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AAMT/ Japio FiiFRIFRIIE 2 EZE R
FEEHATR BMFZEAT N LHEEM e ¥ — kLU X —F
dE

BEBURIER . SEEAHEL, SEEERICH- PR OB LA T\ D, EFiilk, mg
BRI AU D IR G H O N, SFEEZROE O HEROH L EFRE2 L Lo22dH
%o 20161 1T =7 NVORRY —EABEROFHFHBRFER S AT L b =2
— TN Fy MZEDERV AT AUV B2 DL, ZHVE TORGA72REIRR 230
ThH, TOWRFHEE ISR T G, BIROEIIRAICES 2o TE TV, thieotkE
I3RS TR T, HOIFEOEMMR T T F =22 Lo T\, £ ZIZBNTZDR,
TD=a—F 0%y MR CTHoT2, ~A 7V 7 by, TRy — bR 2 =2—7F
xRy MERRICEI D B2 570 & BNk LT\ 5,

1 9 9 OFEROYIFEN B IAE o T AN K D HBEIER ) D FHRIRA~OW VB 2231 5
ELLED Do T=DIZHR D & | A RIOBMAOERIL, DT DEFERTEZ o7, #atH
ROTZDICER S NIxIR A — S Z0EM, BLO, B E A COEBFEEINDOT-9
SN TEMREY Y=, 2022000 V—ADEEN=a2—FLxy MR TH
TOFEEMEZTZZ D, ZOPFHADY 0 FEZ DEL REHEITHORD T,

=a2—F 0%y MR TEEZLSDX, FIREROWB S TH A5, MR TH, HF
SO R A= RANLFEHENTCH—FEET /VICE D | FRRCOWMG S I3 L Tw
e, =a—7 Ry MHIRCH I oG S I3 EICm L Lz, ZoiG S om Rl X
D, BHEZRT XA N TORROFED TR oz, 7272, HMAEDOEW
FHER I, HM OB OGRS 2 WIGEITIE, Kl EOFGARLT S O DITHITHIERGR D 1%
AOTIZKLK o TS, EWHx 5E, ==2—F b3y MlFROBRwREIZIZ, ZHET
Pz, B OEMEFEARAIKIZR S TS, BMEROBREOH D HFHREL LD
Do iz, BEWEIER OVEREREMIC b CE -k~ e fiiE S . HRHBIROA b =2 —F L8
FUTTIY B0 D EHE LR TIUIR bR, BEERE & v E<JELENRS, 4%, 2f
WZEEL X5,

ZOEIIZ, =a—F 03y ML, RO 2 RESEE L2 D, 1272,
BIED =2 —F NV Fy MHROPHLZIE, R OGE LR L II1C, XRTFA RO
BEWRAHM L TWDH DT TRy, £72. AMOBRE L I1TE S T, #IE DR WEIERE AT
IZOWTOEERR, 2O REBEREZ W) E<HENZRLTHRO =X M
EERELTERTEES, A EOEE LWIHEEENRARE LD, AEESTIE., %
BERRR 2 W M RFFRIRRICIE L T IZBI L €L T8 B &) C & 7o, A&, Hix
D1IFEMOIEEZE L Db D TH D, AR DBEILRIUIENTH D,
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2.1 = =2 — Z )UEEBBERIFRIZ 35 1 D O AR E 7 L DI

ERRT B Eh
Y

pl:

2.1.1 [FLHIC

FEIRFHER OBFZES3 2 T, b= b= ZHRAREIER . I~ — ABAEIER . 7 L— A — R
FERIER . BERTRIRIEISCEZR B A R FIEPIRE SN TE LR, IFETIE==2—IF x>y F &M
W= 2 — T W ENRR (Neural Machine Translation; NMT)(Kalchbrenner&Blunsom, 2013;
Sutskever et al., 201423, ERKFEE LRAZEWKEEZER LIERZED WD, —a—T 1
WEIRET LOHFTH, ANRINRSZFEDELET 1 2OXT by a— L TrbHR
FIERRAE S RE SO & BT b=y a—&—F7 a—4—E7 )L (Cho et al., 2014; Sutskever et al.,
2014)°, AN R E T a— R DMBRICB W TER S N ZEEDONERIRREIC B %2 LT
AT ) EER = o — F L EIER (Attention NMT; ANMT)(Bahdanau et al., 2015; Luong et
al., 2015) DFFFE R FFIZIE AT O TV D,

AL, WO EA T T 1 (Generative Adversarial Nets; GAN)(Goodfellow et al., 2014;
Radford et al., 2016; Mirza&Osindero, 2014)% ANMT (2 L7287 L OEEERERE 7 L 2 2%
T %, GAN (%, BEERO BTV TIFEER 28D T LEBRAERET LO—2THY | [
f%%éﬁkTéiﬁE%Tﬂ/ b %@E{%#iﬁk{“Tﬂ/ Ko TEBNT=DONE D D% BT 535
EFETFTNVEMO, ZROD 2 ODFTANFENE D L IITFEEITI LT, LTV RWEKET L

EFETLFETH D, BHET VITE 2 ONTEEBPAERET A OAES B, T—X
oy NUHET 2 A OGN ZIEL < BT 5 K5I FEE 21TV BT T VIETRRRE T L
DR AR D K DI E AT 50 AWFFETIR, kD ANMT OiE % GAN (BT 2 ARET L
LA, ZHICHTEICHONE T LV EBINT 5, AT T WL ANMT 28 AJJ525070 6 P L7
JIRFNE . ATTRINZHIET B IEMT — 2 21 E L < Ao 5 L 51258 %2170, ANMT 1396k D
FENMA, WRIET APHBIZFRD LI E1T O,

ARRORITLLT O X 91272 > T %, 212 Hi Tl BRICHTZDH =2 — T EBEIRRIZ OV

T3 %, 2.1.3 ik, BoHEAERE T AV GANICOWTHII L, GAN % = = — 7 /LRI

(IEH LI R FIEIC OV TR~ D, 2.1.4 i3, REFEZHET 5720 OERIC OV THE T
%o 215 HITAMOEFT L E LD, SBOBEICHONTIERD,

2.1.2 Z—a—F)LEHEIR
AEIE, =2 — T UHEMEIRR & EEA = o — F VIR I > W TRt 3 5,

21.2.1 oa—4%—--Fa—4—FTIL
Tra—HF— .« Fa—X— 7 )/VE AJIRFI|s =55, 5, BT PR EERT DT
a—HF—, Tra—FZ =Moo MEEREN S HTI Rt = tyty by, BEKRT DT a—F



—HEFINEN=a—TF Ny ML THEBTS, M1lFzra—F— - FTa—X—FET /i
T, Tra—F— - Ta—F—FFT )OI, oa—F— .- TFTa—F—7 kL, TKX
ZHWTATIRIING 2 bl & EDOHITRINOREEE 2 R RKIb+ 25 2 & Tirbiv s,

p(els) = ) logp(ti tici,s) (1)
i=1

Ty A== T A== JIRRINT = Z 2T 57290 LSTM 2 iV 5, & TOATIRS
TR Tt ox v a—2— il LSTM OWEREEZ 7 22— —{] LSTM O #JHINHREE & 3
%)o

2.1.2.2 #HER=2—J VEBBEIRANMT)

HEEM = 2 — 7 VBEERANMDIX, = a—F— - Fa—¥—E7 /BT 5 RSO T
WKEDE AT » FIZHBNWT, = a— REEOFEAT v 7281 5 LSTM OWNEIREDJERE 2 2
L CHAEEEZTHT2ET LV TH D, = a—L—DONEIRIEDEIEE hihy,h, & LTZL &,
ANMT 1%, & h ICHT 2 EA a; &, 7 2—% —fll> LSTM OWNHEIREE h & -V CEHET 5,
213 t; #4280 ANMT OFFEOFNZR L T0D, 2y a—F—boWETra—4—z%
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0 E 4l

BAIETIL
F—5Evh

X 3 Mok ER T L

J& LSTM |2 L » THEH L TWAHA ., LSTM O RNERREE & 135 EA7JE o LSTM o NHEKfE % 5
R

Luong 5QO15)MBE LI/ 0 — AT T a OFETIE, Ta— RO AT v 7Ick
Fo57Ta—F—fONTRER L, = a—F—OENTBIRE b 1230 2 EA q;(h) 2 KU
L VEET 2,

exp{score(h, h;)}

ai(h) = Xi=1 exp{score(h, h)}

- (2)

2.1.3 —a—F )L EBRRIZE T 5BxEES
AEE, BOHEARET MIZOWTIBH L, W TIRRETIEICOWV TR S,

2.1.3.1 BxERETIV
Mok 2R R E 7 L (GAN)(Goodfellow et al., 2014) 1%, & D ERSAA p, oV 7V 7 Lz
TNz = (21,25, ,2,) BANTTE LTI | Wif% G(2) RS D, ERET VG IFMHIET L

DAY ENED X9 REBREAERT DI ERANTHY . TORNBEBIILITO L S ITERSh
60

rnGin Ezp,(2) [log (1 - D(G(z)))] - (3)

e T TAERET VING AR SN RINE BT — 2 ORINZIELL Bt 5 2 ERET
b2 3), ZOHMMEKITLLTO L S IckIND,

Max Ex-p,i00, 00 [108(D CO)] + Ep ) |log (1 = D(6(2)))] - (4)

HOMEARKRET LTI 2 2OFT MICE L TR CTRELET1T Y,



{ BAETIL

Oor1?

4 BRET NV
M Max Eypgq,q00[108(D ()] + E,p, ) [log (1 - D(6(2)) )] - (5)

2.1.3.2 REFE

WA RKRIZCEBIT D5 GAN Tk, #AlET Vi aEeEiAHr=a—TF Ry NT—F
(Convolutional Neural Network; CNN) CEH X5, ETIETIEHETT VA E LCHE
BCIE R XFINEE 25720, BRIIET N THLHIRN =2 —F NV Xy NT—I DO—FETH
% LSTM =R\ CilBlleT V&2 E83 5,

BETTNVORKGEEK 4 1\ RT, BETTVIIFROAKZ1T5 ANMT LikBleT vnd
Y. ANE LTREBORINT —H sy sy T a—F—lh %2, 7T a—FZ—3FRESHED
RHNT — X t] - thy, ZER L, AT TRINT —F t] -ty ZZTHY . ZDOATPNIEfRET —
HINERENTZT — 2 BT 5,

BT MIAT & UTRIERE S REORINT — & T | 2B ATI5R5 & 5t o EfRT—

oty oty 726 1% ANMT 23 ATJRIND O FRIL TR t] - ty, THIUT 0 2T K 5125
H42(X 5),
AT T VICHYS 35 ANMT OB AT R & 72 DM T — & & FW 2@ o533 (1 1)
Lkl T L E AW EI 6)0 bk D, wBIT T VA AV R Tk ANMT 2R L7z
RINEFNET NANAY EBEZD X 92 ANMT OB 2175, D£0 . e rs Lo % 1
E L TANMT 058 %179,
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TT TiTT T
“? __________ ;;Eiﬁf __________ ?1 iﬂm : PR i

[ 6: AT T L(ANMT) D23

ANMT TIEFEEDAERIZY 7 b~ v 7 ABBEHWL 1, R TOFEEICKHTDH /) — REbox
v N =0 % BT LIFIERICRERHEA A N ET L, ZOOARPE TITIEMRT —4
AW ANMT O8I 2% Y 7 b~ v 7 A8 AV, 3BT L& W72 5381201E ANMT (2
L0 BIRENIFERICKT LTOR, ROV TEA FEEZHAWTGERIC A a7 2384 %,

O-(t) = 1 + e—score(t)



7272 L. score(t) 137 a2 — RIFOE AT v FICBWTHEt 2 THILIZLE D RAaT7 TH 5D,
S=ANYTFNTROFIEZITH 2 & TRETT VORI A—Z b 217 9,

@) ANMT %38 K(DIZHE-> T, ARSI BAERK L7850 EE 2 R RKIET 5 X 51

FET 50K 1),

(i) FRIETADEE WIZ, RIHE> T, ER SN IRE & BT — 2 ORI IE L < i
B 2 WIRHE & e K16 2 & 912 E 83 5 (K 5),

(iff) BRAIE T %58 L7c ANMT O%8 ik, sGIHE- T, Rk L= i RF1 & e 71
PSAY & I 2 2 VI & Bk 5 & 9122855 (2 6),

2.1.4 B

2.1.4.1 EERHRTE

ARFEBRICHB W TIE, JEH DXl 27—/ A & L T Asian Scientific Paper Excerpt Corpus (ASPEC)!
ERWTEARIREZ T 7o, 22— SR T 208 E LUClE, FIsCickt UCIEaET % &2 MEHT
v — L% v h(KyTea)2Z V>, #3CI2%F LTl mosesdecoder3Z AV CTHEESE| 21T - 7214,
mosesdecoder & W T/NCFALZ T o 72, £72, £ID 1K H 50ME 50 LU EOLAE DY Br
7o FEMAT—4 & LTI 100 73kt (train-1txt)Z EFLOLIE ATV EA7 50,000 ST 4 il
LW & 245 3555, AARGED BRI IURGL S L RAFEDO Y YRV 2@ TENLh 16,416 &F.
15,051 sECh o 7o, BAFET — & LA T — Z 12kt L TH LRLOE AT - 1o fE R £ 24 1,658
R, 1,812 LR TH o T2,

ANMT (%, = a—¥— Ta—X—»RBZNZEN 480 LSTM hbpkhd T a—F— .52
— A —FF xR\, TEEAOET /VIE Luong 5(2015)1C L % “Global Attention(dot) ” %%
L7z, 72, #BBIET AL EERIC 4 BO LSTM & H\\ iz, HREHOIALE, RBO KX Xidk
H1Z 256 kot & L, LSTM D/3F 2 —# % [-0.8,0.8] D—HRELI CHIMIL L7z, #H 1% Adam
(Kingma&Ba, 2015) M L, /X7 A —% OFHIREIZ, a =0.01, f1 =09, p2=0.999& L,
RNy FHA XTI 64 & LTz, 20 KEBRTOET VT4 T Chainer (Tokui et al., 2015) % 4
WTEIE LT,

2.1.4.2 EEBHER
FHFROEE 2 FRLOBRE T, (ERTFIEANMT) &R FIEANMT + GAN) TEREZ1T- 7,
AR ET VL LTIER TRy 7R TRIC, BT — 2T L TRHR LI AA—=T L F T 4 R
KbHE»-oTmbOERA LT,

P T — Z Ik LT —AE 5 O B — APEE 217\ BLEU & RIBES CiMfi L7z, £ 11X%D
FEBAER AR, £1 L0, BEFEOET /L TIE BLEU, RIBES HIZitEF%00 ANMT &t

1 http://lotus.kuee.kyoto-u.ac.jp/ASPEC/
2 http://www.phontron.com/kytea/index-ja.html
3 https!//github.com/moses-smt/mosesdecoder



# 1: 50,000 3Cxf & E I W26 0 EBs R

BLEU(%) RIBES
e TFEANMT) 15.86 0.6854
REZF1EANMT+GAN) 17.24 0.7036

BLTEHWMERELNIZZ L5,

2.1.5 FLOSHRDERE

AFFEIL ERTIETH D ANMT IZ GAN OFEE FIEEZ IO AT HBRIROET LV E2IRE LT,
ARG TIT o T2 ER L 0 R FEANMDIC KT 2 I EBTFIEOA ML RT 2 LN TE 2, 5%IT.
AR DOEBRTHN T2 ASPEC DF% Y OS2 W TEBRZITV, ERFIELREFIEL O
B 24T 9,
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2.2 Neural Machine Translation of Patent Sentences
with Large Vocabulary Technical Terms

University of Tsukuba  Zi Long
Takehito Utsuro
University of Tsukuba Mikio Yamamoto

2.2.1 Introduction

Neural machine translation (NMT), a new approach to solving machine translation, has achieved
promising results [1][2][7][8][11][12][17]. An NMT system builds a simple large neural network that
reads the entire input source sentence and generates an output translation. The entire neural network is
jointly trained to maximize the conditional probability of a correct translation of a source sentence with
a bilingual corpus. Although NMT offers many advantages over traditional phrase-based approaches,
such as a small memory footprint and simple decoder implementation, conventional NMT is limited
when it comes to larger vocabularies. This is because the training complexity and decoding complexity
proportionally increase with the number of target words. Words that are out of vocabulary are
represented by a single unknown token in translations, as illustrated in Figure Figure 1. The problem
becomes more serious when translating patent documents, which contain several newly introduced
technical terms.

There have been a number of related studies that address the vocabulary limitation of NMT systems.
Jean el al. [7] provided an efficient approximation to the softmax to accommodate a very large vocabulary
in an NMT system. Luong et al. [13] proposed annotating the occurrences of a target unknown word
token with positional information to track its alignments, after which they replace the tokens with their
translations using simple word dictionary lookup or identity copy. Li et al. [10] proposed to re- place
out-of-vocabulary words with similar in-vocabulary words based on a similarity model learnt from
monolingual data. Sennrich et al.[16] introduced an effective approach based on encoding rare and
unknown words as sequences of subword units. Luong and Manning [11] provided a character-level and
word-level hybrid NMT model to achieve an open vocabulary, and Costa-jussa and Fonollosa[3] proposed
a NMT system based on character-based embeddings.

Technical terms and abbreviations are out
of vocabulary and are translated as UNK
token which represent unknown words

Numbers are translated as null
in the output translation

~. {
input Japanese sentence: emac/L=Yb/312/I&/{E5 /% /TVIT /A3 TT—R/388/IZ /1R 1]/F B/,

l (cmac unit 312 provides a signal to thelbridge interface 388.)

NMT Chinese translation: UNK/B87%/312/4E/{55/12(1/45/UNK/AEDO/.

reference Chinese sentence: cmac/EBTL/312/18/(55 /1R 1t/ 45/iR5R/4200/388/,
Figure 1 Example of translation errors when translating patent sentences with technical terms using
NMT

However, these previous approaches have limitations when translating patent sentences. This is be-
cause their methods only focus on addressing the problem of unknown words even though the words are
parts of technical terms. It is obvious that a technical term should be considered as one word that
comprises components that always have different meanings and translations when they are used alone.

