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Abstract: This paper addresses the problem of mining named entities from query logs. Previous work proposed a
seed-based framework to mine named entities from query logs by leveraging distribution similarity. However, this
framework works well when each named entity only belongs to one semantic class. In fact, named entities may often
belong to multiple classes. In this paper, we introduce a weakly-supervised topic model to resolve class ambiguity of named
entities by leveraging weak supervision from human. In this way we can greatly improve the effectiveness of the mining
framework. The experiment results show that our approach significantly outperforms the previous method.
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TSR, BHRIZHIRAUEM — N LR R EBREN KHIEEIEE BB AR, RE
XL A TAEAERRE K BAnE B REEEURFEATA EATe &g AR, Hd, AFEWAE
YEA—REERXAREENEEEIE R, B0 THIRISEAE E ENA NS . NEHHE
HRIRE R SR EAAMY AT LA B R SEAT A, T LIRS 888E. BRES OSSR
HIZEER . SO T3 REUEE M H B P E e B T EMEERR . EWHE Ptk
FHCHAAREEER, EWEE, DR Web RS HEEE ZHNAMR. SRR TE
W “the family stone”, T & LAISHMGERATLIAIE “the family stone” BIEF—IFHEY, &
RZE MR BB EEE R, REMERLE R LEFHE 2/ P EAFR.

LR o 2 A RBI T A B h AR, E40FIE-HENRRRE. ©
{0 BARES BN —TEER AR, DB TRENRE. B2 RN AREE K
BT ATIEESN . IR, PSSR ITEhIT RN A T e cisingl, a7 e,
g P P,

FEETERESERPINHRY (973) B8 ARSI EAETE (2004CB318109) 7 MEXREHARHREZETY (863)
WE “REXXMEAEDIHT (2007AA01Z441) 7 B,
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53R AEREIAR R, RPEWEEEREE (EERE 23 MDD, FAR
E:%FI*%E’J%&E B XARKER, BRSO ) ap 2 AR RAE AR AN R B B St 22 i
ko XEET R EENGL ST HEMTIA TERE THPE. BN RRERE B
AR —EMENSAEE, SRR TRNIMNR P EREEPZE® 2544, Pascal!
R T —FR A B\ P B H F RS 2SS ARNHEE T (Determ). {EEHEH
SREATEERSY, TR (Blarascis) FEmER (BIERLE 0. FlEa -, &
AT E Bnl TH—EM T (M2 /ERIRS, i Bt T HE RN,
SR A& W HE DI BRI T Fdr 2 S R TAER— DN =B M BB TAA 189
FERFEMER, R UMTRANE T HE/MESCERIN A BEBEINE R ML, st
AR BEMNBE T 2B XA, toln, #1748 SE4% “harry potter”, £ 251 “barry potter poster”
th¥g182 “harry potter” IXEHE; TR EW “harry potter author” 35782 “harry potter”
AN, XFFERZERIERIME 5 Determ 77 1A% SCAAHMEY A PE RESZ B T IR M.
Kk, AN 2SR ANENE, BRET AETHHEFETRENGETESE
FEZE. FDeterm7iAARMEL, AR A TR S AR, ETRTFERARAIEE RN HE
BHE 172N E XSRSk A R R BT T B 5 I N — 15548 Emimzﬁi
RE BN EKRNE AR S0, RIFHAFR T 672 STHRBSE RIS X B P E R S B AL,
RRBAEFEACTMD! (Correlated Topic Model) HI—/MiT4E, FRASESBAERERIWSCTM
(Weak-Supervised Correlated Topic ModeD) . {B;2, ARIT#HILIEFFI FICTMAER!, WSCTM
ATUFF DB N TARER 2 L4551 SEBE BRI TE Y, NG R 5145k
EREE——X5 . B ZEBAR R M, FRATTRT LUE it v B ARSI T HIRR A0
SF, M EIFHbZ IR A B S0, v
TEXERFRIERSD, BAOBMETRE—EIFERT IR 1500 T&ELH - EWESE,
BT AN TARE T OBk, RgR5HE SIEEEE, FRRRIMIEE CF WMLt
B, KW RRARNIF stz iitige LB E R T 2R,

