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A Model for Calculating Semantic Relatedness of Words Considering
Semantic Relationship Graph

ZHANG Yang-Sen' ZHENG Jia! LI Jia-Yuan®

Abstract
usually focus on semantic similarity computation of words, not paying enough attention to the semantic relatedness

Word semantic computation is one of the important issues in nature language processing. Current studies

computation. For this reason, we present a word semantic relatedness calculation model based on semantic dictionary
and corpus. First of all, the semantic extraction rules are formulated with “HowNet” and corpus, and a large number
of semantic dependency relations are extracted based on these rules. Then, a semantic relationship graph is constructed
by storing the semantic relationship triplet tuple. At last, graph theory is used to process the semantic relation in the
semantic relationship graph and a semantic relatedness calculation model is designed by means of the semantic relationship
graph. Experimental results show that this method has a better performance in word semantic relatedness computation,
the Spearman rank correlation on the WordSimilarity-353 dataset being up to 0.5358, a significant efficiency improvement

of semantic relatedness computation of Chinese words.
Key words Semantic relatedness, semantic relationship graph, HowNet, dependency semantic relation, semantic simi-
larity
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Fig.1 The concept tree representation for “ring”
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Fig.3 The relationship between the quantity of semantic

connected path and semantic relatedness
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Sim(Sy, Se) = Z (/Bz H(Sim(pli,pzj))> (5)

i=1 j=1

Hr, 6,(1 < < 4) MRS E, 700 3ER
Si M Sy LR —BAFEAMPIE Sim(pir, par) . H
AR SFEAIELEE Sim(pra, pao) . K E SFEARUE
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Sim(pis, p2s) . KAEFFSHPUE Sim(pra, paa) HIFL
R, HW L (6) X A:

Br+Be+Ps+Bi=1 [1>02>03>0s (6)

,81' (’L = 17 27 374) H@m@ﬁ'%ﬂi’m] 057 027 0.17 %ﬂ
0.13. S RARMIEE TSN (7) Frs:

Sim(p1,p2) =
2 - o - min(dep(p:), dep(p2)) + A
Dist(p1,p2)? + 2 - o - min(dep(p1), dep(p2))

Horp, dep(pr), dep(pr) 4350 LI pr, po FIIREE,
Dist(pr,p2) N XFIEE, o NA[THESE, FR
2 SFEHARUEEZET 0.5 I SCR R B, X [RIFE A ml
FTHISEL, TR REARECE RN, o X HUE
SFARh 1.6 i 2.0,

3.3 ETIEBEXXZEMTEEXEXETE

AR SR TS AT 56 TR o 8 AR I Hh 2
AT A B BEAT AL B, M TR T SO AR Y 1]
VETE SO R BEVH SR, A da] i o SO R BE RT3
WA, A SCEEE AR PR AETE SR R
HR T SO AR ) B AN A 25 S R AR 1 I
BEXPIAIER, RIFESS E MANATE S, i id R 1&1iE
(38 Iy A9, i i SR AR P, A9 2 AR 4 1 S
M HACKH n ME AR RIE L (1 < i <n)
Jeis dlBad n ALy VR PSR TE AT SR

HUREI 3 W, 24 AN TR] T 2 I Y o ST
fesd R, HAE SO R JE AR/ AEASCH,
R ST AR K BERT I SO O BT SRR 3
[GlIF, S 707 SESARYSE B, ARV P AN TR IS SGE
WEARKERY o (o > 1) 15 SCEBEZ, HH
AR 1 ~ o (75 SCE T A2 73 51 T BUE 2 2K
B (1 <k < a). B, S50 SGEE KRR TR
BER By - Ly, Hp, ke [1,a],i € [1,n]. MZ5s E;
B B ZRIRYIAGE B AR SR L(E;, E;) W
A (8) BiR:

(7)

n

LELE) =Y (A L), 1<k<a ()
=1
[ I, 2% 30 i SO A 1) R RE B N 1
FH 5 BE R SR B0, S T iR e Y o SO A A
XoF i SO R 2, 52X (8) B NIBUE SCHEE A%
Bk LB, E,) WHOTRHFEGE, W1 (9) Fim:

L(E;, E;) = Z ((ﬁ(ﬁ@) L) . 1<k<a
(9)

i=1 k=1

2 (9) PR BRI T SCHE G AR K ROR
e SCE M HARR S T —EryH 2E M. HrhiE
T AR K RIRUE By, BBUEANSC (10) Prm:

