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Word Semantic Similarity Measurement Based on Evidence Theory

WANG Jun-Hua® %3 ZUO Xiang-Lin''? ZUO Wan-Li' 2

Abstract Measuring semantic similarity between words is a classical and hot problem in nature language processing,
the achievement of which has great impact on many applications such as word sense disambiguation, machine translation,
ontology mapping, computational linguistics, etc. This paper proposes a novel approach to measure words semantic
similarity by combining evidence theory with knowledge base. Firstly, we extract evidences based on WordNet; secondly,
we analyze the reasonableness of the extracted evidence using scatter plot; thirdly, we generate basic probability assignment
by statistics and piecewise linear interpolation technique; fourthly, we obtain global basic probability assignment by
integrating evidence conflict resolution, importance distribution, and D-S combination rules; finally, we quantify word
semantic similarity. On data set R&G(65), we conducted experiment through 5-fold cross validation, and the correlation
of our experimental results with human judgment was 0.912, with 0.4 % improvements over existing best practice P&S,
7% ~13% improvements over classical methods (reLHS. distJC. simLC. simL, simR); the experimental results based
on M&C(30) and WordSim353 were also good with correlations being 0.915 and 0.941. The operational efficiency of
our method is as good as classical methods’, showing that using evidence theory to measure word semantic similarity is

reasonable and effective.
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Fig.1 Word Semantic similarity modeling

R B V8 A 52 SO HE S S R AR 5 22
[A] K] ——XF W SCAR, TId 51N HE A A 20 L ol 2 X
AHEMAFIE R Z 5, JFH D-S & B A
DU 2 SORBEH5 A o0 BT A SR IEAE AT R 4L
ASSCER 1 AT 0 A T SCHAUE Rk,
HI AR R AL 55 2 A 2 RUIAE R L BEARE AT 2 L
BRE . R R R B T SCRMLLE P R Y.

1 BiRXHEHEREE N

Wk FCR S TAER LLE H, i T
SR 75 2 R LS BE S A SR . X2 T
N B B RN VR T 2 T3R5 EOC R AR ABL A 1) X
YRR . ST, A SO R B IR S R B I R
fith b SCEpL R B 255 R, IRl R&EGE?
HG R0 FH #5003 o SCRHABLA: B4 X 53 B
MR BE S IR & R B AR A2 A0 & B Ao & M
T, HAEME & A0 NS AR KR 1 SRl b S,

EX 1. 8 EMIKRE (HG). /£ WordNet
o MRS TR BN AR B A S R A =T 80 %,
M&E BN RRERE HG=(V,E,r) (WK
2). Hrh, V ISR E NV EMTIORR
R, oA L



6 4 R BT RS BV AR SR i SCALLRE 5 1175
Whole #2 _ .
LW = ,Join Ly, (1)
Artifact #] DW:Dht| min Lht (2)
h<n,t<m

Americana #1 Instrumentality #3 Block #1

Conveyance #3 ~ Ceramic #1 Container #1
Dollyl1#2 - Vehicle #1
Dodgem #1 Wheeled vehicle #1 . Bag#l

2 WS ETFACRE (JRED)
Fig.2 Concept hyponymy graph (Part)

EX 2 (BEREE). S AP P =
(v, V2, -+ ,0,), P RS R vy B v, MBS ERAE,
ERERVE E(vl, vir1) (0 <@ < mn) BT

EX 3 (BERSERERKE). CAEET A v 2 v,
MM 72 P = (vo, v1, U, --+, vp), W P K
K n, WA Lp=n.

EX 4 (iﬁ%ﬁ*"—"' E). CAMEET S v for
B v MRS P = (1, v, v, -+, v), WK

v PREEE XA P H‘Jﬁﬁ, WA D, = Lp.

EX 5 (BESTEEER). E%M‘E}EA Houis v
Koo 5 vy AT A A EMS T A v, ¥ v 3
v Mo 2] vy FERBKITE P 5 Py E’JﬁfZ*ﬂ%X
Mo 5 v ‘ZI‘ETJE’JEE%_ L(vy, vp). FE MRS fE

L AS N

EX 6 (iﬂi‘lﬂﬁ%’ (LW)). 7 L ik R K
RS B0 Y. — AN B2 AR, B B 0
X AN Bl 2 SRR, FRATTHE HORE Y. 16 B A
0 R IR B g MR A 1 A B SO T ] ) TR B
2.

