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Fig. 1 Encoder-decoder network model of RNN * Self-Attention
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3.1 R E

ASCF RNN % Self-Attention 55 [ KFH A K
XMUNMT JF 5 B P AE 28 1 1) RNNSEARCH £ 48
CF 3 fa#R - RNNSEARCH) | Tensor2 Tensor FFiRAHE
A ) Transformer 245 (T X & FF A Transformer)
HEAT T X HES2 88, 25 18 R WA L X L Y HA P Fh R G2
(A SRR T SCERC10 T iR R S 80

T R R AT () B 93 S 90 3R A7 0 L, Bl Y S

G BOE A FH 2N T 00 Bl i 4. D AT iR R CWMT
2018 AL A BHE AL , 20 WAL B f 208 FH 0 80080 an
1 FiR. 78 CWMT JRAAE A7, I8k 4 an
2 fiR . Hih 2017 _dev, 2017 _test, 2018_test 434l
Fon CWMT2017 yFF A4 A A CWMT2018 1y
MHRLE , 7340 R T i — 2 i W 7E RNNSEARCH 1) i
bty il i 5 A R ) ML R i — 2B S T B AR
M I 1 R 5 D R AT S I EE AR R
WMT2017 {3,

® 1 OARFERLEE T B Rkl

Tab.1 Training corpus at different granularities

N VIR I % 5
AR " -
AXECE EAEEK ABE S FHaK
=] 147 434 81.58 1 000 46. 21
i) 147 434 81. 65 1 000 44, 97
FiE S 147 434 99. 69 1 000 57. 35
F2 MEER
Tab. 2 Test corpus
Mk A GIROEE| SEHARK
2017_dev 650 143. 23
2017 _test 729 89. 66
2018 _test 1 000 57. 35

3.2 RS

A SCHE BB AL T 4% AN [ BE HEAT I 25, X3 2
PR AT I, 36 3 SRR T AN R BL B AR A [H]
AL AR 28 S, 8 B9 1143 T2 Moses H G AL
T H 13 3F Al (bilingual evaluation understudy,
BLEU){H.
3.2.1 FEIXERE

TR AT 55 Th AR SCREEE 756 1 799 3 FpeR
[ NMT #E8, 5R 4 B[R] 43 5w 4 il 1 25 L 7
%219 3 A BTN, 25 SRR

D VAT U1 R BN ZRET, 3 R () B3 R4
B2 BLEU {4 T 15%. X & i T #iE b A
I EC At A A R D) s R ) 2% 7 4% B4 B4 - T HEAT )
GyF, e T HAIE UE R o B R SO R IR 1 AE
B[Rl 5L MRS | [a) R, DU IR 45 04T
Y153 252k 23 I SO #5138 SUAR U8, T0 I Xof I 7
HORE I I3 SC, SEEOBGE- AT TR RIS i A NMT
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Tab. 3 Test results of Tibetan-Chinese bidirectional translation models

BLEU/%
1155 Y i
2017 _dev 2017 test 2018 _test
JELIX RNNSEARCH Rl 14. 08 13. 95 13.15
1) i 45. 50 35. 56 29. 58
+1d] 48. 69 45. 85 36.78
HiAmA 50. 17 47.85 37.22
Transformer 2t 12.68 11. 27 10. 03
1A 1 45. 60 36. 74 30. 43
+1d] 47.98 43.31 33.11
iR AA 51.74 48. 30 38. 07
RNN * Self-Attention Ay 14. 70 14. 21 13. 68
poibes 46. 09 35. 56 30. 05
T1] 48.12 47. 35 34. 28
HiARE 50. 20 48. 57 37.27
DU RNNSEARCH Rl 8.52 10. 96 9.77
1] i 45.13 62.71 33.31
+1d] 46.12 62. 93 34.78
[ Ea 46,75 63.13 35. 38
Transformer Rl 6.17 8. 68 9.01
1A i 43.17 60. 45 29. 07
Fin 45. 56 61. 96 32.50
HinRE 47.19 63. 40 35.59
RNN * Self-Attention H 8. 95 11.19 9. 80
i 45. 60 62. 81 33.39
T1] 46. 43 63.01 34. 33
HiAmA 47.29 63. 88 35.75

