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* http://www.statmt.org/moses
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ZhIgRVTY, This is a pen.
RER IIAEEEBATC, | ate with my friend yesterday.
RIFEHEL), Elephants' trunks are long.
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This is a pen.
| ate with my friend yesterday.
Elephants' trunks are long.
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Editorial: Aging society does not necessarily spell doom

Longevity is something to be celebrated, but when it comes to the aging of Japanese society, it is
often discussed in a pessimistic tone.

One reason for this is the continuing decline in people of working age. Learning that our society
is shifting from one in which four working people financially support one senior citizen, to
another in which each working person must support one senior citizen - a so-called "piggyback"
setup -- would make anyone anxious. And indeed, that is exactly what is happening.
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Taro visited Hanako.
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taro visited hanako .
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tokenize.perl en < input.en > output.en
tokenize.perl fr < input.fr > output.fr

- HAFE
MeCab: mecab -0 wakati < input.ja > output.ja
KyTea: kytea -notags < input.ja > output.ja
JUMAN, eftc.

e FR[EZE

Stanford Segmenter, LDC, KyTea, etc...
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c HENEEN. —EMNEED [Chang 08]
« MMDEEICEHLELEEEA [Sudoh 11]

ABR A £F = anfE Llc .

Taro <ARG1> visited <ARG2> Hanako .

- SHEROMNE (REEFE. 77E7 E #") [Nlessen 01]
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« HEMA LEE [Chung 09, Neubig 12]
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E1: Taro visited Hanako P(E1)
E2: the Taro visited the Hanako P(E2)

E3: Taro visited the bibliography P(E3)

* RUSEBET I AlEEORSVWICE WX
P(E1) > P(E2) P(E1) > P(E3)
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n-gram €7 /1
c LTFOXDOHELZRDD T2

P(W = “Taro visited Hanako”)

e n-gram €7/ 1 1 BET OEEXRZETE

e BRID N-1 HEZERE L FMHMIHESR
B : 2-gram ETIL

p(le“Taro”) * P(WZ:”visited” | le"TaI‘O")
* P(w_="Hanako” | w_="visited")
* P(w,="</s>" | w_="Hanako")

e
NARiES </s> 18



NAIST T L — ZN— 2 MHEIR S 2 7 b DR

Y=l
+ SRILM:

5

ngram-count -order 5 -interpolate -kndiscount -unk
-text input.txt -1lm lm.arpa

T AN

ngram -lm lm.arpa -ppl test.txt

o [ EHIC 1 KenLM, RandLM, IRSTLM
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e n-gram ICEETHHEDIETHBIDHM?
[Goodman 01]
« SHENC U TITEE
« WRT7ILTY XL EHENEW
o VU TILRENIES
« TDDFE
e mE 2z A L/EEE T/ [Charniak 03]
« Za—ZJ)bxy NSFETET/ [Bengio 06]
« E5JL M [Chen 09]
« REMRE-
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ABB Y feF & ahfd Lic, ABR Y e+ = ahfd Lic,

—>

taro visited hanako . taro visited hanako .

e MEXRETFTIVICKZBEEFEE (HAEAZL) IER

HZA5E
HZAE
- H&EE

English
English
- English

P( /£ |hanako) = 0.99
P( NEB |taro) = 0.97
P(visited| 541 ) = 0.46
P(visited| L7z ) =0.04
P( £ |taro) = 0.0001
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IBM/HMM £ 5 JL

e IWZT T4 XY MNETI

/_.l_\T)l/ D xxﬁ' the ho;(el front desk

V'S | A
the hotel front desk K7L O xﬁ

e IBM Model 1: EElEZ=Z&=E L /&L
e IBM Models 2-5, HMM: &4 ICEE T 5 |HH
AN (JBE - STEOR N ++)

DIIII
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1XGZ2T7 54 AV NDOEAEDLYE
RTIL D xxﬁ the ho;(el front desk
the hot)el fro'nt desk RFIL D xﬁ
%%Ab%
the hotel front desk
/T\T)l/ » xﬁ

s ka1 —Y) X714 vUF%L (grow-diag-final ) 2
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e mkcls: 2 SEETCTEEZ VDA ZBFHER

RTIL O 35 49 12
the hotel front desk 23 35 12 19
e GIZA++: IBM ETIVICEL BT SA XV N (V5 REF
W THERZ T E8b)
m"TIL D T 35 49 12 /tl‘\v_-)lxd) AT

the hotel frontdesk 23 35 12 19 the hot’el fro‘nt desk

e symal: MARIDT7 T4 AV N=lHEHED
 (Moses O train-model.perl D—Ef& L TEITIND)
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¢« VoA XY MEIEXRHBIZEEZRDHN? [Aryan 06]
« HEFHY T SA XAV B [Fraser 06, Haghighi 09]
RElEEZ{FE>/=7F4 A~ b [DeNero 07]
¢« JL—AR—AT7ZA4 XA M [Marcu 02, DeNero 08]
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7L —XpH

e PSAXYMIEDWTITL—XAFZE

the
hotel
front

desk

T IV D - hotel

T )L @ - the hotel

Z{7 > front desk

RTIVDOZF > hotel front desk
RTILDZ{TF > the hotel front desk
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JL—XDAOATEHE

e SODEEWNLRZAOATTI L —XDEFEM - [FHHE

- 7L —XEWERME=R
P(fle) = c(f,e)/c(e) P(elf) = c(f,e)/c(f)

