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Abstract: To enhance the performance of neural machine translation (NMT) and ameliorate the detrimental impact of
high uncertainty in monolingual data during the self-training process, a self-training NMT model based on priority sam-
pling was proposed. Initially, syntactic dependency trees were constructed and the importance of monolingual tokeniza-
tion was assessed using grammar dependency analysis. Subsequently, a monolingual lexicon was built, and priority was
defined based on the importance of monolingual tokenization and uncertainty. Finally, monolingual priorities were com-
puted, and sampling was carried out based on these priorities, consequently generating a synthetic parallel dataset for
training the student NMT model. Experimental results on a large-scale subset of the WMT English to German dataset
demonstrate that the proposed model effectively enhances NMT translation performance and mitigates the impact of high
uncertainty on the model.
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R FLE A R AT KA

AL T BT TAEI R .
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PR AUHESE

3) £ KIAE WMT (workshop on machine trans-
lation) FEfEEE AL LRSLIG S R, BT
P SE RN 77 2R ST T NMT A5 3 1) 38 19 3L
B NMT R T £ 057 25 T B 5 m S g
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N E AR AR AR, SR8 R XA A kA
RS T IEEA S . X T4 E IEIE S
ER)T X e My, HABEMURTLARRN
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Xt=1

ER@F, BEBWEH OV, x=x,) 2]
FOSGE 8] e v, 4 1 AN VR A R e 7 K.
TEA] LV, A0 % T RN VR LA 1 A R RE E AR LA,
PLBKS MBI . Rk T DLE i 78 BUSE 1 FAT
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HbRiE S By y, My, PUR B H bR 56 15
PERER p (. 6)s p (1) Flp (yibe), BRI A
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1.2 EERESR

VBN EIRTE & A B AT S, THIEARAF 70 i
B AE TN ) 7 rp BRG] 2 8] T S RAE R R AR AE AN
RO FRYRAE S BT o 3 2SR, IRAER)IE
G BT 4 AT LK B0A Oy B T IR 0 R R T A R R
b & WX 28 FEARAE S i LT R, TBRARAE
A T W4 1 o i P RERS ), Zhang 25003 T
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NERFET FERYN I EMAT M as, FFIH T
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SIMTLLARRR AT A 2. Wu B2 T — /N H
T MEGRSCAHAT 210 F il R T R 4

1 27~ T “The brown fox jumped over the

lazy dog.” HITEIEMAE /3 #r sl Hrpr, DT, JJ,
NN. VBD. IN Z £ /s, det. amod, nsubj .
i A M #E ERAE AR A B4
BRI AL R A AR 2R S B T e AT Z 1A HY
KA.

punct:
obl:over:
det case
det
amod nsubj amod
D & o 0 o

The brown fox jumped over the lazy dog -

B R AR S

RAZ A3 BT AT B A NMT 1 — AR E
CLA M HE A B NMT H LSS 47 (1) . Eriguchi
SEBSR T — PP R A, LS 3 TR g
284 A F R B S5 M9 i N & . Aharoni 2554
Wit T —NFA B EBAL, eSS AR
JREMEAL I N ER . BARTIT &, X T C A AF X
EPATHEORE, BB R 2 M ) R R E
PR, AREEHATIIER . B, AR E g 1
s H ). 1% 7 A B HT R A AR XUE AT 3L
P, DRI JC i R 21 BB R

2 MPS Bi)ll&ER

2.1 1REMEL

MPEE S B et E e, BlgadRET
FUTNMT 2 & BRI EARE S, fEXLa) ¥
HEAT N Zr 23 AR A 5 o 0L 6 T S AN TE A 1) 45
¥, AT 5 B0 A O W 1) REDOL, X sl 25 L5 S T
(IR 9 &5 RS 300 — 3, B 7E SR 9] L (i 2 5] 4
AW ERAR N, BAERR AN E w9 EEAT IR
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A H T 3 F MPS  (monolingual priority
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EARAFE AT AS BRI (0 AR, X AR
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I e jumped
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A AN
K the brown over  the lazy
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FERK, KO ={ ¢, AT softmax A — L Ab 2,
19 FNRIE S A)F X EEAR MR M P (X))
P(X)=softmax (Q (X)) =
{poposp ) (7
B, xF B R A) T, AR E SR E
1R, NRIFTLLER], HEA B AR TR
IR FERTR, HE BRI,
E SCH] X AR SR P, (x,) N
HVyx = x,)
Pi
AR AT XIS P,