S

An example is shown in Figure Figure 1, wherein Japanese word “ 7 !) v < (bridge) should be
translated to Chinese word “F5Z8” when included in technical term “bridge interface”; however, it is

always translated as “H¥”.

In this paper, we propose a method that enables NMT to translate patent sentences with a large
vocabulary of technical terms. We use an NMT model similar to that used by Sutskever et al. [17],
which uses a deep long short-term memories (LSTM) [5] to encode the input sentence and a separate



deep LSTM to output the translation. We train the NMT model on a bilingual corpus in which the
technical terms are replaced with technical term tokens; this allows it to translate most of the source
sentences except technical terms. Similar to Sutskever et al.[17], we use it as a decoder to translate
source sentences with technical term tokens and replace the tokens with technical term translations using
statistical machine translation (SMT). We also use it to rerank the 1,000-best SMT translations on the
basis of the average of the SMT and NMT scores of the translated sentences that have been rescored
with the technical term tokens. Our experiments on Japanese-Chinese patent sentences show that our
proposed NMT system achieves a substantial improvement of up to 3.1 BLEU points and 2.3 RIBES
points over a traditional SMT system and an improvement of approximately 0.6 BLEU points and 0.8
RIBES points over an equivalent NMT system without our proposed technique.

2.2.2 Japanese-Chinese Patent Documents

Japanese-Chinese parallel patent documents were collected from the Japanese patent documents
published by the Japanese Patent Office (JPO) during 2004-2012 and the Chinese patent documents
published by the State Intellectual Property Office of the People’s Republic of China (SIPO) during
2005-2010. From the collected documents, we extracted 312,492 patent families, and the method of
Utiyama and Isahara[19] was applied' to the text of the extracted patent families to align the Japanese
and Chinese sentences. The Japanese sentences were segmented into a sequence of morphemes using
the Japanese morphological analyzer MeCalt? with the morpheme lexicon IPAdic,’ and the Chinese
sentences were segmented into a sequence of words using the Chinese morphological analyzer Stanford
Word Segment [18] trained using the Chinese Penn Treebank. In this study, Japanese-Chinese parallel
patent sentence pairs were ordered in descending order of sentence-alignment score and we used the
topmost 2.8M pairs, whose Japanese sentences contain fewer than 40 morphemes and Chinese sentences
contain fewer than 40 words*

2.2.3 Neural Machine Translation (NMT)

NMT uses a single neural network trained jointly to maximize the translation performance
[12][71[8][11][12][17]. Given a source sentence x = (x, ..., xy) and target sentence y = (y4, ..., V1),
an NMT system uses a neural network to parameterize the conditional distributions

pily<p, x)

for 1 <1 < M. Consequently, it becomes possible to compute and maximize the log probability of the
target sentence given the source sentence

logp(ylx) = %L1 logp ily<p, %) (1)

In this paper, we use an NMT model similar to that used by Sutskever et al.[17]. It uses two separate deep
LSTMs to encode the input sequence and output the translation. The encoder, which is implemented as a
recurrent neural network, reads the source sentence one word at a time and then encodes it into a large
vector that represents the entire source sentence. The decoder, another recurrent neural network,
generates a translation on the basis of the encoded vector one word at a time.

One important difference between our NMT model and the one used by Sutskever et al. [17] is that we
added an attention mechanism. Recently, Vinyals et al. [20]proposed an attention mechanism, a form of
random access memory, to help NMT cope with long input sequences. Luong et al. [12] proposed an
attention mechanism for different scoring functions in order to compare the source and target hidden

"Herein, we used a Japanese-Chinese translation lexicon comprising around 170,000 Chinese entries.
“http://mecab.sourceforge.net/
*http://sourceforge.jp/projects/ipadic/

“In this paper, we focus on the task of translating patent sentences with a large vocabulary of technical terms using the NMT
system, where we ignore the translation task of patent sentences that are longer than 40 morphemes in Japanese side or longer
than 40 words in Chinese side.



states as well as different strategies for placing the attention. In this paper, we utilize the attention
mechanism proposed by Vinyals et al. [20], wherein each output target word is predicted on the basis of
not only a recurrent hidden state and the previously predicted word but also a context vector computed
as the weighted sum of the hidden states.

2.2.4 NMT with a Large Technical Term Vocabulary

2.2.4.1 NMT Training after Replacing Technical Term Pairs with Tokens

Figure 2 illustrates the procedure of the training model with parallel patent sentence pairs, wherein
technical terms are replaced with technical term tokens “TT;,” “TT,,” and so on.

In the step 1 of Figure Figure, we align the Japanese technical terms, which are automatically extracted
from
the Japanese sentences, with their Chinese translations in the Chinese sentences,SHere, we Introduce the
following two steps to identify technical term pairs in the bilingual Japanese-Chinese corpus:

1.  According to the approach proposed by Dong et al.[4], we identify Japanese-Chinese technical term
pairs using an SMT phrase translation table. Given a parallel sentence pair (S], SC) containing a
Japanese technical term t;, the Chinese translation candidates collected from the phrase translation
table are matched against the Chinese sentence S; of the parallel sentence pair. Of those found in
Sc, tc With the largest translation probability P(tc|t1) is selected, and the bilingual technical term

pair (t], tc) is identified.

2. For the Japanese technical terms whose Chinese translations are not included in the results of Step 1,
we then use an approach based on SMT word alignment. Given a parallel sentence pair (S ],SC)
containing a Japanese technical term t;, a sequence of Chinese words is selected using SMT word
alignment, and we use the Chinese translation t¢ for the Japanese technical term t; 0

As shown in the step 2 of Figure Figure, in each of Japanese-Chinese parallel patent sentence pairs,
occurrences of technical term pairs (t]l, t}), (t]Z, tcz), TN (t]k, té‘) are then replaced with technical term
tokens (TTy,TT;), (TT,,TT,), -, (TTy, TT)). Technical term pairs (t]l, tcl), (tjz,tcz),--- , (t]k, té‘) are
numbered in the order of occurrence of Japanese technical terms t]i (i=1,2,--+,k) in each Japanese

sentence ;. Here, note that in all the parallel sentence pairs (S 7 SC), technical term tokens “TT;,” TT,,”
and so on that are identical throughout all the parallel sentence pairs are used in this procedure.
Therefore, for example, in all the Japanese patent sentences S; , the Japanese technical term t]l which
appears earlier than other Japanese technical terms in S; is replaced with TT;. We then train the NMT
system on a bilingual corpus, in which the technical term pairs is replaced by “TT;” (i = 1,2, --+) tokens,
and obtain an NMT model in which the technical terms are represented as technical term tokens’

2.2.4.2 NMT Decoding and SMT Technical Term Translation

Figure Figure illustrates the procedure for producing Chinese translations via decoding the Japanese
sentence using the method proposed in this paper. In the step 1 of Figure Figure, when given an input
Japanese sentence, we first automatically extract the technical terms and replace them with the technical
term tokens “TT;”

“In this work, we approximately regard all the Japanese compound nouns as Japanese technical terms. These Japanese
compound nouns are automatically extracted by simply concatenating a sequence of morphemes whose parts of speech are
either nouns, prefixes, suffixes, unknown words, numbers, or alphabetical characters. Here, morpheme sequences starting
or ending with certain prefixes are inappropriate as Japanese technical terms and are excluded. The sequences that include
symbols or numbers are also excluded. In Chinese side, on the other hand, we regard Chinese translations of extracted Japanese
compound nouns as Chinese technical terms, where we do not regard other Chinese phrases as technical terms.

®We discard discontinuous sequences and only use continuous ones.

"We treat the NMT system as a black box, and the strategy we present in this paper could be applied to any NMT system
(217108101 11 21117].
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Consequently, we have an input sentence in which the technical term tokens “TT;”
1,2, ) represent the positions of the technical terms and a list of extracted Japanese technical

8We use the translation with the highest probability in the phrase translation table. When an input Japanese technical term has
multiple translations with the same highest probability or has no translation in the phrase translation table, we apply a
compositional translation generation approach, wherein Chinese translation is generated compositionally from the constituents of

Japanese technical terms.



1. obtaining 1,000 best
translations by SMT 1,000-best translation list

t lati del with SMT scores: 1,000-best translations with technical
ranslation mode! o

term tokens “TT\”, “TT,", ...:

Rank | Translation SMT
N Score Rank | Translation SMT
input Japanese sentence: 1 Chy fE/BREE | 584 2. replacing Score
avBoIeFS5Y SMT [/ RIBER/14/. = technical [ Ch‘:Zi/LTH4 5.84
E !E’ 1 P e Y e A (R I AU 1T, A
;ﬁgli’é‘ﬁ /Lﬁ’c (,\614/ translation| i} |-~ terms with Lo/ TR1Y
N : FE N SR
#V model 6 Che Z2/iM/AEE | 627 | | | technical term |.
(The metal film 14 is interposed 114/ 6/ EmE | tokens “TT,” |° 6 ChefE/TT, /... .../ |
between the contact plug 9d ... ....) 2 arr,” 1 B/IL:/14/.
...... — 2 >
T 7
[ ,'
ror
ror
! /
g :I 3. rescoring by NMT
translation model
Reranked 1,000-best translations? (with technical term
output Chinese translation: Rank | Translation Final 1000-best translations with NMT scores : token “TT\”, “TT,", ...
score " Rank | Translation SMT | NMT
1 Che: TE/BMUTE | 563 [ 4. Reranking 1,000- . score | score
[ .. [B/REIR : best translations "1 Ch#E/TT, 584 | -6.49 (€ o+ e
/14/, N : [os o /TT3 14/,

according to

- the average
5. output translation |4 Ch &/ BM/EE | -6.16 |
; - 6 CheFE/IT, /... ../ | -6.27 | -5.00
with the highest score [/ IRER/14/. of SMT score ™ BT 4),
and NMT score

(Technical term translations recovered from SMT translations)

Figure 4 NMT rescoring of 1,000-best SMT translations with technical term tokens “TT;” (i = 1,2, ")

terms. Next, as shown in the step 2-N of Figure Figure, the source Japanese sentence with technical
term tokens is translated using the NMT model trained according to the procedure described in Section
2.2.4.1, whereas the extracted Japanese technical terms are translated using an SMT phrase translation
table in the step 2-S of Figure Figure.? Finally, in the step 3, we replace the technical term tokens “T'T;”
(i = 1,2,--+) of the sentence translation with SMT the technical term translations.

2.2.4.3 NMT Rescoring of 1,000-best SMT Translations

As shown in the step 1 of Figure Figure , similar to the approach of NMT rescoring provided in Sutskever
et al.[17], we first obtain 1,000-best translation list of the given Japanese sentence using the SMT system.
Next, in the step 2, we then replace the technical terms in the translation sentences with technical term
tokens “TT;” (i = 1,2,--+), which must be the same with the tokens of their source Japanese technical
terms in the input Japanese sentence. The technique used for aligning Japanese technical terms with their
Chinese translations is the same as that described in Section 2.2.4.1. In the step 3 of Figure Figure , the
1,000- best translations, in which technical terms are represented as tokens, are rescored using the NMT
model trained according to the procedure described in Section 2.2.4.1. Given a Japanese sentence S; and
its 1,000-best Chinese translations SZ (n = 1,2,-:+,1,000) translated by the SMT system, NMT score of
each translation sentence pair (S 7 Sg) is computed as the log probability logp(Sng ]) of Equation (1).
Finally, we rerank the 1,000-best translation list on the basis of the average SMT and NMT scores and
output the translation with the highest final score.

2.2.5 Evaluation

2.2.5.1 Training and Test Sets

We evaluated the effectiveness of the proposed NMT system in translating the Japanese-Chinese parallel
patent sentences described in Section 2.2.2. Among the 2.8M parallel sentence pairs, we randomly
extracted 1,000 sentence pairs for the test set and 1,000 sentence pairs for the development set; the
remaining sentence pairs were used for the training set.

According to the procedure of Section 2.2.4.1, from the Japanese-Chinese sentence pairs of the training
set, we collected 6.5M occurrences of technical term pairs, which are 1.3M types of technical term pairs
with 800K unique types of Japanese technical terms and 1.0M unique types of Chinese technical terms
Out of the total 6.5M occurrences of technical term pairs, 6.2M were replaced with technical term tokens
using the phrase translation table, while the remaining 300K were replaced with technical term tokens



Table 1 Automatic evaluation results

NMT decoding and NMT rescoring of

SMT technical term 1,000-best SMT
System translation translations

BLEU RIBES BLEU RIBES
Baseline SMT [9] 52.5 88.5 - -
Baseline NMT 53.5 90.0 55.0 89.1
NMT with technical term 55.3 90.8 55.6 89.4
translation by SMT
NMT with PosUnk model [13] 54.0 90.3 55.5 89.1

using the word alignment.9 We limited both the Japanese vocabulary (the source language) and the
Chinese vocabulary (the target language) to 40K most frequently used words.

Within the total 1,000 Japanese patent sentences in the test set, 2,244 occurrences of Japanese technical
terms were identified, which correspond to 1,857 types.

2.2.5.2 Training Details

For the training of the SMT model, including the word alignment and the phrase translation table, we
used Moses [9], a toolkit for a phrase-based SMT models.

For the training of the NMT model, our training procedure and hyperparameter choices were similar
to those of Sutskever et al. [17]. We used a deep LSTM neural network comprising three layers, with 512
cells in each layer, and a 512-dimensional word embedding. Similar to Sutskever et al. [17] we reversed
the words in the source sentences and ensure that all sentences in a minibatch are roughly the same
length. Further training details are given below:

* All of the LSTM’s parameter were initialized with a uniform distribution ranging between -0.06 and
0.06.

» We set the size of a minibatch to 128.

* We used the stochastic gradient descent, beginning at a learning rate of 0.5. We computed the
perplexity of the development set using the currently produced NMT model after every 1,500 mini-
batches were trained and multiplied the learning rate by 0.99 when the perplexity did not decrease
with respect to the last three perplexities. We trained our model for a total of 10 epoches.

« Similar to Sutskever et al. [17], we rescaled the normalized gradient to ensure that its norm does not
exceed 5.

We implement the NMT system using TensorFlow,'” an open source library for numerical computation.
The training time was around two days when using the described parameters on an 1-GPU machine.

2.2.5.3 Evaluation Results

We calculated automatic evaluation scores for the translation results using two popular metrics:
BLEU [14] and RIBES [6]. As shown in Table Table 1, we report the evaluation scores, on the basis
of the translations by Moses [9], as the baseline SMT ! and the scores based on translations produced by
the equivalent NMT system without our proposed approach as the baseline NMT. As shown in Table
Table 1, the two versions of the proposed NMT systems clearly improve the translation quality when
compared with the baselines. When compared with the baseline SMT, the performance gain of the
proposed system is

There are also Japanese technical terms (3% of all the extracted terms) for which Chinese translations can be identified
using neither the SMT phrase translation table nor the SMT word alignment.
Yhttps://www.tensorflow.org/



Table 2 Human evaluation results (the score of pairwise evaluation ranges from —100 to 100
thecore of JPO adequacy evaluation ranges from 1 to 5)

and

NMT decoding and NMT rescoring of
SMT technical term 1,000-best SMT
System translation translations
o JPO o JPO
pairwise d pairwise | dequac
evaluation | 29°943CY | oyajuation <y
evaluation evaluation
Baseline SMT [9] - 3.5 - -
Baseline NMT 5.0 3.8 28.5 4.1
NMT with technical term translation by SMT 36.5 4.3 31.0 4.1

approximately 3.1 BLEU points if translations are produced by the proposed NMT system of Section
2.2.4.3 or 2.3 RIBES points if translations are produced by the proposed NMT system of Section 2.2.4.2.
When compared with the result of decoding with the base line NMT, the proposed NMT system of
Section 2.2.4.2 achieved performance gains of 0.8 RIBES points. When compared with the result of
reranking with the baseline NMT, the proposed NMT system of Section 2.2.4.3 can still achieve
performance gains of 0.6 BLEU points. Moreover, when the output translations produced by NMT
decoding and SMT technical term translation described in Section 2.2.4.2 with the output translations
produced by decoding with the baseline NMT, the number of unknown tokens included in output
translations reduced from 191 to 92. About 90% of remaining unknown tokens correspond to numbers,
English words, abbreviations, and symbols.12

Furthermore, we quantitatively compared our study with the work of Luong et al [13]. As the result
shown in Table Table 1, compared with the NMT system with PosUnk model that is proposed as the best
model by Luong et al. [13], the proposed NMT system achieves performance gains of 1.3 BLEU points
and 0.4 RIBES points when the output translations are produced by NMT decoding and SMT technical
term translation described in Section 2.2.3.2.

In this study, we also conducted two types of human evaluation according to the work of Nakazawa et
al. [14]: pairwise evaluation and JPO adequacy evaluation. During the procedure of pairwise evaluation,
we compare each of translations produced by the baseline SMT with that produced by the two versions of
the proposed NMT systems, and judge which translation is better, or whether they are with comparable
quality. The score of pairwise evaluation is defined by the following formula, where W is the number of
better translations compared to the baseline SMT, L the number of worse translations compared to the
baseline SMT, and T the number of translations having their quality comparable to those produced by the
baseline SMT:

W—-L

=100 X ———
score WHL+T

The score of pairwise evaluation ranges from —100 to 100. In the JPO adequacy evaluation, Chinese
translations are evaluated according to the quality evaluation criterion for translated patent documents
proposed by the Japanese Patent Office (JPO).!* The JPO adequacy criterion judges whether or not the
technical factors and their relationships included in Japanese patent sentences are correctly translated into
Chinese, and score Chinese translations on the basis of the percentage of correctly translated information,
where the score of 5 means all of those information are translated correctly, while that of 1 means most

'We train the SMT system on the same training set and tune it with development set.