TRAESATIE R 2 2 08 SURRIE , S80I AN

2) LAIa)iE R U)ok B AT I 2R ) ROCR B B A0 T
VA 19 U153 R E Y. PR R A TRl T 4o b RE % AH X AR
ML LR B SR SCAR R, TR s BB 8% 45 4 b 7E AU A1)
X o R B AT iR R A BT NMT ZRBCE 21y
TS AR B B 22 1 SCRRAE. A SCHE H 1 RNN *
Self-Attention #RIZE 3 AN MR AE 1 2R 1A 15 2 51 Il
Ziit BLEU {H 344 B W48 7+, 5 RNNSEARCH #17
fF 2017_dev 1 2018_test Jia{4E 119 BLEU {EAH L,
SARIERTE T 0.59 F10. A7 N4y .

3) M 2 P T iR e e IR Y IR o O
AL HNZRE , R RESR T BRI T i, 3 AL RUZE RN
] R AR b #R A T Tt

) FEE R R U)o RS AT U R A L TR
GOMAFIRIZ) 3 AR BLEU {H54 B 2427,
W5 RGO AR L, A SRR HS TR R F & Rl il 1)
YR W TE 3 Fh WX 4 A9 BLEU {H 4 W2 T+ T
2.08,1.22 F2. 991~ A 43 s, AT WA SCHR M %) 1) it
CEWRPN U 2R E AL B i

1E 3 ANIHRAE b, [R]—Fokr B2 T IR AR A 72 2017
dev ASE L% BLEU fH iR, £ 075 &3, 2017_dev
MRRAE AT CCMT2018 FIZRAESA A el L O SRk 7]
DA I [ R F AL BRI ATS8R 103 B 2L
3.2.2 NEEE

TEDUE AT 55 b A SRR 3 Fh A [] A A
RIZ G, R A 4 FORRIVI S R AT 25, IFAE 3 Al
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WIRCR 78 3 AN IAAE B 47 20 A 45 S 1) BLEU
HIET 15%.

2) S B PEAR R] . AE A 200 Y BLEU fi
Lo 5 900 AR 225 5000 B L, DU B
AN TR U) 43 AW I 5 () A R A5 R B 4 5 A SO S 1Y)
RNN * Self-Attention 5% A Fb T RNNSEARCH #5
ARG ) L BA B8R T, BN TE 2017 _dev,
2017 _test.2018_test M4 I BLEU {H 4l # T

3) NI AR D) 42 AR FH ) BPE J7 sCAGHE AL 2
Je AT S5, [RIRE R a8 45 R ST , AT DR L e
W IR Y 4y 37 HL LA 1010 43 19 B RIOR L
A O Y 4T

A) FZE IR G U0 53 S m AT U SR 7R DU B
PRAT 55 b S AR, PR AR SCHE 5 3] il I v S f
H BPE J7 47 Y1 43, i 7 43 18] 19 38 Aty b 1) FH
A B HA WIS R O] it Kok i iy =k
79145, e W2 N T Ab B 2 5 3k 1) 58 4 1) & el fil &
AR, BRSO LT A R B SR an], LR B 4y
PRI v RS e Bl A 5 /A B 1) V) 45 1T /IR B Y
i) o T G A TR A A R T BR BTSN 2 3 TR A%
Bl i) F0 55 4 1) 1) [0 A8, 3 R Bl R il 4t T 39 S T
RNNSEARCH., Transformer #1 RNN * Self-Attention &
RUFEE AR A LU ZR8CR-AH LL T BPE A7 18 2 427t
Hr RNN * Self-Attention A YE 2017 _dev. 2017 _
test Fll 2018 _test M 4E /) BLEU {5 W42 7 T

Attention #E5AH [t T RNNSEARCH 1 Transformer #%
RUPTA BT T SR B AR SCHRE HS 9 07 ¥ A DU B % E 7Y
RORAS B ATt
3.2.3 Hti#F

