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Simultaneous translation

• Consecutive translation 

• Simultaneous translation
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I am a student . 

私 は 学生 です 。

Input: 

Output: 

I am a student . 

私 は 学生 です 。

Input: 

Output: 



BERT

I  bought 

私は

BERTNMT

0.6

BERT

I I bought a I  bought  a pen

0.3

I bought a pen  . 

BERT

0.2 0.7

NMT

(src) I bought a pen. 
(prefix) 私は

私はペンを買った。

I 

Output

Related work: Meaningful Unit [Zhang+, 2020]

3g =2g =1 g = 3 g = 4 g = 5

私は ペンを買った。

Input I                           abought pen .

Threshold: 0.5 

Future words: 1 



Problem

• The previous work: NMT model trained with full sentences.

• Proposed method: NMT model fine-tuned with bilingual prefix pairs
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Input Output
I 私です。

I bought a pen 私です。ペンを買った。

Input Output
I 私

I bought a pen 私はペンを買った。



How to extract bilingual prefix pairs
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Source Prefix Source prefix 
Translation

Full-sentence 
translation

Extracted Target 
Prefix

I 僕は。 僕はペン買った。 僕は

I bought 僕は買った。 僕はペンを買った。

I bought a 僕は買った。 僕はペンを買った。

I bought a pen 僕はペンを買った 僕はペンを買った。 僕はペンを買った

I bought a pen . 僕はペンを買った。 僕はペンを買った。 僕はペンを買った。

1. Translate the source prefix with pre-trained NMT model



How to extract bilingual prefix pairs
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2. Find reference prefixes corresponding to the prefix translation pairs 

2.1. Extracted Pairs
(source, translation prefix)
(I, 僕は)
(I bought a pen, 僕はペンを買った)

2.2.Calculate BERT score
with reference prefixes
0.6 私
0.8 私は
0.3 私はペン
0.2 私はペンを
0.1 私はペンを買った

2.3. Prefix pairs with reference
(source, reference prefix)
(I, 私は)
(I bought a pen, 私はペンを買った)

僕は



Use the extracted prefix pairs

• Fine-tune the NMT model

• Train Boundary Predictor (binary classifier)
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Data
(I, 私は)
(I bought a pen, 私はペンを買った)

Data
(I, 1)
(I bought, 0)
(I bought a, 0)
(I bought a pen, 1)



Experiment of simultaneous translation

• Data

• Subwords: Joint vocabulary size 16k (BPE)
• NMT Model: Transformer [Vaswani+, 2017] 
• Boundary Predictor: BERT [Devlin+,2019]
• Evaluation metrics 

• Quality: BLEU 
• Latency: AL (Average Lagging) [Ma+ , 2019] 8

]

En-De En-Ja
Pre-train 4.5M (WMT2014) 20 M (WMT2020)
Fine-tune 206 K ( IWSLT2021) 200 K (IWSLT2021)

Dev 5.6 K (IWSLT 2017 dev-test) 5.3 K (IWSLT 2017 dev-test)
Test 1.0 K (IWSLT2015 test) 1.5 K (IWSLT2021 dev)



Result (BLEU) 
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En-De En-Ja



Result (Length Ratio) 
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En-De En-Ja



Effect of Fine-tuning (BLEU)
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En-De En-Ja



Source sentence length distribution (train data)
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Number of extracted prefixes are different 
because of word order difference

En-De En-Ja



Conclusion

• Proposed method: Fine-tune NMT model with bilingual prefix pairs 
for simultaneous translation
• Decreased length ratio
• Outperformed  baselines in quality-latency trade-off in low latency 

• Future work
• Work for language pairs with different word order 
• End2end Speech 2 text (implemented as the system submitted to IWSLT 

2022 Evaluation Campaign)
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Effect of Fine-tuning (Length Ratio)
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En-De En-Ja



Memo

• Compared with word alignment
• The proposed method find boundary which is suitable for the pretrained 

NMT model to translate. (segmentation by Word Alignment is separated 
from the training of NMT model.)

• Easily applied to end2end speech translation

2020 Summer @ Yasumasa Kano, AHC Lab, NAIST 15
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