"2In addition to the two versions of the proposed NMT systems presented in Section 2.2.4, we evaluated a modified version
of the proposed NMT system, where we introduce another type of token corresponding to unknown compound nouns and
integrate this type of token with the technical term token in the procedure of training the NMT model. We achieved a slightly
improved translation performance, BLEU/RIBES scores of 55.6/90.9 for the proposed NMT system of Section 2.2.4.2 and those
0f 55.7/89.5 for the proposed NMT system of Section 2.2.4.3.

Bhttps://www.jpo.go.jp/shiryou/toushin/chousa/pdf/tokkyohonyaku_hyouka/01.pdf (in Japanese)
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Figure 5 Example of correct translations produced by the proposed NMT system with SMT
technical term translation (compared with baseline SMT)
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Figure 6 Example of correct translations produced by the proposed NMT system with SMT
technical term translation (compared to decoding with the baseline NMT)
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Figure 7 Example of correct translations produced by reranking the 1,000-best SMT translations with
the proposed NMT system (compared to reranking with the baseline NMT)

randomly selected 200 sentence pairs from the test set for human evaluation, and both human evaluations
were conducted using only one judgement. Table Table 2 shows the results of the human evaluation for
the baseline SMT, the baseline NMT, and the proposed NMT system. We observed that the proposed
system achieved the best performance for both pairwise evaluation and JPO adequacy evaluation when we
replaced technical term tokens with SMT technical term translations after decoding the source sentence
with technical term tokens.

Throughout Figure Figure ~Figure Figure , we show an identical source Japanese sentence and each of
its produced by the two versions of the proposed NMT systems, compared with translations produced by
the three baselines, respectively. Figure Figure shows an example of correct translation produced by the
proposed system in comparison to that produced by the baseline SMT. In this example, our model
correctly



translates the Japanese sentence into Chinese, whereas the translation by the baseline SMT is a
translation error with several erroneous syntactic structures. As shown in Figure Figure, the second
example highlights that the proposed NMT system of Section 2.2.4.2 can correctly translate the Japanese

technical term “ A5 W &4>H 7 = —~ (laminated wafer) to the Chinese technical term “MtSEa
The translation by the baseline NMT is a translation error because of not only the erroneously translated
unknown token but also the Chinese word “N§&HY”, which is not appropriate as a component of a

Chinese technical term. Another example is shown in Figure Figure , where we compare the translation
of a reranking SMT 1,000-best translation produced by the proposed NMT system with that produced by
reranking with the baseline NMT. It is interesting to observe that compared with the baseline NMT, we
obtain a better translation when we rerank the 1,000-best SMT translations using the proposed NMT
system, in which technical term tokens represent technical terms. It is mainly because the correct

Chinese translation “EgJ5"(wafer) of Japanese word “7/ ==—/~" is out of the 40K NMT vocabulary

(Chinese), causing reranking with the baseline NMT to produce the translation with an erroneous
construction of “noun phrase of noun phrase of noun phrase”. As shown in Figure Figure , the proposed
NMT system of Section 2.2.4.3 produced the translation with a correct construction, mainly because

Chinese word “E&lH ”(wafer) is a part of Chinese technical term “My& E&F(laminated wafter) and is

replaced with a technical term token and then rescored by the NMT model (with technical term tokens
“TT,,” “TT,,” and so on.

2.2.6 Conclusion

In this paper, we proposed an NMT method capable of translating patent sentences with a large
vocabulary of technical terms. We trained an NMT system on a bilingual corpus, wherein technical
terms are replaced with technical term tokens; this allows it to translate most of the source sentences
except the technical terms. Similar to Sutskever et al. [17], we used it as a decoder to translate the source
sentences with technical term tokens and replace the tokens with technical terms translated using SMT.
We also used it to rerank the 1,000-best SMT translations on the basis of the average of the SMT score
and that of NMT rescoring of translated sentences with technical term tokens. For the translation of
Japanese patent sentences, we observed that our proposed NMT system performs better than the phrase-
based SMT system as well as the equivalent NMT system without our proposed approach.

One of our important future works is to evaluate our proposed method in the NMT system proposed
by Bahdanau et al. [1], which introduced a bidirectional recurrent neural network as encoder and is the
state-of-the-art of pure NMT system recently. However, the NMT system proposed by Bahdanau et al.
[1] also has a limitation in addressing out-of-vocabulary words. Our proposed NMT system is expected
to improve the translation performance of patent sentences by applying approach of Bahdanau et al. [1].
We will also evaluate the present study by reranking the n-best translations produced by the proposed
NMT system on the basis of their SMT rescoring. Next, we will rerank translations from both the n-best
SMT translations and n-best NMT translations. As shown in Section 2.2.5.3, the decoding approach of
our proposed NMT system achieved the best RIBES performance and human evaluation scores in our
experiments, whereas the reranking approach achieved the best performance with respect to BLEU. A
translation with the highest average SMT and NMT scores of the n-best translations produced by NMT
and SMT, respectively, is expected to be an effective translation.
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2.3.1 Introduction

Manual evaluation is a primary means of interpreting the performance of machine translation
(MT) systems and evaluating the accuracy of automatic evaluation metrics. It is also essential
for natural language processing tasks such as summarization and dialogue systems, where (1)
the number of correct outputs is unlimited, and (2) naive text matching cannot judge the
correctness, that is, an evaluator must consider syntactic and semantic information.

Recent work has used crowdsourcing to reduce costs of manual evaluations. However, the
judgments of crowd workers are often noisy and unreliable because they are not experts.

To maintain quality, evaluation tasks implemented using crowdsourcing should be simple.
Thus, many previous studies focused on pairwise comparisons instead of absolute evaluations.
The same task is given to multiple workers, and their responses are aggregated to obtain a
reliable answer.

We must, therefore, develop methods that robustly estimate the MT performance based on
many pairwise comparisons.

Some aggregation methods have been proposed for MT competitions hosted by the Workshop
on Statistical Machine Translation (WMT) (Bojar et al., 2015), where a ranking of the submitted
systems is produced by aggregating many manual judgments of pairwise comparisons of system
outputs.

However, existing methods do not consider the following important issues.

Interpretability of the estimates: For the purpose of evaluation, their results must be
interpretable so that we could use the results to improve MT systems and the next MT
evaluation campaigns. Existing methods, however, only yield system-level scores.

Judge sensitivity: Some judges can examine the quality of translations with consistent
standards, but others cannot~¥cite{Graham2015Can}. Sensitivities to the translation quality and
judges' own standards are important factors.

Evaluation of a newly submitted system: Previous approaches considered all pairwise
combinations of systems and must compare a newly submitted system with all the submitted
systems. This made it difficult to allow participants to submit their systems after starting the
evaluation step.

To address these issues, we use a model from item response theory (IRT). This theory was
originally developed for psychometrics, and has applications to academic tests. IRT models are

highly interpretable and are supported by theoretical and empirical studies. For example, we can
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Figure 1: Illustration of manual pairwise comparison. Each system yields translations.
Judges compare them with a baseline translation and report their preferences. Our goal is to

aggregate the judgments to determine the performance of each system.

estimate the informativeness of a question in a test based on the responses of examinees.

We focused on aggregating many pairwise comparisons with a baseline translation so that we
could use the analogy of standard academic tests. Figure 1 shows our problem setting. Each
system of interest yields translations, and the translations are compared with a baseline
translation by multiple human judges. Each judge produces a preference judgment.

The pairwise comparisons correspond to questions in academic tests, a judge's sensitivity to
the translation quality is mapped to discrimination of questions, and the relative difficulty of
winning the pairwise comparison is mapped to the difficulty of questions. MT systems
correspond to students that take academic tests, and IRT models can be naturally applied to
estimate the latent performance (ability) of MT systems (students).

Additionally, our approach, fixing baseline translations, can easily evaluate a newly submitted
system. We only need to compare the new system with the baseline instead of testing all
pairwise combinations of the submitted systems.

Our contributions are summarized as follows.'

1.  We propose an IRT-based aggregation model of pairwise comparisons with highly
interpretable parameters.

2. We simulated noisy judges on the WMT13 dataset and demonstrated that our model is less
affected by the noisy judges than previously proposed methods.

' We also show that our method accurately replicated the WMT13 official system scores using a few
comparisons. However, this is not the main focus of this paper.



2.3.2 Problem Setting

We first describe the problem setting, as shown in Figure 1.

Assume that there is a group of systems [ indexed by i, a set of segments / indexed by j,
and a set of judges K indexed by k.

Before a manual evaluation, we fix an arbitrary baseline system and use it to translate the
segments J. Then, each system i € I produces a translation on segment j € J. One of the judges
k € K compares it with the baseline translation. The judge produces a preference judgment.

Let ujj) be the observed judgment that judge k assigns to a translation by system i on
segment j, that is,

1 (preference for baseline)

Ujjk = 12 (no preference)
3 (preference for system i)

b

and let c € {1, 2,3} be the judgment label.

Each system i has its own latent performance 6; € R. Our goal is to estimate $¥theta$ by

using the observed judgments U = {ui'j'k}iel,je],kEK .

2.3.3 Generative Judgment Model

We describe a statistical model for pairwise comparisons based on an IRT model.
Modified Graded Response Model
Based on the graded response model (GRM) proposed by (Samejima, 1968), we define a
generative model of judgments. GRM deals with responses on ordered categories including
ratings such as A+, A, B+ and B, and partial credits in tests. In our problem setting, judgments
can be seen as partial credits. When a system beats a baseline translation, the system receives
¢ = 3 credit. In the case of a tie, the system receives ¢ = 2 credit. The system receives ¢ = 1
credit when it lose to the baseline.

Let P]f{C (8;) be the probability that judge k assigns judgment ™ > ¢ to a comparison on

segment j between system i and a baseline.

1
1 + exp(—ax(6; — b))

Plc(8:) =

where Py, (0;) = 1, Py3(0;) = 0. Parameters a and b are called discrimination and
difficulty parameters, respectively. a represents the discriminablity or sensitivity of the judge,
and $b$ represents a segment-specific difficulty parameter. The discrimination parameter a is
positive, and the difficulty parameter b satisfies b; < b,, where b; corresponds to the
difficulty of not losing to the baseline (c > 1, and b, corresponds to the difficulty of beating
the baseline ¢ > 2).



The generative probability of judgment u;;; is defined as the difference in the probabilities

defined above, that is,

Pie(8)) = P(ujj = ¢ | 85, by, ax) = Pic_1(8;) — Pic(6).

The model described above is different from the original GRM, which assumed that the values
of a are independent from question to question, and that each a belongs to exactly one
question. However, in our problem setting, the judges evaluate multiple segments, and
discrimination parameter a is independent from segment j. This modification means that the
GRM can capture the judge's sensitivity.

Priors

We assign prior distributions to the parameters to obtain estimates stably. We assume Gaussian
distributions on © and b, thatis, 8 ~ N(0, t2) and be ~ N(ppc,05¢) (¢ = 1,2). The
discrimination parameter is positive, so we assume a log Gaussian distribution on a, i.e.,

log(a) ~ N(ug, 02). Note that T,u and o are hyper parameters.

2.3.4 Parameter Estimation

We find the values of the parameters to maximize the log likelihood based on the judgments U:
L(6, &) =logP(U;6,%).

We denote the parameters a = {ay}yex and b = {bjl'bjz}jej to be € in this section.

Marginal Likelihood Maximization of Judge Sensitivity and Matchup Difficulty

Estimates are known to be inaccurate when all the parameters are optimized at once, so we first

estimate the parameters & to maximize the marginal log likelihood w.r.t. the system

performance 6.

mL(E) = logP(U,%) = Y log [ . P(B)P(U;]6,£)d6 + logP(¥),

where Uj is the set of judgments given to system I The equation above can be approximated
using Gauss-Hermite quadrature.

We solve the optimization problem using the gradient descent methods to maximize the
approximated marginal likelihood. The inequality constraints on the parameters are handled by
adding log barrier functions to the objective function.

Maximum A Posteriori (MAP) Estimation of System Performance
Given the estimates of &, we estimate the system performance 6 = {6;};¢; by using MAP
estimation.

We maximize the objective function,

L(8) = logP(U,8;%) X;c;(1ogP(6;) + logP(U; | 8;;8)).

The estimates of 0 are obtained using the gradient descent method.



2.3.5 Experiments
We conducted experiments on the WMT13 manual evaluation dataset for 10 language pairs. For

details of the evaluation data, see the overview of WMT13 (Bojar et al., 2013).

o7k

5 8
3 9
06 0.6l
.
Spet” F=l TSt{CU-ZEMAN) J=l TSt{CU-ZEMAN)
0.5p P ¥ - TSt(SHEF-WPROA) [ 0.5 4 TSt{DCU-OKITA)
.
* . <=4 TSt(mean) < -4 TSt(mean)
.
oal .t =% GRM(DCU) | oal =¥ GRM(DCU) i
f 4 GRM(SHEF-WPROA) ¥ # OCRM(UEDIN-HEAFIELD)
b GRM(mean) B & GRM(mean)
a3 1dDD 2[)‘[)[) 30‘00 AdDD 5dDD G[)ID[) 7000 o3 1 [)I[)D 20‘00 3dDD 4dUD 5n'nn GDIDD IdDU
#oomparisons #comparsons
(a) Correlation (b) nDCG

Figure 2: Correlation and nDCG comparing the estimated system performance and gold
scores with the number of comparisons for the WMT13 Spanish—English task.
Setup
Models: Our method (GRM) was initialized using a = 1.7,b = (—0.5,0.5),and a 6 value
derived by summing up the judgments for each system and scaling 0 to fit the prior distribution.
For the hyper parameters, we set T = V2, 1, = log(1.7), o, = 1.0, w, = (=0.5,0.5), op, =
2.0.

To compare with our method, we trained ExpectedWins (EW) (Bojar et al., 2013), the model
by Hopkins and May (2013), (HM) and the two-stage crowdsourcing model proposed by Baba
and Kashima (2013) (TSt). We also trained TrueSkill (TS) (Sakaguchi et al., 2014), which was
used to produce the gold score on this experiment. We followed Sakaguchi et al. (2014), who
also used the WMT13 datasets in their experiments, and initialized the HM and TS parameters.
For TSt, we followed Baba and Kashima (2013).

Pairwise comparisons: The WMT dataset contains five-way partial rankings, so we converted

the five-way partial rankings into pairwise comparisons. We randomly sampled 800, 1,600,
3,200 and 6,400 pairwise comparisons from the whole dataset. TS first receives all the pairwise
comparisons and selects the training data based on the active learning strategy, whereas we
sampled the comparisons before running the other methods.

Gold scores: We made gold scores with TS. We produced 1,000 bootstrap-resampled datasets
over all of the available comparisons and collected multiple system scores by TS. The gold
score is the mean of the scores.

Evaluation metrics: We evaluated the models using the Pearson correlation coefficient and the




Table 1: Correlation and nDCG between the estimated system performance and gold scores
for the WMT13 Spanish--English task, based on noisy judges. The values were averaged over
all the datasets. The GRM scores were averaged over all baselines. The differences from the GRM

are reported for the HM and EW.

Noisy (%) 0 10 20 30 40 50
Correlation

GRM 929 917 900 .879 .849 .807
HM +.002 -.005 -.009 -.015 -.025 -.038
EwW -.025 -.028 -.035 -.038 -.040 -.046
nDCG

GRM 883 867 .847 822 .793 .752
HM -.024 -130 -.137 -.144 -152 -.168
EwW -.035 -.054 -.064 -.060 -.060 -.069

normalized discounted cumulative gain (nDCG), comparing the estimated scores and gold
scores. We used nDCG because we are often interested in ranks and scores, especially in MT
competitions such as the WMT translation task. These metrics were also used for experiments
by Baba and Kashima (2013).

Results

Figure 2 shows the correlation and nDCG between the estimated system performance and the
gold scores for the WMT13 Spanish--English task. For the GRM and TSt, the baselines used in
the evaluation are shown in parentheses in the labels. Note that the main contribution of our
method is not to perform better than other methods in terms of correlation and nDCG to the gold
scores, but to result in highly interpretable and robust estimates discussed later.

TS resulted in the highest correlation and nDCG. It is reasonable because the gold scores
themselves were produced by TS, and because it estimates the parameters using active learning,
unlike the other models.

The GRM with the best baseline system (DCU) achieved almost the same scores as the TS, in
terms of correlation and nDCG. Although the TSt with the best baseline resulted in accurate
estimates in terms of correlation, it did not in terms of nDCG. With the worst baselines, the
GRM and TSt both failed to replicate the gold scores, but the GRM was surprisingly accurate in
terms of nDCG (even in the worst case). This implies that the GRM can effectively predict the
top ranked systems.

Baseline Selection

It is likely that single pairwise comparisons do not work well if the baseline is very strong or



weak. As shown in Figure 2, the baseline system influences the final result. When we used
SHEF-WPROA as baseline, the estimated system performance was not accurate. This is because
SHEF-WPROA loses 69.4% of the pairwise comparisons and fails to discriminate between the
other systems. In contrast, DCU loses 34.5% and win 34.8% of the comparisons and
discriminate the other systems successfully. Thus, when we used DCU as baseline, the best
correlation and nDCG were achieved. Therefore, we must determine the appropriate baseline
system before the comparisons.

One possible solution is to consider the system-level scores yielded by automatic evaluation
metrics such as BLEU and METEOR. We obtained relatively good results when we used a
system whose system-level BLEU score and METEOR score were close to the mean of all the
systems.

Analysis of Judge Sensitivity

To investigate the robustness of the GRM, we simulated noisy judges. We selected a subset of
judges and randomly changed their decisions based on a uniform distribution. The percentage of
noisy judges varied between 10% and 50% (in increments of 10%).

We trained HM and EW on the simulated datasets. We excluded TS because it assumes that we
can actively request more comparisons from judges when their decisions are ambiguous.

As shown in Table 1, the accuracy of the GRM was less affected by the noisy judges than HM
and EW. This is because our model estimates judge-specific sensitivities and automatically
reduces the influence of the noisy judges.

Analysis of the Interpretability of the Estimated Matchup Difficulty

Our model is a natural extension of the GRM, so we can apply standard analyses for IRT models.
Item information is one of the standard analysis methods and corresponds to sensitivity to a
latent parameter of interest. Based on the item information, we can find which segment was
difficult to be translated better than a baseline translation.

