0 A o R )
Pt 38 1 S il PR 7 5 ) B AL
B 2. % N=10000, % & 0. W3 2 fiR. H
Fr £ recall HARE Recall =100 % B8 3 1 F F 5
i, f_ precision R E Precision =100 % i 15 ] f¥)
FRBME. TR f recall 1 f precision J5 , W]
WHE S BIE? LA 3 AR, an=X (6) A= (10)
. VL 0=0.025,e=0.05X0 RHl, 0] DLIEE .
f1 = f_recall = 0.999995,
f=<f., = f_precision = 0.995789,
lfs = f_average = 0.997892.

Table 2 Set Decay Factors
®2 HERBET

0 € f_recall(Recall=100%) f_precision(Precision=100%) f_average
0.05 0.05X¢4 0.999995 0.997 895 0.998945
0.05 0.1X¢ 0.999989 0.997778 0.998 884
0.05 0.5X40 0.999929 0.996 0.997 965
0.025 0.05X0 0.999995 0.995789 0.997892
0.025 0.1X¢ 0.999989 0. 995556 0.997773




2838

AR S AR 2015, 52(12)

WS o3 B e B et R A D 24 08 5 9 A
T f_average W] LIAS 31 5 i SF- i 1% =% 58 A 1) B 7k
PERE.

PLE 3 b i R 1 10 15 7 XA 3 Y eR BT 2
f e AL SRR 2 RHEFHIBESES D E
feaFanE 2 Fros BT AR A 22, O T OnE
BT 55 WA (AR s =R 55 B AL L AR S AR Y A
2 it Ry S BIR A 3 ek BOE 20 sl D
Fias. Horb o 7T f 0 R s TR R SE
O, 1) G Bl AL T ORAES el 45 T, 2
KIS R 1. H S EhE 1R/ N AR SCER,
P ABCE S H R 0,07 229°F )i BX N, B
h

f recall = — [ precision — — f average

—.= f gauss|B=1 ===~ f gauss|B=2 ...... f_gauss|B=3
1.0 T T .

L 1 ___‘.;’-‘;—/:; 71

0.8} L e

L :_.v-"",,"’ s :

) it /7 7 I

5 0.6 - PRs .

g + - /':/ S - :
3 =T e sV !
Eoap o e :
r = e :

0.2t = 7 '
>0 I 1

0 0' - 1 1

Tn Tn

Time

Fig. 2 Comparison of D with four decay factors.

P2 AN [l g ol PR 4 B s i A A e 34 B HE

B R PR ek DY T eR B, T AR B R C12). R R
factor(f ) 4 FpEE,. DY FBUE RN [ recall,
f_precision M f _average B}, factor (f,x) N f
W28 f= f_gauss W factor(f ) i i ek
FOR L W 4 F s 7 R O M 2L i 2 By
7. N 2 FTLLE Gl 5 0L T B8 S = f_recall
o A IR 8] % 2 A2 D s o 55 1) A g A5 /. 18
B [=f_precision W, B F I W] 1 24022 by 502 55 /Y

A E W FRER KW f=f_average £ _H Z
W], Y E = f_gauss, B=1 W}, 15 3| i i i F %
B IR KT £ precision F1 f_average, 15 3|
Dy s 55 1) U R B s T A = e E R
S0 o KR R U PR o 2 ISR R R O o 55 Y R
P B ARG Dy s = 55 1 o 4k

fys = f_average = (f _recall + [ precision)|2 =

EN=ON=D RUESY e W

—e)N
2

fi = f_gauss = A

(10)

1 W’

€ 27 .
o Vir
f_recall”, = f_recall;
f_precision®, f = f_precision;

(1)

SJactor (f,x) =< f average”, f = f_average;
A a2
e v, [ = f gauss.
/2aBN

(12)

Bl 3. Mkt N=10",&5E fie /N SCHFE 0=10. 05,
R AVFIRZE e=0. 1 X0, @ {2 S5 B 43 B
B4 1,2,3. WIAT LIAS 3
f _recall = 0.999989,
f_precision = 0, 997778,
f_average = 0. 998884,

f gauss | B=1 = 0.9995,
f _gauss | B=2 = 0.99975,
f gauss | B= 3 = 0.99983.

AT A A 55 Bk, 15 B R 55 B R
Sfactor(foo) R (12), RBMEFEE D W% 3
Jizs. 4 Ts B w0l LLFE M, R E f= f_recall
EFN Y PR R 9 0. 999 45, JLF B A A4k i £ =
f_gauss| B=1 B} 153 3] (1) 5K B0 {H J2: 0. 286 506, %
THAD =3 K EARFW B A FE B E K,
T D) R R A

Table 3 Values of D with Different Decay Factors
®3 REFARBEFEINERTEED

T, f_recall f_precision f_average f_gauss| B=1 f_gauss| B=2 f_gauss| B=3
T 0.999 989 0.997778 0.998 884 0.9995 0.999 750 031 0.999 833347
T, 0.999978 0.995561 0.997 769 0.998002 0.9990005 0.999 333556
T, 0.999 967 0.993 349 0.996 656 0.99551 0.997 752 529 0.998501 124
T, 0.999 956 0.991142 0.995543 0.992032 0.996 007 989 0.997 336 886
Tso 0.999 45 0.894739 0. 945699 0. 286 505 0.535261429 0. 65924063




B WA TR T BRI S R TR B R AT Y

2839

it FHHE R WM D AR s SR g o 2 an 14 3
iR s Horb R A R R OR 1 & C(CP ) (SCP)Y. RE
AR E L R g dis T-={(1347). 5
i 1 v A R X S A B0S R AN TR R R R IR
B Closed Tuble 3, T &8 5 T, A KA.