1<k<a (10)

_l’_
v By B By Z R IIAGE L
N (11) fR:

LEE) = LEE) (1)

XTI B B By, WA K R B
I B R H A RS, AR 3.2 A KL
D), A8 R S SR R FE T SR, = (12) By
NG

Rel(E,, E;) {L E = E,
e iy 45 = log, (n+1) A .
log, (n+1)+L(E;,E;)’ E; # E;

(12)

AR ORI SO AR M B T A TR TR O R
PHARR, BRI R RA A 1 FR:

BiEl, ETEXXRRABENREEHEXET
=)=

BN, BEXRARE G, 1B SGEBE KA o, 15
SCFCLEE R A, 16E A, iFiE B

widi. iE A5 B 1B UHI 4 )E Rel(A, B)

] 1. WPEXXRE G, iHEiiE A, B
ML SHE G PRI AR KN T o BT84
BH n DAREKIEBBAENEKE Li(i € [1,n]), #
n >0 oi#F A= B, %5B5 2; {0, 7R LI% 3,

B 2. AKX (12) 8 A5 B R xE
Rel(A, B), $312058 9;

H 3. DA A AL, PAKIER o BB
T A N Y, AEREs s e A S,

PB4 FHK 1) B2 (7) IMELN B 54
& S AL SR, 58 S 5 B MHRE
BRHYEE S C;

HE|, 5. 4 B 5 C WHLE Sim(B,C) >
A WA (12) iH54m A 5 C M X E
Rel(A,C), N, i A 5 C WM XE Rel(A,C) =
0;

FE 6. FIHA (1) 155 Reli (A, B);

HBT. KL A ML5A B O, EE VRS
B3~ L6, i1E Relo(A, B);

HE 8. AKX 3) iHHEHE A5 B WX
JE;

HB® 9. REFEIE A S B WECHXE
Rel(A, B), 453,
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I SRBERSW
VB X RN M A R

FTHEE CNEH IR TR PR BUYE KR
FEFCXS O AH B, A SCS BESCHR [20] i (38
B, [RARE DA A BN L B v A (X 3
RPETOAT AT 3. FRATRF PR B 18 K R AT
P FTAFERE (L1 452 345 /) 1 H A5 B AL B
PEEUE Sk, MR T —A 2 x 452345 {5, 5
) B R AT DX PRI AL B, AR 4R B AT AS ] X )
Oy, A A BRI BRI X Bk
FERIR /N8 T BB ARG R . 480 ST 4%,
R EHE X [R]85 53k 60 S0y, T4 30 A4 B(E X S
K F PR B 1E A 1 W B A XA ROR. T
EIRATR A Matlab 5 2 x 452 345 BOAEREIH—1b K
—A~ 60 x 60 FHIFE, HRE P REAME R AR B
BRAT A X 07 F DX () 915 R P ) R A S 4k SR
Matlab £l 60 x 60 [0 % B oA AN &l 5 fr
IR, B PEEATE X % RIS RO A S5 R R & 6
7R,

4.1

BAF RS IHUE L AR R AT R

5 10 15 20 25 30 35 40 45 50 55 60

B 5 ARG LB B A1
Fig.5 The density matrix distribution figure between

mutual information and co-occurrence frequency

relatedness

WIIXFE 5. K 6 WAl i, 2% EE(E R 905
IF, HXF B % B AT T RN 5.51 %, T8 At 55 B A A A
A1 T 34 10 U LA AT i DX 4 . FRAT T o
{4 905 FAk Ky 5 A5 B ANEIIT AR R X 5] A 0.8,
1.2] F1 (1.4, 1.9]. FF o, FATTAKEES 2.3 A5 5
XK BTN ) A7 R S 03 A5 0 IR 0 ) ¢
1.2 Fil 2. ZadBEALMEL T —# 2 —Jcd, &3 A

