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F 77, BEWENER O FEAMIZ X — M IZ BLEU 2P WS TWad, LA LRD S,
BLEU I3 H3E n-gram & RICHE DS HEZFMT 5 FETH D, HEOKREIR
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XDIEMES U ZEHZETFHL, FHOEREZHAWTEEZTS. 3 DHOFEIR
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Neural Machine Translation and its Evaluation

using Generative Adversarial Network™
Yukio Matsumura

Abstract

In recent years, neural machine translation (NMT) has been researched all
over the world. Once an encoder-decoder NMT which combines two recurrent
neural networks (RNN) was proposed, NMT had gained great popularity in the
machine translation community. However, the conventional encoder-decoder
NMT works pooly on long sequences. Attention-based NMT can perform better
prediction of output words by using the weights of each hidden state of the
encoder as the context vector. It contributed to improvement of translation
quality, especially in a long sentence. Nevertheless, NMT has many problems.
For example, there are over-translation: some words are repeatedly translated
or unnecessary words are generated and under-translation: some words are
mistakenly untranslated.

In general, BLEU is used for the evaluation of machine translation. However,
BLEU is an evaluation metric based on n-gram precision. Therefore, even if
the system correctly translates a source sentence but the surface of word is
different from the reference, BLEU evaluates the target sentence mistakenly.
Furthermore, BLEU needs a reference.

Incidentally, Generative adversarial network (GAN) which is popular in the
field of image generation consists of two networks; generator which generates
a data and discriminator which distinguishes a generated data from true data.
Discriminator is expected to distinguish the true or generated data, but gen-

erator aims to generate a data close to true data which discriminator cannot

*Master’s Thesis, Department of Information and Communication Systems, Graduate School
of System Design, Tokyo Metropolitan University, Student ID 17890539, February 22, 2019.
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distinguish. Generator can generate the data close to true data by adversarial
training of these two networks. GAN is attempted to be used in the field of
neural machine translation. Several previous studies regard NMT as generator,
and the classifier as discriminator which distinguishes true sentence from gener-
ated sentence by the source sentence and target sentence. From this adversarial
training, the quality of NMT is improved. Furthermore, an objective function
of conventional NMT is optimized by word unit, so it is not guaranteed that an
output of NMT is optimized as a sentence. Moreover, GAN NMT is optimized
using sentence-level information, so GAN NMT is expected to generate natural
sentence.

In this research, we examined the effect of GAN in Japanese-English and
English-Japanese translation. Furthermore, we focus on discriminator which
predicts the correctness of a sentence and proposed an evaluation method for
machine translation using GAN. In this scenario, true data is the human trans-
lation. Therefore, the sentence which is predicted to be a correct sentence by
discriminator is likely to be the translation which is close to the human transla-
tion, so it can be used for the evaluation of machine translation. This method
does not need reference on evaluation because it only uses the pair of the source
sentence and system output, so it is expected that the translation of the source
sentence which does not have the target sentence, for example monolingual
corpus, is evaluated.

In our experiments, we implemented the model architecture based on con-
ditional sequence GAN (CSGAN), and trained it by three types of objective
functions. The first is conventional GAN. It is trained using cross entropy. The
second is least squares GAN (LSGAN). This method predicts the correctness of
target sentence directly without using the activation function and it is trained
using mean squared error. The last is Wasserstein GAN (WGAN). This method
considers the difference of scores between true data and generated data on train-
ing. Note that we applied pre-training to both generator and discriminator using

baseline in all methods because the training of GAN is very unstable. We ex-



perimented GAN NMT on Japanese-English and English-Japanese translation
using Asian scientific paper excerpt corpus (ASPEC). Furthermore, we evaluate
the output of translation system in the Workshop on Asian Translation (WAT)
using GAN NMT. We confirmed the results in terms of both translation and
evaluation quality.

This paper comprises as follows. In Section 1, we introduce the overview of
research on neural machine translation. In Section 2, we describe the archi-
tecture of neural machine translation. In Section 3, we introduce the previous
studies on generative adversarial network. In Section 4, we describe the ar-
chitecture of generative adversarial network in neural machine translation. In
Section 5, we propose the evaluation method using generative adversarial net-
work for machine translation. In Section 6, we show the experimental results
on the translation and evaluation using generative adversarial network. Finally,

in Section 7, we describe the summary of this paper.
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BE1E FLOHIC

