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Abstract

To date, the Tibetan-Chinese (Ti-Zh) Machine Translation in the judicial domain con-
fronts a data-sparse severe problem. In this work, we tackle the problem from two
aspects: 1) judicial Tibetan needs more rigorous logical expression and professional
terminology vocabulary than the public domain. However, there hardly exists the
high-quality Ti-Zh corpus in the judicial domain, which contains professional terminol-
ogy and syntactic structure. 2) It is challenging to construct a Ti-Zh parallel corpus
due to the unique lexical expression and specific syntactic structure. To this end, we
propose a lightweight Ti-Zh parallel corpus construction method for the judicial do-
main. First, we construct a medium-scale Tibetan-Chinese terminology glossary of
the judicial domain to be our prior knowledge, which can avoid the logical expression

499 - 508 2020 10 30 1 1
(c) 2020



HEESY

and domain terminology missing problems caused by the out-of-domain phenomenon.
Secondly, we collect the instance data, such as judgment documents, from the official
websites of Chinese courts in various places. To avoid losing the Tibetan lexical ex-
pressions and syntactic structures, we firstly search for Tibetan case data, followed
by Chinese. Based on the above principles, we build a high-quality Tibetan-Chinese
parallel corpus, which consists of the following methods: crawling corpus, document
segmentation alignment detection, sentence boundary recognition, automatic corpus
cleaning. Lastly, we construct a 160,000 Ti-Zh parallel corpus of the judicial domain,
and we evaluate the quality and robustness of the constructed corpus by performing
a variety of translation models and cross-validation experiments. Besides, this corpus
will be an open-source to provide to other researchers for related research.

Keywords: Judicial Domain , Tibetan-Chinese Parallel Corpus , Data-sparse

1 5§

I 2N 25 8115 (Neural Machine Translation, NMT)##E0 42 UERA , 78 8 S04 ¢ 45k
W, BEREEAR A LUATR AN TR, X EEEE A X m T RERFTERE,
EARIBCREREY S BIFER A P o o IR, AT R AR UM 7 2K = AR (]
AT, T E IR A BEE SR E AT U AR R RO EE SR itk B AR E I B
SERRTENEN R, R RE—MER EEMERNSOR, EREATHTZELEZN 2N
A, FRE T RSB TR - ERG S RFOCE RENHF, FHJLFERART
BRI AL ER 2 5] LA SOR B 2 5] SRR & F BIBORHE am 50K - Bl B & A 1 98 U7 %8
EAFREREESFE WA AR LT T N TR, HXA RSB EEIEmRTT#
PRy R = N - L g i P 5 T e e = D - RV O =/ 3 NG S D SR G S
T # Y  H (Zhang X, Zhao J, LeCun Y., 2015), T 1 [ & A% (Jiao et al., 2019), %
TTF-IDFAIAE . [ @, FIANMTRBREICR, RN EFIGS L. SURRHE L, f#
FAIEM R A TR B R U I Fe ki - BEMLMR S v, HBAE N SOR IR | (ERTlIZRRY
AR s BA S B 1  THEW BRI A0 AL AU IR A 7 RORKRISC 30, AR G Ho AT
i, HEMNE ERAT o XSGR TR BRI RN DR R I LA FH BT T . &R
Gty LBOX ETTVEH BT EA TN 2 RS I RE R NR & —TE BRI - 8T 5 1 B
i, (Computer Vision, CV)H 3 H B BT EIE 1A R, 78 HIRE S 43 (Natural Language
Processing, NLP)F SUREIEIG 2 H F W, HEZEFERZ —2EIEN—LRm BHRE, 0%
PR G B FLAR O IR, H AN B U HAE S o 1 SUANAS 28 40 ) 7 A (8 3 98 A C V5T
PR —PEETE . IR R ER R RIERAX — S0 AR R IR St A 25 A -
MEAEIG SR BRI R AU B K, BRI RUR R &, B E IR R B o i e
PREOR o B eh B R ST B A PR, WA T8 B REET DA 1.8
FITFHATIRIERA TR, BATEW A2 3 FEER TR T AR 83 & 7 E/
BRI Y 2 NSRER RO . RIRAE KPR FH IR BOR BT T & e WA e, Al
HTBRZ i TR, RN LIZ X R BOR B A o %0 fe] NFE I8 3R 52 B rp (56 FH A 25 PR
PEHESRFLAR? 3. MR B 21 40T B AT T 2 (R IIE BV 0 K 0 B e 5 7 Yk 1 O T 2 AT
FEARTHER FREAAERE, B IL R EA AR E RIS T8 . SATERIEREE
T LRSS RA U, SOZ AR A FEE 8ok 4 A A S FE PR B RORINERR? AT E
TEMARIR_ERER PR ANZ AR SCER ST iR A B S Jou M PR 22 v Jo 2 4 A AU~ A T 7
BHE « RS, BT E DL B BRI SR BOR m G Pk R, BT NMTHEE ¥ B
)7 A S v Jo B R AT B HG SRBOR o P T 50 B30 M R 5 )8 w2 AU A L DA T TR e
FEM NS BE T R, I B S BIREHE RBORIRE T K & R A P A BDORHE
B H R T A RIE S A B RO S0 LU IR B ) R P S5 1 AT KR D AT IE R - ot
bh, BATERA, FHCWMT201809:8 FAEIR I SRIE SRR, H(50 FH T T s A £ R SE Y
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PEATHOR, R BT B2 SR B LR - FATTRITTARG T BN e MR BE IR =] % e A T
T 160K KN ST B D AT IERE « IXEASCHEZ TR - FA TR T JLMHARI 6] 730 5 LA
FARTFRIIE, ATHENMTHFATEIRSE - BATRREERM, AR A7 R A4
R A TH R SR AT LLARAS B AT SE A AT AR « BT3NP R R 140K B 160K 1) 74 24T
ORISR, 7T LLRE KB WSRO R, AERCR RS LB a4k SR Tt -

