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Word Sense Disambiguation with Graph Model Based on Domain Knowledge

LU Wen-Peng" 2 HUANG He-Yan'! WU Hao!

Abstract Whether domain knowledge is fully utilized would impact the performance of word sense disambiguation
(WSD) on a specific domain. A WSD method with graph model based on domain knowledge is proposed in the paper.
The method makes full use of domain knowledge: first, the keywords related with target text domain are collected as
text domain knowledge, and domain annotations of each sense of target ambiguous word are obtained as sense domain
knowledge; second, a disambiguation graph is constructed with text domain knowledge and sentence context words; thirdly,
the disambiguation graph is adjusted based on sense domain knowledge; finally, the sense nodes in the graph are scored
with an improved evaluation method to judge the right sense. This WSD method effectively integrates domain knowledge
with graph model. Evaluation is performed on Koeling dataset. Compared with similar methods, the WSD method yields

state-of-the-art performance. Besides, multiple graph evaluation models are improved and compared in detail.
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PN VR B a J T SR e 3] SO BT VA I RE,
J§ R AN Y T AR R 1)

B LR 2 2 BV BB, IRANAZ S O SR
R N AE SR AL SRR R, S Jm DL T 3 TR AT BLRE 18
i (Similarity measure). &5 1E L H K (Struc-
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SIRENR, A SCHE L MR K

BRI 1. A T3 A R S, B SR i) IE A I L
5 SCT] T Je8 SO 1R SCAS A s e THURE A e, B O A
i) S SCn] T Je SRS 1R SCAR U SR I 1] 1 IR B
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FH SRR R 71 05 1) v e 1] SORR 8 &5 ROBEA TV,
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(10 SR PR R A v ) ) SCAE Ry I A 1] S
.
2.4 U EIIRAYZREL
2.4.1 LA IR AIIREL

Reddy %121, Stevenson 2510 SR % HUISR St
T, BRECS H bR S AT 2% D OC AR R 404 O Bt
i, BT TR A RCR. A SR ESR L (Log
likelihood ratio, LLR) 1k il 5 Sl 4 V)R FE 1K)

f B X fy ;

TR R — %

TEHT R PR

R RETE w 5 IORUS D AR L, sE
X~ 24

1) a = freq(w, D), B 1E w, HJE T4k
D [ SCRS ) AL

2) b = freq(w,*) — a, WEWE w, HAET
U DRSO R

3) ¢ = freq(x, D) — a, J& T D, (HAZ i
W w SO )R

4)d=N—a—b—c, MACLTHE w XARE
TR DRSO IR S

5) N, B2 AL 5 1) 4 SORS (1) s K

AHAUSA L LLR Wi (1) oF5E0

LLR(w, D) = 2[log L(p,a,a + b) +
IOgL(pQ,C,C—f—d) - IOgL(p7 a,a+ b) -

log L(p,c,c+ d)] (1)
/\I:P’
log L(p, k,n) = klog(p) + (n — k) log(1 — p),
_a _c B a—+c
e Ty T i P bt et d
log(0) =0

VAT AR I LLR 5, ¥4k LLR B
FFHEL; B top- K AN AL 1R SCA USRI
P AR D I SCAATISAT A,

R TR .

FRIL
1A

AR S m
I S A Lo i —] Babemea() Tan f—ewax/
T
e PR o ~ v
AT AR L T I 4

WordNct
Domain

1 BE T e R I 3] SV VR I S AR AE 22
Fig.1 Framework of WSD method with graph model based on domain knowledge
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2.4.2 18 X FIR AIFREL training an athlete or a team), 1&1E T HLAK )

WordNet Domain & WordNet 5[ [A] XA 4
BABEAT T AT AR E R 0T AN i SO, B
N1 WordNet Domain A AR, BI1S Hm S A0
WA,

2.5 tEHEE

AL LA BabelNet {1 k#4625 K B HcHis. Ba-
belNet 10744 WordNet [14x38 [F] S i £, FH4b 7
T Wikipedia 25 B OB, 5 5.5 M M
24 7 WordNet 5 Wikipedia 5 Xk %, Hbfy
% 26 Ff' WordNet K% . 2 ' WordNet Glosses %
%+ 1 A Wikipedia 7¢ &%, BabelNet 135 i X
MR Sl XOGFR, i B R R Pt TR 4 1 ¢
.