WA, = a2 — 7 )VEERENER (Neural Machine Translation : NMT) D& &
D, BEMEERD A IS N T WA, [ FFEX & RRRIIZZ# T 5 Encoder,
KO, ZOHERE, S HNEFEX % 1 ¥i559 D49 % Decoder & IEIXN 5 2 D
@ Recurrent Neural Network (RNN) % A& o724/ HEL D Encoder-Decoder
7Y Sutskever 5 [1], Cho & [2) IZ & > TREIN TR, =2 — J VMR
FEMBHER T TV D £ o 72, #IHARLD Encoder-Decoder 12 1% SCOFHFRIZ T
WE WS DD - 7258, Decoder 128 1) 5 £ HigED Tl 12 JH 2 58 XL DK HEE
X9 % Encoder DFENJE % AN U THERET S Attention A¥ Bahdanau &
[3], Luong & [4] IZ&->TEHAZIN, EWIAROKE XM EL, FICEXDORMER
MECBELUTIERE<HwEL . BETIX, Vaswani & [5] IZ & - T Transformer
CIEENBH L \W=a— T IOVEEMEIERE T VA IRE X v/z. Transformer T,
Attention % —f%ft U 7z Self-attention X°, HLFE /D BB HEE DAL E G % {370
"% Positional Encoding &\ o> 72 #H A2 &, RNN % Convolutional Neural
Network (CNN) 2 HWFIZ XD @OWBIFREZERKL TWd. L2rLuds,
AR L UTEIERIFIC WL DD O HEEDVFIR I NI HEE LT UL E S, D WVIEARH
FRHGENHELTLULED, MOERINTLES LV BHARBZUZTRE S
EWHREDH B, ZD XD RBIRIE Over-translation, Under-translation & Ff
EFNTWB [6]. AT, =a—J)UEHEIERO BRI EEE BN TR
THEY, BT U XHEMTREREIPRIEINT VS EEF ARV, ZHi,
Over-translation ¥ Under-translation Z 5| & Z I KA L 20 5 5.

F 72, BEWEIEROFHMIZ X —/##12 BLEU[7] VWS TWE. LA LAENS,
BLEU (3 #3E n-gram BERICHE DO SKHEE L2 FMT 2 FETH D, HEORFHNR
BAEGEESHOHEGEL UTFMiiZ s 720, 72 ZIEULKBERTETCWVWTHAH
TRHBENPELNIIAYIELSTMELTLE S WREMELH D, XDOE®RZIEL <
ZRUZEHEIETE TR [8]. AT, D72 IC RO EfETd 5 SR
EREET S,

ERAERD D CHHZED TWBEHSAER R Y b7 —2 (Generative Adver-
sarial Network : GAN) [9] i, Generator & Discriminator ® 2 2D 3 v k7 —



795720, Discriminator (£ % 7 — X D IEfET — X TH % »* Generator D H N
TH50%HAT 5~/ T, Generator I& Discriminator 235588 TE R \WE 574
T—RELEET S LD ICTHNREE 2175 Z & T, Generator S IEMRIZENT —
RELEWTHIEZARRIZLTWS. BOTHAERL Y b7 — 2 I3ERSEE0LE, &
D DITEEEIR DO B THMEAIRASNTE D, 2o D% TlE Generator %
= a2 — J )VEEMENERE 7)1, Discriminator 2 AN S N7ZJH SFEX & HINZFE XD
S HNERBXMWSRERTH 20V AT L IXTH 20 FHIS 5 0 ¥EHa & U CHo
Iz FE %175 Z & T, Generator TH 5= 2 — FIIEEMEIERE 7V OREE DM E
ZR->TW5. 7z, HERO= 2 — JOVEEHRIER CIXREERAL CORBEZIT> T
W5EA, BONER R Yy bT =2 2 H\WS Z & TXXHEA DR % Fr /- 12 W Tl
bFT2ZeNTE, XEULTEVHEHARRDIDEZERTE L Z MR IEINS.

AR T, HES KOEHBERIC BT 20 ER R Y M7 — 27D =a—F )V
MEIERIC RIZ T B2 AR T 5 & L H12, HWSEEX D3 HER T 5 Discriminator
IZ#H U, Discriminator B8 FHIT 2 EfET — X & U X 2 BWENER O Fik & L
THWS Z L Z2RET L. HWERS Y b7 — 27 OFRETIRHERT — ZIEAFIT
L 2SR BDT, HEHEXELHNSEXORTEZRTIEMT -6 L0wensZ
CIIATICE AR TH L HHEMENREVE WS 2 TH Y, BRSO IZEEH T
EHLEAOND. £, REFIERTIIFHMRFICIFIHSFEL ERRXDORT o
lizf7> 2 S EMOBIEREBEL Lig\\Wz, BEFEI—SAREDBIHR
LN U S FHER D FEAM A~ D € FIfF T & 5.

BOFHIERR % v 7 — 2 D& & U Tl Conditional Sequence GAN (CSGAN)
[10] 2B L2 0%2EEL, ZPHIZBIT2HNBEBCIE 3 2O0FEEZHAV
7z. 1 DH®DFEIE Goodfellow 512 & > THRAICIREINZ GAN [9) TH D,
Discriminator iIZBWTCHWEFEXIZN UCIEMT — X THE2DNERT —XTH S
DD 2T I ANKEEITY, ZJUAZY oY —2HWTEHE TS, 2 OHOTHEIX
Least Squares GAN (LSGAN) [11] T® D, kD GAN &35 &M LB
ZHWTICHNSFEXDIEMRS LI 2 BEHEFHIL, FH L2 AW TEE 21T
5. 3 DHODFEIE Wasserstein GAN (WGAN) [12] TH Y, Discriminator 231E
fRT — & (EEHD iU TFRILZATa7 & ERT—& () oL TFHlL 7~
AAT7DEZACTERZITS. 4, BOTRAERLR Y b7 —27 DFHIFIEE IR