EX T (BRIFEXRE (DW). Huial X R
LT I 18] A R 2 o) B R ) R A % T e e B
18 A FEAH ST s R YT R R B MR N IR e
BAT R AR 2T A B — 1

BT L6 F T, Ly PRAE R P ] R
BEnTE L WordNet A I8 L3k, 45 ¢ Hiid]
wy N wy, ATE LA B ERGATHRE LW 1 DW.
1) 53 BERAFS wy F wy BT o SO B R A& 7 471
Ci= (011, Ci2, * Cln) A Cy = (021, Cog, « sz)

Hort o 02wy XL, moJ2 wy TR L 2) 3K
ﬁ Cy F1 Cy H &M ¢ ) WordNet T 5K HE
BHAETY P = (py, pyy o0y Dy)s HH K z‘?:’lﬁ%/z\
c_emphij ] WordNet 17 i FIMES K22 3) 4
TS 1 B cop MBS IFIL KKK Ly, ﬂ]
PAE B A LA SENT SUPIREE Dy 4) JIG & L
/I%E% K e IME R 25 B X FE S LW, (]I %0

I 1) 2 FEAH 5815 R VR FE IRAEL 45 SR ] NS DW

PAVE X R&G Fidi 211 65 X 511 55 T Word-
Net1.6 73 5l K U 7 & %F #3619 LW Fl DW {H
(W52 1). #EH WordNet1.6 f& T WordNet [F)
i WA I B T B 3R] woodland, M i UG V25 3R 15 HR
i X} shore-woodland. cemetery-woodland. bird-
woodland. hill-woodland #1 forest-woodland )4
fiE. Word ZIEHRId% T R&G BREERT 65 X HLin],
S HIECAR AL S T AR IR N AR AR AR BEAA,
LW HEHE 3% 7 AH Y Bam] 6] 1R BRI, DW 41
EE I s T AH DY BRI FRER BERFALE

#1 R&G Hllite
Table 1 R&G data set
Word S LW DW
cord-smile 0.02 12 0
noon-string 0.04 30 0
rooster-voyage 0.04 30 0
fruit-furnace 0.05 6 2
autograph-shore 0.06 30 0
automobile-wizard 0.11 11 0
mound-stove 0.14 6 2
grin-implement 0.18 30 0
asylum-fruit 0.19 6 2
asylum-monk 0.39 10 0
graveyard-madhouse 0.42 12 1
glass-magician 0.44 8 0
boy-rooster 0.44 11 1
cushion-jewel 0.45 6 2
monk-slave 0.57 4 2
asylum-cemetery 0.79 9 1
coast-forest 0.85 6 1
grin-lad 0.88 30 0
shore-woodland 0.9 5 1
monk-oracle 0.91 7 2
boy-sage 0.96 5 2
automobile-cushion 0.97 7 3
mound-shore 0.97 4 3
lad-wizard 0.99 4 2
forest-graveyard 1 7 1
food-rooster 1.09 12 0
cemetery-woodland 1.18 7 1
shore-voyage 1.22 30 0
bird-woodland 1.24 7 1
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Table 1 (continued) R&G data set

