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1 (ELU®IC

= a—F )UBEHENER (NMT) 1%, €TV DR & &
B RALNIBVWTKREL ZOMREMIME T T 5 [1,2].
BUR, BREEO=2—JVEERET VR TE 51Z
CT DB ONR I — R ANFHTES RA 1 Ik
HWIZDIRL, 2L DRAA VT a—FI)VEWEIRD
FWHEEZEZTEZTVRY,

Z DRI L, F— R EEIZH AR R A A
Y GERAT YY) S, T=&De L, EBIZEIER &
TWIEWRATL Y (HERAA V) AD KA A Vi#IG
PRI NT WS, BARNIZIE, STRAT YD
KIERER 3 — XA THATIR S NzE T V&2 HER
ALY DODBDRER T — X A TR 2 T (fine-
tuning) [3,4] &, 22D KA A VDT —REEDLET,
ETFINERFHIAT 2 FE (RIVF R A A VEH)
[5, 6] DMFFZEEINT WA, LA LEMNS, ZhslifF
DOHFIETHETIE, RAA VESTHEE 5 %ka R
A VEDEDS L, GHETHET S N A1 VA
DXEPHEFEORRIZHFA S DD, [BIHHEDHR,
FHCFEROE NI OWT, EHENICHLT 5 Z 2 HT
ETWRW, EBEDO R A A VG TIE o 0k
FT=RAMRHDERRAA 3L, BBT 2EEPES
(DHTE) DI RAA VERESELRZHERA T
GERAAY) ADBEIGHRDOSNDZZ L E2EET S
Y, TOERIZHILT B Z X AR A A G oD s &
BIETS ETCHEHEL RS,

RAA VHEIGIZHWT, EFLVDEENLED LI
BEIN, TNVRED LS RMEZFI SR ITINEE
HLUTALS. £7 fine-tuning T, JTCRAA VIZHE
WTHBENEZETILNDNRTA—REFELHT B0,
HEERAA Y TOARBET H3EITLETRAGEL 5.
SRVFRAL VEETIETRAAS VENR AL Vil
FEZRUCETNVOEREEZZEFITE 5720, ZoM
ISR X 2 0%, (REHEFEIZ DWW TIMMKAR A N—T
EhV. EFz, YBLOBINTFIETE, RAT VITk-
TrEFR (DDA BEAT B HFEOTNTEE L W,
Z X, “conductor” & WO HEEN T R A1 VT [45HE
#], BERNAA T [ER] LRIND L &, @)k
REFZETHZLIFH L b, RAGEIZOWTIEY
T — REHMALTRLER 2 0EHERTH 503,
RAAVPELDZ YT — RREDESE (ONF)
DENDT=OIZ, WY RFERPHETH 5.
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X 1: ZERHIZHE DK NMT ®EF VD K A A V5EIG

ZI T, AMMFETIHEHERAA VBT 2ET—X
ANF IR AR G IR RTRE T 2 LARE L 7 BT, F
FRFE A= 2 — FIVEIERE TV DFEE & Z O HGEMOIA
ADOY) D #az (DA, FEEYIED ICX->TRAA VM
DiEFS JUGER (D5HMh) OEREMRRT S, Bk
HZIE, HELR A A DT — S 2Ah S HEEHDIA A
EHHRL, TR AL 2B BFHEAE T IVOHGE
MOAAERANERZITS. TOH%, BHLZHGEH
DIAAZ HFFFEAE T IV OHLDIAAEDOHIMEL U7z
ET, BERAS ZBITA/NEIBARSRa— A %
AT fine-tuning Z175. AFIEIZLD, ETNVDFE
BEBIOZOREEEZEHEN AL ITHLZEHDIZHD
BAslenmigessd (M1).

