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Abstract Network big data refers to the massive data generated via interaction and fusion of the
ternary human-machine-thing universe in the cyberspace and available on the Internet. It has a few
typical features, such as multi-sourced, heterogeneous, interactive, bursty, and noisy. It contains
mainly unstructured data, and has strong real-timeness. Network big data implicitly contains
tremendous highly-interconnected knowledge. Building up open Web oriented large-scale knowledge
bases is an effective means for obtaining rich knowledge from network big data. This paper compares
both the domestic and international mainstream open Web knowledge bases. We specifically analyze
the core techniques and methods for constructing open Web knowledge bases, fusing multi-sourced
knowledge, and updating the knowledge bases. Furthermore, we summarize the research status and
main issues of open Web knowledge base based information search, data mining, and system
applications from different aspects, including user intension understanding, query extension, semantic
Q& A, clue mining, relationship referencing, and prediction of relationships and attributes. Finally,

we look into the development trends and main challenges of open Web knowledge bases.
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AN [R) 75 3R B A R AR AL A B P R T 20T
I RS 2 iR 00— 20 i e i) [R) 2 — .
1.3 HREMESR

KA i AR 1 A W & i 5 728 by 4 R
o 1) — A~ L Rk ik 2 2R TR 1) R ) . R
PERI TR 43R 2 A )2 s — 2B IR A R
WA RSN AN S = R T W O R o Wl S | R AW
OB B T AR D AR 2 0F 5% EB 2 7E B0 B Y R
B RE JRE T 1) Qx5 A A g o A I R A i
TAE R HETR. BOR X T 9 4% 1 TR 1Y) T BT AN R
JE 1 B T A AR 22 A AL 22 Ak E R LA B X B 1) 5K
APk SR B . AT T A AR DA R O Ok U
YR 2 28— R T AR A B AT B 2
LT R 1 I s 05 5 SR T R P
mAHSEXT A TSR K. R E 2 AR A B
B B N T R A (B2 A AE HE A AN = i )
I AT Ay A a2 gy T R T AE S BIAR E
YAGO2M T F1 NELLMO Y i o 35 T4,



462

HENMR SR B 2015, 52(2)

NELL R4 5C 8 3 & B #7283 F
(self-correct) S ¥ AY. # 11 2010 4£ 10 A ,NELL
RO 2N E I AR 44 J7 A 3050 R R
87X . NELL RGN RAHZHIEH, HITE
W2 T — LRI S50 L INAE IR 0 O R A5 X+
XA NELL & 48 09 80k 02 22 1 JLJED eh A BA
He i N O R GE R R AT B RN

YAGO2 j& YAGO"™ ¥ J&. M b F YAGO,
B AEAE 10 S A I = SRR 2R G A T I AL X T
SR B LR TSR A A AR BT B 5E A
A AR T FHE AR T 35 N 0 A A B TR 58 A 2 2
HILAE) 255 %) B0 8 s i) A fige A i [ 3 5 o 2 UL B A7
FER[R]AE. X7 T 55 92, 10 5f & A 09 B[] o5 B8 A [R] 3
Bl 91 G i 3% AT 95 ) R 495 B 1 5 (1 AT ) AT
B 4. YAGO2 i 45 & 508 I GeoNames X 4
AN ST AR R S IR T 5 ) A B 50 0 A1 S A L 2 2
FFTE L%, R, YAGO2 Wk 8 T —Fh 28 513 2R
RS SPOTL, J5 X 1R P o ) 5 23 {7 2 i AT ).
AT 3k S ) R AT R A A TR AT DA
FR 55 5 KT S AR = S 1 B[] 38 A4 T B R S .

SR P Ok 0 TR I B BT SR I A AR ALY
5 ¥k o H SR AR T P 6 AT A Sk T oK
7 THT 7 38 K AN B P B SR L AR TR 1 A B4k
ST T B2 A AR Ik B S Sl 0 TR AR
Ak« F1RE A% 3 25 M L7 3 6 25 Ak 1 B AL ).