Word S LW DW
coast-hill 1.26 4 3
furnace-implement 1.37 5 2
crane-rooster 1.41 7 5
hill-woodland 1.48 5 1
journey-car 1.55 30 0
cemetery-mound 1.69 8 1
glass-jewel 1.78 7 2
magician-oracle 1.82 2 4
crane-implement 2.37 4 3
lad-brother 2.41 4 2
sage-wizard 2.46 5 2
oracle-sage 2.61 7 2
bird-cock 2.63 1 5
bird-crane 2.63 3 5
food-fruit 2.69 4 3
brother-monk 2.74 1 5
asylum-madhouse 3.04 1 7
furnace-stove 3.11 2 2
magician-wizard 3.21 0 4
hill-mound 3.29 0 7
cord-string 3.41 1 4
glass-tumbler 3.45 1 5
serf-slave 3.46 3 3
grin-smile 3.46 0 7
journey-voyage 3.58 1 5
autograph-signature 3.59 1 5
coast-shore 3.6 1 4
forest-woodland 3.65 0 3
tool-implement 3.66 1 4
cock-rooster 3.68 0 9
boy-lad 3.82 1 4
cushion-pillow 3.84 1 4
cemetery-graveyard 3.88 0 6
car-automobile 3.92 0 7
gem-jewel 3.94 0 6
midday-noon 3.94 0 7
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Fig.3 Scatter plot for word pair feature analyzing
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TIARAH A, 3K — 520 gt W M R IR A e Fe o
AR A UEE LW R DW 43 BCAS [ A o 5 55
IR AN TRV R 4 % T 8 8 A 3] v SCAHARLE (1) 5% 1) Ay
1) FIHIEAF BRI mow—i(A4)]0 < i < 12
U mpw=;(A)]|0 < j < 16 (AT HREAE L2 L of
oL fs) BREARRE (WAL NRE R IE
£2) BT A B () 0 SCARARLBE. i T e AR EE AL
5 B T IRTREAE, A0 B R o B AR N I REAE LW =14
M DW=j &5 A 57 1 BB miw—.(A)
B ompw=; (A) I8 1% 518 %5 (19 38 SCAH LR
EH (mow=iU)xmpw=;(U))/ (1=mpw=i(U)x
mDW:j(N) - mLW:i(N) X mDW:j(U)), b eYiiEs)
BATE] 0 (R 1 SCARABLRE R 7R R ) R v=(vy,0q, -,
va) (n HAEARZD). 2) FHIEARGAT Bk E T
Empn—i(A)|0 < i < 12 FEEAE S PTf iA
X 10 T SCAHARLBE . 3 D) A AR 4 4k 25 5 1] ) 1 R
BRI, CHR R A B 0 R AR LW =i $EHUE A
fE AT A3 B R B mopw—i(A) R 1% 510 % 1 8 SCAH
UERRAE A mpw—i(U), ¥ B4 5 5 1 1 SCAR AL
B3R A ) U1:<U11,U12, T, Uln>~ 3) ) FH 2
AAGAT I BE R E T TEmpw—;(A)[0 < j < 16 =
FE A HE Hp BT A B 1] G (1) 18 SCRHARLBE. i g FF A 4R
S A5 H T O R R R A, AR R 1A 6 R R
fE DW = j REGEARAE A7 BL R 2 mpw—;(4),
NG % AR 1 AL RAE A mpw—;(U), ¥
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JITAT B30 6 1R U SCARARLE 27 b 1) B o= (va1, 00,
cUg,). 4) WELEYE LW R DW kT R
SRS L 6,=1—(v-0v1)/(|v] x |vy]) FI
dp=1—(v-vy)/(|v] X |va|). 5) #Hi 6, Fl 6p BEFAE
5 LW 1 DW 551 5 1 i SOMALLEE () o} 1
RN = 0,/0,40p) Ml Ap = 6p/(6,40p).

2.2.3 EEIA%E

X2 AR RGeS LW = ¢ fl DW =
gy BAMKIR IRl U 1) @RRE R Ry M5 B
R SRR el SR e, FRATTAE T B oR
I T AN B

1) V3R LW = ¢ fl DW = j Xl U 1)
SRR

myw—;(U) = A x (1 = Ry) X mpw=;(U) (15)
mpw—;(U) = Ap x (1 = Ry) x mpw—;(U) (16)

2) RS LW = i Al DW = j Xl N i)
SRR

Myw—;(N) = AL X (1 = Ry) x mrw=i(N) (17)
Mpw—;(N) = Ap x (1 = Ry) x mpw—;(N) (18)

3) thramil 0 WA U F N 8 RI1E BE 53
Begh RAHESE 0, FoRghie & U Fl N Hi— iy
B, AHANREA & AW — AN dr i, B 4518 58 A e .
AU LW = @ 1 DW = § Xl 0 (152 Fife
JiE:

mpw—i(©) =1 =Y A(l = Ru)mpw=i(A)

A£0
(19)
Mmpy—;(0) =1 - Z Ap(1 = Ry)mpw=;(A)
A£0
(20)

2.24 BPA &

FAMEH D-S & EFRNAIESE LW = f1 DW
= j LIS AR R L W46 25 e o 230 8 )5 1)
mpw=i(A) A mpw—,;(A) BATIEAS IS 5 S ILUEH
ARG, AR AR LR m(A).