FEERTIE, 7t KA1 > & LT Japanese-English Sub-
title Corpus (JESC) [7] %, HFER XA > & LT Asian
Scientific Paper Excerpt Corpus (ASPEC) [8] % F\\ 7z
ET, EHPRZ A7 128 W TREFIEDOFTHi 217 5.
EEROKER, FEHEN 7 fine-tuning (23D < Tk & LEIR
ULTHRARTI84AKRA U, YILF KAAL VEEE L R
UTHA 6.6 R4 > ~®D BLEU Dl % AL 7-.

2 REFE

AHiTIE, NMT EFIIIBITE RAA VDR
BIUGEREDAEREMRRT 2 FEERET L. RET
EIHFRE AT T IV OMHDIAABIZDAERHT 57280,
EEOEEFHET VICHATETH 25, AFTIE
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Dz, FEHER L encoder-decoder ET IV TH B
Transformer [9] Z{XE L, i&an%z D 3.
REFTIHEOMEIILLTOEY TH 5.

Step 0 (Pre-training) J© K A 1 Y OXERIA— A0 5
BERET VR T 5. ETIVOFERILT R A A
YDA—NRANSHEREIND.

Step 1 (Inducing target-domain embeddings) =55
HSREIZDOWT, HERA S Vv OET =20
5 HEEMDIAAZ T 5. AL TITRIER X A
7 & OBIFINE%ERE L [10], Continuous Bag-of-
Words (CBoW) [11] # FHH\ 5.

Step 2 (Embedding projection) Step 1 TH{FL 7= H i
RAA BT B EGE - HISEEDO HEEHDA
A%, Step 0 DFIFHEMAE T )LD encoder, decoder
DMDIAADZEFANE FNETNEHT 5.

Step 3 (Fine-tuning) Step 2 TH & L 7z HiiEHL A A
ZETNVOMHDIAAEOYMMEE U, HERAA
Y DXFFRA =X A% FAWT fine-tuning 247 5. 4
HHLOBRIZ, ETIVOBRERESD TNTHOHEE
HORALIIET HHDANEYDIRZ 5.

JEHE D fine-tuning & DEWE, HERA AV O4E—
NP O FHIBL 72 BEEMDIAAIZ &L 5T, fine-tuning
DERNIZETNVOMDIAAES X OREEZ LT 5
MOATHD. ZTDdFA DREFIEIIMD T
A MIHEAARETH D, FERE TV ORI HAT L 72
WZehn, L OBFFIELHHEETH 5. Step2
IZB T BHDAADEHIZONTIZ, 1) %S EHEN
DIAAERD 72D DIFLEHRIZIHED S FHE[12] &, 2)
R AT VRHE U 7 GRS D IA AIELF D 72 &b D IERE G
BAZEED K Fik [13] O 2 B O G4 F k% LG
T5. UFTI, THENOFEIZDODVWTIERS,

2.1 HBHERICED BRI

1 DHOFHEL LT, ZSEHIEHOAADEIRET
Huwohzd, BT E2AVZREEHIZEILSF
E1R2] 25, KRFEEEED, Bliid b FHIZHD
 BEEMDIAAD S EEM B T, BEERAOXRE:
EEFAWTHUE®RZ R DHIEOHEDIAAN—HT S
EDITEEEITS 2N, —HT, HLxDOHMIZ
A SEEND KA VHBHRTH Y, £ SEEHGEHDIA
ATBT B REEIIFHTE .

2T, K TIIMIEEBRDOFEE D725 OFIHH
F—REUTHMRAAS VIZH@T A HELTHEL LT
HWwa., i RAA B U THEET 2 BEEOFIZIE
FEENELLZEDLEHZEZI5NED, FEKE L
TR BHEOEFIIZERE L 52 W e e
5. Flz, MRAANZHETHHEESHE R A A >~
THHU-MOAAZEBHRLUTETNVOYMPEL T
720, HERNAA IZBIF25EHEL2FETIZREL, 3
BT fine-tuning HTR B L F X 5.
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X 2: HOIAAD KA A VEBEHIZBENT, L
ERAWEGEIZEZ NS MBEOMEN.

