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Online Inference Based on Approximate Factors for Probabilistic Knowledge Bases
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Abstract: The inference techniques for probabilistic knowledge bases have recently attracted significant attentions. In most off-the-shelf
existing systems, the inference is mainly implemented based on batch processing and thus not suited for online querying. This paper
proposes an online inference approach based on approximate factors for probabilistic knowledge bases, so as to provide a way to reuse
those inferred results to calculate the marginal probability for the query variable. In this approach, a subgraph is extracted first, taking the
query variable as center; then some approximate factors are attached to simulate the influences from the variables outside the subgraph;
and finally, the marginal probability of the query variable is calculated by the clique tree algorithm. Experiments show that compared with
existing algorithms, the presented approach can achieve a better tradeoff between accuracy and time.

Key words: probabilistic knowledge base; online inference; approximate factor; Markov logic network
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MLN)CLE % — 38 4 (first-order logic) R % [ K55 %4 (probabilistic graph model)Af 45 & ff)—F 45 1 56 2R A i A0
AT A AT R AU R Sz TR E T MLNs AR 40 IR % R e is i 2k SR 14 Deepdivel™.
Elementary™®!, ProbK B4 ¢ 417 3 52 5% FH iy S04 0 10 S AR, 20 R AL 38 AN BE 1) 524914k (grounding) i Bt——
HT MLNs # g K+ 18;2) #EWr(inference) i Bt——7E K+ & L AT LG AHEWT . AE Inference B B, A I K 2 5L
M SRR R 48 E R T 5 R W] K BE 5245 2 (Markov chain Monte Carlo, fij# MCMC) ) 5: 19 (b 75
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W) R H 4 BE R (K B AN B B Grounding B BRI Inference B B.2E 3 545 A SCIHIMIT ST 1) AT R (045 5 58 X,
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W RS A Alchemy™) Tuffy®! ProbK B Deepdivel? 24 ¥ Alchemy R HEH T — R4E W, L EH

© TEBREEEEIEDT  htp/ www. jos. org. cn



I F—F A THME T8 EME SR R T ik 385

T Iy R AT KB W RG] o B 2 ST AR 18 A HE T, O HL 3 AR N AE RSB AR T Alchemy  ZR 45 f HE B 3o 72 RE
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3.0 smoke(x)Afriends(x,y)—>smoke(y)

- 2.0 smoke(x)=-Cancer(x)

Fig.1 Schematic illustration of grounding
1 Grounding 7~ & &l

O ol [muhwE s
O wwwzr [ reovehnET

! NS L LERS |
I person friends I : |
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| 1 1 True | | |
| 2 2 | | |
I 3 True 3 I | |
| 4 4 True | | |
| |

| e Lo :
I | | |
I I | |
I I | |
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TEEMAR 3 ANTE(D) TEIBEGEQ) A8t ST 1 (3) S HEWT.OIAF Bk e e R 1K
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K7 197 B (B 2(C) i 7)) AT 3 S HE W I 3% [0 7 v 28 0 ) 3 R SR TR TR G A 443X 3 30 PO 4.
321 TRIEN
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Hdr . C HE BN A ESE,dp,g)y w8 p Al q 2 855 BRI d5 /> 20 B0 A it 2 U8, B 55 7 Y o T 1) 44
KEATZ 0] (AR R WK 2 9k 59 4 1 k-hop 5032: 1F /& 2% - e AR & 38 3 7 A vk 2% & 11 k-hop & (11 ] 3(b)
FIT7R) AT 320 S HE W, DT S IRAE 25 6 R 22 ) AE S HE B AR T, b BRI A AE LR R (1) A BRSPS K
A AL 388 A, DU RS P88 4 v RN ) 2 30K (2) A5 BRI D 3 K R EARL 8 /0, DU B 2 e (LR S8 AR R A8 G %) U0,
AFTPEH T LRI Keons-hop T (A1 3(c) FTR), B A L& k-hop 7 & (a1 & 3(b) FT7m) B4 2 J i &5 5.

