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Abstract

How to effectively use textual context information is always a challenge in the field of
document-level neural machine translation. This paper proposes to use the hierarchical global
context generated from the entire document to improve the performance of document-level
neural machine translation models. In order to achieve this goal, this model obtains the depen-
dencies between the current words in the sentence and all of the sentences and words in the
document respectively, and combines the dependencies of different levels to obtain the global
context containing the hierarchical contextual information, which can be use to guide trans-
lating the current sentence. Each word in the current sentence of the source language gets its
own context that combines word and sentence level dependencies. In order to make full use of
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the advantages of the parallel sentence-level corpus in training, the two-step training method is
used in this paper. Based on the Transformer ,which is trained on a sentence-level corpus, the
corpus containing textual information is used for secondary training to help the model gain the
ability to capture and understand global context. Experiments on several benchmark corpus
data sets show that the proposed model can significantly improve translation quality compared
with other strong baseline models. The experiment further shows that combining hierarchical
contextual information is more advantageous than word level context. In addition, this paper
attempts to combine the global context with the translation model in different ways and ob-
serve its influence on the performance of the model, and studies the distribution of the global
context in document-level translations.

Keywords: Neural Machine Translation , Document-level Context

1 518

FEEAL s B P A AT BUS R VOB R, © AR S RN Bl S S R RIBF 5T 40
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Set ZH-EN ES-EN EN-DE
#SubDoc  #Sent | #SubDoc  #Sent | #SubDoc  #Sent
Training | 47,758 781,524 6,531 180,853 7,491 206,126
Dev 82 1,664 33 887 326 8,967
Test 627 5,833 165 4,706 87 2,271
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B MTO06 | MT02 MT03 MT04 MTO05 MTO0S | All
Transformer 36.27 42.71 43.51 41.25 41.07 31.54 39.64
+ AR T 37.05% | 43.79f 44.57f 41987 42.10f 32.49% | 40.61%
+BALETX 37.461 | 44.08% 44.86% 42.87F 42.16f 32.741 | 41.10%
Transformer(Zhang et al., 2018) 36.20 42.41 43.12 41.02 40.93 31.49 39.53
Transformer-DocNMT(Zhang et al., 2018) | 37.12 43.29 43.70 41.42 41.84 32.36 40.22

F 20 ARSI A GLE AL S5 B RE(BLEU). 1 1138 7R 5 Transformer & 1T e 2 pfE /D
7F0.05/0.01

it -5 o
BLEU Meteor | BLEU Meteor
Transformer 35.50 34.60 23.02 43.66
+ IR LT 37.59 3650 | 24.40  45.19
+H246 T 3775 36.83 | 2498  45.70
Transformer-DocNMT(Zhang et al., 2018) | 37.07 36.16 24.00 44.69
HAN-DocNMTMiculicich et al., 2018) 37.35 36.50 24.58 45.48

3 3 ATUETAE YA V8- 5808 M IE-1815 155 _ L RVRIEVERE(BLEU HiMeteor)

TANER S REERE R —HIREARYI 2 72, WEFIAZIMERL . AR TS5 F Bk
EIF32GHINvidia V1005 3 TI145 -
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ST - fE LS, ASUIRE T Fmuld-bleu.perl il 45 7+ B B A [X 43 K /N5 BIBLEUTR:
43 Papineni et al ., (2002) - X THABEFESS, ASGRE T REmulti-bleu.perl AT B HI X 73 K
/NE BIBLEU 4B F1Meteorf5 5 Lavie and Agarwal., (2007) « DL EEIREE RIS 77155 A SR SE
50 IR E & — B - B A1/ H paired bootstrap B R AE /7 VA EIBLEUE 2 A+ 1 23 14 Koehn et al.,
(2004) -

3.5 ZRER

FHNH T D-EEFERMERESE R . SR NMERIFRREE & L F CH G R E R mEEFE
TR, MAXRHERAEEESREGEMN LT XL BMMER AR 2R/ LT CHERFEL - F
m, ER—FHERER LTRSS, ATTIEEANN R E EFBLEUS £UHH &R
T Transformerf& /5 1 0.95, A4 E&MHAE & L g AR SCEANNE FEUE T 1.36/1# A -
5Zhang et al., (2018)%} Fil i A1 & AT AR A T A B, TEAR BRI ETIR T, A ST IAGH
B T RE AL LN O#BAG THERMEERA, XRALH LT XY RiagmaEs
BT E SR AL e B R = -