GETHY, EOFEIZBEWTH Generator DHEFIFEEH 2T o721 DH 1%
W T Discriminator Z Ha17E U, S&RICHTNAER Yy b7 —22kz2 78 LT
W5,

s 3 DODFIEIZDWT, Asian Scientific Paper Excerpt Corpus (ASPEC)
[13] Z T ZENZTNFEERZIT\, BLEU 2 H\WT= 2 — J VEEMEHER Ok &
ERLU, BORBERSY N7 =20 =2 — FI)VEEBIERIZ S X 2 8IZDOWTHE
RrbdRs., £7-, FH I N7z Discriminator IZJH 558X & Workshop on Asian
Translation (WAT) (28 2FEEOFRS AT LOENXEATITSHI LT, X
BN OFIEE 23T 5. ALz Aa7 & AFFMHA 7 OMBEEZ 7Y KR—)L
DA Z HWTRL, ZLRERND.

AMEDOEHFRIIL T DO EE D TH 5.

o MUK A Y N7 =T BHES LCEHBRO HEIZE 2 2 %N,
L 0GR BERATE A2 2R LT

o MU A v T — 2 2 BEMEHER O RHIIZ WS FIEE2RE L -,

o MUNHIAER 2 v b7 — 2 % AW T HERIER OFEAM %2 17\, #EEH B ARETER
(Statistical Machine Translation : SMT) @ FFiiZ & T A F3Eli & DAH
B Zm U7z,

o FHERZMAL/-EEEZNFLE. "

R DORERIILAT D LS 12> T WD, 8 1 ETIIANELEORSE, =HiR,
BEZIZ D WTHRR D, 5 2 BTIHALITMIE L & 12 = 2 — T OVBEMENER D S AR 72
FEEIZDOWTHRAR S, 2 3 BETIKBOSIAER S v b7 — 2 BT 2 BTz
THRRD. 54 BTITHRNER S Y b7 —2 2 072 BEMEER IR O W TR R
L. 5 ETIEESMAER SR Y b T — 2 & W BB R TR I D W TR R
5. FO6ETIE, 4, bETHRAREZFEZAVEZERER L ERIZIOVWTIERS.
BBIZ, HTBETAMEDELDIZDOVWTHRRS,

*https://github.com/yukio326/ GAN-NMT



F2E —a1—F)LEEEIER

Z 2T, AWFZEIZH Wz Encoder-Decoder & FEIXI 5 = 2 — T VB HE B ER €
TIZDWTHHT S, Ll —MICFEHINTWS Luong 5 [4] DFiEEH
WZEEL T 2. 2.1 1273 & 912 Encoder-Decoder (& Encoder £ Decoder
D2ODFy NI =257 5. Encoder (Z1&M /i Long Short-term Memory
(LSTM) %, Decoder (ZIFH A LSTM ZfHL TW\W5.

2.1 Encoder

AN ENHEFEXE, one-hot N7 PVRS] (X = [z, ,x1x)]) (CEHS N
5. ZIZT, | X|RBRESHEXDOXEEZRT. EATY 7 ilZB8WT, HEFEMDOH
FEDHDIAARI eF 13,

e; = tanh(Wyx;) (2.11)

CERHRENS. TIT, W e RO FEHATHTH Y, ¢ 1ZHDIAREDIRIGE,
vs IFR S FEMOFERY 1 X% KT, Encoder DFENE he 1,

hi = by + hy(®) (2.12)

vExh, LRBOoRERT. BAMOENE hO Ly hroEnE O 117
NEHLSTM %W,

RO = LSTM (R, (=1 by ) (2.13)
BLO
hi® = LSTM(h; ), ey ) (2.14)

YiE R, | REOESE AT, 22T, 1 EHOBNEDIEC VS b B
£ O by O (2 I B SA A e &N B



Encoder

2.1: Encoder-Decoder.

2.2 Decoder
¥, one-hot X7 hILRSF| (Y =

HEFEX ERRIZ, ANSInHWEEE
Y1, yy)]) KEHEINS., 22T, Y| RENSHEXOXRERT. £ATY
7 jIZBVT, Decoder ®FEHM k" 1%, LSTM %H\C,

A = LSTM(R{™", A ) (2.21)

LREND.
22T, 1HORNEORC G2 b 12id, 1 27 v THOKED LA

KB et LR EBNE hy_ FA L [eb_ ) hy_i] 205, &EO
BHIO2Ty FokEnE h O i
h® — h‘—XTm + RO (2.22)

DESAHBEE NG
I BAED A AKE e 1,
(2.23)