2 FXRIE

BRI R — PSR FAEEOR, B F R B AR BURE E TR 55 OB IR FL # ok 3
WAMCHIIZRE KN o N T IRUGX — MR, Ratner 25 A (2017)3& H T —Fh 7 9% H e bx N
T2, B 2ES) A TR AR P FE 8 RS i bR AU A AR RO T e B RSR A T R
FFENGA B R EUTF E Alws, DSBS I SRETEE H 2 05 B SE OB 3 58 - 2019 A 8K ik
P T —Fh BB BRI 3E 7 ¥5 (AutoAugment) (Cubuk et al. , 2019), % &SI — R
TR RS R S ], R BE R BUE & BUE S EUR TR IEES o A, N— 1 EUR
B8 P 22 B ) SRS BB TR I T B B B A LA ER 58 | - A RAEICLR 2019 L /) (Wei et al. |
2019)LEHF N T JLMNLPEIEIGSEEOR, BARRH T IR B a0 Bt T 8RIE58R, LIRS
1Bt A FF IR SRR Nz AL B

ENMTH, 8t bR SCHGERE AT 2R ENMT R EE 58 A5 (Gao et al., 2019), Xk
SCEIR DR A)F HPRETLIN PR el e R A a8 T R AR, K A A — R R OR
— DO (B S EASEH), FOZIE AR AR 2418 SRR R IR & o T X LA
FIA B RIS T A 0 - R SUE R, BT A Al A A7 B LURT A3 58 77 V4 2 N & 19
R o TERBH (A B X R SCE (L et al., 2019) FVES E T IREIE R R E AT B AL B
BEEBIE . ALY BE R ELRTE, HF— PR mNMTX RS S EM, RN RFFR/INY
TR . BRR A FH VOB M 1 (Nag et al., 2020), LLSCHRE IS E N 2B, did — R
B ER G SRR R SR A i 1) B AR BRI N A B R) P AE AR R . AT
Tz A ROROE R B, ARRDT DL IR A AR AT & A PR BB R - R I E L2
HRIE I 2 ) WU B A A R B R 3 38 (Nishikawa et al., 2020), FIFH T BN 2B R A A
R PAT IR, DAGRE i A\ 25 18] RO S5 R AR AU, 38 B 77 YA R BB TR A B SR & -
FENEJM-enzh (Liu B and Huang L, 2020) 42 H T —7EE Y B 22 8508 A 44 1 S PO AT 5008
££. (Han L, Jones G J F, Smeaton A F., 2020)F /43 T ZiEEBERMETE, BFEEIE-
TEAOE-DE B P AT B R E B3R BT =0 o ARSCK - BRI BOR N A EINMTH, 8
SrAT HER B T SE PR L BRI AREREE A B — L ROR A 7 TR B X w1 A5 38 5% V) 7 S5k FrR) BT
HiFESHE T ERIPATER, BUST RZBMErEE -