P.(x;)=

Hf, HWV,, x=x)8 111 E 5 B A
Wt p, o AIE— G5 B ) SR, B RAE
VEVE T A AR o AN E PR ELEE B AU P
TR AR, R Je P, (x) B, AR
T A A BB T NMIT A5 7 $ Ak g 355 Bl RO
AR A3 A5 R T RPN o

*1 BREERE

B d, q; D;
the 3 0.25 0.091
brown 3 0.25 0.091
fox 2 0.50 0.117
jumped 1 1.00 0.193
over 3 0.25 0.091
the 3 0.25 0.091
lazy 3 0.25 0.091
dog 2 0.50 0.117
2 0.50 0.117
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3 LG

3.1 SR

ARIAER T AR IWSLT (international work-
shop on spoken language translation) & 2 5 43 £
AR NPAT ER 4R, B 5> WMT19 News crawl
VE RSB R RER AR, Hoh bR BN N
SPATEE 1 30 5 UL b,z BB SR A TR
AT BRG] LARE VR AR A . Hid 4545 B
K2R

=2 BEERER
iR K/NMB Eh A
AR 0.69 6 750
AR 18.13 160 250
IRIFEAE 0.69 7284
G 696.83 4545482

IR B 20 B AR 3 AT bR A A 5 AT Ak Ak
H, JHEAHKA) . A LR AR S A .
AN, BdE4E# 4L BPE (byte pair encoding) 7]
AbFE, SZEG 45 FK A B SacreBLEUP® 5 15 21 1)
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PR R b, BT A ARIS 2 3 F PyTorch 23, K H
fairseq HE4S . P A SLER A H —H RTX3080 &R,
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32 SERE
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PO () TIWLST S 4 28 B I 25— A B0 NMT 2
B, AROCRM T OH RS R T B AL R
Transformer B8, W B Jmtd a3 S a5 =80 6, A
BURYEIE N2 048, [RRIZ4E% N 512, FERIIN
8 k. f8H fast-align T BN ZRXfF AL, FEa LR
B B AR TR S AR GO R 5, X e 5

DNANEy, BARE

THEESIPAT B A T R XGE R L Y,

2) VAR S G IR . E S CoreNLP T
B TR HAR AT BRI AE A, SRS ) TR
W R4S B BT A AN )RR ST (1) EE AR
MEZE oA, AR 2.2 15 0] Do S B B s 4R b ) 1
AR S FEREATHET B Ja R HE 44 01 1R RY% F) FR.
B )T RAE

3) B RCHATHAR S . KRR B B S RAE
B S N SR U NMT B8 b, B = A
(1) H AR TE 5 B S R S RS 2 B IR TR S A RS K
AT HR SR, Bo S5 mIr AT SR AT & 5,
133 G5 5 (T AT s 4R

4) 24 NMT. 330 5 1) AT $ds 5 b
FAT N2, A5 B KM T Transformer. LSTM
(long short-term memory) fE %242 NMT #8Y, 43
FHEATIGAE . Horp, LSTM AR 5 v & S ML
[ILSTM, Jhd 5 ihd 4 Basl 2 4E B2 35 8 512
3.3 Xttb RO

oAl et GO SR g O = o I &
AR 2 PR R BB SR SR AT HE R, AR
& o V1o S 4y, AR RN NMT o, 2Em
A R 10 0 3G 5 5 AT BHE AR, IRIRE v A
NMT N, For 24 NMT K 2 T = iU
ILSTM #2Y o 2 M7 VR AEAS [Rl B dls A B i 3R I
K4 s .

28 100

[ Jiao%522 /5 1 ABLEU
[ A< 77 %BLEU -
A RS _

BLEU
3
M5k

26
Hinak1
K4 2MrBEAFER g R R

Btk BdnaR3  Bnsk4 HdRgEs

MIE4RTEUE 2, BEE RS MIRTE, B
BB AE SR T, RIS SA T R O S 46
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I R SR A 26 2 DR A B0 AN 2 6 NIMIT A5 28 11 911 5
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REPRT R MER K, HAEMFRFEREMN, b
HLR A 1) BLEU {A B &K T 41 /6 94 K # (1 BLEU
B, WEBmERAeg AT ERBEENTE S, EHET
GEEZ, MEAMIIGHE TR, RIEREIR
FEXT A2 ML 2% B0 B2 (1) B I 2575 Bh BE K

N T B AE MPS 7E S [R]) NMT #£784 | f) 32 L BE

71, 533K F Transformer. HiiER JIH LSTMAE N
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Y45 K Transformer
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YR LSTM

MEIFTLLE S, 7EMER (L% b, Trans-
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