CREZENSERIFLELS

—IIRET IS FIERUER )y 2 SEIASIRIESR. A — A BRI ﬁ?@%‘JTﬁéﬁ‘f’Fﬁ
ﬂ’ﬁzﬁﬁ w42 5K, 2 ST SRR B AT M AP ) E A A B ARSI F
&, TREMAREEAAREIR. BI85 2 SSASESE T L A = B
(1) EHREFE—Mar A EHERRT, AT TIIRER. ZER6H 4 STAEEM
BTEAER, BRI Fia AT RNERR—ASE L5, thindg2scEk
“ American pie” FIRFMNE T “Movie” 1 “Music” FANA. XB, BT 652 LA TARE,
TAREST A P&, 7 B RFRE B R a2 S, iR T AR LAER] AR 8T
Q) XA T o 2 SEARRBUEN R S0, ARE *Jﬁggﬁéﬁﬁﬁiﬂéijﬁﬁﬁi
BARRY, SMENMFFHEEE, BITEDRHEANEWESE, WERFSSEG2LANRE,
Eif). FUT Determ77i%, X BB BRI EAMEL S, 8 AR EREIR . BI04 4 5544 “harry
portter”, XTFZEH “harry portter poster”, AHRNFIZBARE “# poster”. BITH A 1Z A2 LM
FTIAEBWEIR, BEIEG2THIRRIE. AT UGEE R —ERERER I, KA
Fix BE WA USSR R m”. B EEAE TR REFE GBI “hary
portter” B, 43512 “harry potter review” F1 “harry potter author”, NIABRN FIHAEE
A “|)7, DRIR “#review” F1 “#author”, XFE, MEEMTORLE, BORHENER
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HE, ILERIMNARR RS, FABRINRIGE. SIGET RS MR, BEAH
it Y R i 44 SERRIARIEAR B AR A 2R S RIFRESS B SRE KB HR R 551 S5 R ARk
F, EERNTAT USRS RS T BRI R AR

(3) FREURILA RS, FERASAMUBE T ke R g 2. BE Bk
BT 1A 4 SEAR RO B VIR Vo BAR B, 18 T A B0 H RS DL ACERER 1 d 42 SEAR K
FANRHEAIA . A RTHY BRSNS BRI EERIRR ARG, Bt E R
AR RIS A 42 SCARR R SRS (8] RO AR DUBE HE B A 45 SR, SRIEHE B AR T i 44 52
.
EEBATEARR T BT 5578 SR BHE R R i % ST IEIESE, B PIEE 5545 SANE R
HRRREE S B KR B AT, REFHARIR T a2 SEARIISAAERINE, ISR ATARALL
BETHE IR B AR i dr A sh ik, BOMEREEAR, HP @M 255 EAEL.

3 HEEE

X5, BAME RN ASS T RS, TR AR DA RBOEEER (CTM) B
VR BAMERHCRE, FEalstisias T, 35 (BMEED ZUEsRE, Fil “Book”
“Music” 5, AMLHEBBERE BRI RIER BIRA0) SEFIERNEE—FF
FREBBRAAE. &R, 26K CM 2 MaslEEHER, TRmMREFRISENICTS E
EEZ [EXFr. Bk, AMRE T 5548 FREGEER (WSCTMD, BIFMMFHEE.
WNER BIETES], FRREE T H R.