ELDEE
e} = tanh(Wyy;)
LEMEI NG, By, 1F, FERITITEMDOHEED one-hot N7 MLz MW,
Z2T, W, € RO %

filfikF 12 & P U 72 38 g; D one-hot N2 ML & W2
EATATHY, v BIHSFHEUOHEY 1 Xa KT, RMBM XBENE by 13,
h; = tanh(W,[h") : ¢;] + ba) (2.24)
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DEIIFHEING., 22T, W, € R¥?" [JEATHI, b, e R IINATATH
D, ridRENEORTTHEERT.
SRR 2 RV e i Encoder D&BRNE h; DEAMNEHTH Y,

| X|

C; = Z&ij’_li (225)
=1

rRkIhd, ERCBIEESR 1%, V7 b3y 7 ZEEEHNTR2AEOHAN 1
L35 XD ERMEINDMERSMATHY, LRI S ITHMZHWTEHEINS.

ex B-Th(-L)
Qij = |X|p( . JT )(L) . (2.26)
D k1 €X p(hkhj )
I HEE g; OSSR
p(9;|Y<;, X) = softmax(W,h; + by) (2.27)

LRING. ZIZT, W, e R IZEMATHI, b, e R ZNATATH 5.

ity

2.3 =%

ZERIZE T 5 HIBEBU

D Y|
ZZ logp(y,” Y7, X, 0) (2:31)

DESITEHET D, ZIT, QRBETNVIEIEETDNITA-RET L. —fRIN
IZHGEIHDIAAIZET 2 ET N /NT A — &I, FHETIZ Word2vec [14, 15] ¥ GloVe
[16] Z HWCTEEINZE02MEE LTHWS., ZOMDETINT A —XIE
P FNA I [ A=F (7

2.4 #ER

Za— I IVEMEIERET VT AT Y T ThHEZE—DOOH HHEENTFHIENS.
FOHENELWVWEWSHHEOL L TIROHENHEENTHIE NS 2D, —E#EH-Tz
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BENHNINTLERI L ZDORICHS HFEZIELSHNTHZ DL <o T
UES. KOBE@EZREFETHIZITD 2012, EEORERRHCIE B — LY —
FROT VP VTN ERENS 2 DOEMPHN NS,

2.4.1 E—LHY—F

V=LY —FTl, FATY TIZEVWTHROMEROE N 1 BEEZ 1 Tlde R
DEWn HOEMEZEHFLTEE, ROAT Y TTRENENOBAIZN U THEE
FHIOHBEZIT WD AT v T LRI n @B 2 ZNFhkd b, Gt n?
DIERD S BIERDEW n J7ZF 2B LIRO ATy TS, 2t kb, otz
XEERTE) AT ZRRTE 5.

2.4.2 TF7UHTUTIL

TUH Y TNVTRERDETVEHET 5. HHE g, ORI SHERIIAE
FLOF IR p™) OF %2 FNT,

M
A 1 m A
P(9;|¥<;, X) = 77 > p™(g,1Y;, X) (2.41)

m=1
ERIND., TIT, MIZFETNLVETHS., Zhizky, Eo-HBER2ERKT LY
AV HBRTE 5.



BH3E BORERRY NT—7

WO AR A v b7 —21F, Goodfellow & [9] 1T & o THRE X 72 44K
2y b= THDB. BN ERAY N7 —21%, /A XSl ELERT S
Generator & & 2 BB E DGR TH 2 DMK U 72 iR Td 5 2% il 4 5
Discriminator @ 2 2D % v b7 —2 M 572 %, Discriminator I&H#[4 % 1E U < G
H$ % —4 7T, Generator I Discriminator 2% T & 72\ & 5 i % £k T 5
O IZH B 4TS T 2T, Generator BAYNE WEBEEERT DL %
AR LT WA, — K2 Discriminator (& CNN Z W THEK S 11 5.

R DI B 2EOTER R Y T — 7 OWFEIZIERE ICEA TN TES
D, Z< OFEFEOBHIER Y b7 =272 LIBEINTWVWS. Mao & [11]
&, kD GAN O HBIEIZIZAEHEE Z 5 S Z T aTaEtE 2 555 L, Least
Squares GAN (LSGAN) %Z#%E L 7z. LSGAN TliZ, sigmoid B ®D & 5 2 &tk
LRIV T IC AT 2EETHIL, —FERAEZHWTCREZITS. Arjovsky
5 [12] I, Discriminator BIEf#T — X2 UCFHIT H A 37 & AEKT — KI5t
ULTFHIT A7 DAEEHRKET S Wasserstein GAN Z$2E L 7=.

BETI, HRASEWHE, &0 b TEWERO T THEAERSR Y bT —
I DFAPRASNT WS [17, 10, 18], EHEKTIX Generator 1/ 1 XH> 5 [H
BaRERL TV, BERRCIIRSEX»r S BNEELZEKT S, $20b5
Za—INVEHIERZDE DL > T\WA. F7-, Discriminator i% Generator *
AR UZEWNSEXLSZI TR E UTELWHAOHE A TE R W), xf
T BEEHELE ADbETAALT WA, Yang 5 [10] 1 ONN 7213 72 < RNN
% Ji\w7z Discriminator (22 WTHREL, HONKERSR Y b7 -2 %252 LT
= a— I VKRR OMENH ET 52 L 2R UT-.