N T HE—HE RNN * Self-Attention F 7 GEE
SE G AR H B i S A SO WMT2017 £E 304
PRAE 43 A A0 RN e PR Rk g AT S0 g, SR i
T2 4 BT AT 2 50 R 0L R UG 0 2% v ) 2 B —
B IR AE R AR 4 FrR. BARTETE YR SR R D
WOR B & 1) N Transformer & 7, {H J&, RNN * Self-
Attention & B A1 L T Transformer #8 H A5 & 2% fF
I YIRS = SR 3, AR A T PR I 25 th — A EL R
FOE B R REE Y, ANk 4 )i — 9 o . 7E R AR A 4K
PR U 25 B PR AR Y I 6 2 (04 1 24 Ik ] B AR K 22
i, RNN * Self-Attention #&BIZ K 2 F Transformer

1iAY, 5 RNNSEARCH #iRUAH H , RNN * Self-Attention
B A B e A8 B0 R4 55 1Y BLEU {E 5351 $2 7+
T0. 181 1. 20 N E 43 a5, 51 B I B #2145
BREAUAAT A v B8R S TRl I A 3G KA A% B, e %
A R 7 20 ] 5] 2 TR R G &R L TR A
2] B AR R R S5 R TR A SO e 2
E R A A .

T4 EHORAEFNREO IS R
Tab. 4 Test results in German-English and English-German

1155 FRAY BLEU/ % t/s

3%  RNNSEARCH 35.93 0.19
Transformer 36. 79 0.21
RNN * Self-Attention 36. 11 0.19
Bl RNNSEARCH 33.76 0. 20
Transformer 35.93 0.24
RNN * Self-Attention 34. 96 0.21

T o FRBURE A — U FE SR A - I ]

4 & &

AR SR X 5 Y5 B 1) 7 TR [ R R F 5 T 24
Gy RLEE INER DTk A8 3T s IR RS 3 A4
WG A R 1 DB 3 R — 28 ) 1]
0134 TR 7 1 8 X 7 ] %) 5 ) R, ke G 1) A
AT P R R PRDUE. (RIS, SEAPRATUIR] U 43 AR X 1o At
1) Fr B o 9% i B0 A i ) L, et 22 PSS A 14 0 5
e EEIRTE /51 G BUE RN il AN R
GRS, BRI IR IR R I E S A BRI S IR
. DNIRI TR AN [ AR 76 R[] A 7R AN [ 16 79 A £ B s
TSI IIE 7 CWMT2018 i Al WMT fl fiE 3L 4L
PERLIA) BT 55 RS2 a4 R I, A SO il T3k

TET— 0 TAE, i B85 A N RURLEE , 20t S
TR FE & 19 FIAlE 90 L (W] B gt , LA ROR BUE 22
(A REAE J& 4, b O rp (] 258 i o A, R B A SR B g 5 |
S0 IR 2 G it 5 U5 Bt (] R
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Multi-strategic granularity of segmentation on Tibetan-Chinese

bidirectional neural machine translation

SHA Jiu',FENG Chong'* ,ZHANG Tianfu',GUO Yuhang',LIU Fang®

(1. Beijing Engineering Research Center of High Volume Language Information Processing and Cloud Computing Applications,

School of Computer Science & Technology, Beijing Institute of Technology,Beijing 100081, China; 2. Key Laboratory

of Language Engineering and Cognitive Computing, Ministry of Industry and Information Technology,

School of Foreign Languages,Beijing Institute of Technology,Beijing 100081, China)

Abstract : Existing machine translation models are usually trained on word-granularity data sets. However, different segmentations

contain different grammatical, semantic features. Segmenting word granularity merely will interfere efficient training of neural

machine translation (NMT) models,and is particularly prominent for Tibetan-related translation due to Tibetan linguistic features.

Hence, for bidirectional Tibetan-Chinese NMT, we propose a multi-granularity training method focusing on syllables, words and

phonetic fusion. We also propose a novel NMT model within the attention-based NMT framework, where a self-attention mechanism

is incorporated into the decoder to capture more target-side information. Experimental results on CWMT2018 Tibetan-Chinese

bilingual dataset show that the translation performance of the phonetic word fusion segmentation granularity significantly

outperforms other segmentation granularity, and that integrating self-attention mechanism into the decoder can improve the

translation quality greatly. In this paper,we also use the additional WMT2017 German-English bilingual dataset to demonstrate the

universality of the proposed method across different languages.

Keywords: syllable words fusion; Tibetan-Chinese bidirectional; neural machine translation