3 THRUERME
AT T BA TR A7 X TR R -

3.1 HMEFATERENEARE

W 2R MU RBGERZE, WIEEZE R POE A PATIERMaRE LT L 2% (DN
ZAEE M IEBUT FE S FS0C;  (2) WIBER SIS FR R BAE SCARHHLTEAL;  (3) I FIIE S BISC
BRI E AN B AT, ()T, B R e a)+; (5)0) B #HES AL
AR (6)XXTT R AT A TIEIE, EEEE NI ERN TR - KA P EARR TEME
%, MNP EEARIRRZF - N TEB)F, EWMTI6H A T —4 T X8 TR 557
A3 =4E55 (Gomes and Lopes, 2016), H A AR S KT ILEEAN[E] AU RGE R XS (Read et al.,
2012) - XTI ME, ReadS5(2012) RETHIVENG T ORIVE FIA) T 8 TH - 5(5)2 1
FIFXFF A e B AT BN - 50X TR, AIFRST R EADRSOR, [HEEZE
HEF1 o SB(6) B T TS, HEEG) PR AA SN .

3.2 TAFRGUE A FIEBHE KR
ASCHTERE ZZRIRT P ERAISCHB M, HERRIECEIER, PRI L2

FE ARG - FERASCH My T —FREES 3, EP SRR R ER
f; RERM; TEEME BERE TREUEEGZRE . FEREE CHIFRTESE
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MR AT ERAARE, flan. RS BUORTEME - BUTEYY o FERPE R M _E AT DURBGE AT
EAERHIRIC, W PREERDOIGERH AR 7 « (08 —BEAMEARSW (EIOUETE
mra) ~ (NEBDOUEEEFR) LU (TBLERMIBIT FHEIER) &, MERHERIERILR
PABARBEAIRFBEEEE - DL VIR 107 52 FHE I 20154 -

3.3 IRBUERLEF M EXT 5T

FAE A Selenium (2014)INEERE 7] FHBBOCFIM R SUOCE, Ho9%6, EREUAE, X
THTHRRANZE, KRB SCEEZN FTFHES o HR, XN SO @ B R, THER
TSR R - B, B CSCRIDSUR A R B IPDF B Word SCE % B & v IR 7T 4 B
5, B CE ARG A SR -

3.4 RWFHRFEADF

BATHE T AT = EIFEC & 5o, EPOCF, BMEdsH A8, SOCHs|
SHMAER A Z R, XEHRBRESLZMWAFHAF - SIESAE, < ENSCHAREHR
FVENEUE S EAMEFARIC . FTRAFRATRIE ! 2 « o "RERNBRBINCCA] FRIA R - B
A, FATRIFES T ottt seds, AN T Eay, FATMERRDCCHELIE 7, @il
¢ <ja>~ ,~ .<jb>~ .<je>~ .<jd>" (FEE BT ) RAIW LA F AR - Hik, AT
TOCFNPOC G — A T A TEFTIRBAF05, 955 HRead (2012)5 AFFHRERITC L E )
FHRL 2§ PunktflZiemski (2016)% AR Eserix R4E » %, A1 LZIELL L =Fh 7 IERI S
BiRER, R =M ERRE .

20.0

EERT
17.5 S

RLATFHE/ W5

0.0 2’5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
T B W)

Figure 1: JCHID U )78 H I B RIS BUXF e, sl i I8 2 i A) 75 B Mo X
AR -

3.5 B EERE

SHFXFEAES, OB INE: (O)EFELUECT U, (2)FBAE F B S A
B (3)HIB LR A] o BN T i S H 5 AN R SRR NSO A F R E - R B2 A,
K& CEFROCA) FROT BN T PO T, AE G SRR - BEANTERE B EEM AL
A, FlinCon kyang (S5 RNHRLT), MAEDCSCHRDHIER . 7, —BEvEg, 7. &
B2, EROCE AR CSCDO A F ISR S A -

3.6 HIENGEAIN 5T

BIRDERH T —L2a) 7 X 57 B9 £ (Simard M and Plamondon P, 1998; Repar et al.,,
2019), (HX LT EELER B TR A AU AIE S LRI = 0 o JATHER T AR =5k &
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- BIEAR/ADM) | AIFRECE (5%) | 20 E B R (%)
AR AT W 8.68 80000 99.63%
b = R E SRR R 5.43 50000 89.56%
FF [ 0 MR 1.63 15000 75.32%
BEIEARS 2.17 20000 93.23%