@ =R O Cflir e O s i

:

(@) RHETHE (b) 2-hop T (C) 2¢ons-hop T8l

Fig.3 Anillustration of extracting subgraph
K3 SRR

Keons-hop T B (KT £ B I ) g - DA A i) A 8 Oy o PR R R AR E(k Bk )38 3 O I AR & 48 2 4 1
A5 MIBAT I R BRIK D H K B AR 2 20 Koons=hop 1 BARXS T k-hop 4 /) (B Ik 1) A 204 7 A2 38 1 £ B vl it
— P HERL RS B, VR AR 3.2.2 1 BRI Keons-hop - B 1) A i R G 49 1 o,

B L TR

N oy PSRl <l e 7 L VAR 3 v i

it Keons-hop T Fyg.

1. BEGIN

2. Fy=breadthFirstSearch(F,vi,k) //FIF LS8 RIE W+ &

3. RERURN Fg

4. END
3.2.2  UNIMIFAL LA T

T BRI SZ AR Keons-hop T & 3RAT 120 S5 HE W7, W) <% 2008 T~ 1 2 18 1 1) 5 0, AT S BI0R ZE 30K
g T HE— 25 I ARG 0 5, U0 T A B B b A R AR A R AR T I R A R
i, AL AE — e R b e T A JR IR 7 B h AR B S (3 i I 45 Keonsmhop T+ ) HP 2 41 I 28 B8 U AL A
T K77 2 RE S A AE S A AL DR 7 B B T 13 380 1) T A0 (O M 56 55 2 6 A 3R A5 AL IR U A — 52
FREE bR T B 2 S8 S [ R W), 3 AR ST I R A B A M 2 e e o BT TR o [ B A A 0 R T A
I P KD, A0S TR AL R 7 A 24 38 TR S R 5 Ak FR AR S A T ALL Rl (approximate  factor) (1 ¥ ] i
PR AF F LR SCR A 4 Uy R 21 1) JELAR Sk A 30 DA BT P A (B Ay 3 AL BR1 A 2 190 0] (9 A D), T T 45 H G
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R UER.
18 5 $2 ) Keons-hop 1IN Feg={fili=1,...,n}+ FEIP1 CHERT AR BN 1g={vjli=1,...,m} S HAH N 1
A Pyg={p(vp)lvielsgd~ AP 744 Fy ={f(v)) v, e 1} 3,

. B 1, vj=0
fi(v;)= &y (5)

v =1

AL £ (vp) = [0 ™ ] (wy by AR AL DR -7 (AL L Sk 2 6 2 50), U T SR AR AU DR - B () AR £ P R4 K
72‘:Hflfj:| (Vl)

AV

(6)
= Z [H f.fj} P(Vy)

V\Vm ij
iz AT E LY S B 00 AE A bk T R A R R AR A AN B R DT R R U ) S H
HARHAZ O {weR [j=1,..., m}GLALE T £ (v;) FIIMES w; A755).

T S A T B AR e AR 2R ) B A e AR L 1] 4(a) o SR GG BRI I R AR B X X A L HET AR
AR HE xs ) AR B E SR Keons-hop(k BUE 4 2)F B Gt ] 4(b) iz, h T AE A 78 5 xs (R HE T RE =R 550 0 R
ﬁ)’-FJ S CHEWT S & xq,xg WRIERLE F £ (x) =[Le"] I £, (x,) =[Le"™] (BLE 55K wy,w,) LA I 2748

ISR (T A(C) ). T, SR LA b 3 BA R R I Al £ 1 T FR AL

*ZZZ f106.6) T2 (X0, %) F3 (%0, %) 4 (% %5) £17 (%) £ (%3) = p(x,)

X2 X3 X5

ZZZZ £ %) B2 (%5, %) T3 (30, %) T4 (%, %) 17 (%) 5 (%3) = p(%s)

TR R

Hep, Z =SS5 S 6,1, 6, 11,

N X X3 X5

U]

(a) J i PR 5 1) (b) zcons'hop F K (C) AF TH

Fig.4 Anillustration of adding approximate factors
Kl 4 Al on 5

VRN S AL R T 1 B A R 0 550025 2 7 L R0 B Koons-hop T ] Fog AT B o CHE T AR T4 g IR
HEN S AR IR R 5 24T T AR AL LR 4R Fo Bl AF T Py 38 3 47~%8 6 174 Igg IR
CAERTA R v GUEAR N A IR 7 BR £, = [1, e™ ] (wy A AR ST AP 7 AOALER H o RS0 2 50), 05 LR I 21 Py,
S5 T AT T O AR B M 22 X (8) s R A 2 1 T R AL, T SRA AL AU PR AR5 8 ﬁﬂﬂmﬁ
1B LI Fop TP IKIR NS HLER 9 T4 SE L IR (1) P WS INE Ry .58 10 47 e 24 0R ] AF 1 F,

BE 2 IO ST R T

BN Keons-hop 1 Fog, 7 Bl T CLHEIRT RS AR 15 FOEAE.

it AF T8 Fy.

