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Neural machine translation method integrating BERT’s
pre-trained language knowledge
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(1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China;

2. Yunnan Key Laboratory of Artificial Intelligence, Kunming University of Science and Technol, Kunming 650500, China)

Abstract : [ Objective] To study the problem that only fine-tuning method can not make full use of pre-trained language knowledge in
neural machine translation task. [Methods] A neural machine translation method based on two-stage interactive fusion of pre-trained
models is proposed. First, the multi-layer representation of BERT pre-trained model is extracted, then the mask knowledge matrix is
constructed by using the multi-layer representation. and the pre-training knowledge contained in BERT is applied to the encoding
word embedding layer of neural machine translation model. Second, the beneficial knowledge obtained from BERT multilayer
representation is extracted by adaptive fusion module and interactively fused with neural machine translation model. [ Results ]
Experimental results show that,compared with Transformer baseline model, the proposed method achieves an improvement of BLEU
score of 1. 41~4, 20 in multiple neural machine translation tasks. Compared with other neural machine translation methods that
integrate pre-training knowledge,the proposed method also secures a significant model performance improvement. [ Conclusion] The
neural machine translation method proposed herein. which combines pre-trained models with two-stage interaction, resolves the
problem of catastrophic forgetting.reduces the difference between pre-trained models and neural machine translation models due to

different training objectives,and can effectively use pre-trained language knowledge to improve the performance of neural machine
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translation models.
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Tab. 2 BLEU of different methods on the IWSLT task
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Tab. 4 Ablation experiment results

LAY En-De
M, 30. 70
M, 30. 44
M, 30. 52
M 28. 82
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Tab. 5 Influences of different mask thresholds on

experimental results
SR [
0.00 0.01 0.02 0.03 0. 04 0. 05

En-De 30.52 30.60 30.63 30.70 30.53 30.49
De-En 35.60 35.67 36.03 36.05 35.77 35.63
En-Fr 38.89 40.01 40.06 40.10 39.93 38.95
En-vi 32.55 32.80 32.97 33.03 32.73 32.51
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K 0. 03 B BEALE B AR 2] T AR 1Y $2 T, 2 B
BV RE ) NIMUT A58 750 ) 3] e A SRAE A 25 1Y - 20 B
Ji PR R HE A A P AR 4 BERT £ 2% 1 i [CLS] R AF
Bes 5 NMT #5RY 2 i s il ik A2 E T8 AHRUE AR
2, LAXT E il 2 SRR MR IR HE S, 1 5 A5 78

XPE T 25 ) 5 ERAERE T, R M $E A NMT #5584 Y B
PEMERE. 29 0 BUEM 0. 03 #9KF] 0. 05 B, A A i
FMA Fie T B o3 A JHG Dt PR i 4 v 1) 448 088 1 1 %oF
NMT #5754 2 i v 1) o A2 A 251 B AR T 4,
2 T NMT B ) BliEPERE.
3.6 EfIoHr

R T PR SO A R R 6 ST
1 IWSLT’ 14 De-En {145 b, Transformer &4k 455 51
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Tab. 6 Translation example

manche menschen waren enttduscht dass es

BESE . .

keine poesie war.

. some people were disappointed there was not

SHFL

poetry.

some people were a little disappointed we
Transformer . , .

didn’t use it for a poem.
0 some people were disappointed that it wasn't
urs

poetry.

ich denke, dass das geindert werden kann
S indem man rekombinante impfstoffe im vorhinein

erstellt.
P i think that can be changed by building
SRS . . L

combinatorial vaccines in advance.

i think this approach could start with a
Transformer . .

recombinant vaccine
0 i think that can be changed by creating
urs

recombinant vaccines in advance.

H13 6 FHHIES (W] LA 3], A SO SR A A AR A
T Transformer FELEALARL, 7815 A IE# RAE A
SR WYk B s T N 3 S R S, R WA ST R AR
RUA ORI T BERT A& 9 B IE UAF B, 327t
T NMT (B RE.

4 & &

TEATSCH L FATTIRER T anfal 76 NMT 45 84 25 A i
I RBREERI A BERT TIN5 55 MY , 7 2 i ity 17 9%
NGB SRS FRIEFE, H BERT 19 2 )= 1)1 2k
BT RIRUER S A AR I A 2 B0 s i o B B 3 o
35 N Rl R U E )1 i F A o6 NMIT A:
55 WA R8U0R D 38 0 G B o X)) TR SRAERE . 255
SCHe R AR SR T AT 2 WA 55 LIS By
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