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Corresponding author: LIU Qi, E-mail: giliugl@ustc.edu.cn

Abstract: Named entity linking (NEL) is an advanced technology which links a given named entity to an unambiguous entity in the
knowledge base, and thus plays an important role in a wide range of Internet services, such as online recommender systems and Web
search engines. However, with the explosive increasing of online information and applications, traditional solutions of NEL are facing
more and more challenges towards linking accuracy due to the large number of online entities. Moreover, the entities are usually
associated with different semantic topics (e.g., the entity “Apple” could be either a fruit or a brand) whereas the latent topic distributions
of words and entities in same documents should be similar. To address this issue, this paper proposes a novel topic modeling approach to
named entity linking. Different from existing works, the new approach provides a comprehensive framework for NEL and can uncover the
semantic relationship between documents and named entities. Specifically, it first builds a knowledge base of unambiguous entities with
the help of Wikipedia. Then, it proposes a novel bipartite topic model to capture the latent topic distribution between entities and
documents. Therefore, given a new named entity, the new approach can link it to the unambiguous entity in the knowledge base by
calculating their semantic similarity with respect to latent topics. Finally, the paper conducts extensive experiments on a real-world data

« FEETUH: E KA AR SR 4 (61325010); [H 5K HORBE UK R F X1 (863)(2014AA015203); 42 B4 Bl 4 & T 4
(13202008-5); 2 #44 H br B A 7E 1141 (1303063008); 2 B4 BHLBKTH41(1301022064); 22 B4 H AR T4k 4 (1408085QF 110)
WA IR R): 2014-04-05; 5 Fi i) /) 2014-05-14
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set to evaluate our approach for named entity linking. Experimental results clearly show that the proposed approach outperforms other
state-of-the-art baselines with a significant margin.
Key words: named entity linking; probabilistic topic models; Wikipedia

AT ASE ) T 10 Y (1 3 o, fd A3 2 v (1 Mt R S8 R s fel . R, VPR AR X e S AR 2
T KB I 4 S A (named entity). JT1E iy 44 S2 ik BT FE AR (AR A A4 A, BEA). RE(H B,
I 1)) A5 DAY ) L AT A A A SR PR SO A S AT stV 2 25 5 3 - W0F 5 S0 ] 6 S v i 20 U3 Y o 42
4, BN HEAT 5 44 52443 %1 (named entity recognition, & #X NER). 2452 | &1 % NER HIHF5T w] LLIE Bl 2 140 90 4¢
AR H T NER B4 SRR 93 ] 33T 4F 0, 2 5 (T TR T 7 IR 16 NER FOJERH 2 b, ST 3 280 P U500
(K] iy 44 SR, A2 S A BSR4 5, iy 4% S (A8 4% (named enttity linking, i # NEL) i /2 1] iy 44
SRR AR T R S P R —

FLAARTT 5, iy 44 S8 1B 0 2 H o8 SR o 2 1R K 1 i 44 S92 A0 2 380 2k VR vl 1) — A LA B 5 S AR ik
T i 44 S B RE % i 1N T T 4R 22 0552 100 L 066 X . 25 37 5 v 8L 28 45 e 43 £ F1) 7 % g et R o, 1T DA sk
S BT F P D) s B 43 0 1) S SCAS (A ) B TH ) S SR E S AR I AT R TR e 3K S R ) SE A LA
R BE T B AR, O B P AT SRS UL K DB R T A0 O T BRI B AR, — S 3 s R N T &
X SCA VAR IR L TP AT R R 1Y) N R 2, K e B T AR ) S AR DG I — AR R e ) ) — i LA SR
A Sk BT R L35 4% 9T I B 3G Inquisitr(http://www.inquisitr.com/) B — 555 5 18] 47 3 o 32 3] T “Michael
Jordan” (4 &l 1(a) BT7R)IX AN SEAA, [RI I, 2R 48 2 13 5 it 7 — 454 17 Wikipedia 5 “Michael Jordan” i i U2 [ 1) &%
B 10)FR), BB P TRE 2 1EE.