The item information is calculated using the estimated parameters &, that is,

! ! 2
_ azL(ﬁ;E) _ 3 azlogpjkc(e) . 3 [P;kc—l(e)_P;kC(G)]
1;(6) = E[ 302 ]—Zc=1 [—692 ]P' ATl P (B)-Pc(0)

where P’ = 0P/ 06. Because the item information is only determined by segments and is
independent of the judges, we set ay = 1 (k € K).

Table 2 shows translations for segments 1858 and 1818. We found that the baseline translation
on segment 1818 was relatively good, whereas the baseline translation on segment 1858
contained wrong words such as “drink” and “galaxias”. Consequently, systems with low 6
tended to lose to the baseline on segment 1858 due to their wrong translation (see the translation
of “hawaiano de Mauna Kea”). In contrast, some of the low-ranked systems beat the baseline on

segment 1818, and the segment contributed to discriminate them.



The item information is used to design academic tests that can effectively capture students'
abilities. It could analogously be used to preselect segments to be translated based on the item

information in the MT evaluation.



Table 2: Translation examples for the WMT13 Spanish--English task. The reference is a correct

translation given by the WMT organizers and was shown to human judges. Estimates of @ (averaged over

100 sampled datasets with 6,400 comparisons) are also reported in the table.

Segment 1858: Difficult to beat the baseline translation.

Hasta 2007 los dos telescopios Keck situados en el volcan hawaiano de Mauna Kea

Source )
eran considerados los mas grandes del mundo.
Until 2007, the two Keck telescopes at the Hawaiian volcano, Mauna Kea, were the
Reference
largest in the world.
) Until 2007, the two Keck telescopes located on the Hawaiian volcano Mauna of
DCU[baseline]
KEA were considered the largest in the world.
0 =  Until 2007 the two Keck telescopes located on the Hawaiian volcano Mauna Kea
ONLINE-B ) )
0.24 were considered the largest in the world.
Until 2007, the two Keck telescopes located on the Hawaiian volcano of Mauna
UEDIN 0.12 ) )
Kea were considered the largest in the world.
Until 2007, the two Keck telescope located in the volcano Mauna Kea hawaiano of
CU-ZEMAN -0.1
were regarded as the world’s largest.
HU 012 Until 2007, the two Telescope Keck located in the Kea volcano hawaiano of Mauna
' were considered the world’s largest.
Until 2007 the two telescope Keck located volcano hawaiano of Mauna KEA were
SHEF-WPROA  -0.92

regarded larger of world.

Segment 1818: Easy to beat the baseline translation.

Dependiendo de las tonalidades, algunas im * 4dgenes de galaxias espirales se

Source

convierten en verdaderas obras de arte.

Depending on the colouring, photographs of spiral galaxies can become genuine
Reference

work of art.

) Depending on the drink, some images of galaxias galaxies become true works of

DCUJ[baseline]

art.
ONLINE-B 0.24 Depending on the shades, some images of spiral galaxies become true works of art.
UEDIN 0.12 (Same as ONLINE-B)

Depending on the tonalidades, some images of spirals galaxies become true works
CU-ZEMAN -0.1

of art.

Depending on the tonalidades, some images of galaxies spirals become true works
JHU -0.12

of art.

Depending on the tonalidades, some images of galaxies spirals become real
SHEF-WPROA  -0.92

artwork.




2.3.6 Conclusion

We have addressed the task of manual judgment aggregation for MT evaluations. Our motivation
was three folded: (1) to incorporate a judge's sensitivity to robustly measure a system's performance,
(2) to maintain highly interpretable estimates, and (3) to handle with a newly submitted system.

To tackle these problems, we focused on pairwise comparisons with a fixed baseline translation so
that we could apply the GRM model in IRT by using the analogy of standard academic tests. Unlike
testing all pairwise combinations of systems, fixing baseline translations makes it easy to evaluate a
newly submitted system. We demonstrated that our model gave robust and highly interpretable

estimates on the WMT13 datasets.
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SEATHANFRE D 7= DR SCR A R T D BRI2IE, ¥ — T — RRBET TR, FrrofElc
M INDFFDEEZRET D2 LICEDMBEDPHNLND . RIS &R Sk &
FEat L T B STV D72, HEIC L DB IEFT—TU — FRFRITHAT 5 R MIERLZ2WD,
HONVTHERICRBL SN TS L) AR AL TE 5. £, SATEIFREICB W TIEMR
FAREFNEEER DD Z ENEE L, DHEICLD2MBTIXZOSBEICERT 2 30k E 9T
IWNETEX D ERIFFEIND. BARICEBW TS & LT IPC (EHEREFFDEE) DIED,
FIROF Z—AanHWH5 (INPIT, 2016).

BB OM BRI RE B NEET D, KoY T HEEE DO 5 21T 5 FiF
Lk Z 50 W3 T 5701, BEIRGES AT ABRHWLTWD (FEE, 2007). BLIKTIX
S0 T HBEAMN - OREE L SENARETH S, BEIGEN L VMW SREIC R SE
EANFIZE DT NTRBEND Z ERWIFFSNDD, BEIXKTT 5. 3T, FEFEke zhn
WG sie el T — 2 & LTHWETH 0 B8 I L2 BE D TFENRE SN T
% (Li et al., 2007; Fujino and Isozaki, 2007; Murata et al., 2007; f&%7, 2012; /MK, 2015). 2415 D
WFZEIX B ARIZB W TR DDA WRFOE TH D F ¥ — 20 HEDFEICED LA TS 2, AT
KD BEEDOHB & L THWDITITDEMRELZ S OICEDLIMEND S, £, MWL HEIC
BWTIIASHICET 2R SUREDD72 <720, FEERMETT 5. 612, HBEOBUER
FEhifi SN A XTI HE R ERN NI/ D08, B LWOFEDMT 5 37z SCERAS e = D2 52
W2 XD FIEFHEMICEH TE 720,

AT, HARORFDEICB W TR MO WSHETH S F ¥ — LMTHERE YT, Frf ek
WZxt9 5 F 4 — L0 BHEfT 52,55, EROBITE FIEIZ B W CIIFRF SR o HFE o HE
BEEZ L LTV DN, IBEFIETIIENDICMZ, BIEORGEEOHEEREGRE BB LI-EEE
(PN 5,2003) 1AW EHAELAZEEEE LT L, FHICTMzs. £, #EHT—2DORE
WZxf LTI, FFarstik e F 2 — LM OEPEZ RO 5 HiEE#RET 5.

2.5.2 FARA—AL

F ¥— 0%, Hliosal, Mal, WhoSEUICHE L, ST s msicT >
TR FICBR SN ETH Y, AARENORFCEIC DL H X5 (INPIT, 2016). F
Z— A%, IPC (EBRFFFFLED) <, TOMBBETH D FI O X 5 IZRFFFIRIZ DN TZE DR D
AR AT B DTS, FI RFTES T = & (SR ORI BLE D B ASE L7 b 0T
bV, FHOBEERBGDED - L CEHET 4 L 0 RMICH Y AT 2 L & BIICED S
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2600 D 9 BB LZ TENZH = 5K 1800 ICB W TIER SN TEY, T—~ =2 — F (T 547,
Blal GEF 2 M) , 7 2HD OFFRETHEREIND. Thbb, [F—v, [#EA
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R, “REBIRITRE”, “TULREIE?, “HERE - M2 Ffo. SIS W TR SD F ¥ —24
ZF 1IRT. FZ—AMIFERL SIS LTS L4 HndH 0, AHORTO Ky M
FVBEOREEZR LTS, £ 1 TERINLIMEMEZN 1IIRT. £, &£ F ¥ — 4134
AR T D & LTt a o, £ 1ICB T D F Y — 203 a%E 2187, FH—L4
AT THRREIND ZENBEESNTEY, 1 SDOBHFCRICH L TR —T—~a2— R bR
BSNDED F Z— L0585,



2.5.3 BEEME

CESFEOHTEE, 1990FEMRLIEE, KEOT X2 M —2BNFIHREICR 722 b0, ary
2 —Z OMERPKRIBICH EL2Z s, BT EICK20BEFERHVOND ZENREL o
7= (Sebastiani, 2002). F 4 —7 XA X (McCallum and Nigam, 1998), SVM (Joachims, 1997) &\ x> 7=
SEIE M FEE T LY XAREHINTEY, ETIHEBFEZEH L FIELIRES
TCW5 (Laietal,2015). PATF, FEFo8H, FRICFY — SIS A A Y TR SCIRO B B /3811
B9 DR AT 5.

NTCIR-5 3 &L OY NTCIR-6 DFFFFREE X A 7 IZ8BWT, F ¥ — AT A E Y TR0k B B)
AR AT BRIT B, TA Mabrva UBRABR IS TS (Iwayama et al., 2005; Iwayama et al.,
2007). NTCIR-6 73384 A 7 1%, 1993~1997 H=\Z/ABH S 72 H A BHRFRF A O BE T SCR 2 S % 5
BT —2 &L, 1998~1999 FDREFFCHR 21606 HI1Cxf LT F ¥ — 2%t 53 28ETHY, 6 7
N—TNBHNLT=. Lietal (2007) 1%, FFaFCHkD bag-of-words & F#1E & L7z SVM 12 X Dkl &
ZHWEFEZREL, B2 BT X 57HIT F 18 0.4125 OFSE CimtERE 4 572, Fujino and
Isozaki (2007) (%, FFaF CHROAZEFR B OLFR, HREA - FUE, ERE, FFEra, )
22T bag-of-words I[Z K DT A —7 A XA EAFR L, ZNbaik KTy o B —iEIckE
SEMAE DY L HEEZEZ LT, Murataetal. (2007) 1 k-NN JEIZIES HEERE L, BiFX
BRI OFELE & L C SMART (Singhal et al., 1996) <> BM25 (Robertson et al., 1994) % FCEEffi &
1T-o7-.

HEEF (2012) 1%, F #— ADOMN GRIT — &' 2 O MRS FEEIRE L. ZOfRBRE
F A, IR (2015) 1A HARPLT — & DD BRI L TR B I RS & E 2 M L X8 5 72
W, ti-idf B XL OV HEORERE LRI Lo o E HiEzRE L

TIHOTFIETIE, FFFSCRERREMITICOT, BT bV EER Uikl 28 LT
D, FEEFSURRPICIXE OSBRI 2 WO HMAGES S ENTEH Y, FMHGEOZ IXEEE
ThodZEemE (F)I16,2003). 07D, BRERERMHTICL > THEEICXE)H Z & T, HMHE
DARKOBEREZBUNFZ 2N ENHESIND. RFFETIE, tidf (& X D HEEOEASTITM
Z, t-df CIFER DB RN O/ICEEEEHWD. £, /AR (2015) 1, FEX F ¥ —AD X5
WA 5RO DI F # — LTk 2 78 3 2 720 OSCRA A R T 23 EIC OV TE L LT
D. AWETIE, FFEFREA F ¥ — L L OBPEEAHEE L, FEHT -2 2 0EL LRWHEE
BRI 5.

2.5.4 REHE
AREITHE, FFF SRR DA 5T 271200 ZOOREHIETH S, HEFEZ HW -
bV FETFIE, BLORRFXENE F 2 — AHOHUEIZE S FEOZNE IOV THIT 5.
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EFS— LIRS

A=
it RS2
tHHFE—L4
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@liﬁowﬁgﬁ .
/ WA EN
e | 0B |-
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#k2 | 0.088 | 0.248 wigER 7‘311 y
3Tkl | 4.68E-4 0
IERAEt-idf X#k2 | 4.55E-4 4,554
DOASFLOEEEOFSE
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PERZ MVEAERT 2. WO e T oA DF ¥ —LT 812, ZOHRWERT MVEZXDF ¥ —
LOMEGOHEEAEANTIL, D F ¥ — L&+ 50E00 _fEi#ilasz 783 5. #ilec X
% F 2 — A HRECIE, FEFSCRZ [FRRICHEMER Y UL L TH F ¥ — L OFBIERIC AL,
B4 L HESNIEF X — 22T _XTHET S, K F X — L5 2B 058 32 nshm
SEZAT O . WRIERITIE, FATFRICB W TARI TH 72 SVM (P AR— h_X7 Z <) 20D
(Iwayama et al., 2007).

TN MV OBBERITFFFF IR BLS 2 HEEO tidf i &, i S /- RO HBUA )
Hed. ML HHEOMITAG GEB A, BEA4E, Babk<) , By#G, BE
KA, REGEE L, MBUEEN 3 RO BEGEIIRS. 2O OHGEND thidf fEZx ER LT 5
7 MVERD, N7 MEIES{ET 5.

WIZ, BFFSCE AR D EERE AR 5 720, BPHRE A Bl £ ¥ = — /L TermExtract
(FIIS, 2003) 2T 5. fHxIS &3 2 EHEFEIX TermExtract 23 )92 HEEESEE 6 LA
rEobolds., ZHAOOEEELZZBNESZ MLOERZELGEINTS. 22T, FEEEFEOHE
FETHL LA thidf O FEE L 5. HBLAVWEEROEHRILO0 LT 5.

HDF X — LT DB OFE Y, £DF ¥ — AR5 STV D87 STk & 156, Z0
F #— AT HEESNTWRVR, TNURET LT —~a— RO@BEAOMD F % — L0353

% http://gensen.dLitc.u-tokyo.ac.jp/termextract.html
A A DR KNS, FoME, PEEE NS A O TIHREREEM L, FOEEDO R FEEE
BALE.
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TWARFFF R ABI E LCTADNT L. 2ok E, AFNEFIZHETERMIZZ L, AflzT
NRTHWD LT U RT U RRFEET =22 b2, ABNIERK TEFED 2 (508770 BIES
(ZEINT 5 (Lietal., 2007).

2.5.4.2 WEHXEEF 2 —LEOEBEICEILFE

Bk F # — LR 5 EEDODIRNF #— LD XD IZ8hd O 738 T 5D LW F 4 — AT
SIS D720, Fraf ke F 2 — L2 BT 5. M 3 ICAFIEOME 2774, Fifi & RIS,
RERFSCRRIC BT 2 HEEE S {wp, .. wp | RO D, F72, BHRRLRLE F ¥ — 21250

T, FA—LDAHRER2ITH DA M L CRRICHEES {(we,..owp )} 2RDD. Z
NoHOHEBEAMOBELEZRD B0, ZOOHE ww BOHELEE sim(w,w) %,
word2vec (Mikolov et al., 2013) (ZRFFFCHkZ AT L, 15515 BGER T MV O 24 A HALLE &
LTRDSD.

FERFSCER D BIGEE S & F & — A OHGEEAOBEE S({we, ... wr } {wp, . owp }) 13, ET%F
TSRO BLEEIC L, SBBLEDE W F # — LADOHFEZ KD, £ D OFEEEDOFE)E &3
5. bbb,

S({Wpl, ...,an}, {wpl, . me}) =— max sim (Wpi,ij).
l 1

B DHFFFFSCERIC KT U TR R & 72D F X — AT _RTUZHOWTHEEE 2R D, FELE DB _EAL
n HDOF ¥ —Lx{51 5.

2.5.5 FHlZEER
2.5.5.1 SEEREGTE
AT Tk~ 7z — o DRI 1EIZ OV T, NTCIR-6 (Iwayama et al., 2007) DF —F I L7 g v %
AWTEHMIER Z1T\), ARMEZRRGET 5. NTCIR-6 DF — X 2 L7 3 g 0%, 85— X 73 1993
~1997 FEDRFFFCHR, T A N T —H 2 1998~1999 FEDRFFF LR DD, T A KT — XA 5
ENHT—~a— R 18 FEEHHY, ZNOIXIPC DERHLHWDETHLEZ v a v b
IAEAIBIRESNTND. REBRTIE, ZNH0HNG 20 fEOT —~a— REMIEAIZENL,
FNODOT—~a— REFFOF ¥ — AP 5 SRRSOk A Bt R & 35, RERICHER L
ToRERFSCRREL, B ROV SCRICAH S F ¥ — 28K 3 ISR T. 723, word2vec IZ AT
DEEFFCERIT, £3IRLEFET =2 B LT A b TF—2 2 A7 49643 1% iz,
B> ZFH O #E D SVM D J1 — X VBT 7 A RO — & W, Frf CEN D



HEEAZEDI O DEEEMIT 11X £ 3 EBRITHWET— 4
MeCab* % FHv 7=, F7-, BEEZEHH o EE A

T — & D ik E 45631

EafIEn 2 - -
Al 6 1320 = ]if . T A NT =X DI 4012
F % — AP 5 OFHMIERZEIZIE, EEeR, B 1 CERICA ST | B 337
KR IRZENLOFFEETHD FEEH | F ¥ — 2% BA 43
7-. He/h 1

* 4 T—~va— FMIGREER
2.5.5.2 EEFZAV-HEHYEEIZEX

- : A E BERE F 1
37—va—F F4—Lit5RBEHER 0.880 0.951 0.914

2.54.1 HiCHATZIRRITIE, F 24— L7201
TRLERORHAEICER T CTHE. T K S BMBVFRIELOF XA TR

ZC, FA— AW HETH LT —~ 2 = | BEE | BIRE | FE
— RIZOWT DN EEBR AT, #4125 tf-idf DA | 0.340 0.305 | 0.322
e o P BRI A . B EFIE | 0335 0.358 | 0.346
F L= 20 B O T —~ = — NIZi3, 5B064 (50 £ 6 T—va— RO

IR L AL045 (BRI ONERE) O X5 F 20— DR
CHERICZ LD ORZWmbi#Bln g | T—N = | Eek | BEE | FE

MESThEEELONSbOD, EisEe [2TF
-idf @ . . .
BB ERTED - L AR LTND. AER 3F054 tf-idf DA 0.554 0.264 0.358

_ o _ RETHE 0537 0.296 | 0.381
TH, 7ov 3= RORENRTES 282 S50 [ ifidf oz 0465 | 0383 | 0420

EL, =207 —va—FETL F =24 WEFH 0466 | 0483 | 0474
ZRGIT F X — L OBEROFE 21T, F 2 | 20088 | tfidf A&  0.124 0.517 | 0.201
— LD 5 AT . TRZTIE 0114 0.590 | 0.192

#5012, HiOXBMEEIC LS F y—a | SE08Z | thidf O 0390 0471 | 0.427
OB B A AT, RS e LT RARTFH 0371 0495 ] 0424
N7 MVICEEFEEZ AW RWGE 2R Lo, HEFEOE ALY, FAEN 246 KA MdE LT,
Fro, EBIEA L2007 —~a— R0 o b, 1I8FHTFHOWENRA LN, £6124
SOTF—~va— NIETAERERL T, T_XTOTF—~va— RIZOWNWT, BERIZOWTIRR
EELITOTNUET L, BRI LEFT2EHmAALNT.

