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Data Augmentation Methods for Tibetan-Chinese Machine Translation Based on Long-tail Words

KALZANG Gyatso, NYIMA Tashi, QUN Nuo, GAMA Tashi, DORJE Tashi, LOBSANG Yeshi, LHAMO Kyi and ZOM Kyi
School of Information Science and Technology, Tibet University, Lhasa 850000, China

Tibetan Language Information Technology Ministry of Education Engineering Research Center of Tibet University,Lhasa 850000, China

Abstract The existing Tibetan-Chinese machine translation corpora exhibit significant domain data imbalance, resulting in incon-
sistent translation performance of trained models across different domains. Back-translation, as a common data augmentation
method, enhances model performance by generating diverse pseudo-parallel data. However, traditional back-translation approaches
struggle to fully account for the domain imbalance in the data distribution,leading to limited improvements in translation perfor-
mance for resource-scarce domains, even as overall performance increases. This paper proposes a strategy that involves an in-
depth analysis of the distribution of long-tail words in existing corpora,and targeted selection of monolingual data using these
long-tail words from the existing Tibetan-Chinese bilingual corpora. By generating pseudo-data through back-translation, it per-
forms data augmentation. This strategy aims to improve the overall performance of Tibetan-Chinese machine translation models
while enhancing translation performance in data-scarce domains. Experiment results demonstrate that by fully considering domain
data imba-lance and incorporating long-tail word data augmentation, the translation performance of machine translation models in
resource-scarce domains can be effectively improved, providing a targeted approach to address the issue of domain data imbalance.

Keywords ILong-tail words,Data augmentation, Tibetan-Chinese machine translation, Domain data imbalance

Bl & TR 2 2] BOR B PO S, B AR TR AL BT A AR/ UL 1), R BOBOE A A R A XA TE AR E
TANIEH B X R TRMABEIR A BUR A AT 55 o R AT A 00 Tl e T IR Bk . 7E LS A
TRBFR SR AL . SR, 7 B SN T v L BN A AR 2 0 ) A A I LT AT) X 8 ok L LR 50 3 o A S R B AR T
ARG BB A K R KRR TER B L2 RRASCHEI R B A UL A1) 0 T A 7 W] Y 43R
T B HOHE o R A K 23 A B DA A3 T A S B B BRI KR AR S . LR o RN AR T R 2 A R R AT ]

5 B 97 :2024-12-18 3R 4& H B . 2025-03-07

B4 H G — N R AR E R TR 0 (20222D0116101) 5 I 58 H AR RE 2 3 4 T 50 0 H (62436006) ; P4 6L H A X H SRR 0 4 T 50 H
(XZ202401ZR0040) ; P A 1A X A 48 3 4T 1390 H (XZ202401ZR0031) 5 [ 58 H AR BE 4% 3 4 5 4R £ 42 (62406257)

This work was supported by the National Key R & D Program of the New Generation of Artificial Intelligence(2022ZD0116101) ,Key Project of
the National Natural Science Foundation of China(62436006) , Key Project of Xizang Natural Science Foundation (XZ202401ZR0040) , General
Project of Xizang Natural Science Foundation(XZ202401ZR0031) and Youth Fund of National Natural Science Foundation of China(62406257).
BAEMEE e AL (nmzx@ utibet. edu. com)



e SN L 45 5 TR AR 3 A1 A SR DUAILAS 35 00 1 ey vk

225

o 8 U A AR A L TR HE AR B A TR B
A A AR 3 o Hhy T I S R AR 3R] 3 7 T R R R B R A
FR 3 LA HC 94T AT 8802 ST FNZ AL, BRIt JHG 7 AR O 45T 1Y) 8 %
PERERAK

U Sl AT AN ST 118 S A DI 2 O P, A TR 0l 2 1)
FEA TG AR B0 BRI 5 AR Y B Al
T2 T2 R e R U A B A N 5 AR e A ) T A B
B A ST T 6 B0 A 0 4 BN B L 3K A B 4 A )
P R R A T 16D R S I B TR R PRI A R R RE ST
2 fph -2 o i R U A IR o TR JRR IR AT 55 b, 2L ]
JEOR G o R L AR TR B 24 i 2 L ol AR T A ke BR o
TOREAL g ST BRI S ] U A KA R I ) R A oy
A7 30 TH I S5l 2 B0 4 Bk 4B SBR AR 3 KU ) A A PR A

i phe AT S I A A - A ) 3 A B SR AT R B T A 5K
W o LA PRS2 B 4% 4 T 2 ) 2% AU A5 1R o AR, |l TR
I i B AT R AY BE 2, HLAS B R G TR S U Y R
BUAEAEAN AL, 35k 2 SRR B IR0 AT AL 0 380 036 T MIFs 14 2 B
Wz — . BUA TR 2 AR P TR T IR A I S 5 e A R
2\ 2 S U BOHE L A A R . 3 O B A A 3 A 5 O
BAE I 2 B i 1) XoF 5040 =2 0 00 0 IR R AT 2% T L 45 78 K
A v AT O3 A1 Y7 B 2 1R R R BB M SR L AN 2 TR .