X }[@ Yvette Jordan Gives Biri % \{W Michael Jordan - Wikip: x

.inquisitr.com/1130606/yvette-jordan-gives-birth-to-tw

Get Inquisitr's daily viral

Michael Jordan is the owner of the NBA’s Charlotte Bob
eighth in the Eastern Conference. Commentators predic]
the postseason for the first time since he took over as mq

(@) — 4% T“Michael Jordan” ) 37 I (b) 7 1) v iy 44 SEAREE £ T 48 9] (1) Wikipedia T

Fig.1 An example of named entity linking
1 fir 44 SE AR BERR N ] S 4]

— TPl G (¥ iy 44 92 AR A AR LA I P A 52— SR Bk 1 D0 AT SO BT AR T S 2 A L
AR (9 Jag R AR, 88 5 &b — ot 37 S5 g AR e MR A5 0 0CR AR AT — BB AT 9 T A 2 T SOAS v S AR RN BE 12 1R 4 i
M S 20 0 S 0 4 P AT R B R N AR DR E e 2D B AL e b, AN T S L S
0 AR IX SR T i A A5 AT e P R 2R SR A S A U5 DL A AR 9 A i) R B B B K g
%, 199 2% (R A RS L I 0 8 8 52 SRR B0 5 b — 02 3% 2 1 1 Sy bR SO 58 00 4 s ok 4
T (B2 B0 ) 200 VR ) 2R A S AT SR TR Al P 1R R T B W v 555K kg R SCA 2 1) ) s SCRMBLEE %
T [7] — SCAS PN TR S A 2 1] PR i SR 2R A0 28 A s = S A I A 00 10 B0 0 7 25 1 190 S5 R T 50 58 iy
A S A e AR AR e LA 5 e AT e A i 4 1) SR

FeT UL 5 AR SR T — Pl i 4 SR BE R Dy vk 30 R B 5 SOACR S AR 5 A B R AT T SO I
(K4 G0 4 T3 AN ) AR SC 93 39 B 2% F8 T SOAS R R AR 45 5 SRR 45 (L AR 19 37 L 265 3 99) X A A AR S
A ) ] S AR AR AR R AT 2 AN T S R (S SR B BE R s K R AT B B v L) AELR] — S SO
(K9 30 5 5 A N2 =24 LAY AR AGLIR) 380 23 A1 DR s, AR SR R T ¥ S22 TR Xk SO AT S ARSI A i s 30 i, A SR
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VT FORAR R L TR R T U () iy 4 SR E 2 RS BAR GRS 1 W A R A
SO 3 U R 1 A B, DA AR 53 DU e 3 10 5 33 T S PR 8V, DR A (SR R A 8 0 (1 8 S
2R i L5 2% 5 EAT I AT A 92 LA
AT & A SO WS TTik W
o BT Ao R IR S A HE B AR G AR BB S AT S 0 SO A B SR S A R ) N U R I AR G
SR IS S
o R AR A R R AT iy 44 S AR 10 SN, K L o 4 SIS 8 ) A SR R T O
DL iy 44 SE AR HEAT TR ST B [ I i R R R 22 23 DU 5 VA 4R 3, 50 T SR BUFAT A
o N T IR 3 HY B SR B T 0R AR SCR I I SE B AT TR SR I S 4 AR WA SCRR Y i U
EE FCA A5G (0 b D5 1247 B (K BB PR T, DU HEAE S AR BE 12 AR A S B2 THEEK.

1 RIFHESR

B2 R T AW RG] % RS540 3 METHC AR PR L . T SR b DL R S A 3
BREHe A SC g 3R 0 VR R e 88 0, 2 RS T BB 4 T IR A DG SE AR R 45 5, IR1 0, 12 3R 96 1) 6 R 2 6 1 A T R A s 3L v
[ S ] 22 AN ST 2 2 1R PR TR A% 0o 2 RSB 3 (RN R 2R 1 L AR 41 K A1 56 2 75 i i),

T SCA AR AR S S A e R G 1 QBT R L H I Ry S A AT 1 S A, AR SCOR R I R TR
fB K 7 (entity based latent dirichlet allocation, & #R eLDA) ) TE SRR T (VR4 A PRS0 58 3 i h /v 4. &
G 5 i — AN BB I A B B AR B, 3 T Ty R U S AR L T ) S A 2 8 R R v X ) Tl SSEE e (12 3
FAESE 4 RPN A 48).

}Tﬁi”ﬂlléﬁ
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Fig.2 Framework of our novel NEL system