2.5.5.3 RAXHEF 2—LEOELEICE I F 2 —LF5EBRR

= TITHFRF Gk & F 2 — A OFEUEZ W F 4 — AT HEBRERERT. RT7ICBT5 n
ERFRFSCRIZS LTfH 592 F #—28amd. < OFFFFCRICE W T, EBRICAMH S-Sz F
Z— LIERED AT H E 0 ZENT, ZhhO B E ORRICH AR EIME )72, £
7=, 3% 7 (b) 1 TFRFFTF RO HEESE A 1T TermExtract (2 K » TR L 72 B EFEO A& W85 %~

* http://taku910.github.io/mecab/
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(a) FFRFSCHREIRIC L 2 HEERE

2.5.5.

4 BE

(b) HEFEDORIZ L D HEES

1~20

21~50

n = HIRE F & n BEE HIRE F &
5 0.100 0.065 0.079 5 0.105 0.068 0.083
10 0.096 0.125 0.108 10 0.099 0.129 0.112
15 0.090 0.176 0.119 15 0.095 0.184 0.125
20 0.086 0.224 0.125 20 0.091 0.237 0.132
25 0.083 0.270 0.127 25 0.088 0.286 0.135
30 0.081 0.314 0.128 30 0.084 0.329 0.134
35 0.079 0.357 0.129 35 0.081 0.367 0.132
40 0.076 0.397 0.128 40 0.078 0.404 0.130
#£ 8 1 XkdH=vIicH IS F ¥ — 2%
tf-idf OH REARE
NS 8.32 9.93
K 75 77
ISUN 0 0
1800
1600
1400
1200
ﬁ 1000
4\ 800

0 I I I I I

51~100

101~-200 201~

a8k

X 4 fTHRFFSCRENC KD F 2 — L0550
LTV, FiFXMOEBEESEEEZAVDL5E LD TRICRWERM G L.

2552 BiOHSEFEIZ LD F Z— L5128V T, 1 DOFRFFFICEICK LT G- &7z F
2 —LHaFE 8 \RT. BEFEOEARNL, TAMaLriaiiBids 1 TS 720 O F
Z— L EIFERCTH LA, EEEOBAZEIV P16 REF ¥—2%2%HHLTEY,
ZHIC KV B ERICORB > TN D, FraFmn 2z AW e T A Tl Rimn s 72
W2 EREFELL, HHEFZLIVEETHHLEEIOLND.

B4 41%, & F Z— 2055 SR/ siikd QEFIED) Ik > TX L2 F 2 — D505 & R



# 9 FFTCERE F X — L 0MERET % o 7l

(a) FrafSCHREIRIC LD HEERG (b) HEFEDHT L HHGERS

lEHZ | FA—L BOE | ER | EHAE &L | FA—L BUE | ER | EAE
1 AB02 0.763 | @& 60 1 AD(2 0.674 | 1E 466
2 ADI13 0.742 | @& 119 2 ACO02 0.664 | & 211
3 ABO0S 0.729 | 1IE 754 3 ABO05 0.663 | 1E 754
4 ADO2 0.726 | 1E 466 4 ADI3 0.660 | i~ 119
5 ADO7 0.725 | #& 407 5 ADO09 0.658 | i~ 373
6 ADO3 0.724 | & 456 6 ADOS5 0.658 | i 446
7 AA00 0.721 | @& 115 7 ACO1 0.644 | 1E 171
8 ADOS5 0.702 | @& 446 8 ADO3 0.644 | @& 367
9 ACO02 0.697 | @2 211 9 AF02 0.641 | & 235
10 AD29 0.697 | i~ 235 10 AD22 0.640 | 7~ 219
57 AF00 0.629 | 1E 40 41 AF04 0.584 | 1E 5
67 AF04 0.584 | 1E 5 72 AF00 0.539 | 1IE 40

. BB 50 LN D F Z— AR BEOYHL L2 B TEBY, ZOXIRF2—A4F, TX
F T —=ZIZBWTH G SN D TR D70 nd 5 WD TE o 72 SAFIEL 7.
HEfi-OZFEIZBWTE, ZOXI R F X —AET A T —F ORI R CTlext LT 5

SNV ENRZWV. T2l 2, 7—~=— F3C045 (JEHIINT) I[CET 5 F ¥ — A% 197 fifE
HY, TDHH 3C045DA20 (FEHIIN T.OTRE > « IEMIEKE > « « Z2AH) B ST FFFC
Wi, T X231, TANT =XV HEORFE LTz, #ii>EFE I L 56508 R,
T—~ 33— R3C045 2 FDO7 A M T —Z 193 T X TIZOWTYKF ¥ — LIS niznoT-.
RSB 3L, SARAETRT R AL LWIEBERHET AN, TAMTF—ZD IS
X EMIET , R O2FEBETEZATRTOHL I ENRBINTEY, EEN LTz
Fio, FET—HOIERER D 72Tz, o HBLEEFORFLEINEN S Z i b o SCEkfE o fomik %
R LUTYHEF X — AR H5EEN5 2 bl TERwn. 72, 7—~v2— R 3G023 (AR
PRIEE) 128\, F #— A 3G023AF04 (%4 & 2B > - flFpBERE) Iconw T, #HT
— &5, TANT=FZ2MIOHHE5INTEY, TANT—=FDOWTIUZH UL F ¥ — AT
e EhRhotz, FBF—=ZOLEOWL SN “WHR” ,  “UA KL T” Lo 3Eh
MEENTNDN, TART—ZOLRIZITEENTELT, BRIILEOHPIABLOKIZ L -
TRENTND., ZOTF—ALFET—ZRAR+3ThHY, ZOF ¥ —LIIFBRY R EEGEOIL
WD A DR, RFEEOHEANKEHTH 5.

F % — 2 3G023AF04 MMt 5- X 7= A T — % ORFFFSCR 1 oW T, FREICESWTHE
L7 ERLO F Z — L% K 9ITRT. ZOREFURICIZ 9 IO F ¥ —A0F 5 STV D23,
RHEGREOAZHUEFRICAND Z LT, EfRgE 722 F X —AOIEM2S EF L, EAL 10 EI2IXIE
FRIN3 DOEHEND L O IR oo, FERRICMH G SN TS F ¥ — LITIXEFELD S0 LD F &4 — A



22 fEi¥H (AF00, AF04) &5 72%, WIHIoe L CHEPEIRMELS, ZoflB W CIREREHIED
BRI RSN R0 7.

2.5.6 BhYIC

AEFIENE, FRFOE F 2 — 20 B GREE R Eoizd, kO H 0 28 TSR0
DOEFFEZFMEE L THWD HEERE L. BEEEOHBIAREAZET L Licky, HAGE
MO LHEMAEOERE MM D Z N TE, £, FHFIRDIRNE X — LR F 4 —
P LT H AN TREZ, Bk E F 2 — A OELEICHES Hika#E Lz, NTCIR-6
TARaALV 7Y a rERWEFMERCIE, BEREEHAWVRWIEES L U CTHliH 0 7 oft
HOBBFELM LS, FIEE 246 FA  MFE L. BRFSUiRE F & — AR ORI 3-S5 <
B, 5O RE B0 F 2 — NXERO O B ERIOL 2 nb OnReE Y FENT,
T IREE R BN h o Tz

SHROPELE LT, T PFROBLAEOEDER N ZET bND. FEFURICMH 5 ShD T —
2IZDWNWT, EOT =~ RRFOBLEEIC D b TR SUIRIC A 5 S A BLEEUL & DR ERRE &
o, 20k, HHEEORWEEOI 28R L~V TORMAIZ ITATY, (535 & HE
L7ZBlRICK L TORZNICET D F X —208BZ1TH5 2 BB bD. Fiz, HIFEOHEE
FEFHFEICB W TIEAREZ BB L T, TERREMATICHERT28EL2IET 2 2 & b3
Fons.

HEF
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2012 4EHE B>, ABFIER D T ikl & LT HEKFMS) 2308 L, MBROTNICET 2
BT T,

WEREHIE21Z. LR D 390 7 7L —7 bR ST 5,

1. HE8FHiE Y~ 7 v —7
2. NFiHlY 7 7 —7
3 TAMEY FHTINA—=T

AEFES . WEEEREE, 3EIOMSZ MM LT,
- 2016 4 5 H 13 H  AFEOIFEFHEORE
- 2016 4210 H 14 B WiH#HE & 5% OTEBNEIZ OV T D&
< 20174 2 A 10 B fefEENERE L FEEREFEOREIZHONT

HERHEY 7 7 —1%, 9l - HEEER O B8hEHE i & LT 2010 FITIRE S, EERRE
i L CEA LTCE 72 RIBES (22WTC, &&iEmM-> T RS 2 8ET 5 B0 A0

T 3.2 CHET D, 3.3 TlE, HBOBEREEAEE L0 BHHMEEIC O W THRET 5,

TANEY N7 —7TClE, RFHBREUZEBWT, BEN-BHETHA SN A Y — 2T X |
TAHEODT A My MMIOWT 8.4 TH4ET 5,

ANTFFHIZ > TiL, Workshop on Asian Translation (WAT) 2016 (2351 287 EIER # A 7 D A
TRz oW T 3.5 THIET 5,



3.2 fﬁ%XL‘O)%ﬁ]QE Ei?ﬁ]&?fﬂiﬁ>iﬁl;{_25Iiﬁniiu\
] (LR R T BRIRE F5 46
bRy RIS 1
NIT 22X == — a URVRIEREF e ZHE ol

]
i3

BEIFT A 2010 42425 U 7= FHAR B BhaFAfi7A RIBES (T4 B —X) 1%, HIE - HHAFROF
itk LTEEA L TE2n, BLTO 2 O0MENERH SN THD

1. SMT TIL BLEU Z# HEIREE L L7 F o2 —=2 70 Thbivs 3, Z @ BLEU Of%i> ¥ |Z RIBES
ZHBBEE LieFa—=0 70 L,

Kevin Duh & [1JIZELFD X S IZHERMH L TV 5,

We found that RIBES can be difficult to tune directly. It is an extremely non—smooth

ZpE:

g_\llju

objective with many local optima — slight changes in word ordering causes large changes

in RIBES.

2. AR IR E 5 CWv5 Neural Machine Translation (NMT) OEFA2S @Y TX 720,
NMT @ Hi /1%, Statistical Machine Translation (SMT) D1 &EVY, FENEORIEN D 72< ., &R
HOMBARE VDT, FREZEMR L, REEOREVZEAL9 5 RIBES Tk, @Yl ZRsHEA T
VN, ZOAIE, Takayuki Sato H[2]172 ENFERE L T\ 5B,

Z 2T, MILESLRFERRIBAF R Tl 2 ORBEOMRRIZED AT, 3. ME 1 icon

TIE. RIBES MREMEDUT S ZHET 272 DIV TS Kendall @ © BHEEEIETH D Z LI
Knd D EHERI LT, BEEEREIENIE, Wb & ZATHENREe THALTD, EHLICmho T
DIXRWDRONGT, @b L350,

TELOLWEOHEMNICTHIET, Fa—=u7 LRI TEHOTIE RV, E&FX, LN
(2 L7z B9%k Smooth Kendall’ s tau (SKT) ZBZR L7z, K 1LITSKT D27 F 7%~ ¥, SKTIZIXIEH
MIZRTNTAZ oD, o /NS THIEERONIIRD,

RIBES @ t % SKT TEE#R /- MERT 2 F2 L, Fa—=2 T DERTTH % [3],



X 1 Kendall @ t % 52T L7=E8% SKT
o MREWFE, BEEHTHD clcr3<,

FARE 2 l2OW T, NMT O 27 A03% 0 Workshop on Asian Translation (WAT) 2016 75 — &
Z ANF L., RIBES Offx 222858 & N FaHli OFB &2 ~7=, ZDfER, WAT OF — % TlE, NICIR
DT —H E8I2Y | Recall DF VMR OHGENSIRFRIZE EN TV A EIE S AN FFEM & &
BB D Z & A L= (4],

[1] Kevin Duh et al. 2012: Learning to Translate with Multiple Objectives, Proceedings
of the 50th Annual Meeting of the Association for Computational Linguistics, pages 1-10,
2012.

[2] Takayuki Sato et al. 2016: Japanese—English Machine Translation of Recipe Texts,
Proceedings of the 3rd Workshop on Asian Translation, pp.58—67, 2016

[3] Zrif 2017 HEEtAIBBEITRIC T D HBIBO LR ORI, IR RFHE TR, 2017.
(4] JIIA 2017: FHERE @EEAhEE RIBES (2361 D &R BEROEM, [ 11 RN R A5 S
2017.



3.3 Mt 7T 7 —F H HWEHEET 74 A 2 M-S < B#hRMEE

e[t 2PN S T

3.3.1 [FLBHIZ

IR, =a—7 03y MEIERUENCR T 2R EE > T0D, ZO/RER, ==2—F 1%y Ml
FUTKTT DR A 2BFEMTON TR Y . RERMBEEZZET VWD, 29 LEEEREY, =2—7
vy MRS L HERRHE IS T2 =—Xb@mE > T D, ZiIVE THBEFHMOMF I
et 7B O 2 5 & LT Thn Tz, LML, BBREESE L THERZ1TH 2 & 03H
RELEND=a2—F L%y MERRIZHIG L TV D00 E ) IO TI R E RN & D, R,
SHEICHEKGFEORERMIESE LTT 777 hAZ A — 7> TW5 BLEUBZIAD L5,
METEOR!, IMPACT!", % LT, RIBESEZ2 & o H@haFliiA L& ke e i 2+ 2 Lz
RIS 32T, =2 — T A3y MEIRRICBW T O A i ik s L CHRERREZ L0
E DB ORMARH D,

ZOXIBRPUTENT, TFEICEF=a—T b xy MNRZE#R L, b, BHEEOEKES
BLZBEFMIENREIND L9102 T&E -, DA, HEDOEWIL word2veeld 7 KDy
BRI ZHNDZ ENZ N, o, XOHEICBWTIX, HEET 74 A N&{TH 2 & CiElE%
EELTVD, ARETIE, Z0X9k=a—TF L%y MHIROT=O O BEFHIE DR 1 B &
U CHii= 72 BEEMIE 2R E T 5, BETIETIE., MEHNRT 7 a—F12 X 0 HEEM O %GR
ZRD D, ZORER, REITIE B LR WHEERIZB W CTHIIRCE SRR E DM OBET 7
AA NEEUNAFDZENTE D, £, HEET 74 A2 FORERITEDSW THEEDNLEFH
135, £ LT, ZOMERFRICEVFRCE SHEREOEIEOENEZ 2 a TIIKBSE S, L
T2 o T, EFIEFRBERICE S BEFHEE CIXIREERBEET 74 A FEaieE L, &
D RS CORRCK T 23l WifF T & 5,

3.3.2 BHEMRE

HAEE D 2 SO S 7 SCERMIBERUE A X OV B B aEME SRR E S T D, SCEREEL
FEDRHRIZBWTIE, BIARLE word2vec (2 X % HEED 43 Bl & Earth Mover’s Distance (LA
T, EMD &35 WA HWT, CEMOBELUEZRD TWD, ORISR, HiEORFHESHEE
EEEE LTSRN ATEE L 72072, EMD X 2 DO OHEEO G R 28R s LT
A, REREE IR N RODTEDITERSND, TiE TITHLIE RO 58 TR <RI
EN T, ITF, CERBEREDO DI EMD 2V FERG RIS TV S, SCik(12]
Tl% WordNet & VW CHEER OFEEZ €% L T\ 5, £72, EMD I XERZICHFIH STV
L3l iz, Kusner H04% EMD ZHWTEMBELELZ RO DICHTZD, A by T T—FR
DSNOEEERINZIBIT DT 74 A2 bE{To729 2T, word2vec £ U XHESATIT O =2 2 3G KW
BEOax NoRfaELE LTk %S, Word Mover’s Distance (UL, WMD & it9) A2
RBLTWD,



HEEOEKRAEZE L BERMEE S LCiE, REGINT, HEESEEIZ AW HEET 71 £
v & BERMECIGSH L £ OFMEC OV THREEL TV 5, WAT2015, NTCIR-8 & H AGE-¢
FET — & & T VERBRTHAM F2BR OGS . WA SCE IS <FElivE & L THW 2, TOne-hot
RKHUZE S S BUWRAVSCEBIEE ). T3XD 0 BERBUCHE S < EWRASCEEE ). [Whole Alignment
Similarity), Maximum Alignment Similarity |, % L C, [Hungarian Alignment Similarity |
DOH T, Maximum Alignment Similarity| 233CHALO N F7Hli & OFENR &< RDHZ &%
/R L7z, TMaximum Alignment Similarity| TIZ3 X TOHEFED ¥ FERE TIER <, HEE
MBI D e K & 72 DAEDH DN WD, £, mREZ KD HERITIE, BRSO B S HGR
DI KEZ D56 &L ZRERDRER L O R KB Z D56 0D 2 DD/RZ — o OE)EZ VW5,