1. BEGIN
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2
3
4
5.
6
7
8
9

Fu <D, Fg < Fy
FOR EACH vel, DO

f, «[Le"]

Far.add(f,)
END FOR
create equations like Eq.(6) and solve it
instantiation of the parameters in F
Fg-add(Fy)

10. RETURN Fs;

11. END

RALFE. 5L 2 FRATRHAT 5 B 0 T A A2 IR A SR A AL AL FROSCRE 22 1 P 5K e e B 22
EEA NS (SR EAINE S EE R N U VNS IR G i R e S ALY R AR S S SR S U

A2 5%

389

Wi 58 A, P 503 A 6 U S i A5/ L A7 P 5(a) AR o B AR T f) R B RGE, MeE R )

BUCH SRR A i xe AU £ AR B0, HUE R )7 B SR 2 Wi 5/ DR e A SR A i (AP
(A EE I, B AT 3 22 22 ] o B R ) A i, AN T PR AL AL AT 5 S ) SR At i e xe o A B Y T
I3 2SR A LA BRI A BE Dy DUBEAS I ABL D 1 AT AT ) A B 2 o mho, B R 4 3 2-hop 1 B 2 AR BT
A AR (HFORUEBT A 2 J5 7 F AR B R B H A BRI Nyar GRS I 20 RIVAT), 75 0 4K 25 BT A DL A2 55 1F),
AR5 AE BT R (K7 B L SR AP AR AL AL BOASCER. 55 b A AN I ABL R 7 S A 7] — BT I 1 7 P o D ] g >R
e AT AU, B, P 5() A sRARIT A 1,7 B K 7 B, 1B S(c) D sRARITAUDA 7~ f,, £ B I 7 B skl ik
BERMAT AN A 4.4 1515 21K AL

O it it O it

]

[}

]

S S
i A
! O m-®
|

e e ]

(b)

Fig.5 An illustration of grouping

5 4lrERE

3.2.3 LG
A AE AF I AT 2 S AHEWT, 1 1R (9] 2 v AR (AL G R T, DK R R AR 4 2 BOR D

A RA I A RS B 10 45 S R SV T Y LR 0 B 0 (L PR B9 B B B 22 2% PR B AR SR LT AF
N ORI SR BT 10 Gk A T 30 S A BT 1) R I R I 5300 3 s e bh AR IR Ry ANty Ae & v
SN i Sk 75008 B 1 A 2R p(vY).
L 3. sk
BWICAF TR FD AR E VO

sg 1

AR R T G p(ve).

1.

BEGINE
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2. p(v') =CliqueTree(Fy, v%)
3. RETURN p(v%)
4. END
33 ERENH
AT E LT OIAF BEVE I 5 A% A5 v 7 BBRI . VA8 I ik 530 AL BRI 3 R0 120 S B 14 F 1) 52 23 B 4 3
A T, T, T N TH S B S ATHEAT 20407
(1) A2RETEN Fa KBRS KR BRI RIEI Keons-hop T Bl Fog I ] 5 24
T,=0(b**Y)(https://en.wikipedia.org/wiki/Breadth-first_search)(k ] {E 3 % /N, ERIE A 2),Herh b 2y
F 32 R4
(2)  AGFTIEACLPR 7 1 R A T P 50 A O R LR SR O R LA 43 A SR AR R A S R IR R 41
HOA 0,25 2 R AR YT R B K BB A Nyars, W04 22 AR 2 1 5 R 4L T 75 B IF I) 49 O(n2Mers ) i SR fift =l £
P 7 R4 75 BN ) 2 O(nm®) (R MINPACK. H )7 #2 /5 HYBRD(http://www.netlib.org/minpack/
hybrd.f)EAT 3K ), 6, m A 285 R 4 rh oA 07 2 1R 85 K E A Nyars 25 7 B A7 3000 A DR 04 B i)
HIE AT, =02 +m?)) =0(nm?).
(3)  SCIHR[2314i H Mk 2 Pl A5 2R v f1 ks A i 252 R AUA 4 ST A NP S Il s, A A SC T SR ) R B vk A e A
R0 T R RO ) AR T, SE B PRI 2¢ons-hop 1 B 8 358 /N B0 AT A AT HE BT 5 4b i VA )
25 W) 52 24 2 S=0 (b +m?).

