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Abstract Based on LC method, weighted LC (WLC) method is proposed, which assigns weights for words by
PageRank algorithm running on word graph of documents. Furthermore, a new method named PWLC is also
proposed, which biases PageRank algorithm to words with specific POS tags. The authors show how to combine the
evaluation of lexical cohesion with other mainstream automatic evaluation metrics, in order to help these methods
to evaluate translation quality at document level. Compared with LC, experiments show WLC and PWLC have
higher Spearman correlation at document-level evaluation. Combined with others metrics, such as BLEU and TER,

they both show better performance of evaluation at document level.

Key words lexical cohesion; document-level evaluation; machine translation; automatic evaluation; PageRank

BLAS B35 2R Go e s T 0 L iy i M 1 X R
G PR U R E L, PR A B ST AT, Ml
TN O —BoUAR R A — B RS, W
A R L SCRmA)F IR 1A M aE R, R
7 B 4 37 ) ) FCTE — R, AN B
ZUT, FOASRELRIES SO R B . (H H AT
T TR Y H PR TR AR D, W AR
1 BLEU. METEOR F1 TER 4, &2 RS 5
' e R 1 L1 R 1 N 2 W = W (NI )
BS R 2 TR A B R SCmEi G R . IR,
TEMEPE 7 AT AL ML B R A K

863 11X(2012AA011102)F1[E 5K [ 48 B 24 3L 4 (61305088) %% By

AL RE = AR N T BRI RE H AR IR SO .

Beaugrande %FPHA MRS & HA 7 DEEAKRE:
Ttk . movE . BERIME . AR BRI
soPE RS R v, R N B A R 2 X
3 — B SUF IR A ) R BB SOAS B A A Ry
fIE o AR SC F AR5 A TR B8 F AR RRIE AR
(cohesion) F13% 5 1 (coherence), FHKEMIMAZIE
AP, DO A A B STRY GO B 48 o FEIL
PRI AEZE FEMTI Pl S BErE e SR i
RS IR 1 B — ) B — 4 ) A — R SO
AR R T PR Y R AR T

ks HH: 2013-06-18; &[] H #1: 2013-09-22; W% pgatfa):  2013-11-11 10:25



LR AR (A SR B2 R

P, B SCAS A7 A A B A B R R B e R T
3 A 1] ) R AR T 2R A B S I

H A& X = 0 A i ikt R Ak w A
R, SCHik [5—6]4 8 5 T i i & 4 # 8 (discourse
representation theory, DRT) ) H #1144 77 % . DRT
Wy HL RS RO R R T RIABIE T, A
i f 3% i 45 M (discourse representation  structure,
DRS)##iik I F 3Ciyif LHE R . DRS AW EHE AT 4H
BBy — HAAAE T i SR — 2 R T
TSR C R Y DRS &A%, B, )+“A farmer owns
a donkey. ”fJ DRS 323k K [x, y: farmer(x), donkey(y),
owns(x, y)]. FUILHIRE SR DRS &34 i VT FLAH Bl
AT DA R AT g SCRS B PR -

B T AL BE PN 25, SCE A SR BT,
U E-rater'™, 1R A 5 B9 SCRYSRAE, A6 S0HE
o K& FrEr. ETMAL . SRR d5ie it
S5 AR, b TR Y 7 EE OIS T SRR IE, Ry
I 1) i A 2ok A AT B8 2 BRI SR 38 S H A S A 10 T 55 Ml
TEN A PERE o DRI 26 77 v 1 o A A R ] P A
AT 3R B b2 A [ B TP E5 0 i 7= A % 31

5 BRIrEAIRE], SCHRI91ME H—F 5 S0k A1
o R A RNCAR 0 SR AT VAN, IR BN S HE
W EFR A TRELG . WL AT R T B i
T —MIEE, e a2 i
5 AR T SO vk o R Y SOk AR R A
B, NCAE R LT A OCE R R, © KA 2R
#81T A 28085 5 #AFE TR L SCHER[9TAY TR 75T
P T B SCR— e SR v B — W 5 2R
SESCIA), ALFE R SR AT SR B RIAS RIS
Bl o RIAS 2 A8 SO A B AH R RN sk 280 1P 8 I s
BN AR AR R AR . SCHR[9]Y SEge 45 SR K W, 1A]
TCATE ML e H BP0 J7 v 6 f T g 25 b
P25 5N VT A DG o

1 ELCHEEEN—LC BN A
SCHR O3 st T 23— i 1 S e B

—lcd
Le=led/ 0

Horr, Ted J& 3O 4 T B B, ew A2 S0 et
SR AL o LC Bk ey W) 2R S S AR 4 T B
Y LA s o Ted AR AT AR AT DR AN R
F14) B 305 >F T 3 BT b R

WA kY d

Wi X d MIRTCEEFRES
for 3RS d R —A~ 3 A w do
for CEE4E G L, H A R—A1R1C4E L do
for L H A9 EE— 5[] w' do
ifw=w'or stem(w) = stem(w’) then K¢ w lin
AL
else it w 1 w' J& T [F]—1i4E then ¥ will A L
else if w Ml w' 7 WordNet F1i 25 4 1 then Ff
winA L
else if sim (w, w') > 0.96 then 4 w Al A L

end if
end for
end for

if w ARIIABUEATENCEE  then
BB A CEE L, K winA L
¥ L' ImA L,
end if
end for

W L, sk 1 i
L, T 0 3 R S 4

Wt FIRGE, AT LUE B SCER[9] i LC
KA SCAS (TR MR, B P A5 MR R — 55 X
1) o PROR AN ) 2 3 Yy S SRl 5 A A 8 R ], 3%
TIAR B 48 b AE S AS [) B AR DX 5310 % 1 30 6 4] 3T,
AT B O bl A et R SC TR R M . PRIE AR SCHE LC
(LAl BB H AR B9 75 WLC Fl PWLC,