A b 2 B R A T R 2 T softmax 19 58 U 45
R PR FLR BETE 20 25 I8 USROS 1O R S Ak . 28 SO 45 Ok
BRBORE — A~ 2 031 B B A LE R AL R H Al 2 0 B SRR A L (75
BN 1 2% T3 e i T R A B AR S T A R k2 T (SR
AR 58 ) o B TR o 3 T Ao R TR 4 O Y A gk — 25 e 1 43
SRCHCHE P O 249 A 1] R ) 33 A R X R 0T 2K ) ) < ST

JHln 5 2

| M

BT YRR B0 S R e S A B UL I

Fig. 1 Visual distribution of domain data in training set

g

ik

B2 IR AR rh i U 4 A TR 0 R

Fig. 2 Visual distribution of domain data in test set

X 1 Jal 0 A S A [ L, BF S R T 2 b T vk
BT RAET R RAETY LA RGER A 2T AR B A R e A
B AR A R Y PR R L R e e M BTz R
J2 B T A5 R R B0 AT RGE R 22— T R I 4 B8 B 22
P DATIT 412 55 A5 Y ) 1 B AN EZ AL RE 1 872 N T S AL
BE SRR T AL B AR A . R A SR ARl A X R I 2 AR
P BEAT — R H AR e, A CE A ARV BLEL S 52 4 A [ R AIE 9 8 A
A FRIETT AR RIUNGE RS ET LS T
2o BA F R RRAE 1] i AR G 10 A KUBS: o 7R 3T ST LA e
T L B YR 1 R D7 VR LA TR B B L BN L4 i B AN
PR AR TR B ORI AR B L R 55 D5 1 8 L A (R SR
e BEALE A BEHUMBR BEHL AL 7 AR s ) S5 4

AEAIL A I 98 U0 0000 0 088 B R AT By T 4R o A B X ik =
XU A X ) 4T RN )32 AE RE 7 020 X 45 5 I e A Y i
JEEAR A, (A 7Y B A48 O 4 3t i 7 R DL e ) B R R e A
J PR B S B T A e 5 I GREE AT SR B iR
T i f5fe 4T 45 Y 3 AT A7 T R R LR BB 58 0 45 5 AU
0 AN A5 B R S AR A B M L I R R E TR
FRAR

MR Zipf G H A KR ) Y AT 5 AR L A 7 4
G AR HH B TR LRE . AT R AR B 3 A AT B
T4 7 KO A v A BB S B O O A RN e B AL T A
XEPERHE . BE T A SCER T — b R T R i AT R
WSRO ik . I X Zipl MR K R R 4 A 1 TN A BT, A
B o 1A ol ) P B I R R 45 B R U vk L R
T IR N R B o X — SRS S (I R T TR Y
R B E B L3 AL T R B T TR A B 4T 432 fL B
WF T 45 R F W] L 25 4 1< R 1) B 08 38 5 7 15 R 08 Ak Dl 513K
B AN S A 0] 4R A1 — AT AT L oo R0 B0 SR TR A 9 R T
F 0 5 A ML A TR 9 USSR L P

1 Zipf 2 HERKER

1.1 Zipft 5%

Zipf FEHE K EHIE T % K George Zipl T 1932 4F 48
At 7E 5T 0% SCERL IR R B SR A e B L 0 A O B R
N e B HE P B, AR R 5 HHEA - B R R L
KRN (D iR

fot 0

Horpr, s MHEIET 1.

BB AT ARG S B8 0 A b i 72 18
T H A AT 1 B A A R R T Zipf 4 A i 5 5
P, fEWF O Zipl E R B TS RBNETFIEMN
BUR ., B IA) (AN the” 5 “and ™) B8R P 26 458 /b (HL 7 28 i o
AL BT R ) 3 AR TR R U S T R R IKRE
T AR GE Y IR 2o A R O RN SRR L Y
(i

by 2L 3 T S T A U T A 3R T A0 A AL B AL
PRIE T B2 VBE A AT e SO RUE A 4 A SRR Y IR & 30 X
S G GRIED VA6 (B ) (6 (e 30 (i 6



226

Computer Science THEHLELZ  Vol. 53,No. 1,]an. 2026

CBE ) HEAT O AT ML S 7R A 8] 8 T 7R o A TT AL 45 2R T
VLA s 4 A G0 i3RI 23 A5 SV B 45 A 4 R 0 A LA < 7 )
AU v IR 32 B4 A E Zipf B 2k 1 Sk 3 X 8K, i A
Ep AR il T Z P ER® ., X—HE53HA]
B P — B E— 20 e T B B DU R R A TR S RO 7Y
IO AT LR AR TE 3 22 5, ELYE U A TR R I A
SR R R . I IR R 2 4 T K R 4 B4 i 18 58 07
B T A LAl .