2 ETAHMNBMAENEERRER

THT ) D) 26 R B4l v 1 . HRR L B B L N A R Y
S FE T AR A Y S i R 2% 0 R B Sk — R A ARG
AR SR b Z 7 T B, 310 o fif e B SR 18 5 0L A
Web {5 24 2 v i) [R) R B 1 3 9 5 5 A0 . B
A B K ZBUE B R B IE DL A 18] S Ab 21 %5
G P A B R D AUAN o LA G g ) gk 4
Tor R EER R R T R R — AR R 0 . KR oK
AR AN T 00 SR 25 3 BUK R 45 R A TR L 5 DA OC S 1]
o 2B ARAS B R L ] B VS B 7 R W SRR 1R
22 AR AR DG SRS . AR SCRY ROR FR Jr T, H ATk
TR T ) 7 5 ) AR A (vector space model) B
W DL Al Sy 3R] A A G 4 5 LA 1R 5 R
2Z [B) 2 AH EL Pk ST Y L 4K T AE S BR SCAR vh iR 5 4R 22 ]
EAEFEER, X W E Web 8RR K 630
TE. T AR AR PE R G200 5] AAE R —Fh 9 45 IF
TOSCA Y K78 T5 vk R A5 B R Ak 1Y & A B 58 4
SRR AL T S5 A 1k B A

HAr. 5 B KR RS O LBl NI TN E
BRI E R RN T AR R RG] g
(object) 5 LA SR Centity) , X G2 2Z 8] 1Y 5C BE AN X
A2 5 Bl 1) B ) 0T e 7 9 DG IR A R T AS A 9 0 iR
FER G S S JE S R R TR
TR B E LT ESH R, ARG TE A
LB N R R F U SR AT 15 BR R & 5l
LA EE MY 2 AN — B R AT O
T IR AR R B R AN B R E L TR R AR
AL s W A bR SCHE B 45 B2 i) 3] A SC
P HEAT B 4P i LR s, AR 45 & L Probase Al
knowledge graph g f{ 3% i FF 75 I 4% 1R &R 48,
MG B R R AL ST 25 A 38 B RSN, 25 )
PR S S R) A
2.1 EBEREM

FH P48 2 5 B 0] DL B R P 38 o 1 R A R
BRI A5 B, T LA AL o P A 2B 15 2 i R R 45
ARk G R IR R 0 7 =L H P AR RN R
A B A T R 2 YR ) A 0 R X S Ay ) R A
HREEAZEA RS, HFESH PR ER
AT A R R H & b B SR Al B AT AR P
B R oy 2SR R R R P B R A 2R AR I Y AT
Andrei R E R E S N R T AR AR
A 35 ik %) 5 5 8 (navigational) L 2 T 3R BUEE b
=B 2F B AR 1 15 B B Ginformational) 12k T
56 W — 1~ B A5 BB 19 4F 55 (1) 35 55 A (transactional)
3. BUA MR R, P 0y = BB A Bk i R
S AE LA AR i R R R M 38 R R B () T, 5 A
AR SEVREL 38 2 X6T 5 40 B TR 1) R )2 R AL A AR )
e 0T, T LA Sk A RN B AR BT %) T VR R B A O
BT R 2R 0 0 M B, 0 HG O A8 R 2 4 oo 7 v
AT P AR B A O OE LA, (A I T AR
TR P 2 TR B R LSS 43 B 5 R R T g
Cambria" " $& Hi 1L AL %5 20 IE B A A 0 A0 3 L 5 2
PR P N AN R DG B ) A A B H e A R A, T R
P AL PR 2 T A AF B flG R E R S8 Probase Al
FT H ARG S WiE XM ConceptNet, fii J £ T 41 5%
{73 it (SVD) 14 2 4 i 24 1 12 AR K2 48 A1 40 B F P
K. Wen 28 NN 3T Probase 1 4 7 2 i) 1)
HES Ak & S0, X R K B AT 55 A 3 45 H 3G g ) 1) A
WAL WE 3 Fros , A iy — 4~ 1 35 (term) A DA
[m i 8% 15 25 S — 4~ J@ 1k Cattribute) 3F — A4~ 52 4K
(entity), i = 3 F DU ok B i o7 kit A % P
(instance| concept) , BVTE 45 %€ B % & (concept) AT 5
A5 (instance) fY SR AT A8 B, IF LLBLAE R il
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R B i AR AR AE T R AR A A R
5T 2 R R AR R R AL 4 SRR Cconceptual
features) » BIVAE & Ak 2R 25 A Bl A ABE 8 A LB 5 TRl AR
iE (lexical features), Bl N-char Jaccard #HBL )& ; #£
APFAE (template features) , B P\ SEBR P 09 25 130
SRR A1 S i R S A N A 9R) G S ) 22 [R) A RE BLRE
I [E] 457 I (temporal features) , BVKR 5 b5 [a] 8] b 42 B
FHPAE R — A2 04 55 R AT 3% 51 A 10048 1 X 1 19
ARRLE . e 2 2 0t Al A AR A8 0 A RIS R 43 A1 I DA
UL AE R P 2 T A ) 2 A . i — 2B, Guo 48 AT