B2 A i 4 S AR BB R A A B

HRA 1% R GUHE 28 B 2 40 5 N SEARBE R 100 SO, ¥ 56 P 0 1) S 4T SRS 1 75 21— AR (K 4, T I AR
P AT 1R S A TR 590 5 AR i I SCAS A FRD St ] Rt S A A A ST PRy A el . DR e A il BB SR )
SR T BEAFAE /) i) 8 455 1k 5 SR T, DRI, 0 0T iy 44 S A EAT it 1% 3 i R — f A B AS SO0 3 A
SRR T R A ) ST 3 o S AR AT A A IR S5 DA A 2 s ) 7 AR I R P M 3 3 R Y (e LD A) T 55 1 SCAS ) %
A5 R IpA . o T AS SCARCBE [ — SRS v ] ) 32020 A RIS A (1 80031 i — 0, B e 122 2 A A 6 S 5 ) T
SR B AT B e v S SRR eLDA i H 10 VI 2 6 v S5 Ak 2300 A DA SIE AR 5 S 28, 75 H s v 5
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PSR A Fp RS S AR I PR G s SO A (R e T S5 A ) S5 (A S R4 ] #1067 8 ) o R AR ADURE), B 58 1l T 52 1A
ESUREN

2 FMREERIHDE

HNRPE (knowledge base, i #% KB) 22 T A A7 fift SE A A5 L 28 1 iy 44 SR U S5 AR i IBCHS SCAS F i 44
SEARGE A T AT Se SR T R AN R S B (W Mike) A S BE (U MI), B ] — AN SR ] BRI LA ASIE]
(R AR BERL B ERERAE), B 2B A W R 1R S (B Mcihael Jordon), Rk, JX AN 4R 45 HH IR SEARIE 5
AR — 2 FR) Ak B B A A B S A S B — b A ) 28 8 A R AR, A AR T R i AN R 1
P19 [7] S ] 34 A Al e S AR 3R 10 56— M ) L 2% ) ST 4 A7 it G e S A 81 Sk 2 T F 5, DG B 7 (ke ) A SC A H
A A H LA A A AN BT SR SE A (B 5 ] SO 45, 1T SR (value) DU 5% B X I F) S A P s E S o

Table 1 Examples of synonym lexicon
F 1A A K254

Key GUA SRR IR) | Value (bl SEAER)
Michael Jeffrey Jordan
Jordan, Michael
Micheal Jordan
Michael J. Jordan
Michael Jeffery Jordan
Michael Jordon

Michael Jordan

FE S AR R T 2R I BE 7 20 R A R B I i 4 SEARR S AN S AR B 3R RTR 4 /D S R BB I 1S R
AL A SCAE SRR A T — N R (WL AR 2), 1K A A7 it 1Y) A2 S Ak (key) Ko T W 1) TG 08¢ LS A 31 4
(list). JX AN key A S ) b 3 08 2 /I, [R] SCiA] 2 HhoxE I ) Value.

Table 2 Examples of ambiguity lexicon
F2 B
Key(br kSRR R) List(JC 5 SR 52 SEAE)
Michael Jordan
Michael I. Jordan
Michael Jordan Michael Jordan (mycologist)
Michael Jordan (footballer)
Michael Jordan (insolvency baron)

S B P AR EL T A BT R AR R A AN PR i 44 S AR L IR J LR N e R AR R B R 2013
8 5 H iz E LA 443 J/N Sk 45 WFFU RES 507 {5 M 1 11 e A At LA sk Oy B A7 HLA 5 S
22T () ¥ SCHS 5B 5 T 56 2R 11 S 2 8L, DR b A SR T T 4 g SR st e L v 16 ) S 3] 2 R S
1] K

o HE In] UL fi (redirect page): T [r) U IfT — 75 I RAE C 4 20T 44 7 B S 4445 1) H A S8 AR s 74 S

FRAET7 3 53— T 0 TR S A Ty B R R R SRR ) DA SR AR Michael Jeffrey
Jordan FEE 5 i) TUIH 25 —/MEH: 38 1) Michael Jordan;

o it 4 SEAR UL (entity page): 4EHE T B AN iy 44 S A UL ISR IR — AN ARSI AR (R TE B SRR 55
AR, SCTE (R R R A i 44 S A (1 S B 2 s A8 4, B A8l Michael Jordan(footballer) fr) 0 I Py 25 5 2 4 ik
HAS R ERIZE 1 B 43 1 Michael Jordan. 7E3 1 56 W ) /& value, 7E3R 2 F 5 M B2 key;

o VYU UM (disambiguation page): ¥H U U IHT [ b 85— FBE A SCA AR 38 &5 301 SE 4R 1) 38538 7R, il Michael
Jordan, 7EAR 2 SCAS AR 23 WS X A% 20, T AN 23 1R W iff 1 3 93X B 52 B 1Y) Michael Jordan 2
WK BRI JE LA 27 21 35 44 0% I8 0 VB DT 22 28t — AN 70 3%, 90 ) JH o T ) R AR S A 3 2 A4 i
R 2 M B AR U AR ] AR 3 2 1 key, 8113 BRI AE Dy value.
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3 EBEXEE