1750 ~— Transformed Frequency(Scaled)|

+ Buddhism Words
1500 * Folklore Words

= * Medecine Words
% 1250 * News Words
&
5 1000 !
g {
S 70|
g i
1
B0

20 |

0 N oo

vd CREPL S G
Words

7 : Buddhism words $§ 2% 45 3 i . Folklore words #§ {4
5 98 25 45 15 37] , Medecine words #5 B2 2% 4% 5k i7] , News
words $& ¥ [ Gk i
B3 B TR e o ) S 1) A 43 A il 2k
Fig. 3 Word frequency distribution curve of Tibetan dictionary in

existing corpus

1.2 KEiRA

KRR A R R ) B R AR L E T R R 3R
SE 0 I B B R O SR R TR . 3 23 T 3 L T R
WA R R Zipf AT — A EE A AR 5
TR [A] K 2 ) R 4R Rl e 3 A RO R L (EL AR 5 B B )
S BE DR 7 TR v 22 B 2 e A3 T R AR 3 0] A )
MR TEIUA Y 9L DURUE B 15 R L 4 SURUEO A7 78
BRI A G s 4 R .

" ok

£ #i

s I

] |

|
| w,
| ¥ R
|
w / %
|
|
|
|
|
|
| ’—’_}_'_Y_V
1 Fryen

B4 IR UL TRk Y 45U 43 A R T
Fig. 4 Domain distribution visualization in the existing Tibetan-

Chinese bilingual corpus

TERFE MBS R ) A3 A 5 50 i A B0 TR
Ko PN T B 2 U A TR b0 JULRE 287 B AR B K X
TR A AER 930 18] T B R A O AR T TR VR R SCAS v L 5 ) R B 7 B
“iE A AL AL R AT B A A IR . XS RIE T — R
R T R g 2 ELAE AT 55 o A R R R AT
EH

KR ) 7 4 B B T AP A A R B O B YR X

55 BRI R ) O3 A HEAT R SR AT L EE R IR
AR R A - A TR R T e, E S gt T KRR
PO AT 258 53 A B R o 8 TR R RNIL ik 14 HG 1) 3 ek AN [ 4R Y
R BT 1R, R B R ) 7E R E A0 R R i o
A MU AT & 4 R AW, B S AR 43 6] 78 450 0 56 R B AT
S5h BN Z L TR . FE 0 R T O B K R ) HE AT 4L
a3 o, N U] LR T L R A R E S A0 B PR P BE  OF fE
TE— BB LR TR AL A R R R, BRSO 1 Y AL
R RE R B S AR SR AR R ETRE
T B4 BT R HlE 8 5 B M R AR e SRR R S Al ) ARG
— AR ERE.

2 ETKERNHEELS

2.1 KEWEKIEERRELENHEK

N T RN ERT SUSEE B AN A TR) R, A S S S i R
PRR LY Zipf 35 505 R4 T AL TR R 40 T R AR i AR
WOARCHEAT ORI . AR5 g3t 1 7R R 20 i i i B
ANT 5 WD BT, I T ax 24K R 1) DA L S R 2 4
BT A X SR A DU A T XY H RS TR
W R AR A B AE R E U b ] RE LA TR U
FH B TR, 3 e 4] Y138 5 7R 40 2 450380k A 1 260 TG 3 AR )
RKIKIIHE.

AT d CCMT2023 42 44 (4 i 13 500 J7 2% L1 4L
o AT OREE 1 BT R RO X X SRR AT T R E
N2 B i K B Y ) 7 S A T A TAL PR S B 330 2
S5 0T 0 R 10 ) T 8 S O B N S L R AT R I
%,
2.2 REEFER

R B AR R EE AN TR
H A5 & 09 5008 Z00% 30% 0508 5, LT A 2 0L A7) X
H A HLTE T 78 00 A BB B0 00 2 15 1 ol 5 =l R
TR T B L SR B R k. R
B REAEALAS B0 AU IAT B) T 7 6 L R B R TE A IR R
B TE IR TS A R R E AR BE b 1 SO R R E B . 8
dRmBEEATUAMPEARE ETRIEHERRIALES
B AR AR ., Bk B R G AR R R U IR BT i R
B AE g — Bl A Ron Btk g o T B, S B R E 5 AE
ZWGFEA RE THEREMZAGR D, #FMETA T
P45 SR Y A

