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Abstract

Neural machine translation typically requires a large number of parallel corpora to
achieve good translation results. In different parallel corpora, there is an imbalance in
word frequency distribution, which may lead to different biases in the learning process
of the model. These models tend to learn high-frequency vocabulary while ignoring
the key semantic information carried by low-frequency vocabulary. The overlooked
low-frequency vocabulary also contains important translation information, which may
have an adverse impact on translation quality. The current method is usually to train
a bilingual model and assign different weights to vocabulary based on frequency. By
increasing the weight of low-frequency words, the translation effect of low-frequency
words can be improved. In this article, our goal is to improve the translation perfor-
mance of meaningful but relatively low-frequency vocabulary. We propose the use of
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knowledge distillation to improve the translation performance of low-frequency words,
training model with better translation performance on low-frequency words, and us-
ing it as teacher model to guide student in learning low-frequency word translation.
Furthermore, a more stable dual teacher distillation model is proposed to ensure high-
frequency performance and achieve stable improvements in multiple tasks. The mono-
lingual teacher distillation model in this study achieved a further improvement of 0.64
BLEU on the English-to-German translation task compared to the state-of-the-art
(SOTA) model. The bilingual teacher distillation model, on the other hand, achieved
a 0.31 BLEU improvement on the Chinese-to-English translation task compared to
the SOTA model. In the translation tasks of English-to-German, English-to-Czech,
and English-to-French, compared to the baseline low-frequency word translation ap-
proach, the proposed models achieved BLEU improvements of 1.24, 0.47, and 0.87,
respectively, while ensuring that the translation performance of high-frequency words
remained unchanged.

Keywords: Knowledge Distillation , Neural Machine Translation , Translation of
low-frequency words , Dual Teacher Model

1 5lF
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T 2)REURET AT NMEMEATR, R NGE2FHIETFFRT (Wet;,
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A5 1% - BT RO RIFIRER TR IR SRR B LN ERIMEE, DIST KDH52AEBR M ILfc—
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MR AE R 5 B RS B RAOA E R PR . 7E Vaswani et al. (2017)HJ5E
¥xE T, P ECN10000075 8] & B0 ABase, H T AR A JT EHR & fEBaseti & | 53
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Ho N TRBIFERANR LRI T IEIMER, fEBaseB@ B FIEM 2 B, FHATrain, 5 E
TEBasefZ Y _FFFATHOM, PAUB R — R _ERICR T R BIER  fEX B N5
BGOSR, RS PE R R I _ERIE BERENR, TETestp;gn L HIZE R AL T Basel® ! - HFER
f5&, DIST_KDTEFE S 24 BRI R T ZOM B T 5 SRR R &, BT MRS B AR Y 7E
iﬁ?’}pJ:%%f%iEBLEUZi%E{Testmgh, Testmiddies Testiow } LG SR - 7E = e 20 A A
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PR B R — A E R A BRI R 2O o 7 T 7 VRS T A AN [ 461 2K bR 2 AN
FORNTERIERAERKEE, Ko BN, /E L0118 A R IEEE S 2 & 00 A4 &
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R, BERATEHEZRIARITest o FIMNRERNBIESCR . 5 Y ASOTAKTIFEH,, A
YR ETE m A S A S A 5 b AR R AR S H Rl METR A o (RSN 4R b —
WA T0.31FBLEUME - MBS TR KRS T0.86FIBLEUME, UERAAHITIE T4
HEZST.

DOE— T

Testipw  Testmiddie Testpign Total

Base 20.95 22.29 25.76 23.22

BaseFT 21.51 22.48 26.45 23.88

Teachery, 22.50 22.62 23.71 22.92
"EMNLP Exp (Gu et al., 2020)  22.06 2257 2654  24.01

EMNLP K2 (Gu et al., 2020) 22.01 22.81 26.59 23.98
“Our Double 2237 2290  26.67 24.05

Table 2: ZXVEBAIEWMT18VE —» FIBEHIELE I 45 R

4.5 ZEREBEAELZFEIFES LR

AL E AR T IEAEWMT16 3 AR 2 F 45 B3R, HRiAISOTARRI ALY, A
BT ETE A SR AN a5 b ARCR B A 5 HAR P e/ MERF - EEINE L, B
HO R VBT f 25 B — P R T 0.64FIBLEUME , T INFa 8 B A M 28 VA A 3 — s $2 7
TO0.720IBLEUH - MHEST R BRI T 1.24FBLEUME -
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EMNLP_K2 (Gu et al., 2020)  25.99 27.28 28.90
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Our_Double 26.79 27.44 28.99
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ATMHATGEEELZRIES LT REESTRES, 23R TWMTI5H HKE-FE 5%
& DL WM T 141 32 B — VA B 15 B2 AR S 90 e AR SCHZR 1B 7 1% - FEWMT15H) B 5w iE
FAIWMT 14 S 15 — 1A 15 B 5 LRSS G SRANRAPT R « FEW IERD LAVSE R, UM% 7
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I TSR, RIBERI&H B2 RN E R RIEROR - AEREREIER
B IEERRSNNAE A3 TE 7 0.47H10.87THIBLEUE, XUHUM A& BT TS 2 158 T 5
iE .