AT A AL TR T SR L 1) i 44 S VR T SO AR Tk B AT T 9T R Y 2 9 MR e s A )
A TR 182 [ — e S RS [ 138 5 0 208 A ) — A 22 7843 A1, AT S5 A7 A5 TS D3 5 60 T QI SCR AT 2 7
RS2 MR R AR SCIA K 45 5 — R SCRS o, AR T BB d 2 vl — 2 i B0 w4, ) Bt Al DLk R — 4
A S e ARSI AR Tl (1 el R R e BSE A PR R A SRR A ELT, A R e AN AR 1 B AR AR B ) I P AN AR
Brw e S BRSO A = NAZARE A TR AN S A A A B AN T A A 2 A
O3 AT TN S AR TR 7 5 SR DU 2 2o ahbe AR 308 AN [ S R 149 2 380 4 AT 22 TR (R ARLARLA: 56 2, BRI T LA i e SIZ Al S )
RO T2 20 SRR S R4y AT A SCHR A R TR 3 3 RO AR ) e e SR 18] 3 IR TR T SR AR SO B
K15 %Y Entity based Latent Dirichlet Allocation(eLDA).

I
(il

Fig.3 Graphical representations of eLDA model (left) and the Variational Inference for eLDA (right)
K3 i SO el eLDA, A 24 232 73 T 5X

MEER T AR IR T AR R 6T i MO SORY A A SCRS AR (9 — AL NG ANl NG AN SRR SCRY d,
eLDA Ay, i ST 1 Az S #E n R

1) RTAEEAS KRR IR 5 (Dirichlet) 53 A1, 43 W 2E i A0 S2 AR 7 5 8 B 143 A3

¢ ~ Dir(B).¢ ~ Dir(i7)

2) S SCREE R SCR defd,... M} AT IR 3)~5 1R 9)

3) AT SR d Ak L4y AR 64~Dir (o)

4) X d RN ne . NJY AT L 5). LK 6)

5) ki AR R A 2y ,~Mult(6y)

6)  ERCHETIN Wy, ~ Mult(g]] )

7y SHd A N e . NG} BUT LR 8). SR 9)

8) A M SEAARAE R 24 ~Mult(6y)

9)  EMCHATHISE K €y, ~ Mult(d, )

IR Dir LA FEE 200 Mult 2R 2 I 0 A0 U 45 8 S8 e, Bt BT WL 428 5 (R 52 3
P19 SR 1 ) ARSI ) I AR o (s A 6 B ) SR A AR ) I G B e A I

P(d,z".2°,0,0",®°,a,B,n) =P(O|a)P(@" | B)P(®* |77)><[H P(w, | zW,@W)J[H P(e, | ze,die)] 1)
2, SR d (VA ME P(dlaB,m) T 2 3K (2) 151
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Hdhxﬂw)=IN%Iaﬁp@WIﬂ{IIZHKﬂI%)NWJZK¢qu¢W

W
In

[ p(@ In)[HZ P27 165) (e, | Zﬁ,cbe)Jd@ed@d

n=1 g8

2081

@

M E(2) T LA H s B 2 00 AR AL AR A T 25 SR8 2 0 (55 A0 O FR A S 120 2 S g B AR ) S AR A 1
o FH 0 7 2R I T AR T SR Bk 524 K3 (Markov chain Monte Carlo, fii #k MCMC) MR RE ke fift e, FLIE A AR
Ji 3 3k A — AN LR G40 A A S8 56 43 AT (4 5 SR AT B rh BEAT SRR B DLE 3T, A 1 7 0 S8 A 1 2 4 O 3
w35 A1 W R A (Gibbs sampling) /& MCMC 534 g — 0 432 FH - DL 5 280 v D928 R S e 2 AR ARG Bt
A 1) 4 P M 3R A1 S AR SR T it A1 0TSRRI SR S 0nT LU L 3 & Nl i IR 45 R AR T b A G
AL FR 3t T A5 T 5 A 0 SRR S AR A I e 2 A 2 il LA BT S £, L et 50 M P SRR B A A Wi SR A 2

— PPl A MCMC [WHES J7 5502 28 43 DLW J7 #5455 (variational Bayesian inference), J & T 45 vH 4 B
S (AR B A 3 i e Ak T R S S 5 0 A P 6 A e A 123 T AR 43 DU A S ) A5 T R B AT