ToAr R B, R L T7 ik B e 5 iy i R A B
1op LT ST 5 XK B AL 951
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Fig.6 The coverage trend figure of mutual information
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and co-occurrence frequency for semantic collocation
MTFEE RN fa bR a2
N LARYE 9 E s S oA 2 PR 18 SOk &Rt
SR BRI, AR PRI S R A Finkelstein
25:(22) Fy el WordSimilarity-353 (WS353) $irdfa k.
WIS353 K S 2 St it SO ST S v iz b Y
— PRI ERAE, Hop Ay 353 WHEE, &R
25 FE A v o B R R ) B 4R, A k)
13~ 16 NPT FLARYE, HidiE Z RITE LR R
PA O~ 10 fENARE (0 Foniaifse AR, 10 &
INTITE VIR ), AR SR N N TARER P,
T WIS353 s 5y St 1 i) 1 X, R 3R AT R
PN TR 7 ¥:45 20 HXT R 1) ZWS353 v Se 8t
£, AR RIERIE T

58, WP BTG AR AT R SL R, AR
WS E 2% HowNet 1) KDML ik 5 i)
“W_C” FEHl “W_E” Bl iy A 3 SO0 IR, 45
HZ i REE VL ACE] HowNet FRRgARE. [AlAE
BERY AR, X —AESCREE XS BT HowNet
HR 2 A SOl Ry, IO O F LR — M,
X T B R 5 22 ], B SRR Y AR . il
“tiger” 7 HowNet HXfR T 4 M, 205l “K
HUTLORPRTL BT CRRAY, U PR R LA
TS IR M “tiger” AYEHE.

SRIG, HHER = A BT AR NI R 44 A 5T A ST R
PREGRVEAT R A A, FRic i A N Gl i B

W, B = AT SRR = A S AR AR
IO BT R, 0 e R e

AR SO T e B BRI R 1 38 B2 2K 2 S5 R
X Z % (Spearman rank correlation, fij#R Spear-
man F%Y) #ATMrE, Spearman REUE H kAT

4.2
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AR Z AR G RY, e [—1, 1] Z 18], JE
{EBOR, FRR HATRMEBOR. R A SRR 5 45
RGN TSR SR IEAT XL, SKEUPF ) Spear-
man AL, HAEMK, FoRFIRMITELERS AT
PRIEIIEE AR L, AA G SRR IR PR, [A]i
ASCHAFR AT Spearman FE-5 HAd AR A1 T 350
A7 HB, Spearman RELITTHITIAWT.

AP R X, Y, EfTRA
By n, Horf XY 23 BRSPS R L AL B i 5
i ME (1 < <n) XX Y HETHDT (FIR
THyE%T), B8 X, Y PP EG = y, Hhoo
Ry il Xo Y A zoy FRHET R S, 4
di =zi—y; (1 <i<n) WEEPAR X, Y ZH)
Spearman RHAYITHEMA (13) Fros:

6 i(d?)

~n(n?-1)

p= (13)

4.3 SLUIGHERSR

FEIAEE 2 7T G S R B BOR I K i 5
AERY AR, Eidxt HowNet (2012) PAK €A
B H IR (2000 4F) 1R 2t ab 3, $RBCH A ITE
KEZJCH, METIELRRRE. EXXRE T
FEITE Lk 2R = el it 836 147 4%, 1B LK R AP
FHA 168 Ffy, Hrp 3T HowNet (2012) $2EUAYE
N RZRZJUH A 524921 4%, wRAEH K ARH
Y (2000 4F) BRI TE XX RE R 2R TR
KITER.

TETRATTAL 28 1 1 1 SO S BE TR A o, 1
NEM AR o FIAPUEBE XA #2 v Y
SH. R AR SO B AAE ZWS353 H S
EEIEAT MR, A SO 0 U R 5 N T
o 3 B i R 56 B 2 [A] Y Spearman R Ffi % o
A WA e 7 A 8 Bk, MRAEE 7T FIE 8
Ht Spearman RS, BATHIE Y o = 6,
A = 0.7 BFA SCHE H AR RS ) 1 R 5 T

[FF, AT dr, o] DUE t, 24185 T 12
KERT MG, bEE % SRR BRI,
Spearman FE{ 2B T W, X FIFRAT R @A LI
fii] S T 3 A K B A M 2 v BE W Y, IR R T
503.2 TN 3 BaEwME. A 8, mIRA
i, MU EE X B KR (KT 0.7) 255
Spearman F B, X2 R A i A R SUE
£ PEARZH K RARAIRIE RO A O BT 45 5
0.