FE3FN T AR SO T A 7Y B P -2 B PR N ) e BB AR 55 UBLEUMIMeteorf3 43
S50 EAESMHEUNE, EXWEIEESTAH2R BTN RERRETE S EAER
ENXEERHY . W, BARBXRNEERERFERS & # LN XS EMERET RFE PR
F o FEHADENELES L, BT IEM H Transformer BV ERR Y ZEBLEU (Meteor) PEIUFRIE L&
72.25(2.23)%11.96(2.04) -

4 AFTER

4.1 RERSEI LGRS 8]
WRAGIT IR TR, AR B SORBURSE & 52U TS e 2 L IER N E 28t

Al 28 (8h)
Transformer 51.3

+ 826X 57.6
HAN-DocNMT (Miculicich et al., 2018) 63.0
Transformer-DocNMT (Zhang et al., 2018) 96.8
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Word Embedding
Kl 4: fEfgggs N e m LN S OER N BEER E AT
FEFICRVE | BLEU

ZE&AR BLEU L MUK
BEME 41.10 TRIAIRT L | 40.31

HEIAESC | 40.49
TR 39.64

% 6: ANFIRIE_E R SO B RERAME.

WINEE R | 41.09
2% 5 AR LT 3UEE A T B RERS L.

43 LR
=R BT B AE SRR R
et A2 A12 HHEGIEE /M) BEE S0 HREF BN HDTV ) MEH......

7 A S [ R s SRV kR OB RN R E T Bl B Al =T, .

& (eRRR) ik, EEE LT — AR, UERE LB L. ... -
XEWEREANT BN T L ELE 1R R .

TR R B LA A B — 7 T B SR T B M SE R AL, — T L .

Ll BT LR —F IR, (HIn AR O ILSE -

IX (AN RLAE 45 H IR AL -

RIE SR ETH AT 2 B, AL S EEREEE R S BT S HEIL, ... .. .

KT I EERE LN U At

AT S0P T ) 42 SR BN ST AT R SRR R 36 AL 24 i 6 1 S MR ST B
BEROM « SRIRGTIRATROPTR, BT REER, FFREI ORI RER R T B fUE 30, X
5 Wong et al., (2020) BT SRR, BA THE il SC 0 B 220 F] RERETE AP ADIE BER T 2 AR 2L -
ATONIVZ S BN A REELIE S H 5 B A) e SCE SRR E e, (HRT LIRS SXE
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FE4 2RSS0, AR BRNMEEN SR LT XS MIEREAL S, HEIERE I UE
FRISCEDy N CBUS T 23t - T HRRRE LT SO REENE RER A B, 3T
&R BRI AR FETT AR T M 5 558 - ASSORI A A KR B T 4 &8 P R B A Tt AT
git, REUSEPX a7 S8 REZNA T, FROZAERITET R - K7 R
AIUEMEY, Zaia)r) LN OR—E RIEETANEIER] « RIS AT AR 241,
WA T AT R B AR =R

4.4 ZiAS5AIAEFE

H T MEAR IR H B ZE IR G 2R LT OB 2 g m B E A, JA xR A
218 R BIE AT 3 — P SR IS 5 AT o ZEAIRIENIE R, F AT FIMiculicich et al., (2017)#2 H
HIAPTE &R E TR AP - B 1 SO0 (0 iR B VBRI - I R8FTR, SR FHAIRHNEZE
el e g = B N Rt N A e L kel Ky S M i = 3 g =3 B ol N O N 1F oy a e w3 = M Y R
FERERR .

Model MTO06 | MT02 MT03 MT04 MTO05 MTOS | All
Transformer 69.54 | 73.67 68.41 6532 67.71 71.60 | 68.68
+BAE&LET (7024 | 7422 69.02 6545 6829 7191 | 69.40

#* 8: A= ZE(APT)XT L

S T IO SRR F+— S A .
SERME | ... it will arrive around 11 : 00 or 12 : 00 tonight .
Transformer | ...... that about 11.2 pm today .
IR ETR ] it will be around 11.2 pm today .
+HBAETIC| . it will be around 12 : 00 tonight .