4 RBRHH
ATCE 4.1 XSG B (RS AT I . SRR 2 ) BEAT VRN DO .28 4.2 715 OIAF SHE AN k-hop VA1)

X LS B B 4.3 RIS 4.4 75 2 B A BRER D $ k R4 AR A B AR ST OIAF 5327 BE 1K 5% .

41 LRRE

SZI6 BT B 4m FEAE = oA Python, HAZ2 47 SR8 C & 4 Intel(R) Core(TM) i5-6300HQ 2.30GHz A F %%,16GB
17,Ubuntu 16.04 LTS 64 {3 #:1F R E0. 925 % H] 7 W9 &0 40 20 42 (1) Poolside 7 i & iR Y, 32 00 ) P 444t
S P PRI 77 I 555 (2) Friends & Smokers 11 72080 3 35 ] T4k 42 190 4% K dh 4 1R AH S 48 45 L6 1.

Table 1  Statistics of the datasets used in the experiment

F1 SR HEIEENGE S

Btk #E #AL Y #PE 15 A
Poolside 14 2671 4 086
Friends & Smokers 2 52 096 81 846

FESIE I rf A IR 1 P v %) P A AR A D A A2 R WURE I e 22 FLc AT 6 22152, AR 303 il A Poolside A

S P55 4 SR HE T 4 L IR A ) 1 22 AR S U ASORE K e ) A R 1) T A 246 T i 2 A A R I 0 P A A o, D AR 1
1 OVAF BT (881 k-hop $3) 701G 15 22 1 e i 22 DX )b PR LA A 15 0. 12 A DB 5 22 DX TRI[0, 110 43 A 7 38
g3 ()5 SCE 6 JITR): 3 143 24 [0,0.005] (15 22 X 18] ); 8% Ji — 343 24 (0.03,1] (i ic by others, iy iz Z2 X [A]); Ho 42
#1543 4 (0.005,0.01],(0.01,0.015]),(0.015,0.02],(0.02,0.025] #1(0.025,0.03]; 3£ 73 I 4 - T 75 &35 2= [X ] - % ¥ 4%
ST o A Ll A [ B B () X R [0,00) (B2 S) BRI 3 oh 6 S4n5R 1 843 S [0, 2] (1 w3 [X 1) ); dee Ji — B 4k
[10,+o0)(f itk others, & Wi N [X 17 ); H 4343 A (2,4],(4,6],(6,8] 51 (8,10]. LA - Hr4# 4 v £ #i by A% % 1) 228 B B 491
B1%y 20%. 55 4, 2% 15 SRS P NI R) 22 1) (R AH 5% 00 (R ABL 105 SR 28 rhoRs i 3 00 4[] 32 2 [R) 1) 06 R ), AR SO0 '
AR SR B ABL AR HE ) F 5=(1+ %) pepdl (B2PetPr), 1L H e M A 352 %5 [X [7][0,0.005] P9 FA) T 4 Lt ChG 138 143 2),pe J
AR 0 S8 X 5] [0, 2] P 149 7 43+ b bl R %k 88, 74 0 A% ) I T i 1 B Ay o 22, DAt AR SCIE R B=2. F IR A K,
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A 2 R BT ) 2 ) P A A A

OIAF SVE I BRIN T B A Keons-hop F Bl Hi 1 Bk R 2550 k by 2,28 i 43 20 DR AR B A S figd 30 A BB 7 PR AL .
4.2 OIAFE % vs. k-hop®E %

AT I L OIAF 5L M1 k-hop 5: 7 Poolside Al Friends & Smokers il £ 1 (1) 5% Eb 5246 5k 45 ] OIAF
SR AT DAL R S 0N ) B A e PR AL

6 i Wi Fh I AE Poolside $aE 5 iR 2= RN ) (05 bl 45 1, 3 2 Ay st bl S92 56 7 85358 2 R i ) X T) P9 BT
07 E AT LE B VEAIAE L3R 3 DA 25 T I (R A DS S AR R (L (R A HE 22).