3. 1 KEXIERRAREY
AT M ERBI A HRBOEBHEE, EFRELR — i BURERAS, SR e
RO R E A —EERRAER, BMERRERTNE EH— 0. CIMEERIIE
BUERILDAV R FIR ISR, AAXT TLDAMEE!, CTMEAILGREAFRERY [MHXBER, &
Il e AR
LREAM AN IREABRNES D= (w,..,w,} FEELZE K MEE, FEF M ETLUHA
8 N MRS RE R 0= (w,...,)  ECTMH, SORES 2 sFAEE S0 o A BRI T
()Draw 7 ~ N, (4,%)
(2)Foreachofthe N words
(2) Draw topic assignment z_~ Multinomial(f(1))+ p(z|n) = exp{n"z—log(d, ;e"' )}
(b) Draw word w, ~ Mu[tinomial(ﬂz;'), [ isa kxV matrx.
BENIREAMERESERNEIR. A58y, SHE, OERERMEINT:

Pl .= [ota| X [0z, 11pe 12, B M
BJE, BHTE X ERMEEEAER, BT LGRS S SR T
PP L, p)= ﬁ IP(% {45, Z)(Il[Zp(z,, {mplw,, | 2,4, BN, @
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p 29
%:0

n z w N

M

B 1 CTM HEERIFR

3.2 SEIESLELARIAREL

RIS L LEERES T, S TOALRNER S EHE & — BB AL,
XEE E AT LRI IS SEVENS TR . WSCTMRHEIESH AR, KON EEBIER
BIETR, #nE B r R X 545 R AT B iE R

XEEATRAR Ry = {y,..., v, ) FRTNERECEIARERR, HP K FonEEE, ok
BURT 1B, o MEUEAL, FUA0. BATELEIEEHAKCIM, BE—ETIHESH
FREMEBAEE] (WSCTMD, SREARAE T RARRERIAEE S . RS04 BArR e o
T

Ow,y) = L(w)+ pR(y) 3 .

Hep REFSE, L(w) RIAERIXTEAIAR £(w) =log p(w| 1%, f) FE AL LHHE
1B 2(y)

7e(y)=§y,-p(c.. |w) @
e I

TARIRURT 301 MEE, RN 2 WEERL, BNH0. KETE SR B ARREUEm, ATLIAEE]

B SOREN B BARREITT
D, D)=LD)+ pRD) ©)

= glogp(wd | ﬂszsﬁ)+ p:é:zlyﬁp(cd lwd)
AR (5) F, BATEIEEDHNCIM, 4T WSCIMK Birgs. BRI
£(0) EEEFEMERBENGE, »() ARERIEIERD METEMN A RNEEH
. BIESH p FOR SRR SRR TEE . X p FT0, WSCTMIBLACTM.

3.3 BEIESEIT
X RATE B WSCTM BBl WSCTM S Bk i B R ST S5
s A AR (5, B}, BRI RIS RA TR

(71 /I,E)I__[ Pz, \mpw, |2, Bx) ©6)

p(nz|w, 1,2, By ) = N
[P . 2XTT X Pz, ImPC, | 2, B))dn

mE CTM, ZAXRETHE. B, RMNXAZ 2 HE & KM (Vadational
Expectation-Maximization) 7RG TTE4L.
AR Jensen AR SR A L B AR BT T 57
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log p(w | u, %, B) + pR(y) 2 E llog p(n | 1, Z)]+ Z E,[log p(z, |7)] )

+ 3B llog p(w, |2,, A1+ H(@) + B[ RW)]
HWREETREENRS 2 g KK H(q) TR AANINE .
Ul v | o Vi ¢.N)—H g(1 1 2,v; )H g(z, 14,) ®)

BfS, £ E (338 4, &ﬂ]%j(ﬂ:/\‘tﬂ)ikiﬁﬂﬁg A, viHlg. XEB, BALK
PSR TS, BTERERM BARRERR NS ZESSEEFTREWT:

~ X
8., < exp{d; + %y.-}/ﬁ’,-,w, =Y exp(4, +v}/2)
i=1

dl[dA=-2"(A-p)+ i ik — (N /S exp(A4 +v2/2)
dljav=-3,[2- N/22_::xp(/1,. +v2[2)+1/23?
M G 2H, BARAUAXGHKRIERS Y u 20 . FIASENERL
AT
heXom  wepi E=p Sl -i

LEBEATEAAE T WSCTM B S0 2. FATAT LRSI ZREF R WSCTM A T 3T
HEEEL . TRIMIZFS CTM WTUIEFHER, RTEEXEAEERL

4 LWERRES

BAMEE TR A~ i FBRS ENESTA P EHEEE, B SERRBIrRN T ERER
. L, BA15 08 KDeterm T Tt Determ B ikRIEA B, BESNHLEHR
BT, BES MR TAra M T ira ST EER AR, 1RSSR A
WA E S HETT, B TR AR SR HER SO SR BT R B M A5 2 [ B
B R G A2 SLtE. EXE, WSCIMKIEESH p EHN.