£/, REROBERAER S Y M7 —2 TiFoTWiz, Generator BWERLT 57 —
R ZDH O % EHE Discriminator 25819 5 & WS {IHlATIERL, 2y b7 —7
WD NZ MVERELZE % Discriminator Tl U CZNZ i3 & 5 [CHOSTH 258 %
1952 TRDHEERERIZEL BT &S AL REINTWS [19, 20].



FA4FT BOUHERRY hO—2 &AW -2 —5 )L
WENER

ZITR, REFERLEUTHOWEBNMERAY P =2 2HWz=a—J )b
BEWBHERE TV OREIZ DWW TIRR S, FK 41X Yang & [10] I2851F 5 RNN £
TNhNERRBULEEEZIT o7, AIETHRRZZ K502, BNKERR Y b7 =21
Generator & Discriminator @ 2 DD %y N7 —2 05585, X 4.1 (ZHOS YA K
3w N7 =72 WzZ 2 — 7 VESEIERE T L OME %2 R .

4.1 Generator

Generator ¥, AN I N/ZJFHEEEXH S Discriminator XY AT LADH S IXTH
5 MM TERVE D BREMT — X (BIGER) ITEWXDEREX 5. AKWZETIE,
QEBETIHRARE=Z 2 —FINVEWMEIRET IV EZ ZD F ¥ Generator & L THWS.

4.2 Discriminator

Discriminator (%, B 4.2 2R UL7Z& 512, ANINERESEXL HWSFED
5, TOHMEEXDEMRO LT 2 FHITS. T4bb, HHNSGEXE LTSGR
MANEINGEIXE VAT T %, Generator D HJIXXHB AT NG E 1B A
a7 % FHIT 5 Z & A Discriminator D HWTH 5.

ANINFHEFEXDORHEEL, X (2.00) 12> TENTNHGEE DA ALK
e NEEMING. FEATY T i ZBWVWT, SO EEDIAALE ef 12X
e BERNE fP I,

%
fr=FO W, (4.21)

rEEN, WAAOEAE F1O L hmoEnE £O X, Zheh LSTM % A
W\WT,

O = LSTM(F0Y, £ 0) (4.22)



BER \\\

REEX T —
Generator /
(NMT)

4.1: BOHER A Yy b T =2 2 W= 2 — JOVEEMEERE T V.

Discriminator

Bb&U
— Rves A
fz’s(l) _ LSTM(ff‘(l_l), fis+1(l)) (4.23)

LAiENG. 22T, 1IBHORAEOIECAVE FFO BE0 O i
FHDARKE € %AV 5. B NEBNENSEEELOXARY ML 5 %,

fszaverage<[f1syf§a"‘ 7fs)(|:|)' (4.24)

DEHITRD .

[FRRIZ, ANINZHWSEXOREGEL, R (2.23) ITfE> TENTNHFED
AARE e NEEMEING. FAT YT jITBEWT, HWSFHMOBFEEDIAA
KBl el IS BERNE fi 1,

— —
fi=5" 40, (4.25)

— . — .
rRIN, EAMORIE FO e¥hmoBRnE 101, £hTh LSTM & H
W,

— =2 Tt

f;(l) — LSTM(f}(l_l), f;_l(l)) (4.26)
LU

— < S

f]‘g(l) _ LSTM(‘f;(lil), fjt_+1(l)). (4.27)

o . — o .
LEMEEING. ZIT, 1 EHORNEDFHEICHCWS 7O X0 F1O iz
FEHODAARE ef VD, FoNEENERS BNSHEXDOXANY ML ft %,

ft = average([ff, fa, - ,flty|]>. (4.28)

10



p(X,Y)

4.2: Discriminator D .

DEHITKDB.
REIZ, ROZFESEXB LOHWEEXDXRZ MVORWNFEEZHWT, ALX
NIZREEFEIINTL2HWEEXDIEMHES LE %,

p(X,Y) = sigmoid(fs - ft). (4.29)

DEIIZTFHITS.

43 ¥B

WOt AR+ v b 7 —2 TlX, Generator I& Discriminator ZBi3 & 512, Dis-
criminator 1% Generator D)X XHITE 5 LS TN RFEE 270 R1T 5
X o7w. ULdi-T, FERITE 5 HEEEIL Generator & Discriminator
THEL L. KEFETIX, —&7% GAN, Least Squares GAN (LSGAN), Wasser-
stein GAN (WGAN) D 3 DDOFEEZSHE I 3MBEOHMNBERZzEE L. 4,
FWRAZY =1, , 9y, 0 % Generator LB IFBRTD/NTA—XK, v %
Discriminator (ZBJ 22 TDNT A =R LT 5.