Topic Distribution

P T BT R BB YRR AR R Ak 5 R S AL, H DA
AR 1) R R 2 R M RS 0 o L S BUORG o ) 2 R
PR U BT A R 2 BT Y A 1) AH L diE (intent-
aware query similarity) BJHE S : 1 545 &8 R X
1) A a0 SR R O R AU Bl 2 2] 0 TE A R R
Pl s FLYR AR R 2 20 U1 2 i 245 L, % I A 5 ] B
A1) B R R 5 B Je s X A ] 114 2 9 R AN
[) (1) B 1 T 7% - A 95 PR P it (pair-wise) J7 L W4
5% AH ALl B (cosine similarity) , %t T & (graph-based)
Y B B A% A (spectral embedding) 5.

~r AV
Topic3 | Prob

"N
| | Topic6 | Prob
software | 0.026 |

i company | 0.1068

. = P(clo) | windows | 0.0224 | | business 0.0454 |
ompany ol 0.6 | system | 0.0184 companies 0.0186
Apple 0214123 05 | wersion | 0.0175 | | inc | 0.0167 |

04 = [ file | 0.0172 | | corporation | 0.0139
Google 0.122754 0.3 ~C [ user | 0.0141 | market | 0.0138
— e 02 : | support | 0.0115 | founded | 0.0136
erose - 01 m N | microsoft | 0.0114 | | based | 0.0136
Affiliate T O~ [ os | 0.0098 | sold | 00132
|_Company RS GER SR R Z o SR ISR | computer | 0.0097 | | industry | 0.0127 |
Sony 0.048214 — | based | 0.0089 | | products | 0.0126 |
NS | available | 0.0088 | | firm | 00125 |

— e Concept Distribution ™ mac | 0.0085 | gouwp | 00124

s N\ source | 0.0081 | | owned | 00112 |
Service 0.036651 L linux | 0.0079 [ first | 0.0111
Provider P(w|c) AN | operating | 0.0077 | | largest | 0.0101

Web Host 0.036341 045 open 0.0073 | management | 0.0091
N ‘)x: | released | 0.0072 | | new | 0.009
Nintendo |  0.034999 05 server | 0.0069 | | million | 0.009

HP 0.033760 002; | release | 0.0066 acquired 0.0085

Blizzard 0.031798 o P (w|topic)

0.05
Toyota 0.028598 0 Fruit Device  Industry Food Animal Fim Company
P(wlc) <. 7 P(w]|topic)
~ \
Apple, iPhone
Fig. 3 Query intent awareness based on knowledge base.

(IRINE S A DAY LR S RN R S

2.2 BT RE

Web # R MK 7 — D EHE Ty mZA MY R,
RV R FH A R it o 76 FH P A\ A7) OC B i) JE Al B T
TNAH 5G] o Shy 40 W A 28 SCRY AR DG PEFR L Z 1015 8.
R TAMRB AR E R i XY R 2 6 5 i
A, 0 H R 58 SO AR 2 1) 4% 4k (conceptualization) ,
P R TR M B A A o S 3E o 4 R RN R R Y G
S D) R P A o) H R R A Oy R AR AR B R
(A T A A R S 1) T 3 A 22 AR B I A 9 S 0]
15 3 5 47 10 K R AR, Song 2 AP R Y T 3 TAE
FALFN iR JE Probase Y 58 SCA A 1f) HE & Ak In) 8, 78
ME S RABE I8 1SS R GO 9 b b SR DL
WAL ) Xk G B 1) B SCA AT S AR, Wi 4 P
NS T S A T 4R U] (instance) , FR45 4 Probase
HUR R | Ry B A 18 S 48] A o0t 7 A R A 1) i —
A FEME A S ) AT A BLRE A 28 R 28 DG B 1) AH SC A
i, B 5 R AR s SOME B T . 5165