4.1 KIORURE

AR AR %%ﬁﬁ%@.ﬁT 15007 %2 P EREEE, XEEEHERN— I A
BESERENLRATS 2. SEAREE 76,623 96 IR RISA A i, AP EHEFIEE 2423
ANFCRIE, XB, AREEEAAREAAMLE, TEEBEIIRERER—HF.

ALIH, BABEERTI0MARRE LR SHEMTERE, SEERT FERERE
S, HPaEGATERAIFIZESPEE S RN ERHRIZER], i “Location”, “Person”
F“Food” %%, 5N T —EhEARXT AN H92E5], tbinsk B “Entertainment” §) “Movie”, “Music”
1 “Game”. XTFXEKF], BIINARFIPEEKET 150N, XEMEaES
Amazon (www.amazon.com), GameSpot (www.gamespot.com) FlLyrics (www.lyrics.com) %%,
BATBE T3NMFRERIREXE G, SHREA - AL, KARENTZRE
8 LR (B T2 NARFRE T MRS ER) . HPa3 147 a 2 ST R R
HET BN (HREEHI20.7%), N “lord of the rings” [EIET “Movie” 1 “Game”.

AR P EAIRE R FIH B TR, B4 LT & L BIBERAImAR (=
12.5%), HAHAH| “Book” FEEHATAFI HHERFEK (60.6%), 2K “Software” H153E
Al Zj&%@?ﬁtt%ﬁi/'\ (12.5%). Wb, KRRFMLEHNESE (ELMA T ET
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) BAMRE, HAF “Movie” F “Book”, “Movie” Fl “Game” BFTRFIMNEBRES (=24%).
XFFEERF, AELFaRZPENERR, T/ENSEFMELREHERHIIE. thinhg
“Harry Potter” #i2HRILZ PELRBEN, TR EBIXSGmFIER T L5

4.2 FhaE

AT BRI AT, XEBERINNAESZISER M Determ TIERNER, K5 S EGT
250, RIEIBIT A TIRHI BT TR B4 2k i A REE5 T 2 RIRED, *t
BT ZRAM S R S HIE Atrue, BNNHE Sfalse. FIb, AT HIRERAMERYE, A7
FETESE T3IMFFAERBIH, S ERA—RHIEEE, XAREN T RfEmZx
ERAKVINER (B TF2MARHARMSREFESR). 2T HRA TN ERSEEEE, &
MIRFRINAG R RP@NKE BN ER T S EER MRS, P@NR RS IR MIBHIN
ANgE R A AW Atruef) SEFIET 5 HLER.

4.3 KWERRHEHS T

KA LHEFARREREBIEFER, BENWAE (Our) SDeterm HiEAAHER . LRERE
wmRIFTR. WARIFTLLEH, EFEERHNT, BIOTTEFEREP@NEMT (Bi&TF) Determ
i, FABRNTENP@20TFEMERZ (0.912) HXDeterm 5 EHIP@250FHHERZ (0.799)
BERET14.1% (FEITEEHP<0.0D. HSh, DetermFVEKVEFHZEP@NFEL EENKIE NG
BIREE, TIRNMTTEFF=ERNEREN ERERS .. FERIEHMZ, XT35) “Location”
F “Company”, WM FEFRZINGREIEET GENTEMGREED, XFReREHIEH
“Location” 1 “Company” T &L NNEW E T XAEEFE, MAXLEENH L FCH%
AT E MR BAR, BIIn2E% “Location” FRIEHHELR “# daily news”. “map of #” %&%.