80.00% T T T T T T 100.00% T
(a) B OIAF I OIAF
70.00% 1 _hop 90.00% 1 El_hop 1
12 _hep o/ L 2 hop| |
60.00% - | 80.00%
M 70.00% -
%S0.00% r
& & 60.00%
£ 40.00% £
4 g 50.00%
a30.()0% r 1 ;-n'. 40.00%
20.00% 1 30.00%
10.00% g 20.00%
0.00% 10.00% H
0.00% = 0= ]l
. o &P \‘b"\g Ome‘e
error_range time_range
Fig.6 Comparison results of error and time on Poolside (OIAF vs. k-hop)
6 Poolside £ #i% 7= MK ] (1) 5% L 45 5L (OIAF vs. k-hop)
Table 2  Percentage of each error and time interval on Poolside (OIAF vs. k-hop)
# 2 Poolside b4 72 A ] X [8] P BT &5 1) 11 20 EE(OLAF vs. k-hop)
1% 7 X [ OIAF (%) 1-hop (%) 2-hop (%) I 8] X [8] () OIAF (%) 1-hop (%) 2-hop (%)
[0,0.005] 67.47 0.0 56.63 [0.2] 93.98 100 253
(0.005,0.01] 12.05 6.02 6.02 (2,4] 3.61 0.0 42.17
(0.01,0.015] 7.23 0.0 3.61 (4.,6] 1.2 0.0 18.07
(0.015,0.02] 4.82 6.02 1.2 (6,8] 0.0 0.0 4.82
(0.02,0.025] 1.2 4.82 4.82 (8,10] 0.0 0.0 2.41
(0.025,0.03] 1.2 3.61 2.41 Others 1.2 0.0 7.23
Others 6.02 79.52 25.3 — = = —

Table 3  Statistics of error and time on Poolside (OIAF vs. k-hop)
F 3 Poolside |7 2= FwS a1 48 1% B (OIAF vs. k-hop)

giik & OIAF 1-hop 2-hop
e FIME 0.007 2 0.1155 0.025 3
o PRI 22 0.012 6 0.098 8 0.042 6
N S 1.1794 0.734 4 20.488 1
I i) e
FrUE 7 1.568 1 0.182 4 94.3257

W ZERT LGS U 6(a) T, JLBE AR bR A it 25 X ] AL b A fE A8 25 X ) 2 )28 /R T o0 09 T A LAY
T A3 51:01AF HILAEAG R 2 X [8][0,0.005] L 1¥ L9l i3 67.47%, 1 7E i i 22 DX 1] 14 1) B B IR (1A 6.02%);
1-hop 53 U 1E B AH B, & 7R A 1% 22 DX T) 19 EU 9] AR K, T 78 v 8 22 DX ) [ LG A9 R o (i 79.52%);2-hop $4092:
FAXF T 1-hop S35k KB 2 B ARAT B4 T 8 £ A 108 22 DX IR iy % 22 DX () 11 36 I BEAT OIAF B 47 1) ) %o
o g S an Bl 6(b) it 7~ , T4 AR A DA BF v DX T, L AA o S 7 5 A 6 T DX ) A ) 730 6 T o 10 7 4 B 5 SR SR A
1-hop B2 11 i B 5 e B (R PP A IR ) 2 X T [0,2] 1 L A5 4y 100%); OLAF 550325 (1 4t BT 55 R 2, e AT i S
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DX 8] L= L A5 TR 1) 93.98%; 1 2-hop $592% At 9 B3 RE AT 5 18 A3 M7 75 41 1-hop B335 O i B3 8 5 B AEL AR 2 2
K;2-hop Bk BUARFEHERA VE b A7 BTS2 (R HE FRAH DR 4012 T OLAF SEVETE IS R)FIRS 2 b 1) R IS8 84T 53 Ak 7
¥ 5 RTINS [ PR AU 75 18T, OLAF, 1-hop i1 2-hop S (1 Fo {E 23 3124 0.871 3,0.0 1 0.284 5.4545 7317 v] 41,01 AF 5
VAT AE I (R FOORG B E AR 35 A (R AL Al