EX 9 (D-SE&E A MBI, 5 15 1 5 HE 48
0 FHIPIANIUES By M Ey, AN 15 A A5 4T
%Qﬂ@i&ﬁ my %l] mao, Efﬁﬁ‘%’]ﬁ Ai %l] Bj, 1&
K=Y A,NB;=¢ mi(A;)mz(B;) < 1, Wl D-S &

WD)

T & , AF9o (21)
0, A=¢

2 1/(1 — K) A IENALE 7

D-S A SR A2 s B3 156 25 A FH 1 — N ).
2558 JUAN ) — TR BIHE SR b LT [RIIEFE (115 AT B 2L
WX JUREIE P A R 58 A vh 210 (K <1), IAamtnr
AR D-S A BB vk 55— AN s AT s 4, 1M
TXAMEAT: o Fowh T AVE D 78 38 LREIE 55 1 156 7
R4 RS B R m(A). I EAEH] D-S &
BFNERAFUESS LW =4 f1 DW =] BA1EH N4
(142 Ja A5 FE pR 2L m(A) 17, AP UEUES LW =1
M DW=j AZ5EAMEEN.

2598 1. FEHE LW =i fl DW=j @ RE1TFE
FERIBIAE 7 BE R mpw—i(A) B mpw—;(A) W2 5%
K < 1.

K= mpw=i(U) X mpw=;(N)+
mpw=i(N) x mDsz(U);
X0 < mpw—;(N) <1 H 0<mpw—;(U)<1;
S K < mpw=i(U) + mpw=(N);
Xompw=i(U) + mpw=i(N) = 1;
LK<

56 2. W LW=i 1 DW=j @754
FEE BRI AA 70 e R AL 2 A5 B AL IS 1) mopw—i(A) F
mpw=;(A) i e 5 K < 1.

K = mpw—y(U) x mpw—;(N)+

mpw—i(N) X mDsz(U);
N0 < mpw—j(N) <1 H 0< mpw—;(U) <1,
K <mpw =i(U)+mpw =i(N);
NMmpw—=i(U) + mpw—i(N) < 1;
LK<l

e B uE R G, fEH D-S & A
RAFUEYE LW=i Al DW=j G AEH T /=&
(¥ 4> Jm 15 B2 iR B m(A) 78 B R b2 A AT .
AL BWMT: 1) HENKKE T o =
1/(I=mpw=i(U) x mpw=; (N)—mpw=i(N) X
mpw—;(U)); 2) WHIEH LW=i f1 DW=j %t
il U ISR m(U)=a x (mpw=(U) x
Mmpw=; (U)+mpw=i(U) x mpw=;(0) +mrw=i( ©)
x mpw—;(U)); 3) IHUEH LW =i 1 DW = j
Xl N RS A E m(N)=a x(mpw—; (N) X



1180 A /A A%
mDW:j(N) + mLW:i(N) X mDW:j(G) + mLW:i(H) 4. (>\L, )\D) — computeRI((LW, DW, 1})*, m*);
X mpwey(N)); 4) WA LW=i 11 DW=j %t fr 5. Riy —computePD(m");
0 (B2 S EE m(0)=axmpw—i(8) X mpw—,(0). 6. (i)  computeFeature(uws, w2):
e R o 7. Ry «—getPD(LW =i, DW=j, R}));
2.3 BIAEXHEUEEESE 8. (miw=i(A),mpw=;(A))—

BATLLUEYE LW =i F1 DW=j Xfafs U Kk
HAERE m(U)y BARRZ S I EE R, LUEYE
LW=i 1 DW=j Xl N [WEAEE m(N)y =
b F ] 25 S AN TR S, TIESE LW =i fl DW=j
XA 0 BIEEAAEE m( @), WAL AN 215 B .
W bSO, N B AT SCRMALLEE A e, 4T
X FLE| R TE S Ak, IEANIT T3 2 B A R SRS ]
R AR AT RS FRVREAE BRI LE L f, FRAT
W BT T SUMARLEE S $RASE 0 R :

m(U)ij + m(C;))ij

m(U)i; +m(N)i; +m(0),

o, g o3 R BRI wy B wy B LW R DW
1H.

iR 3. Sim(wy, wa) = m(U)y+m(0);/2. &
X (22) WAz, 1M m(U)y+m(N)y +m(0);=1, Pt
LL Sim(wy, we)= m(U);4m(6);/2.

i 4. FE SCRIALZ BA X FRIE. KO &=
t Sim(wy, wy) A Sim(w,, wi) HILL LW=i
DW=j JuF#&ur4 & sk 43, B Sim(wy, ws)
=m(U);4+m(0);/2 H Sim(ws, wi) =m(U);+
m(0);/2, FTEL Sim(wy, wa)=Sim(wy, wy).

