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Cross Lingual Environment
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Machine Translation (MT)

Machine Translation: let the computer translate the human language, as 

well as it is a technique that uses a computer to automatically convert 

one natural language (Source language) to another natural language 

(target language).
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Typical MT Systems
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Current State of MT Community 
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Demo (SMT)
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Demo (NMT)
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MT Parallel Corpus

他 在 东京 居住 。

He lives in Tokyo .

日本 临近 中国 。

Japan is near China .

日本 的 首都 是 东京 。

The capital of Japan is Tokyo .

中国 是 亚洲 国家 。

China  is an Asian Country .

他 喜欢 北京 。

He likes Beijing . 

他 来自 日本 。

He is from Japan .

… … … …

北京 是 中国 的 首都 。

Beijing is the capital of China .

北京 位于 中国 的 北方 。

Beijing is located in the North of China .

(Jiajun Zhang, CCL2018)
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Mapping function from source to target language 

𝑆1

𝑆2

⋮

𝑆𝑖

𝑆𝑁

⋮

𝑇1

𝑇2

⋮

𝑇𝑖

𝑇𝑁

⋮

Learn Mapping 
Fucntion

𝒇 𝑺 → 𝑻

𝑆𝑁𝑒𝑤 𝑇𝑁𝑒𝑤

𝒇 𝑺 → 𝑻

(Jiajun Zhang, CCL2018)
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Mapping function from source to target language 

(Jiajun Zhang, CCL2018)

Chinese: 我 在 三星 做了 报告

English: I gave    a    talk in   Samsung

Mapping 
function
𝒇 𝑺 → 𝑻
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SMT

(Och and Ney., 2002)
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NMT

(Sutskever et al., 2014)
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NMT - Attention

(Wu,et al. 2016)
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NMT - Transformer

(Vaswani,et al. 2017)
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NMT - Transformer

(Guoping Huang, Qcon2018)
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MT Everywhere
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MT Everywhere
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MT Everywhere
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Some Issues
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Significance of Low Resource MT Research 

•Academic value 
• Machine translation is a data-driven task, and it relies heavily 

on parallel corpora. Therefore, the performance is really good 
on high resource language pairs, but inferior accuracy on low-
resource language pairs.

•Application value 
• In the “One Belt One Road” work, there is an urgent need for 

policy communication, smooth trade, financial access, facility 
connectivity, shared citizenship and cultural exchanges 
between 65 countries along the route, especially in 
Central/East/Western Asia. 



THU-2019 232021/6/21Mieradilijiang Maimaiti

Significance of Low Resource MT Research 

• Hot topics concerned by academia and industry

• The national languages of many countries are almost 

morphologically rich low-resource languages.

From: http://www.mrcjcn.com/n/224527.html
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Low-Resource Languages (LRLs) 
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Related Work and Current State

•High-resource Languages

•Domain Adaptation

•Morphology Analyzer 

•Data Augmentation

•Transfer Learning

•Zero-Shot Learning

•……
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High-resource Languages

• Attention Based Multilingual Encoder
(Marton et al., 2009; Nakov, et al., 2012;  Dong et al., 2015; 
Zoph and Knight et al., 2016; Thanh-Le  et al., 2016 ; Schwenk
et al., 2017 ; Johnson et al., 2016 ; Get al., 2018 )

• Transfer Learning
(Wang, et al., 2012; Zoph et al., 2016 ; Zoph et al., 2017b ; 
Nguyen et al., 2017 ; Chu et al., 2017 ; Passban et al., 2017 ; 
Dabre et al., 2017; Wang al., 2018 )
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Domain Adaptation

• Data Selection 
(Foster et al., 2007 ; Zhao et al., 2007; Lü et al., 2007 ; Moore  
et al., 2010 Axelrod et al., 2011; Lewis et al., 2011; Duh et al.,
2013; Chen et al., 2016 ; Ruder et al., 2017 )

• Context Information
(Tiedemann et al., 2010; Gong et al., 2011; Carpuat1 et al.,
2013 )

• Topic Information
(Tam et al., 2007 ; Xiao et al., 2012 ; Su et al., 2012 ; Eidelman 
et al., 2012; Hewavitharana, et al., 2013; Zhang et al., 2014 ; 
Zhang et al., 2016 )
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Morphology Analyzer 

