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With the increase in cultural communication and trade between countries, the demand for

translation is also increasing. Compared with translating manually, machine translation (MT)

can generate good-quality translations quickly and at low cost.

Educational domain MT is important because most open online courses are in English. We
need to add subtitles of other languages so that people speaking other languages can benefit from
high-quality educational resources.

Current data-driven MT [1] can generate high-quality translations for domains with a lot of
data, such as news. But there is no high-quality corpus in the educational domain. Without
enough data, we cannot construct (train) a MT model of satisfactory performance. We proposed
an educational corpus and a method to use the corpus to train a high-quality MT model.
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1. No corpus. There is no high-quality corpus
in the educational domain.

2. No suitable training method. We have
multiple corpora. If we train the MT model
using the mixture of all the data, the
model will give an average performance
among all domains. It is not the optimal
performance in educational domain.
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Figure 1 shows our framework, it contains:

1. Corpus construction. Website Coursera is providing free lectures. We crawl and clean the
data from it. For each lecture, there are parallel subtitle documents of multiple languages.
We extract parallel sentences from parallel documents. Finally, we divide the corpus into
train/validation/test set.
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Figure 1: Overview framework of proposed methods.
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1. Sentence alignment algorithm (Figure 2) using semantic information. The algorithm is to
mine parallel sentences from parallel documents. It makes use of the meaning of words
rather than the surface n-gram information. It can improve the sentence alignment accuracy
thus improve the quality of corpus. It can also apply to other corpus construction tasks.

2. Multiple stages training method. Compared with previous methods [2], our training method
made the model optimal for educational domain while preserving general knowledge as much
as possible. The model learns general information in the former stages and become optimal
for educational domain in the latter training stages.
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You'll be a mastery of calculus

Figure 2: Three parallel sentences from parallel documents.
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1 Japanese-English educational domain corpus. It contains more than 40,000 parallel line
pairs in the training set, 2000 and 500 manually checked sentence pairs in the test and dev
set (F&F CHR[4]). With this corpus, we saw about 2 BLEU score improvement for the
educational domain MT.

2  Several training methods for educational domain MT.

2.1 A multistage fine-tuning method. It is useful when there is more than one corpus. It
showed 2-5 BLEU score improvement compared with previous training methods (3%
SCHR[4]). For low-resource domains, such as educational domain, we obtained better
translation quality. As the first author, I've done most part of the work.

2.2 A method leveraging data in other languages. Experiments showed maximum 5-8
BLEU score improvement in low-resource situation for Japanese-English translation
(& F3ik[6]). This training method can also be applied in educational domain MT. As
the first author, I've done most part of the work.

2.3 A pre-training method that involves Japanese linguistic information. It showed
maximum 7 BLEU score improvement for language pairs involving Japanese (3§3% SCik
[5]). It is especially useful for domain with few data such as educational domain. I
supported the experiments and paper writing in this work.
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current training methods [3] only use
data from one language pair. We found Figure 3: Multilingual corpus construction and domain adaptation
data from assisting languages can help for multilingual low-resource MT model construction.
the training. The framework is shown in Figure 3.

[#8A] No multilingual corpus. And the training requires lots of parallel data.
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To construct a multilingual corpus, we need to collect high-quality raw data and alignment
sentences in different languages in high accuracy. We also need training method to leverage data
from assisting languages, which is easier to get.
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Figure 4: Training a low-resource MT model.
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generate synthetic Japanese data through a Figure 5: Assistant language mapping
mapping table [5]. We also apply data-selection in the pre-training process. We then design a
multistage fine-tuning process to train a low-resource MT model optimal for a certain domain.
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Both the multilingual corpus construction method and the training method for low-resource
language are novel. Combining them, we can greatly advance low-resource machine translation.
1  Multilingual corpus construction.

1.1 Multilingual corpus containing data of more than 60 languages. Most of the previous
corpora [6] focus on bilingual corpus construction. We focus on multilingual corpus
construction. We have data of more than 60 languages, where most of them are
low-resource languages. Our propose method can automatically construct bilingual
parallel corpus of any language pairs.

1.2 Robust alignment algorithm for multilingual sentences alignment. Previous alignment
algorithms [7] focus on surface n-graph information. There are low-frequency words in
data of low-resource languages. Our model turns sentences in different languages into
vectors in the same semantic space. We can measure the similarity of two sentences by
measuring the distance of two vectors. Our alignment method is more robust and can
generate high-quality sentence pairs.

2 Assisting languages in the model training process. This will be the first research exploring
the importance of cognate sharing in the pre-training process. We found there are cognate
sharing among several language pairs, such as Chinese-Japanese and Hindi-Urdu. We map
the data of assisting language into interested language and generate synthetic data. This is
especially useful in extreme low-resource situation.
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1  We propose a method to automatically construct multilingual corpora. This general method
can apply to any multilingual parallel documents. With our method, building multilingual
corpora will become much easier. With larger multilingual corpora, low-resource MT will
advance greatly.

2 The alignment algorithm is both an application and verification of the current multilingual
pre-training techniques. It will motivate further research of multilingual models.