R T B SO g Se M, SR Spearman
FREOAE ZWS353 i SCEEAE E I s SR AT
W, 5 BAE G — S v 3 SCIRE T SORE 9% BT T A

BT I, BARIZE R UL 2 FrR.
Spearman RE G E SUEMBAKE o MK R
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~
T

Spearman Z %
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& 7 Spearman RS IE EMBERKE o XA

Fig.7 The relationship between Spearman and semantic
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= 04k
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Fig.8 The relationship between Spearman and similarity
threshold A
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F B EE ) SOMRLEE, DAREARLRE B AR AH % %
TFIDF fil COMB #B/&3 T4\ R Bk L)
Mror i, fiRER R A CE & &, RiEliE 2
() P 2 P 3 ) A e A S R 7 A R s T 1 1) BL AR
HI# R TFIDFE {E i) 5 SCRY Y 3¢ 56 78 B 1 32
o, MEERTIAT W SCERE BT A eIl %
ICLinkBased #lI ICSubCategoryNodes #F & k& T
A EH BHE W KR FORTHERE A KR, Ho
ICLinkBased 5 &1 & 45 [ F} 2 [0 9 858 X R TE
HoAth S22 p B B AR, 1 ICSubCategoryNodes
BN R 4E R H R0 T A WLM 2 A
TR BHEERE & R M TE SOM & TSR, R
TG B A5 B MRS, A S A S 2 T
PR FH 56 B 2R R 7R )15 2 18] 1) SCRH 5K B85 WLT 2
AR AR X RS 5 KK R ORI IE
T SCAH 9 BETT LAY, 6T DB Yl i A O B i 4
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# 2 AFJIEN Spearman R
Table 2 The comparison of Spearman in different methods
st Spearman Z%{ A Spearman %}
Knowledge-based LIU3 0.4202 WupPE4 0.3390
wu2sl 0.3205 Knowledge-based J&C24 0.3180
TFIDFI7] 0.4030 Lin(24] 0.3480
COMB!7 0.5150 Resnik[?4 0.3530
Corpus-based ICLinkBased![?3] 0.2786 LSA[24 0.5810
ICSubCategoryNodes!?3! 0.2803 Corpus-based ESA[?4] 0.6290
WLM23! 0.4984 SSA!24 0.5370
WLTI23] 0.5126 Knowledge + Corpus-based WTMGW/24] 0.7500
HN 0.4389
Our methods DSR 0.5012
HN+DSR 0.5358

WUP. J&C. Lin #1 Resnik # 2 M T34 1% 11 7]
M (40 WordNet) HHE B B A AH 45 BT 115
(PIAH K BETHE; LSA L ESA Fl SSA J& K51 i i i 5|
YR B AR SCEE, SR G ok T
TEE A 225, T WTMGW 245 & jii 11
JEE SR AT IREAR K BETHAL, B 58 R WordNet #E4T
FH R BERRIUG AL, 285 R AERHE R S5 2T
TR, B ZORBURE i SR R JE .

TERNTPER F, HN 278 HOR A HowNet 1
R KRR, AT RE AR E BT, DSR R
FURH KA R AT IR AF B SR M, AR 8
5 R AT RE B A 95 BETT A, T HN+DSR 245
Wi gy, AT TE A T SO S BT A

MF 2 T DAB H, IR B IER R DUE, B
TR IAE R ¥R AR B T 5 TR )y vk, e
HEIMAZERE T RHER COMB, WLM, WLN #
AU SNF SO T SORE O BE SR AT AR R B ) 4
&, & Spearman RFHEEAFEL 0.5 247, Hh
COMB #1 WLT £zt 7 0.5; fEIEH, HT
RIBIE B Spearman REHSIEH] T 0.5 DA
b RIS, SR RIS S R AR 2 A ) RS T A
T 1) i U008, B5iE T WTMGW [y Spearman
RBORE T HmI0 0.75, ASCHE Btk E] T
0.5358, A H SCAR T g B

[, FERAIAER S, HN #8315 DSR A4
PERE(R T HN+DSR #7, I H HN B d A
ik T DSR A8, X 5 s th i B T R R E
(A A T 35 Al ) O v ELTA B SRR S5 A
T ESR BRI ZSIE 2V AR AT, R
F iR ik HowNet, BT HowNet & —ANE H Al
W, HILA HowNet s HCH (18 K 2 78 15 1H