11



4.3.1 GAN

Goodfellow 5 [9] (2 & o> TERMIZRES N/ —BLERKER Y v 7 —2
DOHMBEEIZ OV TR S, Rl n 2z b —2HWTEH, 2EK
® Generator ® HHEE L5(0,~) B £ U Discriminator @ HEEE Lp(v) &%
nzrn,

Y|
L0, Z{Zlogp Nyl x@, 9>+1ogp<X<d>,Y<d>|v>}
d=1 \j=1
(4.31)
1 D
Lo(v) =45 Z{logp(X(d),Y(d)l’v) +log{1 —p(X<d>,Y<d>|v)}} (4.32)
d=1
WZEERT B,

4.3.2 Least Squares GAN

Mao & [L1] 1&, kD GAN O HBHIZIZAEHL 25 SR Z etz
fiL, LSGAN 2% U7-. LSGAN Tif, X 4.29 1281} % sigmoid BAE D & 5 7%
EMALBIBUI AW IZ 2 a7 2 EHPHT 5. BolfLICIZ=R/FE2ZHVWTSY,
FHRD Generator O HMNEAE L5(0,~) B & U Discriminator O HWEE L ()
XENEN,

D (Y]
1 A
Ls(8, Z{Zlogp Ny, x@ g) - 2(1— (X(d),Y(d)|’Y))2}

- (4.33)
Lo = 5 L~ 5 (1= HX DY) = Zp(x D T2 a31)
d=1
T B

12



4.3.3 Wasserstein GAN

Arjovsky 5 [12] I, Discriminator 2AIEf#7T — 22 U TFHT AT &4E
T — R UTFMT 22T DAEEZRERET S WGAN 22K LU 72, FEEOD
Generator ® HWBIE L5(0,~) 8 & U Discriminator ® HHEE Lp(y) 21
zh,

D (Y]
1 ~
La(0,7) = 5 Z{Zlogp(yﬁ)wé?,X<d>,0> +p<X<d>,Y<d>|v>} (4.35)

d=1 \j=1

D
1 A
Lo(v) =4 Z{p<X<d>, YW y) — p(X@, v m} (4.36)
d=1

DEHIZEET 5.
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FBHE BOIRENRRY b7 —20 %2 BV EIERET
FE

BWOS AR Ry b7 — 27 &% W5 — 7R BRI, Generator (% Discriminator
MYATLDHENXTHZ LW TERVWE D RIEMT — RITEWXEERT 5 &
512, Discriminator IZ AN SN HEFFEXE HNZFEXN» 5 ZDHKWFFEXDIE
fg o U X% FHIL, Generator DI X2 KA TE 5 XD ITHNNZRFEEH 2175 Z
& T, Generator DHEAIXDEBER[M L5 2i12H5B. Aif% T, Generator
Tlx7%: < Discriminator (273 H U, %# X 17z Discriminator % A\ TEEMENER D
T AT S 2 RIRET 5.

RETFIETIE, 1ZUOHIT Generator (NMT) OFHHiFEHE 24T\, BFoNzET I
D 73 % F\W T Discriminator O HEIFEE %2175, FOHK, MOSHAER Ry b7 —
ek EFE L, Kb I1ITRT LD1T, FHEI N7z Discriminator IZJR S FE L &
AT LDHNXE AT BT, MFMEZHMd 5. HMiERLY b7 —2
128 W T, Discriminator I& Generator O H 1 XX ENIE EEMT — XL \WD %
HirLCTH b, MREEZIHMEicE s Z VI N5,

7z, REFECTEFMMIZASFEXL VAT LOHNIXEHAWTE D EfEDOSIE
REBFEE LaWzed, BEGE—/327% KOOSR 72 WU HT 2 BHER O il
NOFHBHIFFTE 5.

[REE 7

Discriminator

YATLA —

5.1: WOSHER R v b7 — 2 % F\ 72 BEWERHER 0 3T .

14



B6E X

AL T, HEBS IOEHBFRIZE T A2HGMERRY N =B =a2—-F )L
BERENERIZ RIZ T B 2 HE T 572D DORIERFERR Y, HoSAER S Y N7 —27 %25
WENER DI FiE L U TRV 2 MM SEERD 2 IO ERZ21TS.

6.1 ENER=EER
6.1.1 —%

FERIZMHH U723 —,8 20, Asian Scientific Paper Excerpt Corpus (ASPEC)
[13] DHHEI—NATH 2. FHHT—XITBEL T, # 300 AXDS>HXT
TA AV N DOEHEHE EAL 100 XX E AW, HAG 0)% L ENT T REF R A
MeCab* (/N— 3 > 0.996, IPADIC) %\, JEEED HEE 2 HI1Z 1% Moses™ D
tokenizer.perl Z i\ 7z, HEES X CHKWEFED Qﬁﬁ?‘—ﬁ "o 1XH7H 60

EEMMZAXNEYIRLIZEZA, T—NADOXEIFER6T DES T -7~

6.1.2 BRETIL

ARERTIE, R—=AF4 0 ThHhd W= a—FVEMBRET VLTH D
Encoder-Decoder & BRI Y N7 —27 2 W7 BMEIRRE T V2 HWTE
Baiior. B, 2y b7 —21%, FHEFEMGEEY 1 X 100,000, HWEEHGEE
#Y1 X 30,000, HEDIAAERTE 512, Encoder DJE%L 3, Decoder D JEAK 3,
BENERTE 512, Ny FH A X128, ¥ —LA0E 20 OFE TEBREZIT- 72, Bl
{EFHEIZ DOV TIE AdaGrad (#HHZERR £ 0.01) TEE L2, SGD 2HWT
Fa—=VT%iTo7.

