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Multiple resource adaptation for low resource neural machine translation
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In Japan, because of the rapid increase of foreign tourists and the host of

the 2020 Tokyo Olympic Games, translation needs are rapidly growing, making machine translation (MT)

indispensable. In MT, the translation knowledge is acquired from parallel corpora (sentence-aligned
bilingual texts). However, as parallel corpora between Japanese and most languages (e.g-,
Japanese-Indonesian) and domains (e.g., medical domain) are very scarce (only tens of thousands of
parallel sentences or fewer), the translation quality is not satisfied. Improving MT quality in this

low-resource scenario is a challenging unsolved problem. Our core idea is adapting knowledge from
multiple resources, including parallel corpora of resource rich-languages (such as French-English)
and domains (such as the parliamentary domain), and large-scale monolingual web corpora to improve
low-resource NMT. Experiments show that we significantly improved low-resource MT with
multi-resource adaptation.



B X C—19, F—19—1, Z—19, CK—19 (@)

1. HWFFEBRMt 4P O &

ER b tETed, FEROFBEII I EIERBE TAHIZE T - TEBY, T XTOTFRX & A
FCTHIERT A Z LIIRARETH B, BEIER (MT) 1ZEERD a2 R R ZHIE L ThREZED A7
DS 7Y —n b LT, EEMbARET 2 OICHEERKREZ RZ LW D, BATIE, SMEAS
Seg iy (2018 4E1% 3000 5 ALLE) R0 2020 AEH A Y By 7B Y07, MTIIARAT
RTHD,

BB S = 2 — T UHEIER (N\MT) OFREICEID  MT OFEiII k< mELTE~
<BIASTERO >, T 1 KB KGR T — XA CCHEALONA YV HLTFHAN) BAFETED
LA B OB 2 220k L7203, KR 2 — "2 &6 BTSN E 0N E D
NTVWD<BIAXXR@>, Lo, FrESER00 B ORI 2 — S AR KEITIFE LW IGHE A
Boxdod, BlziE, 2020 FEHRFAV v 7 Tk, BAENSLHRMET V7 SiE~DERS AR
— YV TON P —EARNIEFICEEL L BN DN, TN5DOEESFCOEICBWTRIFR =
—XRFIDENEEAEFE LRV, 2D XD RIKERDOGE WIS E 2 BT 50T
PRERA DR fRR 72T H B,

2. MHEDOHEK
ABFETIE, =2 Mg 5 xmiga HAR A  Fx 38
YEa—HZbEY 5757 (2. 5M) =53 97 (20k)
2 IR ETHRD) | g nisE REE-HEE
EULW T D5y (R )
BB ICA H L

H izt LT ESuy,
O

~F U Y — R L

IR NMT D 7= 8 RSN~y
D 5y BF 3 s T 15 7 RIS B RAAR

%%%—g—éo ﬁ%]?’ %3‘—“/1/
WIS EREE
S A
L 7= Hik & K& w1 - FRZE

TR e 03 B 1o i X1 :AFEEHR

THLENVWI)FETH DM B TEEL T OGRS E R SO0 HH 5, #2013,
WEE-T T L AFEDOHE B ORI 2 — S 2% 2. 5M SCRHEET B, F 2 T, S E00B O &R
BE 2t 2 — N2 T LA 2 KB T IS T 5, 70, 7= 7 ORI,
KIS EE T — A BESTHIE) BELDOSFETATTEDL Lo TnD, AIFET
IEHEFEI— X HRER WT (ICEH T 2, BRI S Ea T O R 2 — XA L OHE
FEa—RALEWo T LT U =R EHENCHEA L, F5E S EC0 T OFRME O E A
Hi59, X 1ICARHED BZ RS,

H77: Silahkan mengambil lengan Anda.

