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Abstract: Medical machine translation is of great value for cross-border medical translation. Chinese to English
neural machine translation has made great progress based on deep learning, powerful modeling ability and
large-scale bilingual parallel data. Neural machine translation relies usually on large-scale parallel sentence pairs
to train translation models. At present, Chinese-English translation data are mainly in the fields of news, policy
and so on. Due to the lack of parallel data in the medical field, the performance of Chinese to English machine
translation in the medical field is not compromising. To reduce the size of parallel data for training medical
machine translation models, this paper proposes a paraphrase based data augmentation mechanism. The
experimental results on a variety of neural machine translation models show that data augmentation through
paraphrase augmentation can effectively improve the performance of medical machine translation, and has
achieved consistency improvements on mainstream models such as RNNSearch and Transformers, which verifies
the effectiveness of paraphrase augmentation method for domain machine translation. Meanwhile, the medical
machine translation performances could be further improved based on large-scale pre-training language model,
such as MT5.
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HNAdam. fHEHLEEEIFEESeq2Seq, RN-
NSearch Al Transformer3Ff T, 570 {48 S 5%
BUER2T R . A E FHBLEUAEAE A ) PFA
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(1) 2T 5208 A B B8040 15 T J77 VL e % 0k 3
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JTAEAEN 25 B0 1R e B A — o e A 1

(2) 2T [F) 3] & 4 141 77 1% (Word Rep) 2 A A
REFETHHLAS BB MERE, fERNNSearch#Bi8! FH 2
BEAR 7R PERE,  FRATHEN 2 AT e 2 i T 18] 3]
Vi it Ay 3 FH AT [ SCAR], R R T AUk RH 9K )
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(3) %= 115 5 LAY A S8 A 7V (Bert, MT5)
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()50 A J 7 1 B8 B KRR B B2 L 28 B 3 A
Ae, ULEAMTSHIE R IR AT %5 L B A E i kR
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ARHPERIATEE o BT B K BN TR A AR 2
H IR 7 L R L b R RO R 1R S, TR
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TCRBH R AR e (A “ RS E” BN
“progressive worsening” ).
4.4 ARINEREE T EFMERERIR T

T 2D MG IE SR B AL 2 R e
FRFHEM, AT W EA B B SR RS0
THEBBR PR . AR5 225 P Transformer
VERFERIAY, AR5 @ AN R 3G T HE R T sk
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BEWRE N, BIE 205 R 47145, Blik
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PEREA BN, LEWTHART Bod i 3G hn il 25 20 T

* 3 NEEFIETER

HLER R 2H SHfE
Embedding size 300
Beam size 50
Batch size 64
Sentence length 256
Seq2Seq
Learning rate 0.01
Optimizer Adam
RNN cell LSTM
Drouput 0.2
Embedding size 300
Beam size 50
Batch size 64
Sentence length 256
RNNSearch
Learning rate 0.01
Optimizer Adam
RNN cell LSTM
Drouput 0.2
Embedding size 300
Beam size 50
Batch size 64
Sentence length 256
Transformer Learning rate 0.1
Optimizer Adam
RNN cell LSTM
Drouput 0.2
Num head 8

HUE B RAER BoaEng BLEU  #&F(%)
- 31.99 -
WordRep 32.12 0.41
BiLLSTM-para 33.45 4.56
Seq2Seq
Transformer-para 35.23 10.13
Bert-para 35.28 10.28
MT5-para 35.74 11.72
- 41.28 -
WordRep 40.98 -0.73
BiLLSTM-para 43.25 4.77
RNNSearch
Transformer-para 44.12 6.88
Bert-para 44.67 8.21
MT5-para 44.97 8.94
- 48.21 -
WordRep 48.29 0.17
BiLLSTM-para 49.86 3.42
Transformer
Transformer-para 51.32 6.45
Bert-para 51.36 6.53

MT5-para 51.97 7.80
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BEY, 31%, WMEERELMISRAR, RIS A, BE, RIEREEE4h, FFRrsinE.,

The patient, a 31 year old male, was hospitalized for 18 days due to moderate and severe recurrent headache. He showed a

B gradual attack from the occipital part to the double frontal part, which was pulsatile. The attack lasted for more than 4 hours

and continued to worsen.

A 31-year-old male patient was admitted to the hospital for 18 days with moderate to severe recurrent headaches. The

A  manifestations were pulsatile attacks from the occiput to the forehead. The attacks lasted more than 4 hours and gradually

worsened.

A 31-year-old man was admitted with an 18-day history of a moderate to severe recurrent headache, presenting gradual onset

from occipital to bifrontal regions, pulsatile, in episodes lasting beyond four hours, and progressive worsening.
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