gr LIRSy By, He TR BEAG 5 5] 1 SCH
BLRE: 5, A I R AR AR5 AT 0 T pR B 3R
FHIEHE LW=i(0<i < 12) fl DW=j (0 < j < 16)
XA AE AT E, JEONRFAE LW M DWW 73 i
AN A s AR 5 ) T BE A A AT 20 T e BB SR
LW=i (0 <i<12) M DW=j (0 <j < 16) %
B U Wn BRRERE; B, A as € 5 wy 1 ws WK
UELHURAE LW A1 DW « i JUR e B AN S A5 AT 50
PC PRI, K A i A R B R b R T R A A AT
I MCRREL, A BEEAS AT 20 e s B AL R AR] wq A
wy FTE SR, DA WS Simp_s.

:‘éﬁiiﬁ 1. SimD_s.

BN B wr, we; FEAEHREE

. Sim

1. For i=1ton

(LW, DW )«—computeFeature(ws,w:2);
End for

2. For i =0 to 12

m Lw=i(A)—computeBPA((LW, DW, v)*, LW =1);
End for

3. For 7=0 to 16

mpw=; (A)—computeBPA((LW, DW, v)x, DW=j);
End for

Sim(wy, we) = (22)

getBPA(LW =i, DW=j, m™);

9. If Ry >0.5 then
mLW:i(A)HadjustBPA(mLW:i<A), RU, )\L);
mpw=;(A)—adjustBPA (mpw=;(4), Ru, Ap);

End if
10. m(A)«—synthesisBPA(mrw=i(A), mpw=;(4));
11. Sim—m (U)4+m(6)s/2;
12. Return Sim

3 XRELERSH

THT 1) SR 3] 1 SOARARLE S8 it 2 A AIFIEN DR 4 H
T ATHRFEHE4E. Rubenstein 1 Goodenouth T
1965 “EZEHL T 65 XFHuid ok B 51 AN#RH A
ARHEBAT N R, 224 AR R B — A 0
B 4 WAEAE A B A Y S T SR AL Y
HIE LR, 0 FoR LK, 4 Fork “R X7, KR
P 4E R&G. Miller 2565 F 1991 44 R&G ##s
LT[R 30 X6F H 4] (1 8 SCAHACLRE TR A v, SR 5k
P M&C, vt g B R&G FriF AL (R AH S B A
0.97. Resnik® T 1995 X} M&C ¥ 4 (1) fr
A BT PR SOREACLE B BbyE, A 45 S M&C
FRUEE A SSBEh 0.96. %o PirrélY T 2009 4F
X R&G Al 4 T 14 A B i 6] () 38 SCARBLRE F 08
PRy, bR g5 A R&G FRVE(E AR 0 0.97. LA
R BRI 1 40 2 A AT B T SORAL
FERA G b geE, B4k R&G 1E 2 f il i SUAH
ABLE JiE 12 1) 6 o BB 4 2 B B AU, B 4R 1
SRR BLR _LO0S S 6 45 IG5 m AN K, A T S AF
Hh s I X — S FRATTAE R ] R&G Bl 4R 3047 X6 bl sz
56 20 T 0 TR) B 45t S AE B 4 M&C B sE 56
il %8R| R&G HIREA K, FATINTE H i 4R
WordSim3535¢ _F k47 T S8 50 #r.

HEHEEE R&G L, FATHAT 5 H728 EHIE, £f
AEEE R&G 0 5 AN FHREARLE, —AN sl
()T REAS SR AR B3 1 0 B AE AR R 5, Hof 4 A
TREARERIFE N INGE, TXBIFEE 5 X,
AT REAREIGAUE— IR, 5 IRAE K AIE [ S 56 45 5L 0L
*£ 2~ 6, Sample FE P Ky WA FEA, R&G 71
i b R&G N TARIEEAL, Simp_g 515 Je 532
Simp_g ML R, fEEHRE M&C I, FA 134T
3 YA MIGAE, FEARZHEE M&C #rEk 3 AT
FEARLE, — A BB T FEAEE O] B 1 g 50 T A 1Y
(A, S 2 N TFRERBERIIFEE N IZREE, 28 X5
WEES 3 K, AN TAEARERIE X, 3 KA XERAE
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(PS5 R ILK 7~ 2 9, Sample F114 4 b il
A, M&C 51 EdE K M&C N ThriFEAE, Simp_s 41
w2 HE Simp_s MEALS R, 8% Word-
Sim353 -, H T H.iA live. eat. earning. defeating
F Maradona ¥ B 44 1dl ia X, I B & FE AR
stock-live, Maradona-football, drink-eat, investor-
earning, fighting-defeating, FATHEHL T 60 MEEA
M MAAREAS, 288 MAEA R IIGRAEA (briE {8 3fe LA
0.4 ¥ H i [0, 10] B2 [0, 4]), LH 455 W4k 10,
Sample FE A WIAFEA, WS F15 40 N ThriE
i, Simp_g FNEHEFEFE Simp_g HEALEEHE.