() V8 FE T ST REASE U RN B T WordNet, Wikipedia,
Freebase HL240 45 11 1) 7 % 40 Lb - Song 1) 541k 78 4 1)
P 7 A B A R . Kim T A R SR A
SR T AR AT R Y [R) L, 45 G M R Ak T A
A LDA S 1 7 18] ) 2500 0 A 2 b B L 7E i)
G (word-level) AR 41 AH BLEE XT i SCAH ¢ 1 2 47 H)
T TR (RIS S 8 g M ] I ¢ T R |
(sentence-level) fiff B 22 i 2 14 Jin AL 41 4 >k VT fic £ 1)
KRR ARG I T R 5 30 S8 A ) A5 i S ok Hl
W2 8007 ). 85 3R W] AE Probase HITH 1 15 B
85 b 45 A s R Y AT LA B AR A B Al i R AR
It HAGSRA #E— L3R Ty 25 ). A] UL 7R 3R SUE& 2
T fifp DR A S0 47 ) 3, AR KRR BE b ke TR M 3
A HE 0 2R AR R BRSE RD G R A5 R . 3 T AR AR B
R RGN & R SCARFEIRHOR  J0H 2 TR AU AL, S
A BRI AFPRAL T T 0 1B A LR AR T vk JF HE B
T — R Y B A R
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Py

——>  Conceptualization ’:‘> Py
Py
A K
Probase Package

Ps
Fig. 4 Conceptual query extension based on knowledge

[;m

Concept
Vector

base.

B4 BT RS A AR

2.3 BXEE
R BRI — A H AR 22 3 B e A
S A B 2 1 T OS5 [ 24 P P R T AN S TR P

25 B HOWT R A BIF 5 U T S TR) 2% (question
answering). i#f A& /&3 10 4R R AR TR HF 5877 7]
EECRAME SRR A A RS A A G A
BEXF N ZRIE S 08 7] [ 3 E R G A R G
it 2 — SR AL R A RO AR D A5 B S L
KRR EE R 77 R0, SCRR 52148 T iR iR &
AGHHOR L L 4R T R AL o3 2 (a) Ak
B BN SOOI B TR A SR AR ORI S04k A
— RIS PR T5 3. v X 8] 25 2R G ) 1 Lo 2K
PRZ R 1 R A SR F AL B A R AR T 3
5 RO TR R 23 A WE RO AR T G 7R
TGN R B AN w2 ERE? R THE&
B 5 “Un ey R T 6L 27 J T AR PR RL C FRON LA B HL Y 1Y
)& T W R A

Table 1 Taxonomy of Questions

F1 EEPEBENSEER

Question Abstract Specification
o Is a fact true?
Verification )
Did an event occur?
How is X similar to Y?
Comparison

How is X different from Y?

Is X or Y the case?

Disjunctive
Is X, Y,or Z the case?

Who? What? When? Where?

Concept completion

What is the referent of a noun argument slot?

Definition What does X mean? What is the superordinate category and some properties of X?
Example What is an example of X? What is a particular instance of the category?
Interpretation How is a particular event interpreted of summarized?

What qualitative attributes does entity X have?

Feature specification

What is the value of a qualitative variable?

What is the value of a quantitative variable?

Quantification
How much? How many?

What caused some event to occur?

Causal antecedent

What state or event causally led to an event or state?

What are the consequences of an event or state?

Causal consequence

What causally unfolds from an event or state?

What are the motives behind an agent’s actions?

Goal orientation

What goals inspired an agent to perform an action?

Enablement

What object or resource anables an agent to perform an action?

How does an agent accomplish a goal?

Instrumental/Procedural

What instrument or body part is used when an agent performs an action?

What plan of action accomplishes an agent’s goal?

Expectational

Why did some expected event not occur?

Judgmental

The questioner wants the answerer to judge an idea or to give advice on what to do.

Assertion

The speaker expresses that he or she is missing some information.