7 PR SLVLAE Friends & Smokers 24 4 (135 25 RN [R) S bL &b I, 3R 4 Oh e Xk Bl S 56 4 25 1% 22 R
V') DX T P T o7 4 LR IR PRI A5 6L, 38 5 DR 3% 22 RN ) (R AH DG SR 15 B (L n ¥ (i A b o 22).

100.00%

- - : : ! T 100.00%
(a) I OIAF (b)

Il OIAF

90.00% - B hop ] 90.00% f B hop| |
02 hop 2 he
$0.00% - - g L 2 hop| |
° I3 hop 80.00% 3 hop
70.00% - ] 70.00% 1
& L
oo ,60.00%
]
= 0, b =
2 50.00% §50,00%
£ £
40.00%
= ¢ 2.40.00%
30.00% -
30.00% [
20.00%
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10.00%
10.00% H H H
0.00% I
o BN B B B B e® . m 1 , . . H
Q- e o B Q- A o 0.00%
of % A yA T b ) 3 )} s
OF B @ g8 o8 S o8 e ef e® @
error_range time_range

Fig.7 Comparison results of error and time on Friends & Smokers (OIAF vs. k-hop)
Bl 7 Friends & Smokers =15 25 Fl i [i] f %6 EE 45 $L(OIAF vs. k-hop)

Table 4 Percentage of each error and time interval on Friends & Smokers (OIAF vs. k-hop)
4 Friends & Smokers |- %15 7= FH ] X 5] Py BT 7 19 7 4 L (OIAF vs. k-hop)

X OIAF (%) 1-hop (%) 2-hop (%) 3-hop (%) | I [A]IX[f(s) OIAF (%) 1-hop (%) 2-hop (%) 3-hop (%)

[0,0.005] 56.86 0.65 4.58 11.11 [0,2] 94.12 98.04 58.17 16.99
(0.005,0.01] 9.8 0.0 1.96 9.15 (2,4] 5.88 1.96 35.95 35.29
(0.01,0.015] 8.5 0.0 0.0 6.54 (4,6] 0.0 0.0 5.88 20.26
(0.015,0.02] 4.58 0.0 0.0 6.54 (6,8] 0.0 0.0 0.0 11.11
(0.02,0.025] 3.27 0.0 0.0 1.96 (8,10] 0.0 0.0 0.0 7.19
(0.025,0.03] 0.65 0.0 0.0 0.65 Others 0.0 0.0 0.0 9.15

Others 16.34 99.35 93.46 64.05 — — E F —

Table 5 Statistics of error and time on Friends & Smokers (OIAF vs. k-hop)
%5 Friends & Smokers |- 15 2 1N 7] [ 25 #1175 S (OIAF vs. k-hop)

itk OIAF 1-hop 2-hop 3-hop

. SERAME 0.018 5 0.357 9 0.263 3 0.159 8
- i 0.039 3 0.155 8 0.2231 0.2191

I i PR 1.2533 0.8050 2.0119 5.0407
FrUE 7 0.4719 0.326 8 0.983 6 4.496 0

B 7(@) A 7(0)F W AN T k-hop S532:(k 43 B 1,2,3),01AF SEVEAEARIR Z= X 18] L it b4 W 4 vy, EL 4
TS AR AR (11 T 1-hop BTK). 53 40 76 E MRS B R I (8] 2 18] (1 AU A ), O AR, 1-hop, 2-hop #1 3-hop 5%
1) Fo {E 4> %124 0.832 1,0.031 7,0.174 2 F1 0.153 6. f b v i3k — 25 Ui W1 A % T k-hop $5.9%, OLAF 832 n e K AN
T A5 4% 4 P LA
4.3 BRERS HKIFOIAFE X RIS M