Table 1: ANFRIE N IRI B FAT R -

FKEXT 57 (Gale-Church) (Gale and Church, 1993), ‘B 2383 SR A1F0 H bR f+K B Lk
FHAFX; E TR 5F (Microsoft Aligner)(Moore, 2002), s&iTEIAN N 56 FKELS A
HRA T X FTEIEFEXN 5T (Bleualign) (Sennrich and Volk, 2010), R[5 4f A F1EH 13 SCA 3
ITHBHE R E R, R/5 8 HGale-Church B IEX BRI CARFATHFF R T HBGX T,

-1 | Count | Percent
1-0 202 4.04%
0-1 204 4.08%
1-1 4132 | 82.64%
1-2 164 3.28%
2-1 298 5.96%

Table 2: Microsoft Aligner?E5000F) MR EE b FIFFFMNALE R, HREHCR 11457 .

BATN T T P RE S A FRIEAI50000) M4 - 412578 T Microsoft Aligner7£5000F] 1
R EXT T RTIRI G o FFIE82.64% N T & — K — 1 o N R ZEA] T X # & — K — X 5F

0.9
0.8

0.7

= 06

¥ 05
e

= 04

05

0.2

0.1

0

i R E=RCE F14&
ZFPEHAE AT

m Gale-Church  ® Microsoft Aligner Bleualign

Figure 2: =) T HESSLETEIeHZE Lo O[] 3of 57 RIS DURI DO RA B A 45 5% -

By, WF—XERTF, ERIROERER S BE TR, R AP 3 32 2 —Xf —Xf
5 - KETEE, A EREFUER S EENER2FTR « EAFEE Aligner iR S i HF15>, BT LABAT]
WEFEMicrosoft Aligner [l TAYEE AN XI5 - Ff5 BT B A1 T4 & AL FIHIE A LR AIRIE,
THRT IS, /RS T AT A ], RIHE— N ROCR) T 0 R AT EE
ﬂ§ﬁ¥,&Z%%o%%%ﬁ%ﬁ?ﬂ%%ﬁ¢ﬁ&ﬁﬁﬁ%ﬁ@%wﬁi@ﬂﬁWMﬂW
Y% -

4 SLHERE

R

M FHE T PyTorchfJOpenNMT (Klein et al.,, 2017)HEZE, 1§ F Transformer-basef&i !
IR, AIRSEE BT ) R 25 S 50R 18 3 (Vaswani et al.,, 2017)F IS EGE B R — 5. #E
HeZMmG s e, 85 H K/ 5120 BE i B IC (Ziemski et al.,, 2016), fFHSMER
LANETZAL B RN o 55 PRl i i ist 2 RN h2048 - AL S HE)I125 7100,00027 , JIZRFERTZY

4.1
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N1LER o EHAdamiIES (Klein et al.,, 2017), HAF3=0.9, B:=0.98, e=10"7, Pyop=0.1-
FATHE RO DA POE R - A AR RIS 280125, 8 FHCWMT2018'E J5 vl T B4 & 1% S it
2, BACBLEUMEAIFIFESR - A T7E8 A Nvidia TitanX GPU_FIZREEA! -

4.2 IZiER

TATH A A FF EIRCW MT20184% 4t /) L W 23R &, % 89E # 8 T % 18 2 55 .
PL2017DevfE F FF & 5, 2018T est{E R M EE s 7 4 A1 A 30 2 B E AR OurCorpussy
B R EOurTraining ~ & FOurDevld X i EOurTest - B AR S5 B FH B9 288 4o
FKIFR o FEARILH, WG —1# AJieba(Sun J, 2012)4318 , kil J5 &b 2 8 F 17 (Byte-Pair-

- 1X VIGRER (RIXT) | FFRER(AIR) | MhaUER (FIXT)
CWMT2018 147434 650 1000
OurCorpus 163000 1000 1000