Request/Directive

The speaker directly requests that the listener supply some information.
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T R U i Sty b, i — 20 45 G MR R
e AT Bl 5 52 T 1) 28 B VA 3R 3 e A 0 S [A] Y
B £ T AE 2 A 3B B IR Be it 5% R E R rh T
A T A ) R A 2 sl PN 1% T R4 0 (] 225 s (1]
b o A5 R [l 28 R o SCAF: 0] 0 AR 4l N 1% 12 [ml
ZEL ) LA R 2 R Z2 REAR R ) 8, n [R]— A ) 8 22 R ik
T T R AR PN 2 I ) A S AL
A — I R R B RO Y A AR M L LR 2E &R
ek ) 4EE NJEM 7K IBM 1 IR 7k & 48 (Watson)
IE2 38 3 1 R 5 gl & DBPedia, WordNet, Wikipedia
M Yago 45 Z iR A . 2 ff) B2 48 Y R /NG vk
Xf & Fhon] BB 1 24 28 R AT 5 B R B Ao o A B
RE M . L, T B B F S8 O 1 TRl A 2
ASTAR]  ER AR 2R, e ket M 1) 2 S R A AR S 4Tk
() %l R 57 B8 — 1 R ER AL

3 ET MM MIRERNBEEZE

FEF T 500 28 R I B F2 R AL S 3 5 T Y
2%, MR RIZHE & Z M H A OC R H.
3.1 RERERE

I FH Tk 0 24 S AR AT 2R R A5 4 L 2 48 R
PHIRLPE X 2 A JAR T 56 6 11 S 1 ol E A 1 SR Bk L 45

Feb 22,
2003

2 A4S SR ) Y O BR B AR Bl OC B A AR XL B
storytelling"™™ ™), {5l 41 , 4 J 2 [ 25 B B9 25 1 HE R 35
IR G R B AR AT A I A R 28 S AR R A T A
IR 5 3 S A S P I TE AR 2 A4 ) SR DGR R
fiff R RH DG 1) T 1 B S B TR 2 R B R b B ] v
A AR — A SR BOE & T A SR S AR ) O & L
ARG FR DA R S AR R 2 ) 1Y ¢ R AR R R G R AT:
55 AL O BT I A& A ERAE a0 S 4R 5 IR R
E M) FE45H G oy S A XL AT EEA A 2 A
AR T Hossain 48 A5 2 H i) 5 1 1A
(Clique) i eIk Jr 1.

R IT AR I R IR 3 — R B A, B A I
ARAR T A LA B — 26 1Al 4 ol o 5l 180 1 R/ 1Y
2548, dn 18 5 s, 78 QK 524K J. Escalante il
A. Sufaat B, 14 15 (9 B 42 F R 26 45 bm s R X 4%
FEAR B AR AT T S 3% (] G At AR AR T L (i Feb
22,2003, Arze,Cuban Intell,Escalante) ¥ gt K /N K
6 (1], Az X R AT AP 78 T AR 2 48845 B, W LR
U b il R 2 S SEARTR) Y DGR, B T 2 IR T
P SE AR OCHR R B30 i 3 20 ok st 9L 1 S R A
CHARM-L & 307 1k i ME 42 4% (concept lattice) , 4R
JE AR AT B AR AR b AR 3k T AT PRA K s
i 396 715w LABA 22 B ¢ 1Y B A

== ¢ Morales

>
X

Cuban
Intell

Sep 28, Santo
2004 Domingo
A.Sufaat
65 Ave. San 45 Desague
Martin St.

Fig. 5 Clique-based entity linking.
K5 BT R AR RBOR B

A L T2 T B SEAR OCER T ik 15 By HOR— 4%
A2 (4 7 35 Fang 8 AUV 48 T 3 F 56 & R R
(relation explanations, REX) F{ %18 2 b 52 44 56 B
(975 15  REX AT LR [0 JCHE 2 A4S SR (4 Lo A i 4%
T Ry 52 2% T 3% TE A5 AL L X DGR 4 T TR A A A R X
R G5 I 3 AL FE i BEALZS (explanation enumeration)
i BEHE R (explanation ranking) 2 #4). 7E fift BE AL
28F8 43+ F g0 N HVE P A il i 0 S5 A rhoii o e S
= B M U 4E (covering path pattern set) ik — it 7Y
F18 235 K A PR R R ) H B A% DG 1Bk A SIS Y 6 3k S
W AEMREHE T IR RGEE LT H T 454, BT 4