AT SEI F B R AS R BRI B AL K 6 OIAF Sk FI 2 AE LR sEi b k BB AER(E 2 2.1 8 WIl¥F T k B
ANTFME(L,2,3) 1), OIAF L7 Friends & Smokers £ £ 115 22 AR (7] 10460 bh 45 5, 38 6 D9 X bh SE B0 7 &R 22
FVE 8] DX 8] P BT o 7 40 B R e 4l L
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30.00% T T 100.00% T T
W OAFK=1) I O1AF(k=1)
70.00% |- EHOAFK=D)| | 90.00% - EEOoIAFR=2)| ]
[ J0lAF(k=3) o L CIOIAFk=3)| |
60.00% f 1 80-00%
70.00%
@ 30.00%
3 £ 60.00%
5 40.00% 2
g @ 50.00% [
g g
230.00% | £.40.00%
20.00% 30.00% -
10.00% 20.00% -
10.00%
0.00%
& gg\\ B 09'1,\ 97_6\ ng\ e § O ‘ ‘ .
©° @Q@m @Q«Q 69\& @919 @ﬁp & 0.00% oF G‘h \u?f\ \e\%\ @\\Q 0@9‘5
€rror_range tlme_range
Fig.8 Comparison results of error and time for OIAF (k=1,2,3) on Friends & Smokers
[§ 8 OIAF(k=1,2,3)7 i 7 F I 8] _F X b 45 R (Friends & Smokers)
Table 6 Percentage of each error and time interval for OIAF (k=1,2,3) on Friends & Smokers
%6 OIAF(k=1,2,3) 7t % 5% 2= M [a] X 8] P9 BT o 1) 71 22 L (Friends & Smokers)
1% 7 X [ k=1 (%) k=2 (%) k=3 (%) I 8] X [8] () k=1 (%) k=2 (%) k=3 (%)
[0,0.005] 35.29 56.86 76.47 [0,2] 100 94.12 75.82
(0.005,0.01] 2.61 9.8 7.19 (2,4] 0.0 5.88 21.57
(0.01,0.015] 1.96 8.5 2.61 (4,6] 0.0 0.0 2.61
(0.015,0.02] 1.96 458 0.0 (6,8] 0.0 0.0 0.0
(0.02,0.025] 1.96 3.27 1.31 (8,10] 0.0 0.0 0.0
(0.025,0.03] 7.84 0.65 1.31 Others 0.0 0.0 0.0
Others 48.37 16.34 11.11 — — — —
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8(a)F W AE ik 1% 2 X [W][0,0.005] I k=1 Wf LU B k=2 W Rz k=3 W} fx . 8(b)F W # kK FH k=1
A 0 e k=2 I YR 2 k=3 WA M. S5 A0, 2 k X 1,2,3 B, SR, OIAF Sk Fy 55104
0.7317,0.832 1 f1 0.759 5.2 /3 M43 %124 k=2 I}, OLAF 553578 K B A IR 1) - (1 34 4y 4 4

4.4 HERKREITOIAFE LB SN

A S8 32 BB > AURAR AL BOAR NS OIAF S5m0 18] 9 45 th T 75 #dli 4& Friends & Smokers I+, 7}
OB, OVAF SR IFEM, 2 7 Jy BT S50 A 25 1% 22 R 18] X i) Y BT o8 71 23 EE IR PR 4045 5.
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Fig.9 Performance for the OIAF approach with the optimization technique on Friends & Smokers
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Table 7 Percentage of each error and time interval for OIAF (ungroup/group) on Friends & Smokers
= 7 OIAF(ungroup/group) e % s 2= A 8] X 18] P9 3T 7 18 7 43 B (Friends & Smokers)

15 22 X [1] K434 (ungroup) (%) 43 Z(group) (%) | WIEJIXIE(s) A 4)4l(ungroup) (%) i 4l(group) (%)
[0,0.005] 63.4 56.86 [0.2] 77.78 94.12
(0.005,0.01] 11.11 9.8 (2,41 16.99 5.88
(0.01,0.015] 7.19 8.5 (4.6] 1.31 0.0
(0.015,0.02] 5.23 458 6.8] 1.96 0.0
(0.02,0.025] 3.92 3.27 (8,10] 1.31 0.0
(0.025,0.03] 0.65 0.65 Others 0.65 0.0
Others 8.5 16.34 — — —
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