22 FERHBRICED EETH

SREOMDIAAZEROM T MR T Y — O
RETE D SFERDOBEHDIAADESR L Bz, K
W22 TIT5 KA VB XX A2 21T 2 B4 T,
HDIAAZEM D b RT Y —DE WA & 70 % A et
NRdhd. HlziE, M2ITRT LI, NAL VHETH
B BHEEOMDIAAZ —H IS LD ITERITH %
Wk A a 28 U756, T OEHRITIHDIAA
eIz T AR UTHEBRINS., TDRD,
“coil” &\ D HEEDMDIAAD, BHIETHDET IV
DHDIAAZEMNIZ BT 5 “composer” DD IA A IZHH
PIUTLES EWHREBEDL S 5.

ZTIT22O0HOFHE LT, BRbd XA TH
FEHLD A A DB % 3 F 5 Locally Linear Mapping
(LLM) [13] % W72 IER R 2R D IA A D R A 1 ]
GfeRET S, LLM 2H W25/ TIEH 2 HiEL
MDIAAZEM ETlfEE 725 RA AL VILBEHEEE DR
A7 bR Y — 247535 L5112, TNTNDHEE
T LB EITD 120, Bk UTIEIERIER A
LEDLRD. DD, AUKREEFFOHFETHH>T
H R AL VT DERITIE U 72 B2 BHDIAANDE
BIEB D, AT, TOEHE2KE L TOIERR
MRS, LElOMEZEHTS I A METHL L
EZ5.

3 EER

AR TIZTL R A A > UTIESC[7] %2, HEER X
4 > & LT ASPEC [8] & A\ 7= TE A BHER & A 27 T2
2175, BERETILELTIE, b—2 Uik L UOET
IV DEERE DR % BEERAL TTT 5 € 7V (word-level)
&, BT — RELTIT S E TV (subword-level) D 2
FEFEIZBWT R AL VS U2 R 2 R g 52 & T,
Y77 — NORMAIZ & 0 RFEEPIZIZAE UKL T
THLRBEEFIEDENTH 51 OMGEE1T S
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En—Ja JESC —  ASPEC

training 2,797,388 2,000,000

sz gy (fiNE-tuning) - 100,000
HARSOHEL jevelopment 2,000 1,790
testing - 1,812
HIBLEEE D FEAFEL (En) 161,695 637,377
H B B EE ORI (Ja) 169,649 384,077

@ 2 HEEOMES (En) 46,950 (7.4% in ASPEC)
BT 2 HEEOREFI (Ja) 43,608 (11.4% in ASPEC)

K1 & N RAA 2 DX IR O B s GE R

encoder/decoder & 6| FEE (WIH) le-3
attention head D% 8 (warmup) le-7
Transformer DIRTTE 2048 | Ny FN b —27 V¥ 4096
D 3A IR TLEL 512 | FfHA 7 » T8 (training) 325k

FEEY 1 X (word-level) 50k

(fine-tuning) 325k
(subword-level) 16k | Dropout % .

0.1

K2 BIERET VD EFE/NA NR—=NRNTA—X,

3.1 EERETE

T4ty b REROT-—ZEy e ULTHWVWS
JESC [7] & " ASPEC [8] D& & Z DRIz D
WA %, JESC (XBLE - 7 L B FM O TR 51
FINI—NATHS. —JT, ASPEC IFRIFHK
MHZBET DX SHEINTND. 2D, 2D
DTF =Xy FDRALVIFKESERD, HAELT
WEEEREDEIGE/NI W (K1), EBoDT—XLY
NEZDNENIARDS DIZHEL 72 T, ASPEC O
training set {2 2\ CTIXEBNITHE, FEED S 2,000,000
D HL ) & B R BHER X D A% F W 7=, fine-tuning
set (IZDWTIE, HEERN A A > training set 7> & fE/E
412.100,000 A5 > 70V U e,

HLER & U ClE, Moses toolkit! (v4.0) & UF KyTea?
(v0.4.2) & T ENIEE, HAGEOHGEDENIZH W
%, HEEIZ D\ TIX Moses toolkit % F\ T truecasing
Ei{Folz. ZORMEEFEAT —X 2y MIXL, Sen-
tencePiece3 (v0.1.83) Z#HA L TH 77— RA L 43#]
L, ¥ 77— RBNDETFTILDEDDT—ZEy h&
U7z, EBROFBMEZZEL, TNENDRAAL 2D
training set 2 C Z LI E T — A& UTHWE L
T, HEEICB B HGEMHDIAAR, YT T — NDoH],
Y77 — NEDAADHIE AL > T 22T o 7.