3. WHIEDITIE
(1) SRR OXER =1 — S AU & D)
fill 5 5500 ——
B 0> B I 8 — —
72t ER a— % NMTIk R

=ZhH_

&R+ || B

=5 BEEE 2 It
-9z, X2 D e

(CEPFEED) OverfittingZBh< ﬁwﬁ

—

mixed fine— - ?{//
; ¥ NMT 38k )
tuning @ F1E (Ba

%f*%%—g—é o '/f}\:é 2 \éﬁn_

KGR 2 7155

ko Bl F S 5 (AEEIED) (IR = — <%
F#TH o || EER A LT

fine—tuning I%

2%{},?%?.%’ 78 2 : Mixed fine—tuning

PR — /X A )

O T ETFT AEZNRT HETHFL T 0, AKERRXIR T —/ 2T T ET/VD/NT A H %

fine—tuning 92 Z L IZ X o THFEIS A KBLT 5, Lo L, KB 2 — "R X7 — ¥ &

M7= fine—tuning 23 overfit LT WMAMMNH 5, FNEKET H72DICFH L 1ZXK 2 D

mixed fine—tuning FVEAFELRT D,

® LA EAKIRNT— AT EFLEZIET S FE TITIET S,

o FREELIKEFRRKRa— S AERAE LI — XA THIOAT v 7Tl L= \T €5
V% fine-tuning 35, T — 4 ZRET DI SFELICCEFO X V25352 LIk
STNTOTFT a—ZRNENETNOEFREOL AR LT Lricar bhae—d 5, iz,
KER/ R a— Rt —R_—H TV 7L TNENOEFRIZH L TELL AT 2
EEIND,

(2) HEFEa— R LTV V— RS




NMT HIKNEE R = 25—
EFAEEETE | RS i jiepralatiy ATk
B, HEERE Ly
DHEFET—/X R X3 : HEihEa— 2 ORI X 55 A

% RS FE I WORIER

Ll — R A2 BT T ENEZ HWT N 23T A 2 ENAEETH S (B ASHE®).,
SIWCHEFEa— S ADOWEERIC X 2 Fikznd, #EEl o — S 2ERITEREIR N\T ([2H %)
THDHIEITREINTWDED, HFIER S AT LA OMERE & O BRSO E a2 — )2 H & O E
IIFZE STy, AAFZE Tl mixed fine—tuning (2 K A48y o — XA HB DS AT A
T a2 — R A ZER L, HEEa— AL DWHAEITHY, ST, TER LT a— 2
FAWT mixed fine-tuning #4179 w1V F VU YV —AWISFELRET D,

4. WFIERE
BB B OXIR T — "R L D#I0E (FRFBRO, @), BHEEa— R LT Y V—
AW HEEERST@) TERELE, X 5IC W IZBT 5208556 Iz OWTOH —_ A 3H %
(FERFKO) THE L, HARBERFRFES THOBFMEIG ORI OW T ORFREEE Lz (%
S2RFEO®), LT, MEESCHTFOXRa—/ AL D0)G, BEfEI— AL LTF U Y —2R
WISDFNENDONRIZHOWNWTEREE L CHBT 5,
(1) MEFECH B ORI 2 — S22 L D

# 1 SRR B OXIER 2 — /N2 L DG DFEERT — X

ALT B3 (Wikinews 2)EF) 18k 1, 000 1,018
KFTT H#%% (Wikipedia FUERS)EF) 440k 1, 166 1, 160
IWSLT H¥ (kiahs %) 223k 871 1, 549
IWSLT H3g  GofifiZrEr) 209k 887 1,570

LS FECD B ORFR A — RN K DS DO AINEZIRGET D720, FIRFEREZITo72, R 1

WCEBRTHWET —Z %577, 728, ALT H3EE in-domain # 2 7 T, Ff#T— Z 1% 18k 3Txf L

NI KB ETH D, MEBECHHORFRaT—/SA L LTKFTT H¥#  (Wikipedia 55>

Bp) . IWSLT H 5% Cefhsrir) L OV IWSLT W GefRioriy) #8935, £ 24 440k, 223k, 209k

SO DFET — 2 38 5,

# 2 hEFECH BT ORI 2 — S A K DI ERE R (ROEEOE WL O EFEENRN
HD (p < 0.05) ZKFTTHET)

R—ZF 4 > : ALT H 2 NMT 8. 47
KFTT H 553 21.74
IWSLT H 55 19.76
IWSLT H o3 19. 10
KFTT H Z5+IWSLT H 25 24. 29
IWSLT H Z&+IWSLT Hr i 19. 35
KFTT H Z5+IWSLT H #+IWSLT oy A 24. 04