T1 To Ts

B, e F 5 T Blak e A s <{1 3 43 (1)),
NAAEF S T B3k 5 347 SR80 B, R 2
YR F D iy £ AR AUE AT BB <{1 3 4}
(IX D0 3B 5 2541 1 A e Rl LR AR 3 3k
1) B 1] 52 4% B

T4 T5 Tm

> freqq ({13 4))xf*+1) >}

{134}
|

~ -

S ==

{1235}

| {235)1)—————F—> freqi2({23 5))xf+1)-

Wi {3} fregd V({13 4)xf+1) > freqiP((3))xf+1) —
\ v

> freqi? ({23 5)xf2+1)

> freqq? (3))xf241) ———> freqiP({3})x f2+1) —>

> freq > ({123 5))xf+1) >

{2345} >

(34} freqffl)({}' 34)xf34+1) ——> freg (3 4))xf+1)—>

-
-
-

{1347}()———— >

Fig. 3 Discover frequent patterns with D.

B3 il FHHE BRI D A s B =R = IR

3 RIS

SEE TG R) CPU 2 2.1 GHz. W47l 2 GB,
BAER G WinT, A W52 g 252k ] Java 2L
THEZ RN T RE I RN R T 2 2k
FLSEHUR AL« 1) % BE RO I msnbe, 324 AR
HA SR, ©ok 1 UCTH, e84 il ik 1) 2
1999 4E 9 A 28 H1ijiln] msnbe. com W3k ) H /45 K.
FH P 7 18] 4 T 1T % IR URL 432, 9 4% B () I
ok AL HE 989818 NS5 P4 PS5 5. 7. 5L
PeH G2, O i % R RIE . 2) BUE  kosarak, &
JE AR BB AR G Db e B B O AR Bk
Fl SPMF'' 48 7 990 000 4k 3555 531 , St i) F 7l
I3 75 e D s %) 8 < 3 4.

3.1 BHIRE

S TP U R U 4 2 DU R
. R 5E Recall=100% . ¥riC N f= f_recall; 2) B I
FUH . ABGE Precision=100% 4510~ f= f_precision;
3) N T BB Recall #1 Precision 3 & [ A
EFW N T ARIC R f= f_average; 4) N T 55 98 fix
B 55 1 R (R AR S A5 IR L R
R T RS E =007 20" =B X N,
iCN f=f_ gauss.

LI BCE R /N SRR 0 S 0,06 1 0. 0005,

T T 2 90 e % 8 8040 ko i =L 5 B
T BN B2 A ik v A B L B R R
WREH e=0.1X0, % 10K/~ N EEH 1000,2000,
3000 F1 4 000.
3.2 KBHOH

T S e 30T R ROV Dy e e TR B 2 8 0 R AT
ST, BB R S8 B X5 R BE Y 5 L 38 A X
5 % BE RO I msnbe #EAT A0S, AT LA 2 19 S5 5 45
A 4 pros. ooy 5l e s B BUEY 1.2.3, BRI
WS 0" =N,2N,3N A EMRE . NE 4 7]
it it s i s B=1 B ] LIAS 2 5 i) A e =%,
fHJEARXTIN & A& 2 i 2 ) B=3 B Al DA 3| &
DI B A 4 238 TG 0T 0 ) A o SR 2 3 3 XA [ B
RNGAF T BB 0B ARERE 40 A7 I B=3 W), 14
FI 5L Recall Fl Precision J2& fiw 35 i HL A5 1% 14 BE
e, kg B=2,1f B=1 18 2|58 £ 1 Recall
Precision Z 0] (¥ 22 B0 5 K. 38 o XK 25 5 K48
kosarak #1740 B, 0T LLAS 20 AL 4516

FE 4 LB ) 1 ek R - 1 O S L 45
1o 2% B BCHE i msnbe #EAT AT, @ SE I 1 4
Br B S8 B=3. I E 4 S 75 W) Y
HRNZMER B E R AR MAERME 5 M
K6 fros. 5 &%) [l — 2 F A 35 B [ 5 s [N
1981 Recall 5% Precision 47, MK 5 Hal L
Fili:



2840 AR S KB 2015, 52(12)

100 100 g g — —
95 r 90
*®
- } [ ./'\.\.
S 901 S 80
3 § I
2 86 8 70 |
§ i —— Recall
80 60 1 —s— Precision
75 . . . 50 . . . .
1 2 3 4 1 2 3 4
107*x Windows 107*x Windows
(a) Recalls with differnet B and windows (a) f=f recall
100
1 ] 100 L = ——— =
9% r i
® - 90 f
L = L
§ 90 S g0l
2 § \
Q .
2 851 § 70 b >— <> —
= © I
80 & 60 I —4— Recall
L —&— Precision
75

1 2 3 4 50 . . . .