TH 5 ] P e s G A o B P I T () SO
gha) FIl () OORBEIGR). A 4 i 5 B 1 i 4
POEREA) TR SCRE BT I 19 XA AE R T B
Bl R &6 . S TR 1, DA B N R e A )
TV RE 7, AR SCOK 05 SCIR] T S SRS AR 1 SC AR A
SRR AN b S| v Bk I 1R ) AR, R [RAE R
T I ME S 45 58 A BabelNet, < $RAE & 45
R BAEAE B ] SOORIBEOC R, A I B v ().

il 40, XF T Sports &I A H (1) f) F “The
coach of the team has left Shanghai by ship”, H
tH, ship #n 5 Shanghai#n 24 ¥ 3 id, coach #n,
team # n, leave # v KB SCiR]. A7 & Y[ 1) 1
IR TEAE AT B BT ST, R BabelNet 4% H
BB i 2 B (DS T e R, BT IR P
A ORI AR A0 . 5 25 A v s T 2 A T
rEEAR). WA A SIS S N R A
2 T AW, coach # n ) LI A coach # n#5 (a
vehicle carrying many passengers; used for pub-
lic transport; “he always rode the bus to work”),
leave # v ) ST R Sy leave # v#5, team # n ) X I
ok team # n# 1. AR, coach #n 1) 1a] XA WTES 2.

B 5 Sports 4 Ik ) 3T A 8 458 ¢ B ] 4 ath-
lete #n, football #n, training # n, & K A4
R 1] b5 0 ) ] 1 AL R A oA 9 s B 3, R
BabelNet fg Hy &, sl 3 pros (R s )
AR AR, S5 2 AR, SR 3 K T2
B E R Ay). B3 AL, SCAR A O I ]
N, BB T coach #n # 1 45 SR AE
B, M & S ORI, coach # n 1 I
M4 coach #n# 1 ((sports) someone in charge of

F R SCIREE PR E
2.6 HEHEE

WA Gale Z50°, Magnini 251, McCarthy
2000 K Jin SRR (A SCHIE AT, X R AR S
A 03 S ] SO AR IS 0 B A, B e ) Tk
P ST 1T S I DA DG i . T
s 2, AN 1] AR SCAR A ) AH S 1) ]
g mUR RIS R AT TR AL,

2.6.1 GUBAXERFIE

X 1) LA g SCAR AR 1) A A DG R, AR S
1B T 2R 51 30O i A ELAF B (Point-wise mu-
tual information, PMI) Skit8. & 7 1H 500 A
dy 53CARAE, dy 11 PMI, & X~ 340

1) a = freq(dy, do), BEWIE di, dy KEEFH
Gl R E

2) b= freq(dy), B dy REFHERT T
H

3) ¢ = freq(ds), B dy REEFIIHERTIHE
e

4) N, H I L) E (A SO — AN BRI
(N = 10") VB4 B W 504,

mAEAE R PMI A i U6
N xa
bxc

PMI(d,,d;) = (2)
A WAE Google 5SS OC B 14 R 1

B, VAN IO PMI A B T2 BE T

AR R S 5 D) AR S R A3anT

2.6.2 SHEEHFE

T SRR ] SR ] SR -5 B SC ] BT A SCAS 1Y)
SUAATUSA I RE J s UIAHOR I, BT 2, RSN
N %] SCINE Ay s SRR A 224 1 S AS R PR D8 32 1) 3L
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Fig.2 Knowledge graph built with context words in ambiguous sentence
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Fig.3 Knowledge graph built on keywords related with text domain and context words in ambiguous sentence (Part)
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Fig.4 FEffectiveness comparison of evaluation methods with different interpolation parameters
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Table 1  Effectiveness comparison of our method and

other methods (%)

Systems BNC Sports Finance
MF'S 34.9 19.6 37.1
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AR AR 7. I AR AU TR 98I T AR SR A K TR
DSCRE R o AR 1) SO I AR X — H R s B RT AT R
B

4) Xt BNC #idls 1) 5280 25 5, SIPLOIW Jj ik
e, H ko PPRank-context, 2 J& A DOIW. X}



2848 H ]|

¥ {1

40 %

T BNC #ffs, B4 HIE W5 R, A SCRAM 78
AN SCA AR IR, oA X 7 8¢ A A Ao T3
e SR0M, T BabelNet Z0UZER) SIPLOIW Jivk
M DOIW J5iEA 7 AT T 55 1 % A5 3 4. 1F
M4 7 WordNet Al Wikipedia [f) BabelNet 41
PR R 2T BabelNet AR 77750043
EARRCR G TAT RIS A

5) %J Lt Sports 1 Finance 403k Z04 1 52 56 25
R, AR DOIW A1 SIPLOIW J5i£34 8 2 AR
THARSCHR VA, e UE W] T A SR R 2.
AR L) BabelNet A RIIRPE, 456 SCA U
PN SO R RURE) S O BT B, ) P g
45 ) BEAT VP23 ASRAT A 1] ORI 807 7202 D) S T
1T
3.3.3 MMRIRAYIEIESIE