M

B : c(HTIL D, the hotel) / c(the hotel)
« &% (lexical) BERMER
- 7L —XARDEZEDOHREEZFIE (IBM Model 1)
- BHEEDO 7 L —AWDEREFEICIEILD
P(fle) = N 1/le] 5_P(fle)

Bl -
(P( 7KL [the)+P( 755 JL |hotel))/2 * (P( @ |the)+P( @ |hotel))/2

¢ IL—ZRFILF4 :TRTODIL—ZT1
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 extract: 7 L —XhH
 phrase-extract/score: 7 L —ZXMD XA AT {FF
 (Moses O train-model.perl D—Ef & L TEITIND)
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HERETIDLEFER [Koehn 07, Matsoukas 09]
AE - EHEEDEWVWT L—XDHIKR [Johnson 07]
— {7 L—X# (VY 7 b : Geppetto) [Ling 10]
7 L —XBEBERERESE [Carpuat 07]
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man A B
visited
Taro W E

wabl%

XBR & — Taro

HEDFEZRIF L
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e extract: 7 L — XA ER—

- lexical-reordering/score: WNEZ A ETIL=FH
 (Moses O train-model.perl D—Ef & L TEITIND)
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o FEKREBIROBENZ W (FFICHZR - =H)
« BIERETIVBHERDERE
« BEEH T L —AX—ZFER [Chiang 07]
« $REENR—FAER [Yamada 01, Galley 06]
« FIAIRE X [Xia 04, Isozaki 10]

F ®m & /N = BN Ik
=

F' ® 1 Bax = Ry %
' ' !

E he ate rice
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e EFIVICL DmBERBEZIER (F71E n-best)

gl

N Taro visited Hanako 4.5

?KEB MMef& . _, the Taro visited the Hanako 3.2
shid UTe Taro met Hanako 2.4
Hanako visited Taro -2.9

« BAEARMAARDZDIE NP REREIRE [Knight 99]
s E—LY—FZ2HVWTELEZKRDH S [Koehn 03]
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 Moses!
moses -f moses.ini < input.txt > output.txt

« FMDfth: moses_chart, cdec (BB 7 L — X, #REETE
TIL)
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L7 14 AN DERZ [Dyer 08]
iREEN— AENERDIEZR [Mi 08]
&x/NRA X)) A2 [Kumar 04]
« BREIRFRDKDHA [Germann 01]
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AFTH

« RERMEZAMN : REREXDIERMED 5D
o JikmtE: BRISEXDEAD
« LEBREFEl: X &Y EoBDAHNRLD

ANEEAfEFZ&aRfE LT
W»
Taro visited Hanako the Taro visited the Hanako Hanako visited Taro
Ti\ ’ ,? o O X
g ? O X o

XEDERL B, C C
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o AT LHAIFIERAIC—HT B H

o (FBROIEREIIEBE—TIEW, EFHDOIEHELFIA)
e BLEU: n-gram @& + 2 I R+ JLT 1 [Papineni 03]

Reference: Taro visited Hanako

wmhi

System: the Taro visited the Hanako

1-gram: 3/5
2-gram: 1/4
Brevity: min(1, |System|/|Reference|) = min(1, 5/3)  brevity penalty = 1.0

BLEU-2 = (3/5*1/4)*2* 1.0
= 0.387

 METEOR (& DIEHM), TER (IEEXIZET /2
DZEEH ), RIBES (LREZ)
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« ERAROFHMERE
e IRE X [Isozaki 10]
« BRETAEBEWVWALRE [Lo 11]

e Fa—=VJICRWIHERE [Cer 10]

- BROFLMREDFIA [Albrecht 07]

e FHIED Y S KY— >4 [Callison-Burch 11]
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Fa—=—_7
s BETFTIDROAT7 Z2ilAELEFIHEDODAO T

LM ™M RM

o Taro visited Hanako -4 -3 -1 -8
X the Taro visited the Hanako -5 -4 -1 -10
X Hanako visited Taro _2 -3 -2 Tv 25K X

« AATZEH#TITBERVERDFLOND

LM TM RM , WA C
o Taro visited Hanako 0.2*-4 0.3:x3 0.5*1 -2.2

X the Taro visited the Hanako (25 0 3%4 05*1 2.7
X Hanako visited Taro 0.2%~2 0.3%*3 0.5%2 2.3

« Fa—=ZVJIFEAEHERER w =0.2w_=0.3w_ =0.5
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Fa1a—=_2%

a2V x/ME=E : MERT [Och 03]
n-best 77 (dev)

A7] (dev) | | =
~ the Taro visited the Hanako

ABHNEFEFBLE > ﬁ Hanako visited Taro
Taro visited Hanako

;‘Ei
*t*]+
v

Il&ll-lll

_ 5 IEfES (dev)
y=abl % | \ E[, \E "// Taro visited Hanako

« ZDftt: MIRA [Watanabe 07] (4> 514 V38),

PRO (5 > 7 =38 ) [Hopkins 11]
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« BIRARMEHTFa—=7 (f: MIRA, PRO)
c T4 AHADFa1—="7 [Macherey 08]

« Fa—ZVJDOE®EI [Suzuki1l]

s BROFMREDRERKFF1—=>"7% [Duh 12]
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o MEMENERIZELWI] —8ICPYZFEL LD
« FRABEENMEALELTWVWED, ZLOBEI RS
c VAT ALIFKEVWDT, 1DDEDICEREIRD

HONESTSNEXT
Danke
Thank You *~ ZIE)
Gracias
ZEAFgHL

Terima Kasih
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