PGS, I FL A0 T 4 b At e 2 J3E Ak ) 2D,

PRI, RSB0 1 A8 73 DU S 3 1) 5 88047 S 800G o 181 3 A M3 1228 0 A R AR AR S0 AR 7y

L 22— AR IR LT USSR P(0.2",2°, ¢",#°1d, o B,7), 10 F T

P0,2",2°,¢" 4" | 7. A", 4%, 2", 2°) = [ ] Dir (4 | 4" )Dir (¢ | 4] [ Dir (6, | 7)Mult(zg, | 45 )Mult(zg , 1 45,)  (3)
k d

OSSR (R0 R 3 o 5

logn(dle. 3, 7) = Eq[logp(6,.2" 2%, ¢", #°1d, . 8. m)1-Eq[loga(6,2".2°, 8" )=L (14", &%, 2%, 2% . B, 1)

JUES,
Ing(dlarﬁl n):L(}/!AWYAer/’l’Wvﬂ“e;arﬂr 77)+D(q(912wrzer¢Wv¢e)”p(azwvzev¢wl¢e|dvavﬂl 77))

(4)

(%)

X B D(q(*)||p(*)) 2 KL FEE (http://en.wikipedia.org/wiki/Kullback-leibler_divergence), /i sk 7= 48 43 5 I i %
A3 A RV EL S IR T 56 M 3R 40 A (10 8 2, IR b B BOR i R B B e DO RS, R T Bk E L(pa”, 45,47,

A%a,8,m), Bl

L(y.4" 4% 2%, 2% a, B.n) = E[log p(0 | @)+ E, [log p(z" | 0)] + E, [log p(z° | 6)] + E, [log p(¢" | )1/ M +
E,[log p(w|z",4")]+ E,[log p(¢° |m)]/ M + E,[log p(e| z°,¢°)] - E [loga(®)] - (6)

E,[logq(z")]- E,[loga(z°*)] - E,[logq(4*)1/M — E,[loga(¢*)]/ M
Rl A S e — 2 % 1+ T EM(expectation maximization) 55 ik e fli o145 5 24

o EDER:
Ay, o< exp{E,[log(6, | )]+ E,[log(4’, | 2")]}
A\ o exp{E,[log(6, | )1+ E,[log(g , | 1)1}
o,
E,[log(@ IN=¥ () -¥ (X, 7))
7=a+[ZAnW+ZA§J
o MIE
/’l'nm,’k =p+ dZ:Zd:Ad,n,de,n
ﬂw?,k :ﬂ+dZZdAd,n,ked,n
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o 28 o, B I FEAE IR M 2558 b SR F 4 -7 15 2k (Newton-Raphson) Jj 2 1 53R 13, 91 5T
RSN HEES R o T L L
Hi% 1. eLDA /}z%m S A S B
1) Wi 4y, =— HE{J ne[1,N"],ke[1,K]

2)  Hitn 1&%-— L ne[1,N% ke[1,K]

3)  WIIBK nEact(NY+NE)/2K ke[1,K]

4)  ERPIATLE 5)~DE 13), H WS

5) XA ne[1,NY]HAT IR 6)~ 1K 8)
6) M PTH A ke[1,K] AT B 7)

7 I A = e ()

n'=17"n"k

8) H—fLar

9) KT SR ne[1,N¢], 34T A B 10)~20 1 12)

10) XTATA 8 ke[1,K], AT 53 11)

1) HH A, = ”ke exp(¥ (7))

n'=1"1n'k

12) H—4k A
13) 7k=ak+(241w+zﬁﬁJ

4 LiRuEREIRE

et eLDA 2 A BRI 2R S5 A5 7 0 i RS2 Uk 4 372 R0 ) R0 90 A7 AT, 2448 52 SO AR B i 42 4
FTHRE T, T L4539 30 1 2 A A e S5 5 5 00 43 A AR L B S8 17 V8 S0 B LA T 5 4
W NSO d A5 AL A ) 2 O A W A d R S AU AR B £ A R
TS £ e, B R 33H6 55 1 552 P 402 50 8 B0
Bk 2. kSRR ik
1) R R g ) S 2 0 e oA ST AR AT ) SCSE  I AT R A AL 1 SR A bR v 4
SRS e={enen... ]
2) O et e MU AR SRR A RIS K o O RIESEAR C, ={e,,.€,-3, 241 C, |20 IH,
0 Al 0 L o I 1 52 P IS0 e B UA R T BB S R4 Empty; 4] C, [=1 B,
FUBEAR (A — (0 345 52 e o £ e 92 ;24 C., (>0 I B0 1725 3 3)~25 3% 5);