XERABE—Z T T R T E R ES E A SR N RE, XFEERH TR
FEETE R E AN SRKTARE, EIERI AT R BRI E AR . R2HE
H T BRATH M Determ 7 HEFTETHIS KA F RIS M EEAR  (RIB-&255) T R L)
MEMKRZVPEEISS, BRTEBRXERER TS . ANR2TTUREMEH, Determ 5%+,
ZHF T RIS SRR PR L RN EMER, k5] “Book” RIEE2MEAR
“# movie”. X ZE A Determ 75 ABE T 12 LARRIZERE SUHE, R B TFEH “Book” 5
“Movie” ir SN AR LT CEEITIATF “Book” KHIT; SR, FRMNWIGE
, BHTERGE LA ST, FEEI5 T B 30 % S B IR .

F1 BRI T RHEP@NR

B P@25 P@s0 P@100 P@150 P@250
Our Determ Qur Determ Our Determ Our Determ Our Determ

Movie 1.00 1.00 1.00 0.98 1.00 0.90 0.98 0.87 095 079 |
Book 1.00 1.00 1.00 1.00 0.99 0954 0.97 090 0.96 0.82
Game 1.00 1.00 1.00 1.00 0.98 0.96 0.96 0.93 0.94 0.85
Music 0.96 0.92 094 0.90 0.93 0.82 091 0.75 0.90 0.69
Software 0.96 0.96 0.96 0.90 0.93 0.90 091 0.85 0.87 0.79
Location 1.00 1.00 1.00 1.00 0.99 0.99 0.98 0.97 098 0.96
Food 0.96 0.88 0.92 0.86 0.90 0.80 0.88 0.80 0.86 0.78
Company 1.00 0.96 1.00 0.96 0.98 0.96 0.98 0.96 0.98 0.95
Animal 0.96 0.84 0.92 0.76 0.86 0.69 0.84 0.64 0.78 0.58 —
Person 0.96 0.96 0.96 0.96 0.96 0.96 092" 087 | 0% 0.78
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R2 BRFIFRISNEERX

Movie _ Book Game Music Software
Our Determ Our Determ Our Determ Our Determ Our Degerm
# movie # movie # book # book # cheats # cheats # Iyrics # tyrics # download | # download
# the movie #themovie |#summary| #movie |#walkthrough| #movie Iyrics to # Iyﬁcs to# | download# | download#
# trailer # trailer #books | # summary | # cheat codes | # walkthrough | # soundtrack | lyrics# free # free #
#soundtrack | #soundtrack | #quotes | # quotes # game # games # song lyrics |#soundirack| # downloads | # downloads
movie # # pictures fireview | #books # games # toys Jyrics # # quotes # updates windows #
Location Food y Animal Person
Our Determ Ow | Determ ‘Our Determ Our Determ Our Determ
# daily news # movie #recipes | #recipes | #computers | # computers # pictures # pictures #movies #movies
# news map of # # salad # salad # support # support # list # list # biography | # biography
# lottery # daily news # diet # diet # laptops # laptops # breeds # breeds # quotes # quotes
city of # # news grilled# | #grilled # parts # parts # sex # recipes # pictures # pictures
map of # # lottery # salad # recipe # financial # dealers # names #shoes | pictures of # | pictures of #
5 4t

HEWHERARERAFKEWTARER, HPEEFEERFR. AT X AAMEE

WHEPHLLENZERAR. SXATEN a2 STEAR, ArEEEREE HFEE
HRERGRE . BHCETE a2 SRR e E A RO A BIEH L. XaETH
FERRGEEASERTTARE TR B, Ar EhidE A a — S E R t.
FHERFT, A EREETRMNET SR 236RE T — 555 RIEBURE I A LS
TAESR, ZAESE TR — 5578 T A BUREAR AR # S B B WARIR A0, 1RIFHEAR IR
T ARSI EE, RN SES AR mARLIE, RERIZENARNE. XERFELSE
WIAE T BATFEREME. T —PRAIMERRIZEE RN RE w2 LA R HRN .
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