*https://github.com/taku910/mecab
Thttp://www.statmt. org/moses/
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FEM 974,198
FREEH 1,790
Al 1,812

7 6.1: ASPEC H&Ea — /N 2D

Model BLEU  RIBES AMFM
NR—=ZAZ74 Y | 2494 0.757955 0.596590
GAN NMT 25.17  0.757413  0.595850
7 6.2: HIERHERRE R,
Model BLEU RIBES AMFM
N—=AZ74 v | 3517 0.827386 0.749190
GAN NMT 35.09  0.827650  0.750350
7 6.3: JeHBHERR R
S Blood collection is indispensable for glucose level measure-

ment for the diabetes mellitus diagnosis at present.

R=2F5 4 v | FERIEZ WD 7 DI IMAEEHE 2 IR MR RTH 5,

GAN NMT | BIAERERIEZ W D 72 & O MUBEEHIE 12 I3 ER M BHTH 2,

Z IR WEPRIE 2 W D 72 & D MUBEMEHIE X, BIAfE, BRIMAATRTH 5,

% 6.4: SHEHERD I

6.1.3 #ER

# 6.2, 6.31Z, BLEU [7], RIBES [21], AMFM [22] ® 3 D OFHHfifEE % H W
T, HEMEREEABRETNENOMFRE 2R Y. BERKEL L TR, X—27

& GAN NMT TZZ £ TEVRD - 7.

F 6.4 WZEHABROE I Z2RT. R—=AF 1 > TlX, “for the diabetes mellitus
diagnosis at present” 2% “BERIEZ W D7z DI1Z1X” &7l

16

RENTVWDED, ZoHID &



ZAM et
GAN NMT > "= 71~ 16 23
GAN NMT = "= Z 1 » 72 72
GAN NMT < R"R=AZ 1 » 12 )
total 100 100

#£6.5: R—=ZAF 4 & GAN NMT D7 7 1 X5

DTN 2 ERIT DG E AL “WERFEZW D0 D” LRI NENETH 5.
¥ 72, “at present” BEIRRI N TITHELELTLEH->TWVWD. — /AT, GAN NMT
WIEULKBIERTETWABZ R bhb.

WOTEIEE R R Yy b7 — 7 DR B IZ 5 R B8 2 AR B T-DIZ, X7 7 A X5
fiiz 47> 7=. BHEROAFFAMITIE, —MEANIZ 224 & RGO B D & FHii2Y T
N57-0, ZO2 008NN OFHMEi 2T o7z, £ 6.5 12, X7 7 A XFEfikE R %2R
3. AEF100 41D 55 GAN NMT DiE5 BENTWS, AFEOETHS, R—2A
TAVDIEIPENTVWED 3 D205EENETNOHEHEZRT. ZLMHEICBL
TlE, WHFIZKREREFRP o720, RIGMICEL T GAN NMT 2hTWnwb
Zehbhotz. ZDXIIT, AR S v b7 — 21X Discriminator % F\\ T
NMT OH 2 EfES ULWABORFRIZED TS5 Z LT, KOIRIGERPTE S
Zehbhrorz.

6.2 FHMHEER
6.2.1 5T—%

FERIZHEH U7z 2 — N ZERERER & Rk ASPEC OHEI—NZATHY, £
6.1 DFEHMAA—RAZ2HNTHEEEIT- 7.

FIER O FAM 2 1%, WAT 2015 [23] 3 & WAT 2017 [24] O H FEHMEIR O A F
P T — 2y hEHWZ., 20T —XiEZENEh, ASPEC OFEH T — & i
S X N7z 200 MIDOKERCE, TNENICHT S 3 VAT LN -2 A5
DAFFHA T (1~5) 6745, AFFHGAITIE, 2 A0 OFHiA T D

17



ERZ(ERES WAT 2015 WAT 2017
Sentence BLEU 0.234 0.305
CSGAN 0.195 0.105
LSGAN - 0.112
WGAN - 0.087

#6.6: 7> R —)LDJIEAFHEA R LK

Yafaz ERAE L TRV,

6.2.2 FHEFE

ARFEFBRTIE, 200 X x3 Y AT LDEFF 600 XX LT, R—ZAF 1 > (Sentence
BLEU [25]) & & OH% T (GAN, LSCAN, WGAN) % T L ~L < 2
1otz B, 2w MNU—2%, FREGEMGESEY 1 X 30,000, HIEEMIFERY
1 X 30,000, HHIAARBEIRITE 512, Generator DEH 2, Discriminator ® &5
2, Generator DFENEX T 512, Discriminator DFENVERTE 512, /Ny FH
A X128, m#fbFiE AdaGrad (FMIHAFEEE : 0.01) OKETEREIT-> 7.

