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Abstract
source language, into the target language and into both of them to improve the quality of machine translation, and

The authors explore the application of XLM-R cross-lingual pre-training language model into the

propose three neural network models, which integrate pre-trained XLM-R multilingual word representation into the
Transformer encoder, into the Transformer decoder and into both of them respectively. The experimental results on
WMT English-German, IWSLT English-Portuguese and English-Vietnamese machine translation benchmarks show
that integrating XLM-R model into Transformer encoder can effectively encode the source sentences and improve
the system performance for resource-rich translation task. For resource-poor translation task, integrating XLM-R
model can not only encode the source sentences well, but also supplement the source language knowledge and
target language knowledge at the same time, thus improve the translation quality.
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Table 2 Comparison of translation performance of different models
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Table 3 Impact of different training methods
on translation performance
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Table 5 Impact of Add Dec sub-network layers on XLM-
R_ENC&DEC model performance

o BLEU
B 71

12 2)# 3E 4)F 52 6

En-Pt 3757 3706 3776 3733 37.65 37.95

En-Vi 30.59 3084 3120 30.88 31.15 30.98

AT En-Plepsemptle  38.15  37.56  38.62  37.84 38.17 38.30
LAY En-Vienembte 3130 31.26  31.64  31.60 31.40 31.75

Z W BRIt R, A R R T B9 TR AR
R FAT HR H b A 13, (BAEHLER S
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Fo6 AREEBRFIFTRBIX L

Table 6 Comparison of translation examples of different models

BEF AT

ANTI&%

XLM-R_ENC&DEC

XLM-R_ENC XLM-R_DEC

Toi gap céu béﬁ & khu
cuu trg ma tdo chic
Giai phong No 18
phuc hdi cac nan nhan
bind I¢.

I met him at a shelter
where Free the Slaves
rehabilitates victims
of slavery .

To6i da gap 6ng tai mot
noi tra 4n , noi ngudi Do
Théi phuc hdi nhimg nan
nhén ctia nan no 1€ .

Téi da gap anh 4y tai
mot noi tra an noi ma
FreeSpeech phyc nhiing
nan nhan no 1€ .

T6i gdp anh ay ¢ noi tra an
noi ma Free xdm pham nan
nhéan ctia minh .

i

BT LA 7R 3 XLM-R_ENC&DEC HE 2 AT LA B 7R s A7 H B0 17 3 1E 4 3t B0 e i E A8 5 sl

35



R RFEM(ARBIFAR) 58 & 1 20224 1 H
S % Lk

(1]

(2]

(3]

(4]

(3]

(6]

(7]

(8]

(9]

(10]

(1]

[12]

[13]

36

Peters M, Neumann M, lyyer M, et al. Deep contex-
tualized word representations // Proceedings of the
NAACL-HLT. New Orleans, 2018: 2227-2237

Devlin J, Chang M W, Lee K, et al. BERT: pre-
training of deep bidirectional transformers for lang-
uage understanding // Proceedings of the NAACL-
HLT. Minneapolis, 2019: 4171-4186

Radford A, Narasimhan K, Salimans T, et al. Improv-
ing language understanding by generative pre-training
[R/OL]. (2018) [2020-11-05]. https://s3-us-west-2.
amazonaws.com/openai-assets/research-covers/langua
ge-unsupervised/language understanding_paper.pdf
Brown T B, Mann B, Ryder N, et al. Language models
are few-shot learners // Proceedings of the NeurIPS.
Vancouver, 2020: 1877-1901

WA, FI=, UIET, . 2T QEMHLAYEIE
I EWE . LTS R E R (AR ),
2020, 44(1): 46-50

WRZL, EA, SCHkIR. BB T A AL O
P RS RGBS P EIFEYLA IR, 2021,
17(2): 88-89

Imamura K, Sumita E. Recycling a pre-trained BERT
encoder for neural machine translation // Proceedings
of the EMNLP & NGT. Hong Kong, 2019: 23-31

Kim Y, Rush A M. Sequence-level knowledge distilla-
tion // Proceedings of the EMNLP. Austin, 2016:
1317-1327

Hinton G, Vinyals O, Dean J. Distilling the know-
ledge in a neural network [EB/OL]. (2015-03-09)
[2020—-11-05]. https://arxiv.org/abs/1503.02531

Weng R, Yu H, Huang S, et al. Acquiring knowledge
from pre-trained model to neural machine translation
/! Proceedings of the AAAIL. New York, 2020: 9266—
9273

Yang J, Wang M, Zhou H, et al. Towards making the
most of bert in neural machine translation // Procee-
dings of the AAAIL New York, 2020: 9378-9385

Chen Y C, Gan Z, Cheng Y, et al. Distilling know-
ledge learned in BERT for text generation // Procee-
dings of the ACL. Washington, 2020: 7893-7905

Zhu J, Xia Y, Wu L, et al. Incorporating BERT into

neural machine translation [C/OL] // Proceedings of

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

the ICLR. (2020-03—-11) [2020-10-20]. https://openre
view.net/forum?id=Hyl7ygStwB

Guo J, Zhang Z, Xu L, et al. Incorporating BERT into
parallel sequence decoding with adapters [EB/OL].
(2020-08-13) [2020-10-20]. https://arxiv.org/abs/2010.
06138

Karthikeyan K, Wang Z, Mayhew S, et al. Cross-
lingual ability of multilingual BERT: an empirical stu-
dy [C/OL] // Proceedings of the ICLR. (2020-03—11)
[2020—-10-20]. https://openreview.net/forum?id=HJeT
3yrtDr

Lample G, Conneau A. Cross-lingual language model
pretraining // Proceedings of the NeurIPS. Vancouver,
2019: 7059-7069

Conneau A, Khandelwal K, Goyal N, et al. Unsu-
pervised cross-lingual representation learning at scale
/I Proceedings of the ACL. Washington, 2020: 8440—
8451

Vaswani A, Shazeer N, Parmar N, et al. Attention
is all you need // Proceedings of the NeurIPS. Long
Beach, CA, 2017: 6000-6010

Song K, Tan X, Qin T, et al. MASS: masked sequence
to sequence pre-training for language generation //
Proceedings of the ICML. Long Beach, CA, 2019:
5926-5936

Lewis M, Liu Y, Goyal N, et al. BART: denoising
sequence-to-sequence pre-training for natural langu-
age generation, translation, and comprehension // Pro-
ceedings of the ACL. Washington, 2020: 7871-7880
Liu Y, Gu J, Goyal N, et al. Multilingual denoising
pre-training for neural machine translation. Transac-
tions of the Association for Computational Lingui-
stics, 2020, 8: 726-742

Kudo T. Subword regularization: improving neural
network translation models with multiple subword
candidates // Proceedings of the ACL. Melbourne,
2018: 66-75

Ott M, Edunov S, Baevski A, et al. Fairseq: a fast,
extensible toolkit for sequence modeling // Procee-
dings of the NAACL. Minneapolis, 2019: 48—-53
Papineni K, Roukos S, Ward T, et al. BLEU: a method
for automatic evaluation of machine translation //

Proceedings of the ACL. Philadelphia, 2002: 311-318