Table 3: BRI FIIZREE H A/

Encoding, BPE)(Sennrich et al.,, 2015) - J&CHe P50 R K2 TR TIP-LAS (=L, 1T
FREE, 2015)70A, BEEHERR(VPIL, EIREE, 2020) B IEIELA B A EE, A FHSOK BTN A H
PRvm iRl 3% o S TA T SES B F A0 B £ iDL ABPE KL B 07, J8OC LA ARl & kL
AT o FATETSE T AT RITER: () BMHCW MT2018F10ur CorpusBiE 5 A 4
TATIAE R R R Y (topicl&topic2); (2)FEFHCW MT2018EUE #7145, HIXFHOurCorpusil
U8 3 13 B0 (topic3)s (3)E FHOur Corpus¥iUiR 38 47 1l 45 . 1 Yk FEOW MT2018%4 47 34 17 £
W (topicd); (4)FECW MT2018F10ur CorpustiiE & B4R (topich) » 15 (2)F0(3)F EARSE T
NEANTZH T (Guo et al.,, 2019) - FAIMA AL T —LEF0IZR A SL5800 LUES AT A 1Y
BIRRTTFER - TG EATEABERT (Devlin et al., , 2018)FXLM (Lample and Conneau,
2019), EEFTRXTATS%E T (Weng et al.,, 2019) 3 E -

5 ZER

5.1 FELER

SLUG R R AN AT R, FATHIEE % R G NOW MT2018F10urCorpusBi a5 F I 45 i1
B OBATRMER I, B EIE S OW MT2018F10urCorpus FINRET | A& WFE DUE &
PUOER _E . 2017 DevFl12018T estfEOurCorpusE 3 _F FIBLEU{E i Il TCW M T2018%( & 1Y
&, MROur DevFlOurTestfEQurCorpusiiii LI BLEUEM:TCW MT2018 LHIME, Z/DiR
FHT3.211BLEUME - E5E, BATA IR —45 A rdE BA BORAIAERIZ &b, BT DLUET 4 8 45
RS R E A R AU R R R B REER, Ak, TRl TR E r VAR AU TR
FARE IR, Hk, ARSCRTR s AR R SR A0 ] A A AR BN (2 BR A T 1A 4
AR E NGNS RML, HERLZHEAE1.31 1 "BLEUE, A ER MR A5 Fix
FERE T R E SRR EE S - Mt AT TR A SO @ P T B R B R R s i & -

HAOW MT2018%:#17I114%, HIRFHOurCorpusEHE#17 RUAF H Our CorpusBE 317
Mgk, HIXHCW MT2018508E FEAT MR A AR TR W R T T BRI RE - HCWMT2018%K
EHTING, EIRBOurCorpusBUHE #ATHOART . #£2017DevF2018T estill] i 5 | AR SR AL
T Our DevflOurTestil & EHE; X OurCorpusBHRFITIIG, HIRFCW MT2018%38 7
THRURARS, FEOur DevFlOurTesti iR & L IR L T-2017 Dev 2018 T estil i 5 L HIE - N
e, Fli% I SR A BESE T — € BB RCR (B2 AN HZ A A £ R BRI 4R AL
RIF o RHTATE E AR EIR R IRE MER - WEBRSIIGLE R AT UL, A s
S HNBEAERCEE _E AR E S = T IO _EAEE - IR, B bR A 518 i & PLJ
ISR M EE . Ry, SEENE, B Ao, miXCCEERZ R 5 TR
AN, (HEBUEILFEE S — AR LR, SRS MU B0 = 7E RS A 2% 70 5 1]
55 EAAER, HFBRREE EBEE AR ERE - XEERW T TN TIE. B3k
1A B b 8 7 188 22 F R A 90 1R BE B B o PR R AR B f5 — 4T topich AT LA HY, AR SESSHE
1 CW MT2018F10ur CorpusBd & 71 J5 I ZRBEAY E iR U i, M b 2 J S se 46 Fl H
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System W= 5% W=J8 Ji= X =T
2017Dev  2018Test QurDev QurTest 2017Dev 2018Test QurDev QurTest
topicl 47.29 35.75 19.33 20.24 51.74 38.07 23.56 24.67
topic2 45.98 34.48 22.54 23.49 50.49 36.78 26.87 27.98
topic3 48.22 36.72 23.81 24.76 52.73 39.02 28.14 29.25
topicd 50.22 38.32 24.81 25.98 54.67 40.64 28.68 30.13
topich 52.04 40.10 27.12 28.82 56.24 42.08 30.86 32.52