3) Il eLDA HLE F 1 ) SE ARG o, AT 15 BN SR ) 32 B A T
4)  AHE LDAPYERE FE, h w RS B SCA I B AT T
5) X e h Ak el T ERANMEE LA ey W EBAAT, 53R R A Ty IR LA
JE |5 AT () IR AN 3 2 B A TR B [ SR (5 e Eaz“ﬁ/~ltﬂtlﬂﬂﬁuﬁﬁ o FH T Y % 328 Sz A B Oy
JIT3K).
TESLI 2 (25 1 5)Hh i I 5 B f D 22 ST — AN B 7, 24— AN SE AR B BT A A S AA 5 SO I 0 AT R AT
ABLRE PR ot A /N T B <7 B, DAk AT 6 21 4038 1 SE 4K, 3R [7] Empty AR 2%
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5 HIEEHIRIR LR

5.1 HIREMEIL
BRI T, AR ST TR PSR T 8 2 A TR A UKt S AR A T #2013 4 8 1 5 H S ST A
TRRAS B A 0 455 S K IR (I 950 SRR S5 44) 443 J7 AN B S| BT 21 J3 AN, T 5E 1) BT 625 J7 A LGk E B
W32 3.
Table 3 Statistics of the Wikipedia dataset used in our experiments
F 3 AR R YL T R SR S THE B

R A enwiki-20130805-pages-articles-multistream.xml.bz2
Y 13715 114
DRAWTIE 4439 671
ERITE: 227940
ENDDITE 6 255 904

I ) 5 R 1R 1 R o ) SRR 3 (S0 145 R IR 4) ] 2 B 220 54 625 U5 5% B 51X 625 T AN SR L) 31 234
IAIRAER ek B FEE RN E W AR DI value 7] G2 AR AR SE4R, Qr Amaltheia—
Amalthea(mythology), 6 7] G & —Fh < B LB 2L, W1 Michael Jordon—Michael Jordan. i SCiil 2 (4815 B
LA B) B SCSEARAT 19 JiA, B ALEAE 195 J5 AN AR ECSCSAR, RIP- By R4S B 3G 4647 10 P RE.

Table 4 Statistics of the synonym lexicon used in our experiments
x4 FGARGHE R

key [ 4 6 255 904
value 176 % S 4L 2348 277

Table 5 Statistics of the ambiguity lexicon used in our experiments

F5 BUGARGHEE

B AR (key) (F4~ £ 198 699
JIT A T B T T ) SE AR 1958 567
0SS A B0 SE AR S 9.86

5.2 RWEEIE
h RS SR AR SCRBE U 1) S M AR 48 A A SR B L S (R s B R AT A 56 A DG SCHR(6,9,18] A I 1) TAC-KB 4%
PR AR N JT A 48, SO SCTEVEAR T AH TAC-KB. 545 4 2 M 405 205 325 71 R 10 5000 2 g 7t 1 e £ 200, T o Sk
[6,19] 7 WF T AT AL T T 4 24k 71 ) B0 1T AE D B4 42, R bk, AR ST 36 93 AN 448 25 11 R 50 2R i H A 0 ) S 0 3
P 2 BREF BT L AR A
o SURTUTH (entity page) 14k A SCRY A2 [l 48 L AR A (RIS A4) 1T 55, B8 b, 386 3 0y A AT — s a4 3
P IR, 58 P SR
o AR TR R 4 AT 2 AR 1 (category), IR H AT AN T — S 7 2 10 O D), A 5l ) B R R
AR eI LA 500 o 33K G T B A SR T A1 Tk 43 H 1) Rk LT BB ATL AN A R I L 4%
OB A5 28 ) o i M AR — A
o SEURTUTH H 30 AR S A St A 21 i, Lo, SE 2 e XU AR 5 #6525k, 0 Lincoln reached out to [[War
Democrats]],iX T ,War Democrats # & — A~ S . 1A il 7T DL #5645 31 SCAR i — S8 s fh 82
o 7SI SEAE A A R g SE R O R R TG 8 SRR 43 T BN Lincoln was a steadfast
[[Whig Party (United States)|Whig]], )% £ 7 121 (1) ) 2 78 SCA v S IR 45 1338 7 119 52445, BT Whig; T 721
PR D2 75 24 T S A4 P TG 08 S S FE 4 S F RN T A — M54 A Whig 85822 Whig Party (United
States) (1] 544 TUILAXAF, KT — s 4 5 1 R 0% SR BT, AN AN e 4% 19 380 HL TR0 60, 55 1) S 44k, 17 L e % i

~
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TXAS SR L SR I, 3R T DA by S0 B 24 1) L SEVE AL AR 1.
T RAIE B AL ER W SC A KRR L AR A LA LB AR P 1 28 L (T30 0E), i sE T s e T LA
SR 6 MEHRUE T IR 4 s A E Rk “Bnis . N TR, “WATH R, R R
Frefm . FHL”.Categories X W 19 /2 4k 3L 7 FF ) 28500 & k.