TEAR LI P E R AE R IG 1Y 140 £ 7 4% 0B 7
7R Al b, A Transformer(Base) £ 81 1| 2k 101 3] 5%
TH A S ] B R Y, i BT AL O S S Y BRI s A R O XL
EHRARRAL T SR, 25, X CCMT2023 24 500 £
J7 2% DU BRAE HHE HE AT AL B L Pk ik Hh 330 2 AN
WADLUTE IR A T . B S R I S 0 08 1] 7 O A
BB 3 26 00T BT R) 1 B R X N Y R I ) 1 A A
N B4 B 3 A X
2.3 RIEAIMIE

T 52 FLSPL T B0 R 2 ) 9 28 ROR AL B L #E— 24
T BB AT, N T B A A KRR AR AR SR



e SN L 45 5 TR AR 3 A1 A SR DUAILAS 35 00 1 ey vk

227

Similarities T. 2" , 325G A 3C i8] m) S, XF 330 2 U7 % h
OB AR AT O 3 . A SCHY B AR SR X SO At h kR 5 K
R A S A v 1 ) . DT 4 A A AR 7 R B 4 1 B
RE . BRI L w SR R AR i) AR T A T 1)
R L I T K 4 e R A AR P

XA T 5K EBRMAACE, 3Tk, R
a1 AT 20 AR o3 O ) 7 2R AT HETR L 3 A i B AR R
i e H FR A SE ) P . X )P R, 5K R R D TS B R
) B P S 3 L I A RO [l 43 i 7 4 BLIR R 30 T 4%
50 J1 45,100 J3 % il 150 J7 4%M)F.

S 3 : I PRE
Ee AN :
KR | . T
i 4 3; ;E | : | : & RE |
ek L] . | -
: B4 T X | : #® P | | TE%*%:;
———————— 4 -t , I T
[=—=—=——==-= f | !
' | redeen g
! | ! ! L
! | G b #
! " ®x-#& BEIER
[ S | |
I___%_LX__} “““““
5 34 R IR A% B 3 0k ik A R A R

Fig.5 Overall process flow of data augmentation based on long-tail words

T H R I LA T A R A B A S R IR
T 80 5 0532k o 3+ B4 R T AT R L DT A R Y B U )
Xt o 38 i Ay A A B Y B R SO B 4 R B
XU E A 58 TSR EE gk .

R K 6 5E o S 1 R A 4 P LI R 5 TR R
BTSSR — A& R SGE A il R, X
AN 58 B D R AR O (LS T R Y R B A T B A AR M
B TR R R A R R N R S R L B AR B R R T
SN R BRSSO Rl — AR AR SCHEOET I 4R T LA
BEAR AL JF 7R84 B 4R B AT, HE— 2P BT T AR AL TR
R SE U Y B PERE . B MR AN 5 TR .

P T AR S 8 ) B R T L L S U ) X 2
522 I B R BB X 457 SR TE R A 3 OO SO A X, — 2 R B R
T AR LR R I, B AR SO ] — & 5 i 5
BRI EAT T VAL, I 50 50 45 0 5 3% T R AL Dk 1) B0 1 K
BESROT L AT T AL

3 EWIRERKRBEE

RIGIHE
AR A I EFE— & NVIDIA GeForce RTX 3080 fi
£ B TSR, i AT SE 3 5 F Transformer™ #5558 g 47 3|
S B SR SR D 7 ARG AR B A 6 R )E .
2 5] HBEE R 0. 015, FEAEEL 45 25 %%,
3.2 ZWHE

S 38 T FH I R 500805 42 oK U5 F P BUK 22 R CCMIT 2023 4F
BB AL A 140 S50 RUE A% . Hedb PR K 22 1 5L
ol B2 2 b2 R B SR U N A, S AL PR S
MU 1 7SR A S UE4E L T Y 130 2 07 4% A R il
gRAE . ARSTET A Y BT R Sk R T CCMT2023 I
BIEE. AL —-RATAHE, RAHRE T 330 £ 1%

3.1

A~ =N
&b h

D https://github. com/shibing624/similarities

Sy YA T TAR B A AL AE A [ 450 0y M B L T A 4 R
5 AN ER 43« 2 U 3 B L AT IR L 2 L O (AL 3 LY B
P LTIEAN H R D PR ) (9 I K4 A CCMT2020 % 3iE 4E .
BAGU A L F 250 & AR, IE 1000 AT X, CCMT2020
T E A A Sy 30 650 3 1 00 3 AR 5 B 20 4RI I 4 700 k)
XiF s HE HIE AU 4 500 A% %t BB 138 (DUIE H 52 Bl
T T Y B ) MK 4R 500 4%, X SR AN (N T
T B G G T Ll R T RN E 0 B S PR
PR Al A5 B 110 11 5 R BE PPAN BRI T R IR RL R IR . SE A
TEX 5 MR B R B AT IR AG . B A T R ELTE b
FIUAS [ 4504 A 1 B R A 55 I 9 R B . X b & T Y AT Al A B T
B 3 SNSRI B rA d B E N o 2 A 2 7 I 54 i
R
3.3 HWERMBEIERBG