), (A5 SEERITE F S 0 —E R 2. M
X O HARY RIRAFTEIE AT, SR 8
KA BT HSRWE S NG, HARA—E
aUE . HN+DSR A, 0 — 26 7E sLppif
5 M P AT DG TR I, AT SR AT
SRR B X RBGE BT R A TEIR A A i
FIRTE SRR, BIAN: “SH4E” Al “EF RS WA
1Eif i HowNet #EH)TH X 56 A & T AN TFAETE X
PE AR, (EE T X E A R AT TR AR A A S B
FIRRATIEE LR A (F AR, H4F. Nmod) (J&
H1, Nmod s i (IiE SR R); B2, X
T XL RS BTN R R R
HZ B KRR, BT HowNet sf L1 ARSI,
XT3 T T )] 6 1 SO S T SR 2 A A
H.
350, FATMRT AE H, BRI R, H
HR SO ) 1 B 22 T I SORE . AR SR A 5
eSO WIMGW B A4 7 BE A AR K i 22 B,
BB IR TR R R AR R g — SE R,
FHF Al e AT WS353 Hirdladk iyl i A v
FIATRZE. HoRER SR T, MR 2 5 SCRRTE
BN oSO, W R R B RSO, T HLA
B2 A ZZREAR O, ARAMEHGE, B0 BAR] “stock”,
XF 1 #] HowNet s A7 “ffs”. “fit
B R CI” CIEET L R, XA
R T A T Y PELRS, R4 FRATT S i M B
T
N T R A SO R AT, ST
SR SCR AR B PR T 10 ASSER], AL
AN EE, M T — A 100 L3R T X Y S Br
IR % RS, R A HN+DSR BTN, Hissa
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Table 3  The experimental result of semantic relatedness
computation
i 1 g 2 PN
JEERLLTE H 4 0.9004
JEBRLLFE =K 0.8438
JEER HEE b 0.6034
JEERLLTE FL 0.7925
JEBRLL B¢ VE 0.2016
K JERR L 2E 0.2415
kK it 0.7924
HERUN R 0.8415
ok Fef 0.7524
vk WE 0.2965
JEER LR bk 7 0.0251

2% 3 R AE ), 425 Rk 2
AT A 2 A 2 BE ) U T 1, LS 2
FLEE TR, AN AR i (1) [ . (L D S 3 235 2R
WA PAE H, TR 25 RIS EAE, Flan: “HEuK” Al
“YREET WA RFELE R BRIEFET A CWREET WA R
FERS . T2 A 5 BN KR 1) Ji IR 32 25 DA
TILA:

1) HowNet Hfy 284a] 5 1Y S5k A % 6 3,
SEAIERIAE SR E TIRZE. W “Ha” 5
—JFER ST, XTI AT MRS W
AR RE 9 BE T 45 B ) w22

2) eI T SURTE T2 T R H AR 15
Kl RES AT SRR RS SURFRE LR R, [H
B, 3B — S A e S (A SO DL TS
SURAE % Zr, AR H AR B (R 18 SR 5% BE IR, 31 4n:
TE KR H Y 35 R A RS 2L “Hr et de e
TZH=—HE B9EA), TR R,
“Hrekl” AW f7AE Orig (JRFEXR) 1B LK R,
R 2 ) A8 SCRH AN SR B

3) BARA UL ZE A T 18 LRI S AT SR
TR IE LR, A KUk G T 9 e A 2R B e ik P B 1)
S, 2R IRAAFE B R TR B G
V) SCTEER S IR A, 30 B Ay ) i SORH R T R
BT 4

5 FRRIIERE

AR SCAE 73 A DAY B T T SOAH O BET T B AR
FERl b, R T —Rh o SR AR B A
Tl T SCR R BT S . G, LA HowNet

TR Z 18] DA BARS T A 1 S 1k 2 e 1 3L
KATMKHUBE R P GET TR TR SURAT R AN
BLA, AT KT SO R, KA, FUTELERIAH
RIFTEAN BRI S 2 1 P SURAT % R AT
ARBRE, PR T Bl T SO AR B TR TR SO R
JEVT SRR, SCR R, AR SRR S AR5 i3] T
SR SRR A B

FERE TR AR, JA TR TR Y 2K
Yot vt FEE SRR P RE OB B, 8
RN EAR N Lo RO IR, #1105 X
i) S AT SCRCAT 23 10 6 5 A a1 AL T 1 SOAH
KRPEVEST B 22, 7] I 50— 200 1l 5 8 3] 1 1 SCAH
LLIRE B T SRS 2R 300 B AT 30 S S A A A ) 1
SR
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