Table 6 Category information in the experimental dataset

F6 AL TR

ES Categories
KE. BER National Basketball Association, All-Stars, Olympic
Bymizdm. AT B Artificial, Machine learning, Statistics, Scientific, Mathematical, Data mining
WAT IR E IR rock, pop, Music Awards, Award-winning
BT T Electronics, companies, Mobile, Smartphones

HI IS5 & 1 (category), 7t 443 J5 Hh J& T3X Lo 5 B 524 oh 43 3 B BL % B 400 J SC 58 8 5 A3 B R 6 1
200 i SCEE P BEA LA EL 500 5 SC T A Ay A S0 ) S 50 A4 4R 0 i Bl 17 P (25 450 R AR L R, 2 SE R e 4R T 1Y
FEASSCAAL 7 986 /N1, 119 AN 54k, HAR S5 L iE Wk 7.
Table 7 Statistics of the experimental dataset
F T OERBIGE R

BN 500
PRI AGEA SCA B A 1) AN 3L 986
SRR SO B S AR AN B 119
WA KN 53 203
SRS A KD 40 086

53 ITLERWR D
5.3.1 PEifEbR

R 3 11 22 B T AR AR 12 SR IR i 44 S AR B B S0 VR R R AT R B T SO R L iy 4 S A,
2 52 B %l AR B AE S A O AR BE L T AN Je 7 4= 2R (recal ) IX A5 A0 DAL e FRATT R FH O DA 16 b
A1 2% (accuracy), i3 B 2 iy 42 S PR B e 0 i FH o T B 1O SR ME R 3R AT SR BE 3R I AN B R N, BT AT 5K
I ECN No B4 Acc.=Ny/Ng. SCHR[3, 81148 T T Ace. A Jhy PFAit i v (H H T3 S8 AT 5% T4 o4 1D 10 6 AR 2 78
i ANAE A G SCAR AT - S SRR SR HR T R B, DRI A 5 AR AN PR AR (inKB,NIL), 2L R inK B 367 1T
PR FNAR v (R UER 28 NIL 28 75 TG 12 B 4 380 00 VR o g L 0 23 A S A PR 1 2R R 2 e T S 1 e [ o O
T RFEHEAE LA, HATT R B 4R K 13 4 5 R LT, SE R 00 78 B4R A, AT 50 A0 B SR bR A A ST SR R
AN TR e, A S ) S 36 32 BT 95 1) Ace fH.
532 XfLLsLE

AL 26 355 0l 3.10GHzx2 Cores CPU,4GB RAM, Z ¥ o, B, nHI ¥ Ui 4E >4 0.05,0.01,0.01. 5% A 47138 X 46
TF A5 31 ft 28 5 T 3N SRMRAS SO SEARBE S T3 0 eLDA, I 2a 85 P AN FR vl S VE A b o — AN & SCHR 3] 42
7 LINDEN J5 7%, 73 41 2 SCHR[8] 7 3 I 280 R d e ) N FE ST 35 (0D LA J% iD 509%).3% 3 P AT AE &% B X
PR IR B FE TAC-KBP 4l 82 b 78 SEARRE 4 1) ME M 5 (Ace ) FE AR L ZEALT TAC-KBP #8575 45 H )
A3 FiERLIE (1 5 S 55 SCHR[3, 84 [ (14 42, A 37 S 6 w4 T 140 2 50 8 11 44 i 1 R 0 4 ) 368 AR P I A 754
S 25 LR S 48 AR R, D R oD A5 ik % R T B b AG) 3 45 D S 2 1 AR IR (5 A SR G KB B 30N D),
AT BB PRAE S22 4T HH B LA 0 T+ LINDEN 550923, 76 S 56 ol 4544 25 42 HH 1) SA(semantic associativity) LA
J% LP(link probability){f: & LINDEN A4 fE 4, B EE [0 5 & LA AT S 308K H 3138 XKL,