Transformer- ' BiHI iy Vaswani 25 7E 2017 4F 41, H &
o R LR 33X AP L ) Ao AR R T AL B AT B O
Pee A 7 AR N R A= T U = R = WA s i W R e R 2 R 1
A3 B BEAS T 3R OCTE B 4 8 0 A L B 1A ALY
WA 7 R AT . X AL A A5 B A i AL B AT L3l A A R
Xof i E P TR L DT 52 0 T AR R 19 R A R 3R A e

Transformer # B fifi | 2 4~ i & 71 3k (Multi-head Atten-
tion) , B> 3k 2% 2 O R 19 U B D B, 3% 28 Sk 10 L bl BE
fE—E, JF il e VAR e B R AR . AR, BT
Transformer 4% B AN & FF 4 09 07 845 8., BB RIS A T 57
B R 3 B2 2 P B T A5 B . Transformer 5284y 4
215 T ) 288 3 0 2 B G S 2 00 B0 0 B AT B0 G 1 o —
A R SCER AR A & A AN R SCERAR AR E AR IR A
ENLER BIRAT 55 R & ) T 200 g 0 8 A B8 AR B R S
Fom RIS AR IZ LT X R ERAREFTN T, B
FJ2 CAnE T AL AT 28 R 4 4D I A IR N T Bk 25 3%
e, DA s I R 2 W 4%, e ah )2 03— 4k TR e I 25



228

Computer Science THEHLELZ  Vol. 53,No. 1,]an. 2026

TR T A A B A5 T A 05 e 2 00 45 A o L S M
Ab PR PP HITEER IR TR AL B AR L P AR BE ) . Transformer-
basese: H il foc 8 ]9 457 22—, PR g 30 4% AR Oy 6 Tl A5 TR0 A
BHSHINER 1.

2¢ 1 Transformer(Base) &%

Table 1 Transformer(Base) parameters
Transformer Base % ¥
Hiden_size 512
Feed-Forward filter_size 2048
num_heads 8
num_encoder_layers 6
num_decoder_layers 6

A SEIN IR A= RO TS QA e St L i W
TR A B G A Y R HE A T A AT o R A A AR
Transformer "1 F 1% 486 X 057 ‘& 4 5 JC 1% 4ifi 32 )7 1 22 [a] 1) 4
XL B G AR TN £ 1 ok 0 0 T v FE AL BT 55 P L A N
0B G B 1) A E e 4 AR AU 1 B R PE RE . AR SCHEAT T B G
Tt ok k11 i Y B M e X bL S, OR A B AR B kAT T
ik .k 2 o,

2 AH XL ) I S A A 1 R X G
Table 2 Comparison of model performance before and after the

improvement of relative positional encoding

- BLEU f&
AR AREFE ¥ HE
o3t L E G D 49. 49 13.18 2.24 0
AR ALE A 52,324 12.75  3.864 0

Ve A FORHEREA LT
SR L BR A S 27 U A L A I 3K 4R 24 7 AR X7

A ECHE S S T AR B MR T . A R e S i
b PERRER IO W3 . BRI, BT A S5 1 7E 0 ) Y A )
A8 i A HE SR T #EAT U1 45 .
3.4 HEAES

XF T 4330 R G 9B SCA A VG 8K 4 R T B-LSTM Fi
CRF %54 W53 18 R G Y #EAT 4318) By Tt X R 8 3¢5 5 1)
BEAT TR AL (38 T b B O A 4 RO SO B | M B A
o XTI SCCA A S ] jieba 4318 857 SEAT 43 Ak B
3.5 EMIEER

ARSI g % A BLEU {EAE R PG F8 b5 , I L 4-gram Sy JE
#4735, BLEU i Papineni %27 F 2002 4E48 . & —
Ff i T ML 4% 8113 (Machine Translation, MT) 35 # 48 #% ,
FH T A e L3 A ARG B 5 2R 5 25 TR 22 AT A R B
BLEU {H /315 3 F n-gram A9 VS A — AN FET] A 7, Hop A
R -4 25 TR R ) - 00 TR o DR Dy B AR B D R T AR
B, BLEU EREREY 0~ 1, BT 1 Rox 4% 3
BREE AT

4 LWERKSH

4.1 KIGHER

T B UEA SCOT v B9 TR FEJRAR ) 140 207 4 0
B FE R T 38 2 B RO B AR SO 5L 4 BN 330 T3 4%
BAERUHE TP BB 50 7 45,100 J7 450 200 T3 A KR BE AT I
B, B 2R B0 P B0 B d 5 R e B Al A L R T A A
WGk, N T PEAL AR Al S 8Os R AT T 28 LI, 5256
iR 3 fral.