6.2.3 fER

ERTHEOSNZZAATIZONWT, AFiHiliE OHEZH>7-. HEZRTZaT
EUT, 7V R—)VOIENAHRERE ZHH L 72, HRIZEX66DMYTHD. £z,
AFiHiiA 27 & GAN FEi A 27 OWAR %2 X 6.1 12737, FEEROMEER, WAT
2015 DT — Xty T, BOSHER SR Y b7 — 2 % W 725l 13 2 H8ER & W
TWVWARWVWE DD, Sentence BLEU & IXIXFEFEE D NTFEM & OMEEZR L. —
T, WAT 2017 O F =&ty b Tk, I ZIFEMHETHEZ Db o7z, WAT
2015 1281 B Y AT L1 SMT TH - 725 WAT 2017 TlE NMT B EHE 2> T
B, FMIRTDH BEWEIRE T VORBEIZ X > TIHMEiTE 25482 %5 TRV
LBENH B I e b.
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02} . i '
'
P l
0.0} [ LI |
—0.2 I L L L L L
Z02 0.0 0.2 0.4 0.6 0.8 1.0 1.2
AFHEHR T

X 6.1: ANFFMA a7 & GAN FEliR2 3 7 DAL,

6~13 14~17 18~20 21~24 25~29 30~58

BB O X &

6.2: MEREAT S D SR & S RRilfiER A D MHE.

K 6.712 WAT 2015 O T — Xty MIBIT2EROFMA 2 7 Hl%xR7. B
BHzBWT, 2IGRIIZEFEEO XL R >TWEY, Y AT LA SCIBEHREIZ /-
TW5. ¥72, FEFEXD “BEfT L 7z7 1ITG T 2 85228/ T “applied”, ¥
AT LIS T “underwent” 7> THE Y KEHHR7 5728, Sentence BLEU
A7 TIRHMES Tl E N T WS A, GAN Bl 2 27 TIE AT & FEIZIZIEIE
fig e T CE TV,

UL U B WTIE, BEREVATLAHIICBWTEKRDEES I
CTHhb, AFFHMIiATT$H Sentence BLEU A7 HEWEHIATETWAIZDH
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Bzl

JR S 5 i SER &6 /A7 RIE & fifT LU 72,
SR The conservative treatment was applied to both cases .

VAT LI | Both cases underwent conservative treatment .
ANFFAM : 1.000, Sentence BLEU : 0.232, GAN Zfi : 0.999

R

JHE 75X KR 2y bT—2 FTO 2y bT—2 HH VAT A
X9 5 2k &2 fml , NEC 12X D f#4t & nd &> »
D R K 2 L
2GR Demands for the network management systems under the

next generation networks are discussed , and some
solutions offered by NEC are introduced .

VAT LI | The demand for the network management system
under the next generation network is discussed, and
some solutions offered by NEC are introduced .

ANF#fi : 1.000, Sentence BLEU : 0.644, GAN #ffi : 0.087
£ 6.7: M A 3 7.

Do 5T, GAN FHli 2 27 TIEIEFIEVWTMMiZ LTLE>TW5S. ZOHlD
ENIZH, FHZEXREIIBE W TH#E S 23l 2 LT WAL EZ T 5.
X 6.2 (2 EEM S D SR PRI E OB 2R T, XEO®HMIZ T N E N
100 X275 £ IZED TS, MH 5 BRSO XEIE I C 3 2 34 5 E
MAD5Zehbhrd, FHKNE LTI, XXT7 MVOEBIZEWTEEBECHNIGT
ZRNEOEHEH VT WS 2, XENPEWVWEEITIEIRY MVEIER L - Bk
THHBPL I RELTLED aﬁ%i%ﬂ% KRz, WBEEIXSIRZ ML EREKT
5 ETCHEBENGWVWEZZON, HXD XD ITHRFEIERD 55E5121%, XXNT K
W ER U 72 BB CIREIZ S < DFE|MAIRE L TU £ - TV 5 HREMED EW & HER
xh5.
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BTE BbWIC

AL TIE, HERERIZE T DHMAER XY b7 — 20 = 2 — F IVEEMENERIZ
BIFTe8 2 fET 2L 2612, HNSEFEX D JH# TH % Discriminator 127 H
U, Discriminator 2 ¥l 3 2 EfE T — X & U X 2 MEIERO A FE L U THW
52 RBEUL. WEREROER, HES KCEEHFERIZBEWT, #os Ak
2y NI =2 &HANDZ T, —a— 7 VEMIEROFRGE 2Mm EXE5 2 & 2 H
RU7z. &7z, FHMMEBROREER, B ERL Y b7 —2 2 W5 Z & THEHIE
MREHER D REAM CIEZ AN FFAMM & OMBEZ AR TE 2B DD, =2 — J )VEMEIER O FF
il EFINTWARWZ EADh o7z, 58I, =2 — FIOVEEHEHER O R IZ £ 5@ U
T FEZE G L 720,
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