2 THALMERLER (R&G)
Table 2  Results of Sample 1 (R&G)

Word R&G Simp_g
glass-magician 0.44 0.0363
asylum-cemetery 0.79 0.0613
coast-forest 0.85 0.0166
monk-oracle 0.91 0.1782
lad-wizard 0.99 0.2240
forest-graveyard 1 0.1314
journey-car 1.55 0.0136
cemetery-mound 1.69 0.0941
crane-implement 2.37 0.4355
oracle-sage 2.61 0.1782
autograph-signature 3.59 0.9218
car-automobile 3.92 0.9748
midday-noon 3.94 0.9748

®3 OTHEA 2 TR (R&G)
Table 3 Results of Sample 2 (R&G)

‘Word R&G Simp_s
automobile-wizard 0.11 0.0196
grin-implement 0.18 0.0264
asylum-monk 0.39 0.0286
graveyard-madhouse 0.42 0.0562
grin-lad 0.88 0.0264
boy-sage 0.96 0.1572
cemetery-woodland 1.18 0.1543
glass-jewel 1.78 0.1739
sage-wizard 2.46 0.1572
food-fruit 2.69 0.3835
journey-voyage 3.58 0.9134
coast-shore 3.6 0.9523
tool-implement 3.66 0.9523

X4 THA3HERLR (R&EG)
Table 4 Results of Sample 3 (R&G)

Word R&G Simp_s
rooster-voyage 0.04 0.0341
autograph-shore 0.06 0.0341
asylum-fruit 0.19 0.0463
monk-slave 0.57 0.2968
bird-woodland 1.24 0.1486
coast-hill 1.26 0.5600
magician-oracle 1.82 0.9819
bird-crane 2.63 0.9366
asylum-madhouse 3.04 0.9844
furnace-stove 3.11 0.7460
glass-tumbler 3.45 0.9328
cock-rooster 3.68 0.9925
gem-jewel 3.94 0.9968

®5OTHA 4 FERER (REG)
Table 5  Results of Sample 4 (R&G)

Word R&G Simp_s
cord-smile 0.02 0.0204
mound-stove 0.14 0.0491
boy-rooster 0.44 0.0094
cushion-jewel 0.45 0.0491
mound-shore 0.97 0.4304
shore-voyage 1.22 0.0204
hill-woodland 1.48 0.1569
lad-brother 2.41 0.2517
bird-cock 2.63 0.9416
cord-string 3.41 0.9622
grin-smile 3.46 0.9896
forest-woodland 3.65 0.9335
boy-lad 3.82 0.9622

F6 THAS MERLEE (R&G)
Table 6  Results of Sample 5 (R&G)

Word R&G Simp_s
noon-string 0.04 0.0216
fruit-furnace 0.05 0.0565
shore-woodland 0.9 0.1891
automobile-cushion 0.97 0.4080
food-rooster 1.09 0.0216
furnace-implement 1.37 0.2670
crane-rooster 1.41 0.6875
brother-monk 2.74 0.9576
magician-wizard 3.21 0.9861
hill-mound 3.29 0.9929
serf-slave 3.46 0.6986
cushion-pillow 3.84 0.9630
cemetery-graveyard 3.88 0.9991
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T OTFA 1 HLRRLER (M&C)
Table 7 Results of Sample 1 (M&C)

10 JET WordSim353 [ 5Lu 45 5
Table 10  Results based on WordSim353

Word M&C Simp_gs
cord-smile 0.13 0.0074
coast-forest 0.42 0.0562
lad-wizard 0.42 0.3360
lad-brother 1.66 0.3360
crane-implement 1.68 0.3692
journey-car 1.16 0.0074
monk-oracle 1.1 0.1955
brother-monk 2.82 0.9795
bird-cock 3.05 0.9795
magician-wizard 3.5 0.9889