# 3 (Al B A e A5 2 7 P Rl b i BLEU fE

Table 3 BLEU scores of different models on test data with different datasets
%

) - BLEU &

o i [E ¥ 0¥ oE LR 2=8 L4 2020 % &
Sk & — 12.75 19. 35 11.08 11.45 52.32
+ 30 F 4 i AL B % 14.91 19. 66 11.53 12. 34 50. 94
Cth B4 KXk 15.454 19.87 4 12,954 12.94 4 51.52 4
F50 54 i ALk 15. 81 19.31 11.25 11.97 51.40
Py ) END S 15.884 19.79 4 13.06 4 12.68 4 50. 94
+ 100 7 % AL Bk % 16.97 19. 29 13.39 11.84 49. 83
348D AR X Tk 16.71 19.454 13.69 4 12.67 4 50.334
+ 150 7 4% i AL B % 17. 34 18.88 13. 80 11.98 49,21
3 48) A X T 17.57 4 20.52 4 14.914 13.634 49.42 4

T A REME A TR T

4.2 HERFW

SRS WY A R B A R AR SO I AR e
BRI A | I AR N £ U A 1 R S R
BLEU {8 , 5 BHLIM B A0 s R B . BROkR B 72 240
AR L 2 BRI 30 T3 4% .50 T 45,100 T3 £ R 150 7 4%
P it BLEU {43 9148 T T 0.6 S EH 4 #1.0. 71 A~ E 4
L0083 ANE AN MR 1. 65 AN E A, MR 150 J7 A& PR
Pt BLEU {81k 5 5 . M 13. 63 % . 8RR B R #2711 2. 18

D https://github. com/gyatso736/-Tibetan-tokenizer-

» https://github. com/fxsjy/jieba

ANE S FEHLEE DRI A VR i AE R 4 Y PR SO
BLEU fE4r 42 T T 1. 42 A H 4582, 1. 81 AN H 43 £1.0. 3 4
E AN 111 A E 4 8,150 J5 4O 8% F A9 BLEU fH 15 5]
14.91%, LR IR SRR T T 3. 83 A 20 . H % 1 i
£ BLEU (G043 542 TF T 0. 21 A E 43 45,0, 48 A H 40 4.
0. 16 AN F 43 xR A 1. 64 AT 43 a5 AEWR AN 150 J7 4% A B30 B
BLEU {3k #l45  , 4 20. 51 %, LR ECIE 4R T+ T 1. 17 A~ F
Oy R BARKE i O BOE S RGN AR SO R AE A TR



e SN L 45 5 TR AR 3 A1 A SR DUAILAS 35 00 1 ey vk

229

4 1% BLEU {H# R F B R IR T 0yt U H R A 2 G
LR TR L O B, X — 25 R UE T A S &
AL BRAS T 450358 B R AT 55 b i AT ot I 2 A 0 A B4
SR 0 P RE R T 1 AR AL T YIS R AT R MR R O

Xof - B 2 AU AR L S U N 30 U7 .50 T AN 150 T3 & th
AR BLEU {E 43 B3R T T 0. 54 AN H 40 4.0, 07 S FH 4 4
0,23 AH 4F 8, SR ETR N 100 7 4% A BOHE ), BLEU
R F T 0.26 AN E Y E . X T 2020 B4R, BARTEIR
JnthEdE 5, BLEU f A48 T 5 46 4080 A B R B, Rl FH A S
T EEAE RN 30 77,100 J3 A1 150 J7 £ hEURE i . BLEU {845 &
FHAMLI Iy 1 o X R, KA 7 5 e I R £ B mT
AE T 0P BB TR B E A SO R TR B AR A3 AR AR BE BIL A Y
7 LA R X 450 Il B N S A Y ) R R B T A 1Y

ot B AR 7 HR AT T PR RE T AL . NEE 6 R AT LA AR S
T7 A 2SR IR | O CH RO MR | BE 2 I i 42 A e 5
FUHE GBI ) DU 46 b 0 28 B0 3 0 1% 46 19 I 1) 380 035
Fik.