Ay R G2 PR 55 22 8 8 Sk 4 A FH DA A AL 28 A Y
759 31 (1) 468 3 5244 19 AH DG M (interestingness) » I 43X
S i A X 1 S AR R AT HE T

Xof SR FRASE IR A v 19 S A A S R OB T i AR 22
K. ER T R TR TP A T R R AR A of ek L X
SRR ) R0 3 S R 0 2 1) SR MOl B .
VTR ) R IR 58 35 U o 9 3088 A7 A M 7
B AR — B O ] T & R R L T
M 75 Rl 7 R MR RIS IR R N — B S T ).
3.2 XHRIHEE

BEF FF AV R (R OC R A R A8 A AR
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PRAT ) S A 1] 5C 2% H W B 4 5 A ) v TR Y L B
9G24, W B] 00 A5 PG 2R L AR 2 A 2
B ALK B & C BYAC R , W 5E ik 3¢ 2 41 31 2 58 w] 1
A C R4, R H AR R SR A7 56 4 ) O¢ & HE 2L
HFT AT i 75 v 35 204 57 0 00 A9 77 325 B A HL
ar o 2 AU R B I 9 32 8 g B Cinductive logic
programming) £ AR 1 5 % . i 40 B F — B Horn ¥
Ay — B 5 4932 8 (FOTL) P00 LR F 48 32 [ (1
J5 i AN BE ML ES Markov 12 R 461000 A5
F M TAEA NELLS, J5 # 4% Schoenmackers
2 \ L6564 45t i Sherlock-Holmes 77 1.
NELL £ 48R Hl—Fr Horn 5~ /) i J7 12 4 B 52
O F&. Flm, e m T ® Horn 4]
AthletePlaysForTeam (x,y) N\
TeamPlayInlLeague(y,z)=
AthletePlaysInlLeague(x,2)
SEHEWT G R AthetePlaysInLeague ( HinesWard, NFL),
WHRFAE 2.y fl 2 50 HHHE A HinesWard,
PittsburghSteelers #1 NFL, NELL % 4t~ > Horn
TR A J7 k2 FOIL 5k 1 2 2 Bl N-FOIL 5
¥ . N-FOIL g 5t 1E Bl #0152 i 4 S 11 25 0 i A
B R 49, Bl i AthletePlaysInLeague ( HinesWard,
NFL) & IE#, 1 AthletePlaysInLeague (HinesWard,
NBA) J& Jz i, & J5 FI H 43 1 6 Z (divide-and-
conquer) B % 2] il 2 I ZR 809 19 Horn F 4], 4
4% Horn /) #PS J2& 38 iob DX — FBE A0 D) 174 R o A >k 5
IR A5 A5 0 0] sy 22 5 R 43 T 451 AR 2 1 i £
A ap e ) A B ) % R A s R )T
MANZRE G A B, SR 5 AR BEAT T — 4> a1 2
> H BN Rl B A I . 2 B LUK B N-FOIL
Bk 2 FOIL 83k %% > — By Horn 4]
TR AN AR 5 A A 8 R s AR K i H A L
Horn /4] (¢ 73 th ACH 1R 5. N-FOIL 55 3% 38 1 T4k
PREFE R IR 4 /N R A3 6] Y 9 FOIL Bk 9
P ORE WL NELL KGR T ZEN T4 5 Flds &
14 P AR AT LR 2 > B 0 B0 i = A R PR A
AL LAY, XoF 0 P28 v B3040 %) e ) AL, oy D) S —
AT H I 74 943 PR #L (scoring function) 3R R X M
7] 85, B Schoenmackers % A #2 1 ) Sherlock-
Holmes J5 k4 t 173X FE— 4 1F 75 B AL
Sherlock-Holmes J& %t IT il 40 58], SCAS 1) 22 &
HEHLJ5 45 T 3 W4 43 Sherlock FIZE T &
43 Holmes. Sherlock 2% >J #f& B A D), b5 0 0] 6 A 3]
Holmes #f35| 5 v, ) 7] 52 26 J0 ) X 4 2 A5 i) £