Table 4: AL EEALIGLEIR . “topicl” y BMHACW MT20188IE R AIIEERL; “topic2” 1y
B FHOurCorpusEU 3 U 65 RO T, « topic3” 55 FIOW MT2018%% # # 17 il 4, H X
FOurCorpusEHE #H 1T HOM;  “topicd” 5& HOurCorpusBHE #7145, EIRHCOW MT2018%%
PEHATHOA;  “topicd” TECW MT2018F1OurCorpusEia & A I GRS I8 45 5

System W= 7 =8 = X =T
2017Dev 2018Test QurDev OurTest 2017Dev 2018Test QurDev QOurTest

topic6 49.32 37.32 24.21 25.36 53.37 40.20 29.44 30.45

topic7 52.04 38.72 26.33 27.56 54.95 41.94 30.48 31.53

Table 5: HBERT# G {L 9w 5 45 . FHGPTHI AL AE S 88 . o Al HOW MT20181F 1 ¥ 4
12 i KlOurCorpusfE ¥ J5 WINMTI % H(topic6): FlOurCorpusft 3 1) 4 1t 5 KA
BICW MT20181F N e FANMTYIZRE (topicT) -

MPIROEERELE, Ak, BATER AR R E B KR ERHI ST, NMT A BEi15 &
FLER
5.2 JHEISELKS

T A1 BB (Weng et al.,, 2019)F BT R 75 3514k, R AGPT2 5 0] 75 5 B8
MBERTHRMGE S A LUREE L1 LR UEE - GPTR LN E B3 TEE . ik, K
Y HIBERTWIIA L 4RiS2s, HGPTWIMA LIS ES - 7EREH Btopic6TH OurCorpuslENWIIAIL
SHGER, OWMT20181E R EEHFINM TN ZRE R . 7ER5H Btopic7TiTHCW MT20181E A4
WBHSEGER, OurCorpuslENFHHFINMTHIIZRERL - 24528 HBERTHI AL H RIS 2%
HGPTHIIRILES, BLEUZMEAER M4 _ HEVE BTt At - H B AR SEIS 25 RAL T 47 0fL
V7% o IR R AT SR 75 1 E R 5 R R Rt A TR SR 2 Fr R B 2 AR - AT LR
T M EERME R TIIR L SE H R SSREERE AR, fEtopicTH AR E b HSLE
L5 R S Wtopic6H HUSL G 25 SR, B 783 (8 Ak i)t 4 _EBE B8R A+ 7 KR & FUBLEUE -
BATIAN N, ) SUE A FEE T TG a1, HIRA AR S BRI, X R
AMURE T RGN FEEFE, FNELZRZIREE T MR BAR, IHERRE T
FAFRIPERE o NULULEA, TSRV BRI A3 SO &, 1 B A SO e 2 2 EEE
fi. RAERENFATIERIGNMT, A REMNEmAGTHRBGE N, REELZHLETXE
BT ER - HOWMT2018ENWIEIL S EGERL, OurCorpuslEN fg BANMT I 45 Kt
B, LERE A Our Devlll i EE _EAHH.OurCorpus{E N WIIR IS EGERL, CW MT20181E N 54
FINMTIZriERHEH T 1.58 "BLEUME, 7EPGEM 32 T72.120BLEUME - HATHEIEAE
FECW MT201850H8 1Y _E #4708 2 FH CW M T 201 85 HE AT R A AR BUSANES AORR:

5.3 FEIHT

0T RAFRE BIASTI AT IERVERRCR, BAIFIRE T topicl EtopicTH BIHIH
FAERIFRR T —LoR 0]« B8 topicT e PN R 4 bR RE B 00803 H R SCR &8 W BT
A ERSPAMELI, HOWMT2018%EMOur Corpus®id & 7 5 FIIGFERA &L, W
3P FtopichITREMS IEH HIE “Bedf - K~ A&HH - T - WG DU AR RE R BB -
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HR NN TTE, HOW MT2018%3E W16 1 2 809t FHOurCorpus BIR AT ISR, I3+
W SHtopicTAT RENS ERRRI I “Beif » R - T - MEE - BEERIREIN K, B RE AR
e WAL, SERSUESMEA T IR E B TIRERERE, ERE2800 EhRnt.