7% 2 [T FFEO IS ER OB Ao, AR L LT, BREERa— R EZN
PR LI E &L 25 2 #HlAa b CRIARORE 27~ LT\ 5, il BLEU 2 =
7 <BIHE@ > % H\ 7o, BLEU AaTIIBHBRED—BES W ERITIHMERETHD . &m
FNEW, KFUIIROBBWI AT AEZNG EHFHIEEENRW VAT LA ERT, 2180
7280 Wit HZ LIk o T in-domain Z A7 O ALT H#D BLEU A a7 N 8 iRA > b 24
RA Y FETRIEIZ B2 577, BLEU 227 8 ARA ¥ FMIATF 5 BT D 1 < HNWT, 24
RA Y ME 5 BEESHET D 3 < HWTH D, Lo T, MEFECHE I X 0 FHFRESE H KIg I
M EL7ZZ ENgn5,

(2) HESfEa— R L=< /LF VU V— A

# 3 M EREC B ORI 2 — N L DS D FEERT —

WIKI ' H (Wikipedia 4>%%) 136k 198 198
ASPEC H'H  (BFH0fr 7 B) 672k 2, 090 2,107
HAEEWIKT (Wikipedia 47 %) 3M N/A N/A

HEFEa— "R L LT V= RWIEDOEINEERIET 572012, BIRRERZIT-72, #3112
FERCHW =T —% 2+, 728, WIKI FH X in—domain # A 7 T, g7 —# 1% 136k 306 L
NI KB ETH D, M OXIER2—/ XA & LT ASPEC 1 H (BHEHEF /08 248 L
7o ASPEC W HIZIX 672k SUHOFIFRT — X NE b, HEFEa— S AL HAGE Wikipedia 7>
S L7- 3M SCAFIH L=,

FANWCHEFEI— /"R L=V TF VUV — R5 S R 27~ 9, ASPEC H H i fl 13 mixed fine-
tuning Z i > 72t B RIER = — S R OFE R T, HAGEE WIKT 8 FIL B 558 2 — S A O i
BT, ASPEC HH+AARFEWIKI EHIZ~ALF VU Y —AD#IGHER TH D, K4 I\R L@, B



SR o — R0 I B AR = — X A g S VEE LR R A R L B T Y —
A O S NENENE R L O HENENLTWD Z ERShD,
T4 HEFEa—RRAL2LT Y Y —REIGERERE (ROMEEOENVLO EFEENR2ND

® (p < 0.05) %KTFTHET)

N— 2 F A WIKI H7 § NMT 17. 43
ASPEC A H 1 37.57
H AFE WIKI 16 37. 30
ASPEC H1 H +H AGE WIKT 1 H 41. 37

<G| I3k >

@

@

5.

Dzmitry Bahdanau, Kyunghyun Cho and Yoshua Bengio. Neural machine translation by
jointly learning to align and translate. In Proceedings of the 3rd International
Conference on Learning Representations, (2015).

Philipp Koehn and Rebecca Knowles. Six Challenges for Neural Machine Translation.
In Proceedings of the First Workshop on Neural Machine Translation, pp. 28-39,
(2017).

Rico Sennrich, Barry Haddow and Alexandra Birch. Improving Neural Machine
Translation Models with Monolingual Data. In Proceedings of the 54th Annual
Meeting of the Association for Computational Linguistics, pp. 86-96, (2016)
Kishore Papineni, Salim Roukos, Todd Ward and Wei-Jing Zhu. Bleu: a Method for
Automatic Evaluation of Machine Translation. In Proceedings of 40th Annual Meeting
of the Association for Computational Linguistics, pp. 311-318, (2002)

ER BRI

(RG] Gt 2 )

)
@

EL#fifr, Chenhui Chu, FEHEFEFC. HEEHEOREMRENER D72 @ Recursive Neural Network (Z
L DHEANE O R & ofr. HIRSEELEE, &HiA, vol. 26(1), pp. 1565-178, (2019.3).
Chenhui Chu, Raj Dabre and Sadao Kurohashi. A Comprehensive Empirical Comparison
of Domain Adaptation Methods for Neural Machine Translation. [H¥RULFRF2F4CEE,
#&Fef, vol. 26(1), pp. 1-10, (2018.6).