RETFIETIEZ. EMD 2 AW THIFRSC L ZRERMOBEREF R AT 5, TOBRIIE, 4R35
HORMEITHEE L L, HEBEOBELIIIL L~V tf - idf, HEBEMOEREEFE 21T Dice 1235112
FEOHEREZH W, BEEOEAIC tf - 1df ZEH T2 2 L1 L 0 BEERE & NG Z =335
ZEMMEREIC A D, FTn. HEEROEEERT I Dice fREUCE S FHEAZHW S EH I, IR
DHFE L ZHEROBFEOM TREMIC B LR WVWHGEETH > TH | MERICHGER OFPUE 2K
W5 ETHEINHSHERERD LN TELEEZEALNL O TH L, HiZiZ, EMD (2B
5 HEHETH OZERITIL, TR TOHEGEMOBEMEROEEZ WD DO TR HET 74 A b
DFERAT DT SN BIRN AT 2 HEER O A R E O 2 W 5, 2 OFE R 8] 72 EMD
DFLEFENIFRFCE D,

3.3.3 BEF%
ETIEFRD 3 SO (HFEOERA T, HiET 74 A b, EMDIZX DA 27 OFH)
LRI TS, LLTIZ, ZRLENDOFEMIZHOWNW TS,

3.3.3.1 HEEDOEAFIT

ERFIETIE, EMD # HHWTA a7 2RO HBRC, FFEEICSCTOHEE, £OEAITIIL Y
D tf - idf Z WD, tf - idf 2T 5 HAIESCH O BEREIZB W T, BEEERE & NGB A BRI
XAT 272 Th S, WMD TIEFHANIHRERE., I, A by U — RERW- ) X CTHEET 7
A A RNEITH, ZRICH LT, ARECTIIREDSREIIKTT 5 2 L /e HERERE L NREE 1S
BT, tf - idf Z V5, tf - df 1B O XEICB W CHBBAE R & < . thoSCEICHBLT 5
B DI WIE R R BEEE CTH D L AT, RETFIETIEL, L~ T tf-idf 25, Al S,
B DTV CTHBUBEE D S < | O SUTHBLIT 5 BB D W HEET SR A e BiaE & A7
9, LD tf - idf AIRETIETIE, tf-isf L LT, UTFoXNDEvkbdsd, LT, HbH
i-fiiz EMD % H\\ 5O HEEDOEA LT 5,

o 15|
tf -isf = (log(tf(w,s))+1) x ) (1)

KD thlw, NIMEEDOL s 1B HHGE w OHBUHE CTh 5, TR UHIESER BT
DAREMEIINAFE L D bBERERREO T EmnEEZX 6D, L, log Z HINTWDS 726, HERERE




IZBWTH tHIIRE Ml L 137267, NAGE S HEIEEOZEIMLICIIRE SEE LRV, £z,
log(tf(w, sHIZ 1 Z M2 TWD DX tflw, §)28 1 DA, tf 280012725 Z L &afi<mdTH D,

Z LT, |SHIFFSCORE K OB HEROBETH 5, sIWITFIR ORI KL S FER Of %k
WX T D HEE w BT 28 TH D, Lo T, isf ITBERERED £ 5122 < OB T 56,
INEL 2D WERGED L) ITRED XD BT 25 5ITIIREL 20D, ZORER, tf - isf X
isf OER KBS, REFEOH AT/ N E L, WRBOLAICIIREL 25,

3.332 HBET M4 A2+

EMD % H B2 4 5 BRORE R O —DI3FEIENZE > THHEBEOENFE T/ b 2
ETHD, BB A UHEE AR SN D BRI EBAFET 286, BIERRKE SRR 5128,
b O THRUE OEIXF T2 > TLE W, ZBIEDE LWRIERSC E R > T FIRRSCE KR TE 720,
L7 > T, EMD % B8V D BRI, GBIEOEWZ e U7 FEEEGH R 41T 5 LR H
%, RETFIETITFEIEDE N E T 572 OICHROICHEET 74 AV ME1TH,
BRFIECBITHHEET 74 A2 T, UTFTORX@IC KV EBHEZ KD, ZOEBEEICES
ST L ZRERICEB T 2 BEEM OXHSBERE R ET 5,

Dicef® ¥+ 1.0

0 (w, = w,DIJFE) @
—Dw;_?ﬁ(wc = w, DR E)
F7-. (2D Dice frEIFLL FTOXB) L Wk D,
: 2 X for
Dicef®¥ = FAf (3)

R FIETIE, Dice fREZ TR &L ZHERP O HFEOHERAILIT I 2RO D 72O 5, fi
21X, BEMIZIE L TV BEEcentrum” & “center” | L BRIYIZIXUTV V72 8 Dice £RE D
FmedLBFEA6N%, 2D Dice FEDOAEZMNTEFELT DL HFH L L5, Dice
BRENIHERIN 727 70 —F T DT O T 5 BB AR08 G . ISBERRIC AW HEEERNIT kT
LTHERELRDZEBHDH, £2C, REFETIE, K@D L HIT, 2 ODOHEE we (FIFRX
TOREE) & we (BRERPOEEE) (BT, REMIC—BT 25803 ELAZ1.0L LT, &
DOFEH L Dice REE O VHMEEGHEE L T 5,

ORIV BN HGEMOGEEICESEHET 74 A M&(TH, £7. #RSHo
EEDOHFE LSRR PTORHEL DM TEEELRD S, £ LT, ROBEEEDOT THRRD
EHEEZFFOHELRISEMRICH D HEE L Wrd, 72721, Dice fR%E08 0.5 Kifi DY A I HEE
RIOKGSERN —EICIRETE 2L LTH, Mo TWAABEMENREWE L TT T4 AL FOXI5:
MHAT, LUFOR VIZRERSC “BARM 7 7 7 v  OFEMtERZ M 8 12/RT,” LBMER “Z 0k
W7 77y b OFENEREZ K 8 173, IZBITDHEET 74 A FoBEEI%Z7R~T,

S EEE =




#ERC:
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0.893 0.949 0.882 | 0974 | 0935 1.0

- 1.0 L0 0.922 0.989 0.95
ﬁﬁﬁﬂ:\« ¥ \ ' X N l v ‘ \.
D/ BIR/ TSk / @/ FM/ BB/ E/B/8/IZ/FT /.

X1 HFET 74 A2 kO EAKA]

M1 OEMEITEEECHD, K1 Tk, FRRSCOEEE “H” 128\ TRk Dice ££%0% 0.25
ThV., 0.5 KETHDHTOHET T4 AL FOMEHNE 2D, RETFIETIE, Dice REIT LD
MeRA 7o G & RBIEWMOMW &2 HWCHEET 74 A2 h&{TH Z & T, EEE#R%Z EMD Off
BERHREIC X 0 MU S5 Z LN ATRE L 72 D,

3.3.3.3EMD [k 3RO TFDFH

EMD [ZHERHERIEO 1 > TH kMO 2 RH D 2 & CrtE 35, ®khiiE & i,
—EDOHEEEFFOEROMBH LR U —EDHRERF VLB LT HFEEMERTE L, S4GH
PO FEFEME TOMiE=T X MR EZ HERIC, FEMOTFEZGM 2T L 5 1T HI & FFEH
~H/NDOGE T A N TR Z AT D HIEERTHBE TH 5, EMD OFEHIEIC OV TR D,
F7. m EOMGHZFFOMIGHIES P & n HOREMAFFOFHEMES Q ZUUTOLHITR
ER

P={(p1, wp1),..., (om, wpm)}. Q=1(q1, wqu),..., (qn, Wan)}

CIT.pixiEHOBGHAERTRFEAS ML, wpi & 1 BB OMKHOMBREREL T D, 2.
g% j BEHOFEMARTREANZ ML, wo %z j BHOFEMAVLELTIFREEL T 5, K
FETIE, MaH pn ZFERCO BEE, FFEM gn 22 HEROBFELS L, a8 won ZHIFRCOH
FED tf + isf, wan ZSHEROHFED tf - isf &35, 72721, EMD %R HBR2IL wp1 205 wpm
DRI wa1 225 wan DFRFIAS 1.0 12725 £ H SRS 2,

EMD Ti3fagit o 2 MIUUToOXRM@D RS, 22T, pid qiMOERELZ dy &5, £/2. pi
NH g ~OEEY fj, SEELZF &35, EMD (3203t LT, i 7 2t & F*
AW TR 2 A & RIMET 5,

WORD(P,Q,F) = izn:dufu- @

i=1j=1

2L, #lnE = 2 h &R LB BUFORG) 0 b @) DOfRI &M 2l 73 R ER B 5,
fu20(1<i<ml<j<n) (5)

KONIBHEHIN S FEEHO 1 R OHIIEET D 2 L E2EWT 5, WM TOmEIIIThige
U,



n
D fyswy (gism) (6
=
SO kA 70 & Wi C & 57 RRIABEHG B ws 52 5 = & IETE AT L A ERT 5,

Y fysw, gjsn M

i=1

XDIFEHPZ TN LB R®II WG L FTH D Z L2 BT 5,

ZZ)‘U = min pr‘ quj (8}

=1 =1
Z LT, RO D BE) T 2 KOS RIIMGEORI L FEHEEORIMO/NI WS
ERBZEERLTVD, ZNHOHIKIOE & T EMD I 7 s & F 4 AUV CLL T o(9)
rFoEons,

YiZ1 Xj=1 dijfi
21—1 j=1fl]

KITBN T, F/ha A b ZEE F > T b0k, kg2 X > T EMD oA LD
HRWEIICIEFULT 2720 ThH %,

EMD OFERfFHE & L THU(2) & B) DT 2 BAllZ T X COHGEM ORI W2 56, <t
JEBRIZZR WHEER OGEEE b s < RV @O RBEEER G NN B2 D, £ T,
FERTIETIX, 3.83.3.2 THRAHFET 74 A v hORERICEKSE, BB T Z4AKT 5, BEARM
ik, BLFoX(10) &2 AW CHBEZ T 5,

g 1.0 — {53 X pos_dif f (FGEHERS V)
1.0 (RHS B2 L)

KA DEFEEIIN(Q) L V155, pos_diff ITEHE I T HEATH D, TORHHEAEZ A1)
W27,

EMD(P,Q) =

®

(10)

pos(w;) pos(w,)

pos.diff =10~ len(c) len(r) b

XAD D poswl FFR LI 1T 2 HFEOHBULE Th 5, FEHOHGEL 1 & L BICf7rE
T 203% 7T, pos(WlIZFRFRICK T 2 HFEOHBIE CTH D, £ LT, T b EZFRICOHEGE
# len(c) & RO HFEH len() &2 W TENZE1 0.0 205 1.0 IZESET 5, L > T,
| pos(we)/len(c)-pos(wr)/len(r) | X HFE we & HGE we O BN E ORI 2 T2 B3 5, B
1.02°5581< Z & T, lRMEEO TN K EWIE ERAD) D pos_diff DIER/NEL B L HI1CLT
W5, 2, pos_diff (MEHEICHTHAEDOEALLE L THWDLEOTHD, Lizn-7T, H(10)



LB LEEZNSVE EFISBERICH Y . REWIT ERISBRIZITRNZ & 27T,

b 010 EXAD Z HW T, RS E ZHERI O~ CTOHFEM OB E 2170, Bk
TN RN T D, 212K 1T THWERERSC “BEH 7 7 7 v F OFFIE R Z X 8 1R, & &
FGER “Z 0T 7 7 b OFEER A X 8 1TRT, T IZRT D ERBET A OB AR T,

<D EIR TSV 0 FHE O BE % 8 i Y

iR 10 0182 10 1.0 10 10 10 10 1.0 10 10 10
22| 10 1.0 10 10 10 10 10 10 10 10 10 10
T3y 10 1.0 00 10 10 10 10 10 10 10 10 10
(1p] 10 1.0 10 0051 10 10 10 10 10 1.0 10 10
Ee3 10 1.0 10 10 00 10 10 10 10 10 1.0 10
B 10 10 10 10 10 0118 10 10 10 10 10 10
% 10 10 10 10 10 10 0078 10 10 10 10 10
B 10 10 10 10 10 10 10 0026 1.0 10 10 10
8 10 10 10 10 10 10 10 10 0011 10 10 10
= 1.0 1.0 10 10 10 1.0 10 10 10 0065 10 10
=Y 1.0 1.0 10 10 10 1.0 10 1.0 1.0 10 005 10
o | L0 10 10 10 10 10 10 10 10 10 10 00 |

2 HEETS O BRI

BT OBEROMIT/ NS WIE EHBES TV E 2 ER L TWD, LA -> T, HEET 74 A
> b KO RNSBIRE DN HEEF ORI/ N S RfE L o TV D, £ LT, T & D ARiElET
laMnica . EMD TIEERPMERNEWIEEEIT/NS <25, Lol BEEHIECSWVTIE
ZD% < DFHIE & 2 = 7B L T D, £D7), BEFIETH L O BEREHEE & FRIRRIC
LT oxRA2) 2 VT, FHEEAmWISEICIEA a7 RE <25 LI LTV,

score = 1.0 — EMD(C,R) (12)

3.3.4 MEREFT(HSRER
3.3.4.1 ERT—4

KA CIRREFIEOA M 2 MEET 5 72012 NTCIR-7 7 — # 1614 fjy /-, NTCIR-7 7 — %
TIHEFE B T EIZOWTIE 5 OFBEIRR v 2 7 A3 2 E ) L= FHERSC 500 (=100 3Cx5), A
BESF AN DN TIE 15 OFEIER A 7 A3 2 E 4 77 L2 IR C 1,500 3C(=100 3UX15)23 8
NTWD, EFlo, TRTORFHERICKHET 220N 1 >TOFEAET 5, BT, AFHbizo
WX 3 4 DOFHliE 2 Adequacy & Fluency @ 2 SOELSE LV 5 B 217> T\ 5, SO



MEREREMMEBR ClE. 3 L DOVHEE AT D 227 & L CHWE, HARZEOEIFR TR OB IBER
IZHOWTIE MeCabll Mz W T b EX 21T o72,

3.3.4.2 FH@AE

IR R B LG A a7 & AN FaHIioo A 27 OfE]d Pearson & Kendall t OFHES
e v AT WHNL L SCHEAL TENENRD D Z & TiTo Tz, 72, ETFIEOFINEEZ MG
Lm0, R=ATA L ELTHFET 74 AV FEITORWGEED VAT AW, £ O,
FRBEAT A O AERITIT TR T O HGEM @ Dice R DB A Az, BT, FEIATE RO A2 iR
L=z, K(10) EXAD XY 52 515 pos_diff 2 AW WIEED Y AT K2 OV T AR
BRI,

3.3.4.3 EER#ER

FEFRERER 1 NOERAITRT, R VIZEAFRICKT 5 A7 LB OMBRE, #* 2 135
AFFRIZE T 2 CHRAL ORI H 5, £, £ 3T AEFERICRIT D AT LB OB
#. LT, RAITAEFERICRIT 2 CHEMOMEBERE TH D, £ LT, £ 106K 4ITIFIER
DEEEHRDO IS HEFHE L LT BLEU & IMPACT OHHEEE LB % £ T 5 LT
W5,

#1 Etod 28T 5 2T LA OFEBIRE

Pearson Kendall
adequacy | fluency adequacy | fluency
RRFE -0.313 0.365 0.000 0.200
N=ATA -0.246 0.351 0.000 0.200
pos_diff 72 L -0.597 0.066 0.000 0.200
BLEU -0.199 0.184 0.000 0.200
IMPACT 0.254 0.489 0.200 0.400

# 2  Etod (23T 5 SCHALOFEBILR S

Pearson Kendall
adequacy | fluency adequacy | fluency
REFIE 0.537 0.503 0.346 0.354
N—=ATA -0.124 -0.070 -0.022 0.006
pos_diff 72 L 0.415 0.424 0.260 0.298
sentBLEUS! 0.440 0.447 0.267 0.306
IMPACT 0.657 0.583 0.461 0.419




#3  JtoE 2B 5 v AT AHAL OISR

Pearson Kendall
adequacy | fluency adequacy | fluency
RREFIE 0.815 0.938 0.785 0.612
N—=RAT7 A 0.752 0.864 0.632 0.536
pos_diff 72 L 0.701 0.877 0.287 0.191
BLEU 0.730 0.881 0.498 0.440
IMPACT 0.814 0.935 0.689 0.555

# 4 JtoE lTB i D SCHA OFHEIRE

Pearson Kendall
adequacy | fluency adequacy | fluency
RETIE 0.521 0.539 0.367 0.386
M g 0.067 0.155 0.090 0.110
pos_diff 72 L 0.464 0.519 0.331 0.359
sentBLEU 0.463 0.478 0.333 0.354
IMPACT 0.631 0.646 0.466 0.467

3.3.44 EE

F10HEAFETTOERBERLY, BETFIETHGET 74 A FEToTWRWVT AT A (X
— 254 ) RUGEIEERZ S TRV AT A (pos_diff 72 L) 1C%F LT, @V AR
BaEar Lz, £ 10 Etod 12815V AT ABEMAOHBEBREICEBOCUIWTho v 27 A6 IEE
WIRWHBS L o T D, ZOJRAE LT, EFED HAGEORIR Y A7 L3 5 D LIEFEITD
RN LD 1 DORERY AT ATk D FHMRE L 2MEW S AHBIR IS B 2 2B m < 7R o
TLEIZENEZOLND, £2HERAITBNTL, ERFEOHBBREIIR—ZF A &
pos_diff 72 LDV AT LAOBEMRE L W T _TEE->TEY . ZIUIRETEOGEEZ R L
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FBIERD IS < BB BLEU & IMPACT & ORBGICBWNTIE, BEFEETE 1 Z
Br& . T _XTOMBFRE T BLEU LV &V, LovL, IMPACT & OWBIZEB N TIE, £330
JtoE (281F 5 2 2T LHEALOFBIREIC BV TITE L 2> TV AN, SCHAZLTIEFE 2 @ Etod,
# 4 O JtoE DT R TUTBWTRWHBMRE L 2e o 72, 2 OJRRIC DWW TEREMI 2R RGEA LT
HLN, KOO - T ICKDEAOMGOREINEREL-LEZXOND, TOEEFZX 3
(a3 B
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®IZ/. /B4 ~/B/6/1E/./E/RBA/ O/ 2/0/EE/ B/ E/RL/T/I WS,

el |7 [1111]]

RIS/ /R4 HE/E/6/E/ ./ E/RRAID/F/2/ /B /E/ R/ T/ WS/,
ts-isf 78 15 63 44 1010 63 82 23 15 94 122 13 87 38 122 154 25 347 30 43 20