% 9: FCIAR BB

ARSI T — P EIFEF T — P MR R 2/ £ R SOHMCRE R B - @
57T LU A SCER AR T AT DURCH ey VAR ACIR], TSR IR T AR B AR B 3 1
KT 2 AEERI AT, ARSCR R A — N -

U
&b
5[

om0 | — A 875 12T PHP FIMySQL i R X -

SERE | an excellent community software based on php and mysql database .

Transformer | ...... an extremely outstanding community procedure based on the php...... .
+IARETIC ] . an extremely outstanding community process based on php a...... .
+EBALETFX ... an extremely outstanding communityprograme based on php a...... .

% 10: Z1F BN ERE

FAOHEG AT IR B A SR H B2/ L S EAb ] EU R S i OB T SRV 14
i o[RS AMER AR EL U B B R 3T, (RZ IR &/ £ R SO 5 742 1 Bl % L Y
RORFELT

5 HMXIfE

(Gong et al., 2011; Hardmeier et al., 2012; Xiong et al., 2013; Tu et al., 2014; Garcia et al., 2015)7%
R EREBRESSTEIFERE NPT AUSM T RE TIE . YIEasBEtta s NG BliE m
HERIEEAA, RERMEY G EIERPT T HE A BRE - RIEREE T CvERE, 4]
FEAE B 3 R 2 () E R BB B AV E R £ ST ) R B AN B TR -

FEE—RF5H, Tiedemann and Scherrer., (2017)%: TIEEAHLZE R LE((RNN) B ZBHHEEA)E
N bR BEf5Jean et al., 2017; Wang et al., 2017; Zhang et al., 2018; Bawden et al., 2018; voita et
al., 2019) A9 H ., DARNNSearchAl Transformer & Z At FH B G A EFE B I HLHI AL dRiE e 12
FHREBRIESE - Miculicich et al., (2018)#& i —Fh 4> EIER M MHAN), BB AR R RR
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ﬁéwﬂ&wﬁ%@%%%@t?y Yang et al., (2019)ZEHAN A 32 H — Pl 2 f0 45K -
TXMEEHAR AEHITEZE . (Tuet al,, 2018; Kuang et al., 2018)HE Hi AEE T & 1E 1) LT 176%
m%ﬁﬁﬁ¥$mﬂ@m WIFTIX— LKA -

A—RKHRUBENIFR T, XS FISEICE HEZEREE - Maruf and
Haffari., (2018)f¥ FH &l /M B 17 fiff WA 4% R b B AR # o | 305 2 TRNNRY i 22 1] 23 B 1 s 7Y
454 - Mace and Servan., QOINER MEA TR IMEERE, HHEEBRHRNEENHKAMN
E:Xmga&wmmkﬁT R IR AL SRS ﬁd&%ﬂ%%% % —F B - Maruf
et al., (2019)3& Hi i FH R BR VR B I HLENLE R I IR 5 2 5 A0 A R B A 7 I — bk R e i
1] « Tan et al., (2019 HFIFH A M2 Z FFEB NDPLERI LT Mg, HRESELE L hiA)
oA o

5 PR RE, ASCHR RG] EAE-E R N4 R B R SO T RN E A
WKHFR R - 8 24 /i A) AR — A BRI 4 S0 A) F S Ba] R VB R TR B B S R & - [FIR
AIRHP E TR RGEEHZE LT OEE G ST, R LT ORBGERYT B2
RE, EEMIMGIMER S miges -

6 B4

AVEHRBFHASHEESZRUBERERFBEN SR LT AR ER AN ST F R E . %R
TUE 5T M g a) H BiE S BRI R A) A 2 AR B R B KA AR, NEEEE ANE
Romiggs BERNZEMEERE 2R LT, &EF LT XSENIERMLEE . £ 0 FEEER
HOBRE LSRR KN, 5F THRES ARG ZEI G R BE1EIE R &84 - 28
KRALEEEEE AR RERGENER L AT LUE B TR Sk = EIE A4 18 AR B3
/DL EE. o

AT A AR TR R A AR R R AR B E RE UG B — MEBR N WTER Y
(IR o FATRAAE AR SR ) TAE AR 4R EE X — [l R 1A & A2, .
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