2.3 TR T, SR IXPTAMEBE, A
SCISCAS AT ORI 7 1 0 SCAS RN IR, 555 A
PR S I B SRR, T e S 9 B T AR 3] STk
P 5 05 SCAR] SRS AT R AR DG A, 631 15 P kAT
B TRARX M I IR TR, A S R S
3 N B

1) NoTextDomainWords (NTDW): i% i 4
RUAE R A B P R AN R ] SO ORI ] (3
AR ) AU FH B SCRR bR SO AR A AR T
R

2) NoSenseDomainAdjust (NSDA): % B
PR AN 1425 FE b SCm] f) ] SCARAR A (3] SCATUR n
W) 5 ORI A S, AN P B B 24T 0 R
.

3) NoTextDomainWordsSenseDomainAdjust
(ND): i B R ER 5 1 R Ph A A A 7 7]
FISCAIU AR, AR AN AL ] LU TR,

STAERTIASER T, SIPLOIW #1 DOIW J7¥2%:
WA T B A R BCROR . A SORE X Fb 5 32 v T
X3 P, GRS AMECR I IR YE, IFOPA SCAR
SR R RUR ] ST T IR T A IO . 5 e i 7>
B 5 FE 6 Fros.

& 5 A& 6 7T LA, M Koeling s 4 1)
A B (AL) W g%, I SIPLOIW Al
DOTIW J5ik ) 3 AN B I ORI WL T B AN
AT AR AT AN IR K ND BB (1 201 R B IX 10 %
it N3 AT HER4E (BNC. Sports. Finance) W
SCHIE, BNC H 45 9 950 S 491 R A YA AT 45 8K
FIAR, BRI BRI 5205 Sports #di 4k L,
SIPLOIW £ NTDW #8452 4 0 HH A0 s il

R %, DOIW BRIME Al £ MH 2
Finance MR IM S All L5643

SRR TR, IX 3 Py 7 A0 3 A TR IR T SR TR )
TH BRI T A SR H AR MRS R s . I iE
T AR S HR PR P A BT () T A

Iy — ‘ ‘ ‘
[C—ISIPLOTW
[CSIPLOTW_NTDW ]
[C_ISIPLOTW_NSDA

60 || I SIPLOIW ND _

55F

50}

45|

40

All BNC Sports Finance
5 KA B ) SIPLOIW J7 i sk Rxt L
Fig.5 Effectiveness comparison of SIPLOIW

method with different models

()5% T T T ‘
C__Iporw —
CIDOIW NTDW
__IDOIW NSDA

6O} EERDOIW ND

55b -

50

45|

o

Spolrcs Fin;ance
6 SEHAFEEBAEL DOIW Jid R H
Fig.6 Effectiveness comparison of DOIW

method with different models

All BNC

4 Beh

AR SCHE T e 56 A0k S R 1 e AR TR ] S
W V8. R TTUE TSy R AR AR AN R R R (R A A
B AR e A3 R B S, S R O AL AR S v
(197715 H s Al WA 4 SCAR I O I TA] A Ky SCAR
ANV ) FH A s O B ) 5 8 SR 1R ) 1
T3, SRR R S, K HlE WordNet Do-
main B SCIR] 1) 25N 1] SCIRER TR] SCAIsR v, 7R 0
i) SCAR U R 1] A AR A s A SRS A
SR DIRE RS, v B AT A S, R ot
(VT 53 70, X6 ¥ 0 P v ) 45 A 1] S e 1 i 2



12 81

JRESTI S BT AU R ) PR 3] S 773

2849

FEREATVE Sy, IRV 43 i (W 45 m A by E A i) S
A R AT A TR S B R RN
TR BRI ()30 0% ), {E Koeling $iia 4k I, Mg
T IR P S A I BOSOR. Ak, A SO0 2 8
BRI PE oy IR AT O, HAE T VR4 LU, A%
B T O PR R B