AR X kR
P EyEs Qsray SR Spusra F ARRER Reages & @Fe 7 sREw EmEs Y R oFeE § OFRR | gw
& guasar ﬁx"z' Q55 Feas RN T amaaEx ﬁi]’li\' |
X F ZTEEZ £ 2% 38 & RE BW e TW . KK, AEBA F 24
By, Rl A HRE BE AT .
TOPIC1 £ ZB 1 F= F AR FRE KR OF B b R RE f1 ORE B F AKX
x4 EA B WK F A AF OE
TOPIC2 £ ZEHEZ & WE B¥E b RE BE KW BN . A A i
R, Y AE HEF EE KT,
TOPIC3 ¥ ZHEZ F Mz B % KE BW KW OHF . KK, BH B LH
B, MR ARE HE BE AF .
TOPIC4 2 ZEHEZ & WiZ BE P RE B® FW BEX . KK, AEZHE H H#HIR
B, FE AHE HF BE AE
TOPIC5 F ZEHEZ £ 2% {2 F RKE BF e R % , ABA it 4
By, AR RIE HBEF BE AT
TOPIC6 ® ZEEZ F W 3B F RE BF & A . KKk, AEA K HH
W, BE AHE Mk i LF .
TOPIC7 F ZEHE=Z & o4 38 F KE BW M4 HH KR AR A if 44
W, AR AE ME fME TE .

Figure 3: U LR — &M ALET DA FEINGRTTEF BISLIR85 R -

6 G RRRETIAE

AT, FATCLUERT, FCWMT201 77D - AT VR 2 I 5 ) 5 AR T 7 s R B¢ 5 )
B T2 AR IR - e, BT BR B IR A IR U AT IR, M T — 4
o o B IR DO AT RO S o B IR A ST BTl 2 1 80l 22 I 4R RlE QU ONMT, R KR
TEIERE, FNINZMEEE SRR, BERER AR . RATREIEE RN
FIL60K M A) TR, X HFRAN T 2 H 57 (A JT 89 FE B E U CWMTEE F R PR 1E - FATTHY
BIRSEF S ATTETHREEM, FHLEROBREES EEAEIEL R . FREE—1
NIFEHRIF I o FERR, A T RIEHS OB BB AT — 2 SRR E - 3fl]
REFR R BEIR FIESUEOE R Y R B HoAb A ., SIS BUA I E S - A TE i — PR
Fa3E 57 S — R AT )~ AT BRI

22 SCHk

Zhang, Xiang and Zhao, Junbo and LeCun, Yann. 2015. Character-level convolutional networks for text
classification. Advances in neural information processing systems.

Jiao, Xiaoqi and Yin, Yichun and Shang, Lifeng and Jiang, Xin and Chen, Xiao and Li, Linlin and
Wang, Fang and Liu, Qun. 2019. Tinybert: Distilling bert for natural language understanding
arXiv preprint arXiv:1909.10351

Gao, Fei and Zhu, Jinhua and Wu, Lijun and Xia, Yingce and Qin, Tao and Cheng, Xueqi and Zhou, Wen-
gang and Liu, Tie-Yan. 2019. Soft Contextual Data Augmentation for Neural Machine Translation
Proceedings of the 57th Annual Meeting of the Association for Computational Linguistics

Li, Zhenhao and Specia, Lucia. 2019. Improving Neural Machine Translation Robustness via Data
Augmentation: Beyond Back Translation arXiv preprint arXiv:1910.03009

Nag, Sreyashi and Kale, Mihir and Lakshminarasimhan, Varun and Singhavi, Swapnil. 2020. Incorpo-
rating Bilingual Dictionaries for Low Resource Semi-Supervised Neural Machine Translation. arXiv
preprint arXiv:2004.02071.

499 - 508 2020 10 30 1 1
(c) 2020



HEESY

Nishikawa, Sosuke and Ri, Ryokan and Tsuruoka, Yoshimasa. 2020. Data Augmentation for
Learning Bilingual Word Embeddings with Unsupervised Machine Translation. arXiv preprint
arXiv:2006.00262.

Alexander J. Ratner, Henry R. Ehrenberg, Zeshan Hussain, Jared Dunnmon, Christopher Ré 2017.
Learning to Compose Domain-Specific Transformations for Data Augmentation

Ekin D. Cubuk, Barret Zoph, Dandelion Mane, Vijay Vasudevan, Quoc V. Le. 2019. AutoAugment:
Learning Augmentation Strategies From Data. The IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 2019, pp. 113-123.

Wei, Jason W and Zou, Kai. 2019. Eda: Fasy data augmentation techniques for boosting performance
on text classification tasks. arXiv preprint arXiv:1901.11196.

Christian Buck and Philipp Koehn. 2016. Findings of the wmt 2016 bilingual document alignment shared
task. In Proceedings of the First Conference on Machine Translation: Volume 2, Shared Task Papers,
pages 554-563.