RS THEA 2 FSIRLE R (M&C)
Table 8 Results of Sample 2 (M&C)

Word M&C Simp_gs
rooster-voyage 0.08 0.0263
glass-magician 0.11 0.0446

monk-slave 0.55 0.2121
coast-hill 0.87 0.5231
tool-implement 2.95 0.9790
bird-crane 2.97 0.8460
asylum-madhouse 3.61 0.9961
boy-lad 3.76 0.9790
midday-noon 3.42 0.9987
furnace-stove 3.11 0.4584

R OTHA 3 ERER (M&C)
Table 9 Results of Sample 3 (M&C)

Word M&C Simp_s
noon-string 0.08 0.0130
shore-woodland 0.63 0.0254
forest-graveyard 0.84 0.0426
food-fruit 3.08 0.1406
journey-voyage 3.84 0.9224
car-automobile 3.92 0.9789
cemetery-woodland 0.95 0.0426
food-rooster 0.89 0.0130
gem-jewel 3.84 0.9642
coast-shore 3.7 0.9604

Word WS Simp_s
coast-hill 4.38 0.48
lad-brother 4.46 0.48
image-surface 4.56 0.56
peace-plan 4.75 0.52
space-chemistry 4.88 0.54
journal-association 4.97 0.55
doctor-personnel 5 0.55
death-inmate 5.03 0.5
energy-laboratory 5.09 0.52
impartiality-interest 5.16 0.54
doctor-liability 5.19 0.55
death-row 5.25 0.5
exhibit-memorabilia 5.31 0.53
glass-metal 5.56 0.49
OPEC-country 5.63 0.62
money-laundering 5.65 0.58
lobster-wine 5.7 0.52
planet-people 5.75 0.56
journey-car 5.85 0.62
deployment-withdrawal 5.88 0.61
reason-criterion 5.91 0.57
energy-crisis 5.94 0.57
grocery-money 5.94 0.62
game-round 5.97 0.57
shower-flood 6.03 0.57
bread-butter 6.19 0.65
skin-eye 6.22 0.61
disaster-area 6.25 0.6
train-car 6.31 0.67
shower-thunderstorm 6.31 0.69
oil-stock 6.34 0.6
governor-office 6.34 0.59
gender-equality 6.41 0.49
street-place 6.44 0.61
government-crisis 6.56 0.62
fertility-egg 6.69 0.59
cup-tableware 6.85 0.76
tiger-mammal 6.85 0.68
game-defeat 6.97 0.62
doctor-nurse 7 0.72
summer-drought 7.16 0.65
bird-crane 7.38 0.72
book-library 7.46 0.76
day-dawn 7.53 0.76
money-property 7.57 0.76
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Table 10 (Continued) Results based on WordSim353
Word WS Simp_s

rock-jazz 7.59 0.81
boxing-round 7.61 0.69
money-deposit 7.73 0.86
cell-phone 7.81 0.81
liquid-water 7.89 0.81
news-report 8.16 0.85
money-wealth 8.27 0.85
murder-manslaughter 8.53 0.9
king-queen 8.58 0.94
asylum-madhouse 8.87 0.89
street-avenue 8.88 0.85
car-automobile 8.94 0.98
gem-jewel 8.96 0.94
type-kind 8.97 0.89
football-soccer 9.03 0.94

K 2~ 6 W LLEH, X T AN TARE AL
BARIIFEAR, 8% Simp_g 45 HIAUZE D,
N TARFEABUBE R i (R AR, 53k Simp_s 4
AL IR, FaA | R&G ARvEML/NT 1 [EE
A, BHE Simp_g 45 HIAHRLEEE 25 /T 0.25, 11
R&G bRy E KT 3 BIFEA, 8% Simp_ s 45 AR
WU 2 KT 0.75; H 2 M7y brid: w22 5K P FE
A, Simp_g HWAPHEGE, W cemetery-woodland
11 R&G FRyFAE 1.18, reLHS. simL fl simR HIArvE
fH#E 0, Simp_g 8 0.1543; M TARIEEL KL%

HEg AR A KN TTE, Simp_s I I1% BPA
AT RO IR S, B AU N S 4 T AR
LR e SR, UEHEAZ IR TS 72 I ZRER S B, 1R X
W OB SE &, Simp_g FFBRIT AR T A
WA . % TR Simp_g i RS 1 L
FRACLEE (L (R EUE VS L [0, 1], M4 R&G A
AR ] T SCRIBURE A U S A [0, 4], BL B
P W SE Simp_g MINABUE S R&G ARit
HAABRYEE.

