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Fig.1 Architecture of the Transformer model
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5.1 2B E

{F IR T E fairseq(https://github. com/pytorch/fairseq) ZEFIR 326G V100 #3E4T
PLE BRI ISR, ASCRM transformer big SRAEVEIEARAY, Jf HALM GELU ok
PREL. TEZRT, fliH] fairseq 1) update—freq #HE4™ batch & K token BB N 64000,
St e BIRAT 55, dropout ™ #E ¥ E M 0. 3, activation—dropout ¥ &} 0.3, attention—
dropout #EEEN 0.2, XTSI ENEITS, dropout #HiXE N 0.3, activation—dropout Fl
attention—dropout #WEN 0. Pratefi#fid Adam Lias, fEIZRiEd, DU BB
fHEF 0. 0005 fr)% 3] %, SENES—MBUEH 0. 0007 1% >J %, warmup &N 4000, 55 Ff
B, warmup #5441 E A 1000, 2£SJFA 0. 0003, X 4ESUER R, e {8 [ e 5 2] %6 0. 0001

FEFAT IR R — B TR . ASCIT RGAEMADIN, #Z [ E beamsize Jy 12,

5.2 SER SR 50

XFHEDORI AN S IRI R, #BArAARAE T 3 MR, Hh £ RS primary-a M HRIEE
B Be N2 iR ay, JEAEH] 3 MASEIBEHLAT 111 2545 2 BB R BEAT SR BRI 45 2R - XFEE &
4t contrast—c A BATEBMEMERMLER . MILRSA contrast-b Ay RAMFHTATE
BHNZ R B BB G5 J . AU multi-bleu. perl FERAESE it E AR RGHE T
T BLEU" M, 4 RIE 1 PR,

® 1 FERGARIESRHINRER

Tab.1 Test results of different systems in validation set

R uy2zh mn2zh
contrast-b 41.20 65.65
contrast-c 47.26 7151
primary-a 48.11 72.66
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RAAR 1 B AR BRI R, eIk best BABEATXFLE

R 2 NEABTERBIIIE
Tab.2 The scale of different types of corpus

TR uy2zh mn2zh
AT TR RIS 16.8 Ji 26.4 J5
Do PATE RIS 954.2 Jj 772.9 i
e UM D AT TE R RS 370.8 Ji 282.5 Ji

#* 3 TRINGRISERIEERNER

Tab.3 The results of different training strategies in validation set

VIR uy-zh mn—zh
RAEHPATE R 39.09 64. 75
A O FAT R 44.04 66.01
PPATERHR & AT E R 45. 39 67. 59
D PATIERIIIZR +

46.60 70. 79

e USAH L O P AT RHE & 4 E SRR P AT TR oM

M8 3 W LUE HE RN B 45 KA 5 OB, R R E R O AT iER

AUAT LASRAS b R A AT T R AT PR e o AR Dy P AT TR A b b AT T

RHESR AT PSR
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5.3 BEESHTH

R BEIEAPZH BT R LA 25 5 1 L AR AFTE R 2 B3] 1y el R, R 0 A S £
transformer big BIBITEFATIER} b, JEIEXS dropout™ "l BPE filt & %0 4> S % 45
REMRIX P I 3% 4 AEYEDURI AN S DU P A ] 30000 Fl& 0, ANFF] dropout H
gEL, R 5 RIEYEDR A SR B LAE A 4 dropout SUFHIBE T, /N[F BPE &4k
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# 4 AN[E) dropout SEFEIIEE AN L

Tab.4 Test results of different dropout parameters in validation set

dropout 0.1 0.3 0.3 0.3
activation-dropout 0 0 0.1 0.3
attention-dropout 0 0 0.1 0.2

uy2zh 30.19 37.91 38.19 39.09

mn2zh 52.83 63.07 64.40 62.73

% 5 AN[E BPE RAAHSHAWIEERNIAER

Tab.5 Test results of different BPE parameters in validation set

BPE B &% uy2zh mn2zh
1000 40.10 64.77
5000 39.97 65.37
10000 39.92 64.07
30000 39.09 64.40

M 4 5 paf DUA H, Hh sy i BN ZE R E Z MAAHZEE K. 28 /&Y
dropout A1 BPE filt 5 1 19 A 2 ek 4 PR AN 52 DURH AR AR BRI 2o L s 1 A 3%
KEIFEM . SHE BRI A B, SIE ) dropout AT AR FHEFHEIRE &, 1& MH/ Nl
ERATRERRIUEL . ASCESLIRAE SIS BRI dropout B2 HUATIX B i 1)
WHEBKA AR, EENTERMBIEA RGBS BRI, AN b AEH
transformer_base B S IXANF] A Z I ROR -

6 4518

AL EE@T AT dropout A1 BPE fili &40 NS B MK TR SN LA EI1E 2 i WA
PL R AFAE R AR R RN ] () 1 @8, I ELAS B R19E, J8 e 29 B S k) A Rt ) 0
TR AT R IR B MR T T AR TR Ol T 4E DRI AN SRR R I i i
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Research on key technologies of neural

machine translation with low resources
ZHANG Wenbo!**ZHANG Xinlu!**,YANG Yating'** ,DONG Rui'?

(1.The Xinjiang Technical Institute of Physics & Chemistry. CAS,Wulumuqi,830011,China; 2.
University of Chinese Academy of Sciences,Beijing,100049,China; 3. Xinjiang Laboratory of
Minority Speech and Language Information Processing, Wulumugqi,830011,China;)

Abstract: This paper describes the overall situation and technical details of translation evaluation
tasks of XinJiang Technical Institute of Physics and Chemistry Chinese Academy of Sciences
participating in the 16th China Conference on Machine Translation (CCMT2020). In the evaluation,
XinJiang Technical Institute of Physics and Chemistry Chinese Academy of Sciences participated
in two translation tasks, namely, Mongolian-Chinese daily language machine translation and
Uyghur-Chinese news machine translation; We use the parallel data provided and a large number of
monolingual data of reverse translation to train the most advanced neural machine translation system.
Then, we have adopted the most effective techniques, such as fine tuning and model ensemble, to
improve the translation effect. We made a detailed comparison and analysis on this data set.

Key words: Neural Machine Translation; Low-resource language; Back translation;