EFIL BHERE TIVIZI fairseq (v0.8.0)* % W THE
4 X 3177 Transformer [9] ZFRH L, Adam [14] THo#
b2 o7z. FERNAIN=NTA—=RFEK2D@ED
T& 5. Transformer 285\ T lE decoder DI DA &
CHNEEZILET 2 e —ITH D, REBRICH
WCTHZDREXRALZ. TOGE, REFIEDOY
RIFHEDBIZHHEL, BRI I ST N AT v
BB RAGEOH I AREL 72 5.

FEERTIE, MEMRIIB T 2REFIEEZELUTO
6 DDOXRFEIWLBWTIIMINZET IV ELKT 5.

'https://github.comd/moses-smt/mosesdecoder

2http://wuw.phontron.com/kytea

Shttps://github.com/google/sentencepiece
“https://github.com/pytorch/fairseq
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Model word subword
No adaptation
Out-domain 4.36 3.50
In-domain 10.09 11.06
Baselines
Fine-tuning 5.30 11.01
Domain token mixing 17.98 17.53
Proposed

Fine-tuning + Proposed (linear) 18.18 18.04
Fine-tuning + Proposed (LLM) 23.65 24.14

#F3: HEE R XA > (ASPEC) IZB T EHBIERZ A 2
D BLEU 22 7. HI R A1 OB I 100,000 {4

Out-/In-domain Jt F A - > @ training set, F7zI1%H
R X A > O fine-tuning set DA% FINTE T IV
ZFHT 5.

Fine-tuning HE N X 1 > @ fine-tuning set % F\\ T
Out-domain & 5 )\ % Bl 5 [3].

Domain token mixing Jt F X A > @ training set & H
FER A4 > O fine-tuning set % [{#FZ AW T <L
FRAA VHEEEITD. TOBRIC, B DSEE
WCRAAL YR (<sre>F Iz ld<tgt>) AT
LOEHAMT -2 UTHERS [5]. ZOK, 5
EDEFE LI DHIA A DI, SentencePiece Dl
MRIZIXT K A > O training set 2 &bE72ED
RO E T — A LTHWS.

Fine-tuning + Proposed (linear/LLM) 2 ffi % &.
LLM DB 51T % i 65 BRI 10 128%0E
L7=.

INSDFHELEDHIIZE > T, LA v DiE%E
ZFfo72E T IV % fine-tuning 3 ALGEX, Wi KA1 v
DF =AW SFEREBRELIIVTF R A A VERELTS
LA LR, HERN AL VG bE BRIz e >
fine-tuning 23 FIZ ¥ D & 5 R EE 5.2 5 & RFE
5.

32 RERER

KICHBRNDETLVE LY T —RE2AW
LEOMERERT. THERAMOETIVIZDONT,
HEERA A Y O/NI KR =N ADHZE AW 5E
(In-domain) & tbXT, Out-domain DFER T K & <
£, Bz KA VIIBITEETNVOWRED K E
ERA MR TE . £72, ASPEC IZ/iIZ T JESC DXf
HaA—NZAHEHAVBETFTILTHSIZEHHD 5, Fine-
tuning 7* In-domain % L[A]% Z & (3fA o7z, ZOH
HE LTI, BBREAREELLE N A VHTIIEE
R AA BT BEHEFEDZ < ¥ Out-of-Vocabulary
&> TULZE\, fine-tuning DT LR >72METH
LeEZoNS. HKFIEOHTIE, Fine-tuning +
Proposed (LLM) 2’z bEN/-FEREZE L, HUEE
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AN alow -

density ablator layer was formed in the outside .