2 wE/RICHZIEN —WLC
1 PWLC

5 LC A, ARSCHT7 AL SR A T4,
77 2 AR 3] AN T AT T3, B S A Y 31
ik, Bl WLC DL MK #6189 PWLC(pos-
WLC), ASCffi ] PageRank %k dE47ACHE 5,
FEIBATHRILZ A, 1 e E A g SO A
2.1 AEE

1 B 3 SR EAR AT, RSk RR e
AR BNz WA Rl MO A SOR FH SR 11148 3 1
T P PR A A S e s SCRY BT SCH ) 22 ) 1 3 4 O
A, EIEiE1T PageRank MY FLAL . A, a2 A%
B 07 R AR E 1 —AN TR Wi Bl
&, FE R INE E P 08— a8 )
T ERE, ®E R — A

1 RE RN 3 AYA A B — AR,



TS 2 T AR I A7 8 0 SO ZPLEs 8% B Shiv i

7 SO ] P A R RS2 3] . FTRAR Y, BR T
AFHEE LT ICRR, W E Wl IEFRICRE
AIFRIRER
2.2 PageRank

e 48 PageRank "1 27 |, A SCHE% HH— gk
5. HG=,E) R E, Hp5ps
V={w,w,--,wy} o RN w B wH—SKEHE,
2 (w,.,wj) eHEE, H—NAEP, - TEE
AN, B—FARRFEAZEEIREK, (w,w,)U
BIAERA N e(w,w), TR w BHERRN
O(w,) = Z Jom s e(w,.,w].) o

PageRank &—MH A WHFH L, BE M5
5 R AP T4 AL— 2R EE 38, PageRank
Fi%) 2 A B AR 0 SR HO At B B 0T AR e — AN
B, WAV EEREEN ., XA HFETTLUER
T S B B R B E e 7E PageRank 1, —/MiA]
w, B4 R(w,) %ﬁ%)‘(i@

w,)

R(w) = AZ 0( > —ER(w,)+ (1~ ﬂ)lV 2)
Ho, ARHEERTF, R
., ZBJEHFRHY, %—4\%&%&%—4\%&%
FHEWAHEEA-1) . BEABERETRQ)
HEM AT LI E] PageRank BI4rEL. R(Q)FPHIH
JE—EA T UFE R —ERE T, BEA RGN REE
JARHFIAT] A i 5, LABARIE PageRank [A]—
Mk — ) [ R B9 43 A WS o 7E PageRank H, XTEIH Y

B 5, X — WA B — A A R i

|7, *
BH REALBE 2 BT A 55 i ROAR AT AH ] o
HiF PageRank ZiEMBEH:, A30KHE KRS
RRBBEEH 100, 30 FiA 35 S REZRZ F1/N
T 0.00001 AJfE B,

"

flower

/

red

rose seriously

called beautiful —— hurts

This red flower is called rose.
Rose is a flower, which is beautiful and hurts you seriously.
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Fig. 1 Example of word graph
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Fig. 2 Example of word graph with transfer probability
based on POS
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Table 4 Advanced tuning parameters of combining
traditional metric with LC

LRERES a
BLEU 0.29
TER 0.38

METEOR 0.18
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HERH

Table 5 Spearman coefficients of different metrics on MTC2

ik MTC2
Adequacy Fluency
LC 0.1391 0.097
WLC 0.1465 0.1329
PWLC 0.1504 0.1352
BLEU 0.0906 0.1087
BLEU+LC 0.1487 0.1513
BLEU+WLC 0.1397 0.1554
BLEU+PWLC 0.1373 0.1530
TER —-0.1738 —0.1886
TER+LC -0.2160 —0.2143
TER+WLC —-0.2081 —-0.2237
TER+PWLC -0.2065 —-0.2223
METEOR 0.3349 0.2753
METEOR+LC 0.3509 0.2914
METEOR+WLC 0.3525 0.2972
METEOR+PWLC 0.3531 0.2964
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Table 6 Spearman coefficients of different metrics on MTC4

S MTC4

Adequacy Fluency
LC 0.3160 0.2502
WLC 0.3417 0.2815
PWLC 0.3576 0.2927
BLEU 0.6055 0.5093
BLEU+LC 0.6250 0.5266
BLEU+WLC 0.6284 0.5330
BLEU+PWLC 0.6311 0.5349
TER -0.5173 -0.4572
TER+LC —-0.5704 —-0.4956
TER+WLC —-0.5736 -0.5059
TER+PWLC —-0.5765 -0.5067
METEOR 0.6981 0.5543
METEOR+LC 0.6956 0.5537
METEOR+WLC 0.6958 0.5570
METEOR+PWLC 0.6969 0.5579
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Table 7 Correlation between lexical cohesion—based metric
and other traditional metrics

WiR7S BLEU TER METEOR
LC —-0.1324 —-0.0161 0.0869
MTC2 WLC —-0.1038 —-0.0486 0.0676
PWLC -0.0973 —-0.0649 0.0703
”””””” LC 02529 0138 0386
MTC4 WLC 0.2886 —-0.1786 0.4378
PWLC 0.2973 —-0.1911 0.4491
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