X 8 ts - isf OfF 5> EAKAp]

X 3 TIXEIRRCD “~7 LBMRO “ThE” PHISBERICH 5208, Z OO Dice #%4k1% 0.25
ThHV., 0.5 K ThDHOMGERIIHE LN, £z, “~7 O tf - isf OfEIL 50.0, “THE"
D tf « isf OfEIL 101.0 TH D, T4 OEITFRIC & ZRERENENOHFEIZB VT, I KOfE
Thotlz, SEFAWERERSCEZMFICEONTIE, 26 OHEEO MBS IR . Hig 78
FEE LGk ST, ZORE. RISERNE LT HEED tf - isf OEIFFEXTIIZ/NE <720 |
Aa7 L L TIE0.454 DG, ZORITIXEMIICITERWEE 5, “~7 X “ThE”
DEHIRTFIFEREETIIARWVEFEICH L TR, BEAZ/NSL T2 ENHBTH D, it
T7a—FEFAT AL T Z 0 &S IR S DRSS DR, o a— A LR
LI EDFEERAND Z L TR TE éﬁIAb‘fﬁeﬁ‘iébZ) ¥k, <7 R “DO” @ Dice #%51% 0.5 &

BZTWDHN, CHITEEIFEL, — ﬂm&%«%&mf%m\m BEET T4 AL hOXt
ShLE LT B,
335 F&H

KETIX, FEHT 7o —F 2 HOZHEET T4 A v MRS BEREMIEZ F-ICRE L
7o BEFIETIEZ, EMD ZHWCRA a7 #R/HET 2, HEET 74 AV MafET 7e—F
TIT2729 2T, ZOMRICEES & HEEM OB R 217 5, B2, FEIEOEH A R IC X
Hﬂ%éﬁé - k?%?fﬂﬁ**ﬁ*@ﬁi%:'o 7z PERERHEmSEBR DK R, HEET 74 AV b &ATDR Do
7ot L EENETE WA W 2o TG AT e IRETFIEIIA TGSk LT W EBIfRE A R L
ko_hiﬁﬁimwﬁ@é%mbfméo

LSBT, =2 —T 3y MIRRICHIE LR T2 D L) ICIRETFEAUR T2 TETH D,
Bit. EMD O HIZ B W TR 27 R UiZid word2vec |2 & A HEED b EERBLA W5 Z & T,
HEEOEWR A BRE L7 BERHMIE A REEE L, YRR ERZ17 5 TETH D,

HiEE
Z OWFFEIZENLIG A FEET & OIEFMFFEICBEE L TIT 7,
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KT =TT 75—y (A

3.4.1 IILBIC

BEEIEREEM D —FiE & LT, RENF — URNCFHEAGISCZ R L Tl &, BRI LTkt
G DRI = NI ESRENTNDLZLEZEVRA LV M TCF 2795 [F 2 My M)
MEEIN TN D VDY

FHOIX, PEEERRSCERO T HBEEIRRE M O 72 DI T A by KOG EITV, BEEE TIZLLT
D& HEFER LT VY9,

- T H R SCEAT 22— S 2 DR

- T A MEY FOERK
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WEAEE £ TOT X bty FOERIZEWT, 844 O HEFERB/ Z — 2 Lz et T EERZ
DWER L OHERERBL N Z — Ak 5 BARGERIR N2 — VBB OERE 1T 72, ZhE T, F
EFEICR WO CHEE G 9 Dl R Y — L DB a W > TE N, AEEIIHEN ER L TR LT,
LHICBWT, MO EEE I DRI N F — kT 5T A by AR L, fRETART
A My M ERHWTEFHEY A R E2FRSNRE TARK L7z,

3.4.2 HEGESBERBLF— L DIUE
100 T30 6 70 HH B RFFF AT 2 — R A G RERE 2k & L. LN O FINECTHIERE 7 BE
KRR — R LTz,
F9. PEEEXASCER 8) IR T HETHEESHI L, o HEELZ BT e /B L7 HEE N1 77 L (5
BENSA 7T NEMES) ITOWTHBLER A D M5, 22T, B OHEL) L4 2Lk, 15
LN E Lz, BERRREDS 3 LUTF Tk, #ife ¥ — > O— Il 72 23560320, 16 DL ETI3AR 23 mAr
L7 % &Il U CorBERIRR 2 ek E LTz,
3w, b w, DSHESA 7 T BT R EC(wuw) E L, VEASHEORA LTS L X
Cw) = ) Cwywy)

WjEV

C(w;) = Z C(wi, wy)

wWiev

LKRER 31X, AAMT R EZE S TR L2V A P2 SETHH - T 5,
2 Ra—/ 3213 WAT2016 @ JPCzh-ja task IZBWTH/RSNTca— "2 ZF|H L TW5D 7,



Wiev w;ev

LEERT D, TDLE wyewDt_score(w;, w;))ZLL FD X IIZLTRD D, w; &w;DER DML & A
72 L7 REOHIFF S 412 HBLEELC g (Wi, w) 1
Cona(wi, W) = C(wy) x C(w;)/C
RN
C(wy, w;) = Cing (Wi, w))

\/C(Wi, Wj) + Cind(wil W])

t_score(w;,w;) =

TROBND, t_scoreD KX EHGEX AR 1 ITRT, # 1 TlE, PEFERI Y —2 L L CEEREY)
TRHAGESE (B 20X, SEAOXM R E) b EENTWD, £ T, HEGEERH X — L L CHEyl stz
t_score DR EWIEIZ 500 RHBIR L7z, —H &2 FK 2 1T 7,

1 t_scoreD K= 73 HAGEST

HIER S #%E S |[tscore

. . 271.5547
( ) 243.3445
= th 179.6108
= # 149.7051
3] 132.5581
R 5] 124.4097
B o 123.6213
= , 118.0289
L 117.9554
X 117.4901
/=B 117.33
- - 115.1469
X4 HiT 112.0874
= iD] 109.3007
jeil joil 108.1184
AR 105.3952
= i 100.3719
. & 99.57987
L5l 97.94059
) ) 91.4757
& 91.43866
ZiN AR 87.41019
( ( 86.36381
Gia T 85.77429
BT BT 85.35363




H
Do
=
H
El)

HERIL NS — 2 (Fo))

BIER S fﬁgﬂﬁj\ t_score

= th 179.6108
= + 100.3719
= T 85.77429
= 5 77.30509
o E 64.2659
M E 47.15492
1% = 46.41461
= A 43.047
5 *x 42.72821
aJ LA 514 41.58661
M [ 41.07052
A T 40.05859
H X 39.23804
= ih 38.40671
aJ 514 37.75489
aJ LA X 34.73906
Lk UT 33.71879
BT hin] 31.79233
th Py 31.09576
= 3l 29.4842

500 X OHEFERBL NN Z —Zxt LT, ENEELHREECE 2 E TISER LW BRSO T =
—NZIMBIUE LT, ZOfES., 2T 19,090 SIBNETE 7, ZHHDOXOHNHAHEFERDL
WEZ = INFBEREENEFF> TWHXET A My NHOFEEECE LTER L, &2, FEEE
RO RY — ARG T D HARGERIIR AN Z — R 2 RIE LTz, REIC DT> T ko B R 0F
Ta—"ATOMRESEIC LI, RIICHBEIE LB LI EFERB AN — 25T A bk
v OB AR, Fo, ONIXPEFET A 3T, JA X B AGERIERG]. CN pattern [T EFELIL X —
>, JA pattern [T H ARGEFIRR N & — BRI A R T,

#* 3 PEEERH AN Y — 2 & HAGERER N Z — oz Ripl
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- IZEW[>T)*BRE]
KR R T TR BN v R xR, [SOSEUS/TMEMALL. RREXSLOMAILLY. BRIy g |wmailicals
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EZX £ 0_220 MPa i) TR [EH T A3 15 F H#%15%F. 0N5220MPaD A1 F H THMIBLE-, T T EACFDT
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X 1127”9, RBMT, SMT, # > T4 ¥ A b TOFIRKEROFAE TH 5, FHMmRERIZ, [FEHO4
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\ZHE > To TR D HRIZIT & 27l D 2 T D N FREAM#E R O 547 217 o 7o, — =% HRiRFAl ik 400
LR LT, HBIATLER=ATA L ERDVATLAEDRT, 1 XTHD, EHLLDOFRDOY
NEVEW (b LIERERED) ZHEL, ZTOBREAE A aT{L L TE AT LET X
T, VAT LAOHNIPIN—=ZT 4 L0 BWGAITH, BEOGEIT-1. FREOLAIF0 &
L. 5 NORZRLFHNE O 2 2 Labt s, & LbbEImiERn+2 uhiﬁ% XZEDOLAT I
DUWNTIE Win, 2 LR 51 Lose, ENLAMR BIE Tie & HET D, 400 TITH L TENLEIVH
EEATV, A —xf i 2 27 (Pairwise) [FLLFORXTEHEAE SN D,

. . Win-Lose
Pairwise = 100X

Win+Lose+Tie

NEDBE L~V OFHIiIE, AU DWW TEL N OEMETOMRIFHE 21T 5, 7BHNEDIRE
UL ORI, —RHFHI O R TH S 400 XD 9B, T o MBI FL7z 200 STITH LT
Tole, FIBAFMHMAT LT, —RHFAGO B2 3 F— L% L TOHNEDIRE L~V DFF
i Z17 > 7,

S | %

TRTOEZRBFBMVEEICEESNTINS, (100%)

FEAEDEEBRIEHEIEESINTLNSD, (80%~)

WSO DEZEFRIFEREIIZESATLNS, (20%~)

5
4
3 | EAULDEEBRRIEEICEGESNA TS, (50%~)
2
1

XEADLM LWL, L LAFERICEESNTVSIEERBEIFEAELL, (~20%)

AR TIXZNG OFHEFRERICH L TELTFD 2 DDA D0 2T 72D T, #5735,
o — %R O FE i 5 1A DE M X D IEFEMEOE N
- ot FEAM (JPO-adequacy) & —xFFFAfl (pairwise) D EIFRME

35.2 —XEHEDEEAEDENICKLHEEEDEL

3521 {R&i

WAT20156 Tlk, 77U RY = U 7T R0 —xbif i a2 940 L 7=, Z4UT%F LT, WAT2016 Tl,
X7 20 Ry =2 7 ERIRBETH L0, RS HICEZFE L C—xtii 2 Ef L7z, 7 7 v




Y =2 7 CHhE LT il ClE, O TRUMEHE 2 7Hl 3 2 A3 22T, T o H AT
FEAMAE A £ 5- L CO D EHEE WD FIREMED & 5, EAUTx LT, BIRRSt T, il 2~ X
—VAURLTWNDID, T X DCEHIEZ 5 LT S FHIE 230 D ATREME IRV 2 & 231
FEED, 2T, WAT2016 O—XfRHli OFHFENED WAT2015 K0 HEWEWIRFHE N TS, =
DOIGRUZDNT, T—H &+ 25 2 LI L W RFET D,

3522 AWVRTLLERE

NR=2 T A VAT LOFERBEIZHAT, FHEASRO S 27 LOFRGER &<, mEO %
MREVWGEERE VAT HDIZONT, #REHT LIz, TOEBIT, ZXN/DNSWNGEIE, N—X
TA VAT LEFTHERRDO T AT L0 ES L OFRGERARYIZE N OB TRNZD T
HD, BT, WAT2015 & WAT2016 OWFHICEB W T HiM 23 L2 AT LA TH HLENH
Do Fxld, FERROFMUERIZT VAT AL LT, FFXOFHEER (JPC-C)) @ BN 3 v AT
I ERVEEATRR LD HFEEIRR (ASPEC-JE) @ EAL 3 Y AT AEEIN L, 22T, B3 v 27
L%, WAT2015 TO—XIFHi D LAL 3 & AT A TH %,

3523 {EEMZERNLSIERS

2014 FFEOHWHEEIT, 77U KV = 7 TOFMOEFEMEIC OV TONHEREZHE LT
W5, ZORROMEIZROBY THD, 77U RV =2 7Tk, EREHKRLTT U F AT
PWVFHEZ 15 L TV D U — 7 —H1EE LT, B & & D FREEFB L T % il & 1+ 5
LTWD Y= —bIEL TV, 12EAEDLE TEME —BT 27HiEZ 5L T\WD U —
H—b—EFEL TW e, £ LT, EfLROAOHBEZFOMIEL 5L TWnWL Y —h—iZ
FIEL TV o7, 20D, EEECERVEMENREENTHTE, 2FREZFEHTLH L N
—ATA EDOHET, EEHTEDL/MRICRDLZEnmhoT,

ERROGHHRERND, N—=RAT A L LV @R VAT A ER—RT A L H g U2
HBAIZ, FHMEOEEMIL, T v & M5 S E OB G MR E EFE O F S E o
EITHEASWTIHOGEEMEAZR L Z LR TEDL EE R D,

35.24 EFRHITIEIE
ZZTHVWORHMBRERIL, XA T A VAT ALY CEHMIC) mYEREAR R xSy A T
DER—ATA U VAT LDORTHDHZ EEFHELT 5D,
Z B DA E ST EIE D @ ORGSR ARV EEAE R A T 5 &L RO 3 0 DfGEHEE
FIEE LI 2T, ENENLTOLIICELBND,
(1) FRAhEEfE
ETTUALATHE, AaT7OFEHEIXIFE O &85, —HFETReiMichhiE, 22
T OWVEMEIX 0 KO REVMHEIZAR D, ZOfEEZ 2T, S €T D0 TV H LR ATT OFE|
APRETIUE, ZOEIBRITIE U T, Speppees PIEN 0 IZITSL EBZBND, Thbb, ERMEN O
WCIEWEE T X NCFHl L TV DEIENZNEEXDH T ENTE D,



(2) Tie DEIA

PERBZEN B D v AT LT, XOMMRMROBL A KT L L&, ZLOHAETERDDHLE
26570, FHEEZ 0 (Tie) OEIAITEWEBZOND, TN LT, TV F AIZ3RD
BRI D | 2 EINT S & FHIED 0 OBEIGIX 1/3 LD, T72b b, FHIMEA 0 DEIAH 1/3
WCHWIFEE T U H BRHEE L T2 EIENRZ N EE X BLD,

(3) HHET DRkl

[F] USCORIFREERICKT LT, 5 DOFMMENA 5 ST D, T & LIZEHE L TW 2 A5
ETAUR, R CRIRRES SRICx LTy +1 &-1 BRIFHCAH B SN D AN Z b EE X b5,
Thbb, BLHOR AT PMEENTZEENLZVIEET U F LM L TWAEIERENEE
2B,

MK T 2eHlioZiE, F CRRRERICAH S Sz 5 DORMBED 5> B, +1 0% n, L L, -1
D& n, L5 &,

T 25O #= min{n,, n} (0, + n,)

ELUTCEET D, T DFHMIOFEN 20%& 5 Ok, [/ URIERAE RIS 5 Sh - g o 5 5
Win £721% Lose Db ODHFTHLEDEODEIEN 20%% FR L T\ 5, FT 2 5HI DR 50%
EWVIHIDIE, 1 XHT Y OFED Win DF & Lose DA H 1 9 CRIKTHDL Z L E2E%RT D,

PlbEo (1), (2), (3) OFRIEIZOWTHHT 5, 7ok, (1) & (2) 11X, 2Aa 72k (2000
Aa7) EEROMEMZERGEE LTIk L, (3) X, X TD 5 D>DR a7 NOEAMEDMH
MZXRELTNDEVIEVNRD D,

3525 DR
F 12 (1) FHMEEESEEZ RS, 212 (2) Tie DFEIEZRT, £312 (3) KT HRF

D FEEIRT,

& 10 RHifE A fE

SYSTEM1 SYSTEM2 SYSTEM3
WAT2015 0.165 0.179 0.166
WAT2016 0.224 0.226 0.278
(a) JPC-CJ
SYSTEM4 SYSTEMS SYSTEM6
WAT2015 0.254 0.227 0.194
WAT2016 0.339 0.282 0.248

(b) ASPEC-JE




2 Tie OFIGE

SYSTEM1 SYSTEM2 SYSTEM3
WAT2015 0.376 0.241 0.360
WAT2016 0.260 0.255 0.231
(a) JPC-CJ
SYSTEM4 SYSTEMS SYSTEMG6
WAT2015 0.187 0.167 0.193
WAT2016 0.130 0.152 0.148
(b) ASPEC-JE
% 3 MBI DRkl oR
SYSTEM1 SYSTEM2 SYSTEM3
WAT2015 0.210 0.216 0.219
WAT2016 0.208 0.195 0.200
(a) JPC-CJ
SYSTEM4 SYSTEMS SYSTEM6
WAT2015 0.239 0.246 0.257
WAT2016 0.233 0.250 0.249

(b) ASPEC-JE

#F 1 XD, WAT2015 OFHiE, (1) FEAGMEEAEDS WAT2016 KV 0 IZIEWZ &R nnnd, i
I% WAT2016 CTOFHIEAS WAT2015 OFHIME L ¥V Z > & 2t Sz EIA AMEVARILIC 22 5 & &
ZHid,

# 2 X0, WAT2015 OFEfIEL, (2) Tie OFIEDS WAT2016 L ¥ WAT2015 DI H 23T & A & DY
AT, 0.33=1/3 120N Z ENS DD, 2L WAT2016 TOFHMEAS WAT2015 ORI L v 7 > &
DA B ENTEENMEVRILC 25 LB BN D,

# 3 L0, WAT2015 & WAT2016 OFFHiiL, (3) KT 2FAMOENMZIZFERE CTh £ 0 EWI
Rongnolz, ZORENGILT U F L EENTERIEOBENTRWEE R o7, i
(1) & (2) ORI RLS, L, KT 25H0OZFIL 0.2~0.25 FRETH D |
ZDZ END WAT2015 & WAT2016 1TV h 7 v & ARIERIROEIGIL, Tie ZRERDO S HD
PHLUTICE EE-TRBY FHKT 2O 0.25 W5 Ok, 2 ESEOEEITXZD 2 53
OB 0.5NT U LBRINEEZBNLD), Tie ZRRIFERD 9 BEELL EIXT v & LEINTIE
<L AREIZESWEFHMR R EZ 2 b b,