T EMH RIS Simp_g 25 AL
BN TARMEER SO, AL R&G A0 1AL
b Simp_g 4 WAL S PR, EEXFR 2~ 3K
6 s>l a4 HoA BB A A KR
HSEES 1~ 5 . 5 AN S o A K
R L, BIBR T D E U SRR, 2RS4 H
2 b B A e R B A X, BTk,
% Simp_g 4 AL 5 N TRRE A A G
i, B 4 FTUACE HSES 2 1B i b, RN
HORE RIS

PAE— DA Simp_s 5 MALEZE S A
TAREM R&G M&C F WS [ 2%, BLE B
ST Simp_s AR, FHOC R BOE M A BEAL
AR (R AR OGRS (R 4R AR, BLCL vz Hh B 1
BEE RS A AHOCREL (r) e Lk (23) Jr
N, BUETEE R [—1, 1], 7> 0 R X ALY 1EHISE,
r<0 Xm X MY G, [r| ERRX MY Z
ARG RE B (R . kM, r=1 FRAW X R Y 5%
AEME, r=—1 A4 X MY 5882 0HHK, r=0

1.2 1.0 : 1:2
1.0f . ® 08} 1.0f
0.8f o6} »os-
20.6f 2 Lo0.6f
= S04t 5
3 0.4+ A A4}
0.2F : 02r 0.2}
. ?
ooF * % . 0.0F Lo 0.0k
0 1 2 3 4 5 0 2 3 4 0 1 2 3 4 5
R&G R&G R&G
1.2 12
1.0F Fl 1.0F « * 2
0.8} 0.8}
20.6fF 20.61
S =
“ 041 3041
02} 02}
00F : oof %
0 1 2 3 4 5 0 1 2 3 4 5
R&G R&G

K4 sema REos e
Fig.4 Scatter plots of example results
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B X FUY ARG W |r) KT 0.8 I, Al X 0.95
0912 0915

ALY A RGRI LA A

S0 - )% -
\/i_igxi—w\/i_il(y

BT R&G M5 R XL K1
o gk 5 N T bR vE A A O R EUIK IR N
0.913. 0.914. 0.908. 0.913 1 0.912. T s
JE 5 YA IR S, PSR IRATTH 5 RS 13134
FHORZREL 0.912 1E 2T 4L R&G X Simp_s
PS5 3. 483 0.913. 0.914. 0.908. 0.913 A
0.912 15 2, HAHA A 0.0000044, 3 BH % f vk A
HAR SR A SN BE ), MERERR E. AN, T
A M&C 11 3 IRAS XSG IR AH ¢ R AR KA
0.922. 0.912 1 0.911, ~FAH= 2Bl 0.915; T
4 4 WordSim353 A RECH 0.941. L 4L
P 0 7R B A 1) B AR R N S 5 R AN ok, HL
ARSI EAC BRI EE T IR 24

T 5L T 306 4R R&G(65) Mse i &5 SRy #r
(1) B 4 B R B AS T 0.908 A R4k, 11 5 A
SSRGS A S8 RBCYAME T 0.908, i DI Hb PR T
SN 3 HEUF R A AN, A 4 R E T
I U A, R LA B AR SO U7 v S R T R 4R
R&G(65) il 556 25 S or A i oAb U7 3% [2, 9, 12,
13, 14, 16, 18, 20] (WKl 5), Simp_g I SE% 25
B A B 7k P&S HIS 45 R 0.4 %, 1M
M T & 8% reLHS. distJC. simLC. simL
simR AME i 7% 2 W&t 13%. 54, J5ik
reLHS. distJC. simLC. simL il simR Fll P&S 7&
i de M&C 115250 25 RIK T A SO 77 7:AE
otk M&C Esesh g i (WK 6). e, T
a4 WordSim353 [ Spearman Rank #H2¢ R %L
S 0.9117, 3 &1 30k [7) T T A I B ar g R
0.6094.

(23)
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Table 11  Comparison of computation time
T3 IS 1A] (s)
Leacock-Chodorow 0.48
Jiang-Conrath 0.50
Lin 0.50
SimD,s 0.49
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