Lu 1s Gomes and Gabriel Pereira Lopes. 2016. First steps towards coverage-based document alignment.
In Proceedings of the First Conference on Machine Translation: Volume 2, Shared Task Papers,
pages 697-702.

Jonathon Read, Rebecca Dridan, Stephan Oepen, and Lars Jgrgen Solberg. 2012. Sentence boundary
detection: A long solved problem?. In Proceedings of COLING 2012: Posters, pages 985-994.

Sagar Shivaji Salunke. 2014. Selenium Webdriver in Python: Learn with Exzamples. CreateSpace Inde-
pendent Publishing Platform.

Kingma, Diederik P and Ba, Jimmy. 2014. Adam: A method for stochastic optimization. arXiv preprint
arXiv:1412.6980 -

Guillaume Klein, Yoon Kim, Yuntian Deng, Jean Senellart, and Alexander Rush. 2017. OpenNMT:
Opensource toolkit for neural machine translation. In Proceedings of ACL 2017, System Demonstra-
tions, pages 67-72, Vancouver, Canada. Association for Computational Linguistics.

Michal Ziemski, Marcin Junczys-Dowmunt, and Bruno Pouliquen. 2016. The united nations parallel
corpus vi. 0. In Proceedings of the Tenth International Conference on Language Resources and
Evaluation (LREC’16), pages 3530-3534.

Liu B, Huang L. 2020. NEJM-enzh: A Parallel Corpus for English-Chinese Translation in the Biomedical
Domain. arXiv preprint arXiv:2005.09133, 2020.

William A Gale and Kenneth W Church. 1992. A program for aligning sentences in bilingual corpora.
Computational linguistics, 19(1):75-102.

Robert C Moore 2002. Fast and accurate sentence alignment of bilingual corpora. In Conference of the
Association for Machine Translation in the Americas, pages 135-144. Springer.

Rico Sennrich and Martin Volk. 2010. Mt-based sentence alignment for ocr-generated parallel texts. In
The Ninth Conference of the Association for Machine Translation in the Americas (AMTA 2010).

Simard M, Plamondon P. 1998. Bilingual sentence alignment: Balancing robustness and accuracy.

Machine Translation, 1998, 13(1): 59-80.

Repar A, Podpecan V, Vavpetic A, et al. 2019. TermEnsembler: An ensemble learning approach to
bilingual term extraction and alignment. Terminology. International Journal of Theoretical and
Applied Issues in Specialized Communication, 2019, 25(1): 93-120.

YQ“TL;ggﬁ;A%E%?%; ST XUTF 2020. 22 SKEEAT) 001 AT DON w22 A LB B T, [T TR 2244k (H
A :%‘“ )

Sun J 2012. Jieba chinese word segmentation tool. Accessed: Jun, 2012, 25: 2018.

ZLE, VLFR, N=ET, %%, 2015. TIP-LAS: — MRl bRE 2. UE B 24k, 2015,
29(6): 203-207.

Sennrich R, Haddow B, Birch A. 2015. Neural machine translation of rare words with subword units.
arXiv preprint arXiv:1508.07909, 2015.

499 - 508 2020 10 30 1 1
(c) 2020



HEESY

Vaswani A, Shazeer N, Parmar N, et al. 2017. Attention is all you need. Advances in neural information
processing systems. 2017: 5998-6008.

Guo J, Tan X, Xu L, et al. 2019. Fine-Tuning by Curriculum Learning for Non-Autoregressive Neural
Machine Translation. arXiv preprint arXiv:1911.08717, 2019.

Weng R, Yu H, Huang S, et al. 2019. Acquiring Knowledge from Pre-trained Model to Neural Machine
Translation. arXiv preprint arXiv:1912.01774, 2019.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. 2018. Bert: Pre-training of deep
bidirectional transformers for language understanding. arXiv preprint arXiv:1810.04805, 2018.

Lample G, Conneau A. 2019. Cross-lingual Language Model Pretraining. arXiv preprint
arXiv:1901.07291, 2019.

Han L, Jones G J F, Smeaton A F. 2020. MultiMWE: Building a Multi-lingual Multi-Word Ezpression
(MWE) Parallel Corpora. arXiv preprint arXiv:2005.10583, 2020.

499 - 508 2020 10 30 1 1
(c) 2020