H R K 6 fprss. B4k H#ik, Sherlock 5 A B A
B SR O€ R BN EE 52, F] ] Hearst pattern(#fl such as
A58 20 TR ) AT AR R 4 S AR Y 28 ) X 2K )
(RS20, AR 0 Kk BRSO R] G 2l g5 25 1 R
MCMC(Markov chain monte carlo) i ¥ J7 ¥ # i
FHEFEALIN , I 38 o 8 THAH OGRS 50 (4 T R B Ok
AL 7 A R 3R O T A3 oR BT B Y Al AL
H (¥ Horn F/41]32 5 #L0|. Holmes ¥ Horn /4]
BRI O) R0 v g SR ) OC AR DL KA R U R o
(18 2 TV A i A X T 6 5 9 2% 1 S IR ) 56 &R
oy S UEHE AR, FEUEHE 4 5% 4k Markov 3% 45 X 2% , i
F Markov 2 45 % £ 4 BLAR W 15 0 (0 B 5%, it 0l
JE SRR & 06 R M H B AR . X LY Markov #
B R0 45 4 PR F8 AE Markov [ 45 Joinm A MG = A
— R Y 1 45 ) (Cliques). MR #§ Markov W 45 1) Bt
W A XA LY K] & R BAT — DR AL ¢ 0 IR
] 35 7 AT e AR BRI AR UEL RS = IHER R
P () ] P(2) i 2 -

Plx) = %H {0&(1‘4“)’

Hr, Z B EMACKE 20 2B R A AR 5 AR
KT RS R AR A v g R HOE AR ] DL i
TR R 1330 S R o0 T 5 S A DR 1 5 AR R = S TR
T — I8 e K. )5 A ] loopy belief propagation
T3 V5 AT I AL HE .

Find Find
Classes & > Typed
Instances Relations
Learn Find
Rple < Instance
Open Domain Weights Rules
Extractions
Sherlock-Office
Holmes-Online
Find Construct
Proof > Markov
Query Trees Network

Answers  j€—] Prob.
Inference

Illustration of Sherlock-Holmes.

Fig. 6
6 Sherlock-Holmes 75 R~ &

Holmes # #L B & & % I Markov 2 45 W 4%
T R Ak RS D . 1 Lao 4%
DT T 3 T K 4% HE ¥ 9% (path ranking



F LA B T 4% R AR SRR S U 42 4

467

algorithm, PRA) [ HITH FE 56 Z2 4 L5 35101 T LA
I Rt v A 2h & B AE BEAL I, T HoR T A 80
WAL HEHE J7 3%, AT HE Markov 32 55 W 4% (1) J7 2 H
AE R BRCE. PRA BN T HDEM A o, 4
KR KR HAAT Sy EHEF. PRA Jr ik e Mozt 4:
BT A G R BEAR B B 25 IXRE I B AR AR DI 2R Y
4 %% (ranking experts) , P74 — S FEMLIFE. 241k 3]
FRE RSB, 4 B Ay T — R AR X
SERE A X Ay AT HEY. & J5 PRA i
logistic [A] )%} 3 26 & K AT INAL G 1. BAR M 5
XFHRE RN ER R 4 E S o AT
SR HA A A v T 2 Ay R KR R(x,
W.EXKFZBE P KRR Ry, R )T 5.

R,
N1 AP RRRER,. PR ISR T, —

---LT,v LJH A T, =range(R;) =domain(R;.,). it
domain(P)=T,,range(R) =T,. I X & 5 % F&
BAR P =Ry, RO RFl T 00 o, B 42 B (path
constrained) LI E L BN S v #HE XL T —1 9
fih,p(y). P& BAR, MR 2=y, 0
Py (D=1, b, (3)=0.25 P RHyzs it e
P'=Ry . Ry s W hopeyy BEARE AN
hop(y) = > how(y)«P(y|y.R),

V' € range(P")

, R.(v',y) . /e e
E$m@@Jﬁ=ﬁa%%ﬂ%Mwﬁyﬂwﬁ

y KT A KRN 1 AL AR 2 B2 R )
W BRR TR G KRR RN v 8y [
WL A E R REIRES Py P
A hep QD FEAT AN LRAEINAL -

Oihep () 4 0chop, () + o+ 0h.p (y),
BT Ay BRSO R 2 AT 43 score (ya ), 1
g, AL P, AL, score(y, ) E LT :

score(y,x) = Ehl,.,)(y)@p,

Hop PR KN L B R ERAR . Lao 55 N 2
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