1o

BB Oy %
135 * AXT %

130

125

BLUE 4

120
115

110

210f f
17+
205 3 { /"
i E 4
m 200 - @
) L S15¢ )
2 195 ,/\ 2 ot y/
At /"
190 ‘_h\ : /
13: /

185

R S S
LS S RS
L I S Y
A

&3 p &3
(o) 2 R 4R

16 f 525¢ "
- 14E —“ < 8151 ’ “
B — & 510 - N /n
= B 4 2k \
At @ 505 ¢
12 — / 500 ¢
I E NN
; 495 S
10 190 - : : - !
@& )@,@ &@ﬁ\ %@ﬁ %@@\ & %@ﬁ\ %b@ﬁ\ %}@ﬁ\ &
R S e
&3 &3

Cd) HL R i )3 4 (e)CCMT2020 % iF 4

6 PIRN TR A2 AR AR b M RE T RLAL R
Fig. 6  Visualization of performance of two methods on different
test sets
£ CCMT2020 B4R I % M g 48 5 I 1) 8 P8 5 A i
R, BRI JE CCMT2020 32 48 14 450358 43 A 5 J Uk 40005k
WAV FUUA IR Y BLEU Hi5 8 T 52.32% . %% 4k

SRt o S 1) B3 AR ARG D XU Bl S I T 2 s, S5
PERE T M. ST . A CCMT2020 I3 4 [ iy 4% 5 ] 3 4k 4]
LI 6Ce)) T LUF L B TAEER AN 50 77 2% D B4 i 5 0L T
PERE IS A T i 2 S A SO A TR HAl O BOdE 1 4 B AR SR R B
LT A% 2 S 1) B R BT RE

BRI ASCHTIE T ECUPL & B3 2R G A IO X 4T A 40
I Y155 172 AL T e B 0k A5 R A B B o RV B R DAL
i 5 AR R AR IR L BT 4 B IR T R U 2 RE K B 4
R B OR BB L B BT OR AR R L H R
2 55 BT IR IBE 2 09 R AR U R T B 2 A G BB A UL A X
L SRR AR g o PR I R T A 5 S 5T 1 R
BEPERE U] RN, BRSP4 1R Bk > R RSHL A
T A 25 VI R A i DA ) A

i — [ B, AR SCHR T — R T AT R Zipf
a3 AT R Tl P A SRS o T A A BN o I A R R AR Y
BT YR AT B 3 SR B AT B TR 4R T T T R B A 3
O A o () T 2 A5 R 7 A () 53] Y R RE ) R 22 .
SEEEE R BN 5 AL TR BEVLECE 2 IO IR AR L AR SONIATE
Hif B K Z S % E A BLEU E3 4 B & =7},
SN i T T ALAE 330 207 SR HUE EEAT I, HL
R A 5 £ 1 106 2 B SR R SR OC 1 B R Bl L - E R
R T BR R 2 R L e Ah, BEAT R B Y ST A AT
IR FE B R TR R AN BOR ST, — R L2 T AR A TE A
e B TR ATU ) P BE B — B R T

JSAE AR X AL G B A L 2 X 7 B g A% T R b AT 4
T ABATE A7 22 I 5 NS00 B g AR AR — B, S BRI fRE
DI BRI IR R . T . e % 57 B g B 45 O o 1Y 2 A 7 1k R A%
AT S 3 — T L AL 32 5 i R ) AR SR X ik 28 5 3k BEAT TR
ATV o Ak Y TF 08 AR IR T A0 T 22 IR OG 114 B0
B 10 W AR AT A B 2 B S5 PR A 5, HE— 20 S TR A
A SCTT 1%

2 % X M

[1] VASWANI A,SHAZEER N,PARMAR N,et al. Attention is
all you need[ C7// Proceedings of the 31st International Confe-
rence on Neural Information Processing Systems. 2017 6000-
6010.

[2] DEVLIN J,CHANG M W,LEE K,et al. BERT; Pre-training of
Deep Bidirectional Transformers for Language Understanding
[C]// Proceedings of the 2019 Conference of the North Ameri-
can Chapter of the Association for Computational Linguistics:
Human Language Technologies. 2019:4171-4186

[3] BROWN T B,MANN B,RYDER N, et al. Language Models are
Few-Shot Learners[J]. arXiv:2005. 14165,2020.

[4] TOUVRON H,LAVRIL T,I1ZACARD G,et al. LLaMA: Open
and Efficient Foundation Language Models[J]. arXiv: 2302.
13971.,2023.

[5] TOUVRON H,MARTIN L,STONE K.et al. Llama 2:Open
Foundation and Fine-Tuned Chat Models [ ] ]. arXiv: 2307.
09288,2023.



230

Com puter Science

THEPLEE Vol. 53,No. 1,Jan. 2026

(6]

7]

(8]

L9l

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

JAPKOWICZ N,STEPHEN S. The class imbalance problem:
A systematic study[ ]J]. Intelligent Data Analysis, 2002,6(5)
429-449.

ALSOHYBE N T,DAHAN N A.BA-ALWI F M. Machine-
Translation History and Evolution: Survey for Arabic-English
Translations[ J]. Current Journal of Applied Science and Tech-
nology,2017,23(4) :1-19.