AT IR 4 Sl R SCAR A TR 3] S 4
Sl 6 VRURA) S O R A i ol P PR A 2R 4] SO By ik
Ay THT 16 45 52 4088 11 ) ST 5 0) T 40038 1 R PR 422 i )
AL T — AN AT IR R J7 5. AR SO RS P 43
DRI EEIF 0t T R EWE 5T TAR IR B — 52 1)
HUME. BATF — S0 TAEE MWL T LA 7 i
170 1) ARSI IR AR 7R S R
A () A, SCAS AT G T 1] 5 b A0 1) % )R
b S A 5 s SR 2 ) () B X 9
BAT P 2) 2R ok BabelNet 45 (1) %
G R M i, S50 H4l K, BabelNet £ 7511
Wikipedia [f18] SCOCHR BUi FEA & 3) RIEHE A
S0 PR BB PE 3 AL, 0 — 20 32 9 PSS 28 110 7 5 v
715 4) TR EA T HSCA IR 1 71,
% 3.3.3 TR EIKE, SIPLOIW /£ NTDW
IR b 20 S ST S AT 42 v, T RE A DR Sports [ 40K
ERUSEL N E S

References

1 Navigli R. Word sense disambiguation: a survey. ACM Com-
puting Surveys, 2009, 41(2): 1011—-1069

2 Liu Yu-Peng, Li Sheng, Zhao Tie-Jun. System combination
based on WSD using WordNet. Acta Automatica Sinica,
2010, 36(11): 1575—1580
(XIS, 22, B, 35+ WordNet 1] U R Geil A, A3l
fh2#4R, 2010, 36(11): 1575—1580)

3 Lu Zhi-Mao, Liu Ting, Li Sheng. The research progress
of statistical word sense disambiguation. Acta Electronica
Sinica, 2006, 34(2): 333—343
(a0, X, 24 Gevh i SCI BRI FUIE g, T2 AR, 20086,
34(2): 333—343)

4 Wang Bo, Yang Mu-Yun, Li Sheng, Zhao Tie-Jun. Evalua-
tion of all-words WSD for Chinese in machine translation.
Acta Automatica Sinica, 2008, 34(5): 535—541
(BT, Wikie, 225, BERZE. ThaSCa iy BAE L B RSP Rk
REVEIN. B 3hik2#4l, 2008, 34(5): 535—541)

5 Wang Rui-Qin, Kong Fan-Sheng. Research on unsuper-
vised word sense disambiguation. Journal of Software, 2009,
20(8): 2138—2152
(EHGEE, FLENE. JoM B W s RF ST, 3 pE243R, 2009, 20(8):
2138—2152)

6 Lu Zhi-Mao, Liu Ting, Li Sheng. Full-words automatic word
sense tagging based on unsupervised learning algorithm.
Acta Automatica Sinica, 2006, 32(2): 228—236

10

11

12

13

14

15

16

17

(5%, XUHE, A, T e R SR 5 o 14 S0 SCH B ARTE 7
B HEEEH, 2006, 32(2): 228—236)

Agirre E, de Lacalle O L, Soroa A. Knowledge-based WSD
and specific domains: performing better than generic super-
vised WSD. In: Proceedings of the 2009 International Joint
Conference on Artificial Intelligence 2009. Pasadena, USA:
Morgan Kaufmann Publishers Inc, 2009. 1501—1506

Magnini B, Strapparava C, Pezzulo G, Gliozzo A. The role
of domain information in word sense disambiguation. Natu-
ral Language Engineering, 2002, 8(4): 359—373

Navigli R, Ponzetto S P. BabelNet: the automatic construc-
tion, evaluation and application of a wide-coverage multi-
lingual semantic network. Artificial Intelligence, 2012, 193:
217—250

Stevenson M, Agirre E, Soroa A. Exploiting domain in-
formation for word sense disambiguation of medical doc-
uments. Journal of the American Medical Informatics Asso-
ciation, 2011, 19(2): 235—240

Agirre E, de Lacalle O L, Fellbaum C, Hsieh S K, Tesconi
M, Monachini M, Vossen P, Seqers R. SemEval-2010 task
17: all-words word sense disambiguation on a specific do-
main. In: Proceedings of the 2009 NAACL HLT Workshop
on Semantic Evaluations: Recent Achievements and Future
Directions. Boulder, Colorado: Association for Computa-
tional Linguistics, 2009. 123—128

Agirre E, Soroa A. Personalizing PageRank for word sense
disambiguation. In: Proceedings of the 12th Conference of
the European Chapter of the ACL. Stroudsburg: Associa-
tion for Computational Linguistics, 2009. 33—41

Mihalcea R, Tarau P, Figa E. PageRank on semantic net-
works, with application to word sense disambiguation. In:
Proceedings of the 20th International Conference on Com-
putational Linguistics (COLING 2004). Stroudsburg: As-
sociation for Computational Linguistics, 2004. Article no.
1126, DOI: 10.3115/1220355.1220517

Koeling R, Macarthy D, Carroll J. Domain-specific sense
distributions and predominant sense acquisition. In: Pro-
ceedings of the 2005 Human Language Technology Con-
ference and Conference on Empirical Methods in Natural
Language Processing (HLT/EMNLP). Stroudsburg: Asso-
ciation for Computational Linguistics, 2005. 419—426