. . 1 2 3 4
10~*x Windows 1073x Windows

(b) Precisions with differnet B and windows
(b) f=f_precision
O f gauss|B=1 O f gauss|B=2 B f gauss|B=3

Fig. 4 Performances of algorithms with different B and 100 I . = o .
windows on msnbec. - 90
® L
4RI B R/ I 09 53 P R L B osof T
g L
:S\ 70
~
100 [ o 50 I —— Recall
80 - i &~ Precision
F 50 1 1 1 1
L 60t 1 2 3 4
3 I 1073x Windows
] 40
20 (c) f=f average
0 . . . | | 100 g
1 9 3 4 [ ><:>.—=.
107*x Windows « 0T
g L
(a) Recalls with different factors and windows § 80
g L
100 § T
5 L
95 | & 6ok —O—Reca{l'
= L —&— Precision
N
i 50 L . . .
§ 1 2 3 4
S 85 1073 Windows
Y
80 ’7 (d) f=f _gauss
75 1 ! P ' 3 - O Fig. 6 Recall and Precision of algorithm with different
1073% Windows decay factors on msnbc.
(b) Precisions with different factors and windows Bl 6 7 msnbe I LR

O f=f recall Of=f precision B f=f average W f=f gauss

D &E f=f_recall i, 0] LIS 5] JLF 100 % Y

Fig. 5 Performances of algorithms with different decay Recall fHIEAS B Precision f& 4 #p 7 2 AR A 5
factors and windows on msnbc. 2) W f=f_ precision I, 0] LIS ) % 5

BIS BRI Z AR T RAAE msnbe L1 RE {0 Precision {8 H 213 8 Recall {8 ALK ;



BhOWAAE TR T BRI S R TR B R AT Y

2841

3) WRE f=f average B}, 14 B 1Y) Recall 1F
f=f_recall 5§ f_precision Z[a], 13 BN Precision
BT f=f_recall M f_precision, FrAKGIF TR B
f=f_average S E f=f_recall B{ f_precision
AH EG AT LS 7 38092 1 13 Recall F11E Precision

O WS BE = f_gauss. 5 ET = M A F]
B3 Recall 1 Precision WS-8 2 AR ;

5) BB AN ] R R L A5 B Y A 4 SR A
R E KR Z B AR5 AR /).

P 6 o X i — 5 X1 B X B Y Recall
Precision $E47 HL . -1 580 16 ) A 4 30 R A o R
MAELE.E 6 7] L/ B Recall 5 Precision 2%
B /NS 6 (D LB f=f_gauss B}, R JE f=
S_recall B ZEBRHE/IN, ZE PR B R & = f_precision.
Wk 2, & [ guass ] LIS B S 9 574 1 RE
WHE f_precision FHHLT 7 219 8 5 22 AL R fE.

MNIEL S FEL 6 434 53005 10 & AR 3R BE AT 240, R
A T) 1 e o PR 18 T A B 0 1 A b A A R el e
PN ZEW I f gauss— [ _recall— f _average—
f_precision.

P25 XSHIC % JE B0 i kosarak F 47 kb B, B3k

100

80

60

Recall /%

40

20 +

0 . . . ||
1 2 3 4

107%x Windows

(a) Recalls with different factors and windows

100

80
60 |

40

Precision/%

20 +

1 2 3 4
1073x Windows

(b) Precisions with different factors and windows

O f=f recall Of=f precision B f=f average W f=f gauss

Fig. 7 Precisions of algorithm with different factors

and windows on kosarak.

B 7 HEBORTR S N B TE kosarak | AP BE

MPERE R BN 7 FOE 8 Fros. mI LA A5 B 1Y 45
WK S MIE 6 SR A5 e R,

100

L 2

& P
g g

L

90 }
80

70 +

Performance /%

—+— Recall

60 .
~&~ Precision

50

1 2 3 4

1073x Windows
(a) f=f recall
100
- 90 : E—
S L
8 80 L
§ I
§ 70
3 ~+— Recall
R
60 —8— Precision
50 L L 1 1
1 2 3 4
1073x Windows
(b) f=f_precision
100
90 | >¢>-<¢
*®
g L
L 80
§ I
§ 70
Q 60 —+— Recall
| &~ Precision
50 ! ! ! !
1 2 3 4
1073x Windows
(¢) f=f average
100 *
ol ><:><_:.—‘
& L
S g0t
§ I
N L
‘% 70
& I —— Recall
60 ~#~ Precision
50

1 2 3 4
1073x Windows
(d) f=1f_gauss
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decay factors on kosarak.
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