ARIVAZHAGAN N,BAPNA A,FIRAT O,et al. Massively
Multilingual Neural Machine Translation in the Wild: Findings
and Challenges[]]. arXiv:1907.05019,2019.

BAZIOTIS C,HADDOW B,BIRCH A. Language Model Prior
for Low-Resource Neural Machine Translation[ C] // Procee-
dings of the 2020 Conference on Empirical Methods in Natural
Language Processing(EMNLP). Association for Computational
Linguistics,2020:7622-7634.

BRANTS T.POPAT A C,XU P,et al. Large Language Models
in Machine Translation[ C]// Proceedings of the 2007 Joint Con-
ference on Empirical Methods in Natural Language Processing
and Computational Natural Language Learning. 2007 :858-867.
JAPKOWICZ N,STEPHEN S. The class imbalance problem:
A systematic study[]J]. Intelligent Data Analysis, 2002,6(5):
429-449,

JAMES G,DANIELA W, TREVOR H,et al. An Introduction to
Statistical Learning: with Applications in Python[ M ]. Cham:
Springer International Publishing,2023.

MOHAMMED R,RAWASHDEH ], ABDULLAH M. Machine
Learning with Oversampling and Undersampling Techniques:
Overview Study and Experimental Results[ C]// 2020 11th In-
ternational Conference on Information and Communication Sys-
tems. 2020:243-248.

WEISS K,KHOSHGOFTAAR T M,WANG D. A survey of
transfer learning [ EB/OL]. https://doi. org/10. 1186/s40537-
016-0043-6.

KUANG J, XU G, TAO T, et al. Class-Imbalance Adversarial
Transfer Learning Network for Cross-Domain Fault Diagnosis
With Imbalanced Data [ EB/OL]. https://doi. org/10. 1109/
TIM. 2021. 3136175.

FADAEE M,BISAZZA A.MONZ C.Data Augmentation for
Low-Resource Neural Machine Translation[ C] // Proceedings of
the 55th Annual Meeting of the Association for Computational
Linguistics. Association for Computational Linguistics, 2017
567-573.

ZHANG Z,LIU S, LI M, et al. Joint Training for Neural Ma-
chine Translation Models with Monolingual Data[ ]J]. arXiv:
1803.00353,2018.

GIBADULLIN I, VALEEV A, KHUSAINOVA A,et al. A Sur-

vey of Methods to Leverage Monolingual Data in Low-resource

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

Neural Machine Translation] ], arXiv:1910. 00373,2019.
SHORTEN C,KHOSHGOFTAAR T M,FURHT B. Text Data
Augmentation for Deep Learning[]]. Journal of Big Data,2021.
8(1):101.

DUAN S,ZHAO H,ZHANG D, et al. Syntax-aware Data Aug-
mentation for Neural Machine Translation [J]. arXiv: 2004.
14200,2020.

CHAWLA N V,BOWYER K W, HALL L O,et al. SMOTE.:
Synthetic Minority Over-sampling Technique[ J]. Journal of Ar-
tificial Intelligence Research,2002,16:321-357.

NIU X,DENKOWSKI M,CARPUAT M. Bi-Directional Neural
Machine Translation with Synthetic Parallel Datal C] // Procee-
dings of the 2nd Workshop on Neural Machine Translation and
Generation. Association for Computational Linguistics,2018:84-
91.

ZIPF G K. Human Behavior and the Principle of Least Effort:
An Introduction to Human Ecology[ M ]. Ravenio Books.2016.
ZHANG Y,KANG B,HOOI B,et al. Deep Long-Tailed Lear-
ning: A Survey[]]. arXiv:2110. 04596,2021.

TAN J,WANG C, LI B, et al. Equalization Loss for Long-Tailed
Object Recognition[ C]// 2020 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. 2020:11659-11668.
FADAEE M,MONZ C. Back-Translation Sampling by Targe-
ting Difficult Words in Neural Machine Translation[ C] // Pro-
ceedings of the 2018 Conference on Empirical Methods in Natu-
ral Language Processing. Association for Computational Lin-
guistics,2018:436-446.

PAPINENI K,ROUKOS S,WARD T.et al. Bleu:a Method for
Automatic Evaluation of Machine Translation[ C]// Proceedings
of the 40th Annual Meeting of the Association for Computatio-
Computational Linguistics,

nal Linguistics. Association for

2002:311-318.

KALZANG Gyatso, born in 1988, Ph.D
candidate, is a member of CCF (No.
70116G). His main research interests
include computational linguistics and

Tibetan-Chinese machine translation.

NYIMA Tashi,born in 1964, Ph.D, pro-
fessor, Ph. D supervisor. His main re-
search interests include Tibetan infor-
mation technology and computational

linguistics.

CGRAL g% AT 4D