(Fa¥ER) Gt 11 1)

)
@

®

FLHiAf;, Chenhui Chu, FEMEHIAL. == — 7 WEBEBEIRRIC 35T 5 AL O 2 OFES AT
SRS 05 25 [BISFIRRE, pp. 14551458, (2019. 3).

Chenhui Chu, #RJE iz, Wl &KX, RER —, 2 B, KA #ir. ZEBERO
Lol & AT O T D DL SEEREERER. 5 119 BIASCR & 2 v Vo — YIRS R RS,
(2019. 2).

Yuki Kawara, Yuto Takebayashi, Chenhui Chu and Yuki Arase. Osaka University MT
Systems for WAT 2018: Rewarding, Preordering, and Domain Adaptation. In Proceedings
of the 5th Workshop on Asian Translation, (2018.12).

Yuto Takebayashi, Chenhui Chu, Yuki Arase and Masaaki Nagata. Word Rewarding for
Adequate Neural Machine Translation. In Proceedings of the 15th International
Workshop on Spoken Language Translation, pp. 14-22, (2018.10).

Chenhui Chu. == —Z /UHEIRRIC 1T 2 40 B Ie D i Sevms. B ATERREIER 25 19 [BI4FE
R, HFFHER, (2018.9)

Chenhui Chu and Rui Wang. A Survey of Domain Adaptation for Neural Machine
Translation. In Proceedings of the 27th International Conference on Computational
Linguistics, pp. 1304-1319, (2018.8).

Yuki Kawara, Chenhui Chu and Yuki Arase. Recursive Neural Network Based Preordering
for English—to—Japanese Machine Translation. In Proceedings of the ACL 2018 Student
Research Workshop, pp. 21-27, (2018.7)

YAk 463F, Chenhui Chu, il Hfd, KA BB, ==—J UEEIERIZ 31T 2 BT
DOBEBENECOWT. 2018 - N THIGEFR2E KRS, (2018.6).

H#7s, Chenhui Chu, FRHEAAC. Recursive Neural Network % FiVN7-ERINTEOVE 2 I &
o9 H BB, SRS 5 24 [RIMERORS:, pp. 33-36, [l (2018.3).

Chenhui Chu and Raj Dabre. Multilingual and Multi-Domain Adaptation for Neural
Machine Translation. In Proceedings of the 24th Annual Meeting of the Association
for Natural Language Processing (NLP 2018), pp.909-912, Okayama, Japan, (2018.3).
Chenhui Chu, Raj Dabre and Sadao Kurohashi. An Empirical Comparison of Domain
Adaptation Methods for Neural Machine Translation. In Proceedings of the 55th



Annual Meeting of the Association for Computational Linguistics (ACL 2017 short),
Vancouver, Canada, (2017.7)

(ME) GF 1 )

@O Using Comparable Corpora for Under—-Resourced Areas of Machine Translation. Inguna
Skadina, Robert Gaizauskas, Bogdan Babych, Nikola Ljubegié¢, Dan Tufis, Andrejs
Vasiljevs (edited) (fH:43HH#NZE #iPH: Chenhui Chu, Toshiaki Nakazawa and Sadao
Kurohashi, Chapter 7.3: Chinese—Japanese Parallel Sentence Extraction from Quasi-
Comparable and Comparable Corpora, pp. 255-290), Springer, (2018.11).

(PEZEPENE)
Omkie Gt )

P2V
FEIHE
MERIAE -
TR
g
HREAE -
ENA DR

OomEkee Gt )

LFE
HIAFE
HERIF
TR

E5
HUSAE -
EINFL DR

(Z D)

R bR— A
https://researchmap. jp/chu/

ArJE T FERE R4
RYSENE
[ Za

ZeEFE S (8BH1) :

(mﬁ YA
72t 1B K4 Raj Dabre
t1~<<7ﬁif%4% : Raj Dabre

Xﬂﬁ% X pWrZEIL, WF2E %@ﬁﬁ&fﬁ ICBWTERT D DT, D=8, e D £
TRFEDNFEIZHOW T, FHOEFHEICES S L O TiHAR < . T O RICEE 425 77
%D??Ei WA R NIIR R S E T,