Gale W A, Church K W, Yarowsky D. One sense per
discourse. In: Proceedings of the 4th DARPA Workshop
on Speech and Natural Language Processing. Stroudsburg,
USA: Association for Computational Linguistics, 1992. 233
—237

McCarthy D, Koeling R, Weeds J, Carroll J. Unsupervised
acquisition of predominant word senses. Computational Lin-
guistics, 2007, 33(4): 553—590

Agirre E, de Lacalle O L. Supervised domain adaption for
WSD. In: Proceedings of the 12th Conference of the Euro-
pean Chapter of the ACL. Athens, Greece: Association for
Computational Linguistics, 2009. 42—50



2850 H ]|

e

=3 {1

40 %

18

19

20

21

22

23

24

25

Chan Y S, Ng H T. Domain adaptation with active learn-
ing for word sense disambiguation. In: Proceedings of the
45th Annual Meeting of the Association of Computational
Linguistics. Prague, Czech Republic: Association for Com-
putational Linguistics, 2007. 49—56

Zhong Z, Ng H T, Chan Y S. Word sense disambiguation
using OntoNotes: an empirical study. In: Proceedings of the
2008 Conference on Empirical Methods in Natural Language
Processing. Stoudsburg, PA: Association for Computational
Linguistics, 2008. 1002—1010

Aitor S, Eneko A, Oier L L, Monica M, Jessie L, Shu K H.
Kyoto: an integrated system for specific domain WSD. In:
Proceedings of the 5th International Workshop on Seman-
tic Evaluation. Uppsala, Sweden: Association for Computa-
tional Linguistics, 2010. 417—420

Reddy S, Inumella A, McCarthy D, Stevenson M. IIITH:
domain specific word sense disambiguation. In: Proceedings
of the 5th International Workshop on Semantic Evaluation.
Stoudsburg, PA: Association for Computational Linguistics,
2010. 387—391

Galley M, McKeown K. Improving word sense disambigua-
tion in lexical chaining. In: Proceedings of the 18th Inter-
national Joint Conference on Artificial Intelligence (IJCAI
2003). San Francisco, CA: Morgan Kaufmann Publishers
Inc., 2003. 1486—1488

Chen Wen-Liang, Zhu Jing-Bo, Zhu Mu-Hua, Yao Tian-
Shun. Text representation using domain dictionary. Journal
of Computer Research and Development, 2005, 42(12): 2155
—2160

(BR3Css, A, RAAE, BRI He TGk i Ji 1) SCARRHIE R R,
B S K, 2005, 42(12): 2155—2160)

Jin P, McCarthy D, Koeling R, Carroll J. Estimating and ex-
ploiting the entropy of sense distributions. In: Proceedings
of Human Language Technologies: The 2009 Annual Confer-
ence of the North American Chapter of the Association for
Computational Linguistics. Boulder, Colorado: Association
for Computational Linguistics, 2009. 233—236

Liu Peng-Yuan, Zhao Tie-Jun. Unsupervised translation dis-
ambiguation based on Web indirect association of bilingual

word. Journal of Software, 2010, 21(4): 575—585
(UM, BB 7. BT RUEAAIL Web [R]HCIR 1 045 59 S0 5.
AR, 2010, 21(4): 575—585)

26 Navigli R, Lapata M. An experimental study of graph con-
nectivity for unsupervised word sense disambiguation. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2010, 32(4): 678—692

FESCHE b mtHE TR A v Sl e
WL, 508 TR E B e Bd%. &
TERIFFUIT 1) 4y i) S B A SCHEAF 1R
E-mail: luwpeng@bit.edu.cn

(LU Wen-Peng Ph.D. candidate at
the School of Computer Science and
Technology, Beijing Institute of Tech-

nology and associate professor at the School of Science,

Qilu University of Technology. His main research interest

is word sense disambiguation. Corresponding author of this

paper.)

EROE: B N2 € b2 1/
T3 1k B AR AL, HLAS R

E-mail: hhy63@bit.edu.cn
(HUANG He-Yan
Beijing Institute of Technology. Her re-

Professor at

search interest covers natural language
processing and machine translation.)

R R AL HE TR ENLA B A
FFCA. BRI G5 ) oy 8 SCRHARL B o
. E-mail: wuhao123@bit.edu.cn

(WU Hao Ph.D. candidate at the
School of Computer Science and Tech-
nology, Beijing Institute of Technology.
His main research interest is semantic

similarity computation.)