SRHEAX AL Iz

BIREEDO TIV—X @ %2 L -,

Out-domain
In-domain
Fine-tuning

Domain token mixing
Fine-tuning + Proposed (linear) & \»
Fine-tuning + Proposed (LLM) ¥ 2

<unk> BE XM R S T L~
EBEEEREBCEHELNLNIZENEK XN,
<unk> O MMl 12 K BJE D <unk> B B TEK X 7z,
K 2 T %,
TEHE R X AMU I B L 2,
BIEBEOTTLV—R@ERELE N,

S D <unk> B B X 7z,

Fd: RIEDEFNTNDET IO ASPEC IZ

404 >+ In-domain
Fine-tuning
—#4-- Domain token mixing
—&— Proposed (Linear)
—#— Proposed (LLM)

BLEU score
[~ w
o o

=
o
s

10k 100K (Table 3 1000k 2000k
Size of target-domain parallel data

B3 HERAA VONRI—NADT A REKET
JL® BLEU A 37 (word-level).

Y% 1T S FEEFETH 5 Fine-tuning + Proposed
(linear) # K& < EFl-7z. ZHIIEN A 1 V#EIGIZE
\J BB D MEENE L, 22 HITHRAR Tz, HDAMRZE
filo h kv v — @@V%%ﬁbfﬁ@@ﬁ%ﬁ%%?
MHRTHDLERD. YT7T7— NEHVEZHAIZDW
THFERDMEMDPER S N, REGEL 725 b — 7/#
FIFFELRWIZEED ST, Fine-tuning + Proposed
(LLM) Mo Fiz K& EE-72 (KR34).
ﬁmtbf I, DEYIRY T RNO[ENI RN A A >
ko THRZ I L, 2) BEEDFEEN AL T8I
Rigd & 512, A—DOXRBEEROY T T — FOEKD
ﬁ&b,%@@b%ﬁ%%&;i@ﬁz%vthmw
L2 enZifonsd.

E72, HENAOETMIIBWT, HERA S VD
AT — 21 R BEXGEOEE2M 3 I1ITRT.
L TEIE—H L T Fine-tuning % L[ 5558 %271,
T—=RY A APKBNENZ 5 7255 AR TH - 72,

FAIZHIEBRNOBIRET IV TORTIE (R3E)
@u”jj]fﬂ’ﬁ:ﬂ‘\'g_ “ablator” & “7 7L —&” I35 K A

BIIDRMFEBTH L. HIKFIEDS S, Fine-
tumng + Proposed (LLM) @ &% “ablator” DFHFRIZ
B U 7. ARG S W T & RFR DA AR T
7.

4 BbHYIZ

AWFETIZ, BEWEIER X A 212815 KA1 ‘/i[‘ﬁﬂ?\
DEE, FAA VEOFERD ARG & Z MBI
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B3 HAH. FEREBIZIC R A1 > (JESC) 2

B RMGEEEZRT.

HU, HERAA Y OET—ISAH 5 kL 7 HEEH
&)3&3%75: TNV DIDIAAZEMIZE 4 U T fine-tuning
DEIZHWS Z & TEDfRJZAAT. £72, WLE
BIZ & BHDIAARD R A 1 VIEHRIZE T 5 MEL %
EEL, LIMIZ L5 EGVRIDHEL TS E
ZrUz. BEEAPERICE T 2FEROMSE, LLM % 4
W RETFIRIC L D RERERROBEZMR L. 5
%@%@thf,$ﬁ%%&i%@f§kﬁ%&%r
VX RAA VERFEEHATETHELZ 6,
WEHER D A7 & T RGEIGE R CHEER R Y, kel T
FAMERR A ADIGHEZRF LTS

HEE AT O—HIE ISPS B 19714522, 2019
A JE [E ST B RS SS AT CRIS ZEEA%E, B X O IST,
CREST, JPMICRI9A4 DX1E%Z -5 DTH 5,
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