AT eLDA S 32 R 7] 6 35 U8 H (K (B H 15,20,25) 15 Sl SEAT 56 b sz it LR se g 25 S an 1 4 o,
Horp KRR B F R AR % N SEBG 45 AT LA D 5 LINDEN FIUER % L L3530 iD I 4F T oD, iX 5 SCHR[8]7E
TAC-KBP R ILILE W) & AL 25 K(FE W E)E R E T ,eLDA IRV Z & T At x b 5 v 75 4h e LDA
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fE K=15 I RPLE ST K=20 o K=25 I].eLDA s dibl K ARkl 5 Fros, 7T LG H: K=20
B ,eLDA H #5385 i 1 fif %
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T
< < < < 0.72
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Fig.4 Performance comparison of Fig.5 Performance of eLDA with respect to
different approaches different number of latent topics
Bl 4 RRESE R s 45 KI5 AR IR eLDA SZE AR

5.3.3 ZHIHFI

SR Y[R — i SRS H 6 ] R S AT DA B B 38 ) — A S e ) e, T b, B R A A A R T R Sk AT
iy 44 SR S 00 T ¥ O T R TR 0 T A A A2 P I R M R 3 SRS TR A ] e A0 TR A R U R R, A S
MW7 — AN R AT

SRR Y K=20 W15 DL 1 A8 SO R S8 e BURS BO0 IR TREAff 26, P LATE L e 8 1 7R B de v R A
AR ME 524K, 43 H) 9 Michael Jordan,Michael 1. Jordan. 7, Michael Jordan %7~ NBA & ERE AL, “Michael I.
Jordan” &7 I HAE SR 43 8 (UC Berkeley) )3 44 WL % X 204% 48 eLDA WIZR58 2 )5, 73 ml 45 3 T P S A4 1
TR A, IR ECEL % MR S A T 8 (Rank-1,Rank-2), I 41 283X AN 2 0 A A R fe AT 5 AN
(Top-5), L% 8.

Table 8 Examples of the word distributions of different topics
8 SERI R 4 A A5

Michael Jordan

Top-5 i Jordan, American, Genesis, basketball, Lifetime
[Basketball],

[National Basketball Association Most Valuable Player Award],

Top-5 L4k [Madison Square Garden],

[List of National Basketball Association season scoring leaders],
[Jimi Hendrix]

Top-5 i style, center, players, NBA, junior

[Washington Wizards], [Boston Celtics], [college basketball]

Rank-1 3 {5

Rank-2 = fit

Top-5 Sk [Los Angeles Lakers], [Charlotte Bobcats]
Michael I. Jordan
Top-5 i work, paper, University, research, maximum
YoH University of California, Berkeley], [Machine learning],
Rank-1 381 Top-5 SEfA : [Co%puter Science], [Artifigi]al[intelligence], o
[American Statistical Association]

Top-5 i Group, math, theory, Heisenberg, mathematical

Rank-2 = /it Top-5 5 1k [common logarithm], [record chart], [matrix (mathematics)]

[Markov process], [e (mathematical constant)]

Rank-1|Top-5 2 7~ Al = i £ K 10 25 181 43 A1 6 12 22 8 1 M S5 A 2 1 A 1 3] LA B SEAR. 53 40, o6 T g 5 mf
B, k8 ) i 4 SR [ )35 . %26 7] LA :Michael Jordan F1 Michael 1. Jordan P54 Sz 44 Mt % J5t v 1)
TR I [ 1] R0 S AR A T I 2 S, ELER S X AN S AR 35 B ) 1) 0% R XA P CE B AR SO T AN [ SE Ak
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U AR [F) ¥ S F0 40 A (B W F T, LA B M TE ST 2 T ot SRS 308 A7 e R 9 4 05 1 B itk T A
6 ZHRIE

BT S A e (R 4R 4 DA R iy 44 SR 1R AT AR () T S R AT R BBE, AR SCHR R T R R R R
X i 4 S HEAT TR ST B IR BB DR BETE T 28 S B 1 SE AR BE B ME S TRl IR I 00 DR 2 2 R P 4 v R IR
S8 BB AT R S S PR B S0 SR W A SO Y 1Y iy A4 SR BE R HE SRR 0 B Lyt S DL S A, XA
T ECELAT A S v 0 BB A A L e e AR SO T I ) 2% S 401 1) SO SR REAT T A B B

SR, A ST R ¥ SO BT EAT SRAT — 5 10 =) BR AL, 9] 2 1 5 5030 o 5 0 S AR BEAT 25 08 SURRYE ; 53 81,
S R SR H H AR > BRI A, T BE I AN BE A AR g b A2 i 44 S A5 ) 5 45 A IR 10 6 AL A 10 i . DR e AR R
TAE R PR R SLARY R T i e b K B Pl L AR 3 A 202 53 4 5 3% 25 S BB v ) oy A4 SE A
T ST BOd R

BOSH ARG TRAT RO A S AR AR 2 5 ST L IR & . ARER P ) 2 o i
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