3 Our training method using data from assistant language will be the very initial research to
explore how to leverage data from assisting languages in low-resource MT field.
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For people speaking resource-rich languages such as English, there is much data thus

high-performance MT models. Benefiting from the MT model, translation becomes easier and

there is more data. But for people speaking low-resource languages, they are the people who need

MT techniques most to reach the outer world. But unfortunately, there is less data in their

languages, making it hard to build a high-quality MT model. It is a negative cycle.

Our research is exactly aiming to break the negative cycle. With our multilingual corpus and
domain adaptation methods. We can build a better MT model of more than 60 languages. It can
apply to educational domain so that people can explore online courses from top universities
regardless of their geographical location. We also develop a MT system to add subtitles to lectures
in Kyoto University. It can help foreigner students to understand Japanese lectures better.
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1. Raw data collection and data cleaning. We have collected multilingual data from Coursera
website. There are totally 363K subtitle files from more than 4000 courses in more than 60
languages. There are more than 9K parallel English-Japanese documents and 2K
Japanese-English-Chinese trilingual parallel documents. We are now planning to collect
more subtitle data from other websites such as MOOC and YouTube.

2. Pre-training for low-resource situation. We will try using data from different assisting
languages and find the relationship between cognate sharing and translation quality
improvement.
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1. Alignment algorithm for multilingual sentences. We plan to try several multilingual models
and verify them through experiments. We will choose the model that gives the highest
accuracy in multiple language pairs.

2. Low-resource fine-tuning method. We will propose several domain adaptation methods which
fit the low-resource situation better.
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1. Corpus construction. We apply the alignment algorithm to the large-scale raw data. We will
have bilingual parallel corpus for all language pairs and construct several small trilingual
parallel corpora as test set. We will also public the document-level parallel data for
document-level MT research.

2. Training methods combination. Combining the pre-training and multistage fine-tuning
methods, the training method will improve low-resource MT quality greatly. And it can also
apply to other low-resource situations.

3. MT system integration. We will apply the low-resource situation training method to the
large-scale multilingual corpus. The final MT model can achieve practical level translation
quality for multiple language pairs.
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Research can satisfy my curiosity and I hope my research can help people worldwide. I'm always
eager to explore new things in different fields. I choose low-resource MT as my research topic
because it can help people whose native language is not English to access high-quality resources.
I believe that the research post in Japan is the best and the only choice for me.
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I would like to keep research as both interest and duty. I started learning computer science as
interest since high school and enjoyed research from undergraduate period. It’s also a duty
because I found that many new technologies have not touched people who need them most,
such as people living in undeveloped areas. I hope my research can help them.

I will try my best to turn research results into positive impact in the world. During internship
in companies, I found there is a large gap between research and practice. Bridging the gap
between research and real-world impact is always an important task for me.

I aim to become a researcher to promote communication and understanding among different
cultures. I have made many foreigner friends and gradually understand the importance of
intercultural communication. I hope my MT research can make the communication easier.
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Positive. I have good hope for the future and eager to create it actively. I can recover quickly
from failure, such as preparing more experiments actively after our paper got rejected.

High productivity. I have 2 publications on top conferences and 1 paper on top journal during
the undergraduate period. In the last 6 months, 5 of my papers got accepted (three of them
are peer reviewed) by international and domestic conferences, and I am still preparing two
journal papers now. With more experience, I can be more productive during my PhD study.
International cooperation ability. I always collaborate with researchers from different
countries. One of the publication (3% 3(iik[5]) involves the collaboration of researchers from
Japan, India, French, and China. And I can use Japanese, English, and Chinese to
communicate with them smoothly. During social gathering of conferences, I always try to
make friends with other researchers.

Board research interests. I have experience and publications (reports) in NLP, CV and DNN
acceleration fields. Ideas from different fields mix in my mind and brilliant ideas born.
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Many publications. Recently, three of our papers get accepted to international conferences.
They are about building a dataset to improve Japanese-English educational domain machine
translation (& 3 SC#k [4]), using Japanese linguistic information to improve machine
translation (3% 3CHk[5]), and using Chinese data to improve Japanese MT (3§ % SCHk[6]).
Started doing research from undergraduate period. During the third and fourth year in
college, I went to the lab almost every day and have several publications (3% SC#k[1-3]).

I took internships in National Institute of Information and Communications Technology
(NICT) and LINE. I produced a paper (3 3Ciiik[4]) in the two-month’s internship in NICT.

I learned algorithms and data structures by myself in high school and got silver medal in
China’s National Olympiad in Informatics 2013 (Rank: 78/280).

I started learning Japanese from 21 year in the university. In the daytime I attend computer
science classes and at night I attend the Japanese classes. During the exchange program at
Nagoya university, I passed N1 level of Japanese Language Proficiency Test (JLPT). I
attended the international course during my bachelor and master’s study, where most classes
are in English. I got 97/120 scores in Test of English as a Foreign Language (TOEFL) exam.
Research as daily life. I like reading papers in the bath and on the train. I read about 50
papers on the train during the internship in NICT, which turned to material of my own paper.

Personal Homepage: https://shyyhs.github.io
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