PUbzgeod e, 2AaT7aik (2000 227) EEOEHMOEETHL (1) & (2) OfEE
25, WAT2016 DOFEFLDIE H 2% WAT2015 OFEFR KV 1 T 2 & ATEIR U723 E OB MK < |



FNDEEEREHNEEZ D, —H, X TORATNOEEMHEOMEROEETHL (3) @

FEEN DX WAT2015 & WAT2016 CTOEHEMOEBVIIBIE SN2 o T2,

35.26 Fleiss'kx LD

FHILOEFEMEDFERE & LT, Fleiss’ k DIENFIHIND Z L23H 5, WAT2015 & WAT2016 DA%
FEG 2, 3]1T Fleiss’ k DENIRE STV D, FIUDH D% WAT2015 & WAT2016 & D F CEu#

ERAR
41 Fleiss «

SYSTEMI1 SYSTEM2 SYSTEM3
WAT2015 0.087 0.117 0.111
WAT2016 0.096 0.131 0.123

(a) JPC-CJ

SYSTEM4 SYSTEMS SYSTEMG6
WAT2015 0.104 0.070 0.076
WAT2016 0.078 0.066 0.068

(b) ASPEC-JE

# 4|2 Fleiss’ k Z7~d, JPC-CJ & ASPEC-JE O W91t WAT2015 & WAT2016 OfEIZIEIER U
Thod, ZORRIL AETCOSHRRDO (1) & (2) OEEORKRLITES LAva, (3)
DIREDFER L AT D, Fleiss’ k BNELTO R a7 NOBAMEOME M ZR2fETHY ., (3)
LREROIBIE CH D=0 EBEZLND,

S B2, ASPEC-JE Tix, T 752 WAT2016 DAY WAT2015 DEL Y 3 DD AT ADWTILG
<o TW5D, Tk (3) DIEFEORREES LR, ZOERFERE LT, ROZLRE
A Db D, Fleiss k (FMSZULI2 AT U OFEO—H AN HIEETH Y | Win, Tie, Lose DX
INCHT Y DIEFIZE®RNH 2 5EITIE, THELZBRE L2V O80T L bl 2Rk
STV, HERMIZIE, &2 FFGERICKT2 5 DOEA Win3 D, Lose 2 2DHA L, Tied
2. Lose 2 DDFA TIE Win3 2. Lose 2 2DIE ) BEHIEDIE S 2E B KEI W & 2 EWT 508,
INHD 25 —ATFleiss’ k [TEWRRNEWNS T ETHD,

3.5.3 #fxtEEM(JPO-adequacy)d— it EEMi(pairwise) D Bl & 14

WAT2016 DFFFFEIRR 2 A 712\ T, #axtaFl (JPO-adequacy) & —xt#Fii (pairwise) DA 27
IR —E T DA & 72> TWD N, —HBOFERTT M, ¥ A7 LTk, JPO-adequacy DA 27 )3
BWIZE 202 53 pairwise DA T HIKLSRDHEWVWIFERDHEOLNTZ, T 2 TlE,
JPO-adequacy & pairwise DA a7 OERMEIZ DWW T LUV DS E T 7= DT, FOHRHEIC
DWTHRET D,

—XfRHlTliX, 5 A DFHIED, X=X T A COFFFER L X —7 v N ORIFRRE R Z ik L,



R=RF7A LN F—=Fy NOFFTHREED, @ Win) « [F%% (Tie) - MKW (Lose) DFEKRIFHAM 21T
STWD, LERS>T, XLV TRTHD L, N—=AT A v BIROTFEE RS TIE, pairwise
DA AT IIE (B 23, JP0-adequacy DA T HRE W (KW W7 RmnEZ Y 5 5,
FZT, NR—=Z2T7 A4 OFERFEEDN ., JP0-adequacy & pairwise DA a7 OFFEICHEL T\ 5
DTIE, EWIREZLT, LD X 9 RERFEEZAT - 72,
1. JPO-adequacy DAY M S L7222 TORHE ST OWT, pairwise TERINTZN—X T
A 2 OFRAESRNZKTT 5 L L1 D BLEU A =7 (sentence BLEU; sBLEU) %% Hi,

2. HKH AT DFEC %A . JP0-adequacy DA TN 4 LLEL 73D, pairwise DA T H3-2 LLF
*Off (incongruous LOSE) &, ZHLISNDRE (OTHER) 12531, WifED sBLEU D F-2)fE % LLig,
FERAEFR5IRT, TOFER, JPC-JE/E]/C] # A7 ZB\W T, JP0-adequacy DA 2T AEWNTH
B 59, pairwise OA T BMEL G ST BEIE, RN—RA T A v OFHFRKSE (sBLEU) 3 H & (C

W LR S LT,

Kb L YL TON=RT A CRIFRREEEZ 9% 704 (e p<0. 01, *: p<0. 05)

Task Incongruous LOSE OTHER
JPC-JE 34981  (*%) 26.554
JPC-EJ 45.141  (*%) 34.737
JPC-JC 25.240 23.729
JPC-CJ 39.442 () 32.850
JPC-KJ 68.549 66.944

incongruous LOSE (Z& F DI SLO—HFl %23 6 (T, ZALORITIE, 703 (TGT) DFH
FHERIL, JFLOEWEZ M2 TWDED, _X—R2 T A 2 (BASE) 1X, 1ZIETBMEREY OFR & 7o
TEY, —HOMWRRILOZRIZL Y =% DO 2 a7 NMES hoTo b F 2 6D,

Z 6: JPO-adequacy DA a7 NEW O=4) A, pairwise DA T MKV (Lose) FEAT 3L D i)

SRC: | FIG. 2 shows an example of the data configuration of the account registration data
1110.

REF: |22, ThHU LV ’EEET—4% 111007 —XERO—H%R~7,

TGT: | K 21X, 7H v M&EET—% 1110 OF — 2RO —HlZ "7 TH 5,

BASE: | 21X, 7THDUV FEEET—X 111 0DT—ZERO—F %7~

SRC: System 10 further includes one or more sensors 28 .

REF: | VA7 A1 015612, 12U D2 8525,

D2 A OFHE I X DFHMERE R (BELL=1 ([K\W) ~56 (&) OYHEEHEM, £/, A/
H1H A Cl, JPO-Adequacy DA a7 N3 LLEE L7,
5 4 OFHIHE I L D3R (Win=+1, Tie=0, Lose=—1) OHFHMEA R,



TGT: | VAT A 101X 52, —OFRIFEEKEDOE L —28 25T,

BASE: | A7 A1 01%, &612. 12U EO® Y 28 2510,

SRC: | B v MES 213, vy MRBL & LTHRET %,

REF: | The bit line layer 52 functions as the bit lines BL.

TGT: Bit line layer 52 functions as a bit line BL.

BASE: | The bit line layer 52 functions as the bit line BL.

SRC: | 2% —mlisdhA x 11X, T T7RE—IL 202 5OMSEP o ZiRiadT 5,

REF: | The first rotation axis Ax 1 passes through the two poles Po of the golf ball 2 .

TGT: The first rotation axis Ax 1 passes through the two poles of the golf ball 2 .

BASE: | The first rotation axis Ax 1 passes through the two poles Po of the golf ball 2.

—7J7. JPO-adequacy DMEWIZ R 59, pairwise A a7 NMEL Gl SN D06 T H o
Too TNHDOLIE, N—=Z T A L OFFREEDHRNAZNE D TH D L Bbh b, EEE. K
FERNEOFEFFRH S TODFHERE R, SUEMIEMERE L TIHL L o> T L FERFE R TH -
e, BIBEDMENTH Tl FEMR 0T 21T > TWHRLY,

F7-. JPO-JC/KJ] TliX. b v 7> A7 AD JPO-adequacy DA AT BNEWVMIH D 59, pairwise
DA =2 T PR ME R AN R B A7z, [’ 112 JPO-JC D, X 212 JPO-K] D Ef7 T AT A OFA
FERZ T, £ DOOWHRER T, sBLEU DA ERZETR bR oTc, £ 2T, %R % Lose
M Tie ~EE L., 7786, JPO-adequacy DA 7 N 4 L B, 23D, pairwise DA 7 H 0 LA
T O#E (incongruous TIE) & IS ORE (OTHER) (20 T CEIRREZIT > 72, FMREFR 7 IR
T, ZOFERAE R A L JP0-adequacy DA AT REWIZH B 59, pairwise DA a7 MN[EEELL
T ERHl S B T, N— AT A L OFFRKEE (SBLED) NAEICE W I E NGRS N2, I HIC,
ZORZE T 2RISR, BERORHHSCO N, JPC-JC THI 27%, JPCKJ TK) 44%% 5D TWD Z
ENG otz THHORER LY WAT2016 @ JPC-JC/KJ D F A 7 FHliZ BT, JPO-Adequacy
DAaTREL &b, pairwise FHHIZIHWT, FELLF LRI S5 XDOEIGHR LN,
pairwise DA a7 MEL o 7= (012iE2<) v EEbhn b,

X 1 JPO-JC @ A7 2T Lo FT{HE 5




2 JPO-KJ & ENL AT b DRl

KT LN TOR—=AT A CFHFRFEEITRT 2 7047 2 (2 p<0. 01, *: p<0. 05)
Task Incongruous TIE OTHER
JPC-JC 34.981 (**) 22.531
JPC-KJ 70.598 (**) 64.522

354 F£LH

AFETIT WAT2016 D N TFEEAM#E AT ) LTy 2 DOBUENS O 217> 72, —xt i it
FIEOENZ LA EFEEOENDHTO/BRNS, 770 Ry = 72T 5 L0 bERSH
ERRAT NS E L TEHEEOBWERNME LN TWDE Z ERbhoTz, — 5 TlRl—XDFF
MATERE L CODEIRITEDL L L RENRNZ ERbN-o Tz, THUIARERICEIRR OFFM I8 L
<, PHMEEN EZ Z#BEMR L TEHIT 2200F VBB TV A AREER S D, 2 Z 0% LV i
Wt 2 2 LTS HROBETH D,

F 7ot 7 (JPO-adequacy) & —f 7l (pairwise) O RAFRMED /M SR~ HIE, e FEAT & —
XM I IEARRNITHER H 2 b OO, —3FHIDON—R T A T AT ADEIT K - TEINZE
bé&wé:kﬁ*ﬁwcﬁménto_niw —XFEIICBW T LV EHETE 2R EES
TEDIIZIIN—AT A VAT N BIRTHZELEETHDL I ENREIND,
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4. A BIRFFTHEHR S AR T T L

NIT 22 2 = =4 — 3 a RV IRErse e ZEE s
1. B=E

AAMT/Japio FFRFRHARAFES OIEBI O —BR & LT, B ZE 0 &4 2 Rrafii daL B B 2 1 agife &
wtham DY 2 RS D720 0 TRFFFIRS VANV T L) &, P28 11 A2 H (&) 12770/ 8—7
H 77 L ATBWTHIME LT, AV U RY T AL 2010 25 1 [MIZBIME L, DAtk 2 45 2 L OB
THEDE 41 L 72D,

VRV Y AORE R OHERE TRERFFHRAERE ZBR, NIT 2 2 2 =0 —v g VRS
prAfkzRIZRR & L, IIERZR TS 21T - 707 7 AZAREZHUIATo T2, A BRI
B AR, RERGRET LA, —BGEE 3 R & PR D OWE 2 fFOMTh o7, ZMEIT 934 (BF
RRMREZET) LB THT,

2. vy arvAR
2.1 BFHHERE ()

FRIDY v > a VIIFFFT R ORZED D E 2 B E L CORFREE CTh o 72,

1E B AT RIS SR O MR RIS THRFIT ISR DEEMEBIRR OB 0 filAx ) LBEL T, BT T
HED TV DA EFRFFF AR OFIROHF A BFHOFR OB FAL0Z OFEBIZ DWW T T\ 272 W, 3
FEOFFHFIRR BT OHEHOXTER 2 — S 2 OFE(HIZ L 0 BEIER~OHIFHIRE < 2o TRV, 5% H
(A TIEFIRR O RS EE ) _ES° ASEAN SEE~ORHERRD HNTND L) A v =T % W20,

2 M BT R B OB BRI =2 —F bk v b U —2 & Wiz HIRS SELER O f i
CFELT, EFARICEEL TS =2 —F %y NU—27 OFFEIRIZH T 50 HIZ OV T ZREE W
7ol Tz, FRICHEBRIER CIIIE kORI A B E T o mMER L ZER L TR, L b ART T LK
EDERIIZ Google D= =2 — T UHBEIRR N A SN2 & bV EBEIXE N -T2, K THRLS
< DBIMNEDT; 2 WERIZRK TWTZOBHIR TH - 7=,

2.2 AREHE

FRIMIOE v 2 a L AT/ Japio FraFFR IR0 6 . BHRRGEHNICBI T2 2 fF oW E 21T o 7,

1A B IR (L RASE R B OB B ZE B K 0 . BIERO B8Rl 7B DWW T TR Wi 2Tz, i
RN L b iv T2 BB R E BLEU ORI R &, e E 2 TER I NTZFEIRDFA Y (U
72 REE RIBES & Z DS BIZOWTOMITTH -T2,

2 1F B3RP RN IRBEEE O TN Z B LV, 3BT T HERY — 27 > 3 v 7 (WAT) ORI EIRR I
WA AZIZBT D AT RICONTIME N0z, WAT XV U ARY T AOEAKOBETH -
ToleORY VR Y T ATHRATL CTRIA W=V Z Lic/e D, WAT OEE X R 7 (3R H R S0 & R
TR E R > TERY | FIZAENT= 2 — T WHEEEIER 2RI LicF— 20 B2 S DR & o7
ZEWRENTL, —HT=a—TJ VR ORY (REBRFIEIT ORI DNE~DER) bH D,
BIRESCCIE TR C O CHEROEBEIRZ L2 5D L IXF 20, 5% DI LR BIZ X - TRt
e DOFEMERRR D38 & OEPE & 70 2 FTREME bR S 47z,



2.3 {BfFEE (2

THOBFRERE v > a VCliX, EEREFTEBEID OMEE L BIRE L,

1 {8 B X% [E NAVER @ Hyoung-Gyu Lee IZ Domain Adaptation for Machine Translation at NAVER
LABS] & LT, NAVER TOFEMEIRR Y — & X CHEMEIRRIC 31 5 20 BF B IS O D fL AT DWW T 2Rk
WeTEWe, #Rkax RSB ORRE T 51T o> THIR Y VY —ARRET HIGEIT, — KR %ERY Y —
AU ONTHEN S DEFEH L TETHHT L2 L DFEIMECONTORNE TH -T2,

2 BT AEFFTFEEITORILE —KIZ THARGEOHRK O L & & —F —ORWEIER~D K X 70 #i5F)
LT TRV W2, BARGEOSRERMESCER 2 E X, BBEOY— L ELTAEITHD Z &,
WERROBBIZLY ala=r—va OV —)L LTOEEOBEEMMETFT25 Z &, FFiFEFH
R CRIHARRIZ /2D Z E~DIFE, W oo BRETH T,

2.4 BIEERUV—RER

—IXEEEICSENL D AAMT 205 OFERIGEE & L C, SO ILARD 5 CRIC T30 & FIERO E % de6E
T oM LHFET —# UIX IC X 2 FHGEE B & BB A ARGE L —/L ) LU T W20, BlREE
BICB T D AEELIE - BAA LT 75720 0@iikk s L CRESNZ UTX IZOWTORFA T
bolo, RFRAGEXRNIE L TIMEE T2 RSB ThN T Y, ZOIEREE LTHETHD &
RiAEh s,

— RIS R A EE LT b O T, BRSNS T R THARIRE T,

L B A E K2 O/ N KRR O [FRE & Z 0Ozl Uiz~ b U 7 AR~ » 7o B a4k
BFEDIRZE] Tholo, BEIREMOSH OOk~ FIEEERY —LO—2>Th V| BB
SSTHIROSEE T D20 OEE Ry 7 EF L fbLDA 12 L » T, Hiir~ v 70 HEV ek 2 R - 0152
DHETH-T,

2 BIEEIRRE O HNNERKO FFTFIMEORR CHERETRE 2L (HRENLD / Uny) | Th
ST, FFEFIMIEORIFICB W CIE, BMIZTmi@E Y OFRZ T uI+o & 0o i g, BREH
RO FIA 1E S O IEfE 7R R HH OO 72 DI SCRE & IEREICHER L7 T U722 5720 2 & BUEORMEIRRIZZ O
ICITE L CWARWZ LR YRR 0T,

3 BIEER A R OM) BRI K O TR SURR O BEEFEICE B LR HOME ] Thoto, Fraf
DO OIZHNOND F X4 =20 HEN 507012, T OSBRI A, EEELZ#HELE L
7o F X — LR S L CERL ATV E S R A DO ME TH - 72,

3. PR

D 7 a—r b2 Lo T, FrafE el B ARENIZE U7 TR <. BRSO S sl LBt
EEOTEBTREMEL ot KL URD Y LA TIIHMEIROFBENR L RAEMICH L, ==
— T JVEEIRRIER O RO 72 R RIT K o TR 2B RS BE A3 072 0 ) | U C & 72 BUE, BERIER 3 C
XEXZTHE, HEIFSETEYOUY—7 7 =TI\, LWHZ LTEHRNWEEZD, DFV, kL
THEBETIX 2\ VEEIRR . LSRR T I SN TR PO 08 - T HIENEE LT, SiEEMb 75
TEHREWR D T2OD T —7 70 —DOWFICFGT D 2 ENBTFHRAEOERIZIZRDbND, £ L
T2l TlE, ABOIURY T DB TRFFRBIT, EEFEOMMELEE, H 2 WMot 8%
DR EBEROBRZRILT 22 b, HICHROLZEIV H L TEZX D LY & S HIZFEMARZRETN
DOEBUZANT TEHEZR DO TIXRWEA 9D,
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