FE R IE TR VEE
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Base 27.74 27.98 30.39 28.48 | 37.16 39.58 41.47  39.65
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" Teacheryy,, | 28.82 28.08 29.09  28.64 | 3867 4021  40.22  39.76
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M
71
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. /ﬁ\ £ — £
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- £ /Ei%: £
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O Double Model = 26.79T  27.44 ~ 28.99—  27.93
: [ BaseFT 3780 2842 3040 29.07
TR .
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,,,,,,,,,,,,,,,, Double Model  28.2717  28.64 3149— 2933
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3 . R
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B 52 BRI E RS KM S BRI ANR o RE, HEE—ERE LREE T EST % -
B FIKLDlossTE T B2 BRI, S03E T BOMAR Y T ME 28 i 48 %) 5 3R o AR SCAE 2 VB SR 48
W RSAE R R ORI 5 2 AR 2 (A A AR K, T 1A AR Re il 5 S B A i A
BOGHAA p e, T JEZE SR AR 5 2R 22— 8, XS IR AR T
BRI E2%>) o DIST KD3A AU BT 5 S22 R A £ S M e B AT - DAIWMT18H
BRI SR ], R RN R R R A SR IR A5 R AR TN, LI 45 R BADIST KD &
T2 SRR T R AT e R, BRIR T SR, A ™ BRI f m i - (£458
AIKLDlossH T2 > BN i 4axs 0 3R, RSN R B X 22 A RS B e B R, (2 fifi
AT DL SE 2 SRAE N B AR, BN T m SR B R, WM Testpgn ERIAEE o ff
FADIST KD A T AR BB, RIS ORIE T o atie] i Bl re e 1

PUE - IE
Testipw Testmigdie  Testpign
BaseFT 21.51 22.48 26.45
" +KLDloss  21.83 2285 2629
+DIST_. KD 22.37 22.90 26.67

Table 6: /N [F]7% 512K BRSO 28 TR A SR AN

B =R EEIE S ERS R E, %206ﬁ—2§%\16ﬁ, K, E, 20244E7H25H%E28H .
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4.8 BRSNS R IBLE R

FEGEAT BRI R AR B B ROR R OSETE L, ASTRIBS R TRETIA, 0B = illl%k
E{Trainnigh, Trainmiddie, Traingg, y LI EANFE HCFIEHTREE I RGT IISRE, T HibRE
LU SRR TR B SR IR AR, EREARIEL R HE DR -BHL T, AR
JTETRFERFENGRE EREGUH « IWMT 18 S £ 3f5 52 i FH R £330 88 AT Holt i P SR 98 45 R
WERTE7R, SRARAE R AR CUR FEREEREE AT ROAR, BRI T IRIUA R BIFRCR, (R
KRB AL TP BN, fETestyign LR T 0.79FIBLEUE « TERFERIEAL 2 _E38 0 82
IRT,  Fp IR SR T R MU R EL R T AR it — 0 45 5 2 AR AT ) (A B 3 R
R, FEEIUARCRGE—F N TSN AL E S E TR ER, PRIE T R i R
BERUR

POE— B
Testipw Testmiddie Testhigh
BaseFT 21.51 22.48 26.45
" +sample data  21.96 ¢ 2279 2566
+single_distill 22.28 22.32 24.71
+double_distill 22.37 22.90 26.67

Table 7: ZUE RN ZETEAS R AR

5 Mk

Ihv-H

FEAIBIFRF, FATER] T L8 B AR SS T R A AR R . B8 2 5 20
BT ) TR R A, T S BOAC 2 VR - Oy T SRR R E BE B SR
1, AR TR AR R BOR R RS R AN TS AR, g T AR T AR AR
VBRI IRITARF MR« E T RRZRIE A R B T (UL RO R T T (R PO 33 ot
B, WEMA BRI A Tt —P ORIk T @0 BRCR AR GRIE = A A B IR B O T
BERT T RIUAREIENCR, EZURIFEESTIRE TIREEK - RIFMNEREN, K
SR E R DISCEL B R REE S, M T SOTARRZLIRTS | it — BRIt -

o
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