• Rule Based
(Maddox et al., 2003; Daybelge et al., 2007; Lignos et al., 2009; 
Hatem, et al., 2011; Kessikbayeva et al., 2015 )

• Traditional Statistical Method
(Kudo et al., 2004; Creutz et al., 2006; Virpioja et al., 2013; Stig-
Arne et al., 2014 ; Kohonen et al., 2010 ; Ruokolainen et al.,
2014; Sennrich et al., 2016a )

• Neural Network Method
(Stuskever et al., 2014; Bahdanau et al., 2015; Wu et al., 2016; 
Vaswani et al., 2017; Belinkov et al., 2017; Vania et al., 2017; 
Rajana et al., 2017 )
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Data Augmentation

•Monolingual Based 
(Koehn et al., 2002; Quirk et al., 2004; Ueffing, et 
al., 2006; Marta, et al., 2006; Wubben et al., 2012; 
Gulchere et al., 2015; Sennrich et al., 2016b ; 
Cheng et al., 2016b ; Zhang et al., 2018 )

•Word Level Replacement
(Francis et al., 2009; Fadaee et al., 2017 ; Huang et 
al., 2016; Sennrich et al., 2016c; Ribeiro et al.,
2018; Wang et al., 2018 )



THU-2019 302021/6/21Mieradilijiang Maimaiti

Challenges for LRLs MT

•Challenges
•Unable to make efficient use of high resource 

language issue

•Specific domain adaptive problem

•Unable to analyze morphological problems 
efficiently

•Syntactic and Semantic error problem after data 
augmentation
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Challenge1-Using High-resource Languages

• (Zoph et al., 2016 ) exploited the transfer learning on high-
resource languages to help LRLs.

• (Passban et al., 2017 ) based on the previous

Idea, by using of one HRLs from tow

Different domains.

• Issue：

– Both of them unable to use 

efficiently multiple HRLs.

– Ignored character level similarity.
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Challenge2-Specific Domain Adaptive issue

• (Zhang et al., 2016) we can regard their idea was fully-supervised 
method, first learn the topic 

Information by using LDA, then

feed them into NMT.

• Issue：

– Unable to jointly train the topic 

Information and NMT.

– Dependently train the topic model

and time consuming.

– Hard to set the topic number, heuristically set the topic number both on

encoder and decoder of NMT.
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Challenge3-Inferior Accuracy of Morphological Analyzer

• (Virpioja et al., 2013) exploit the semi-supervised method to 
segment, and proposed language independent lexicon analyzer 
Morfessor2.0

• (Sennrich et al., 2016a ) used the greedy algorithm to compute 
the state of each characters to 

be connected with others, and

proposed the BPE.

{‘low’, ‘lowest’, ‘newer’, ‘wider’}

“bitaKetsizlik”(不耐心的)

• Issue :

– Unable to coverage the 

language knowledge

– Still exist over /imperfect

/non segmentation
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Challenge4-Syntactic and Semantic Errors

• (Fadaee et al., 2017 ) exploited the very common augmentation 
method used in CV, namely data augmentation.

• (Cheng et al., 2016b) expand the 

corpus size via back translation on

monolingual data.

Semantics: John waters the [Plant/Bike]

Syntax: I have three  [bags/pencil]

• Issue:

– Relied on existed translation model.

– Unable to address the syntactic and 

semantic errors efficiently after 

data augmentation.
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Motivation – Transfer Learning 

[Barret Zoph et al., 2016]

Optimal setting for transferring from 
parent model to child model.

Parent : Fr-En Child: Uz-En
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Transfer Learning && Machine Learning 

Traditional Machine Learning Transfer Learning

Learning
System

Learning
System Knowledge

Transfer

Learning
System

Learning
System
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Transfer Learning – domain adaptation

This scenario arises when we aim at learning from a 

source data distribution a well performing model on 
a different (but related) target data distribution.

Source

news

Target

trade
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Transfer Learning – domain adaptation

In Natural Language Processing (NLP), train a system on 

some language data, retune && apply it to specific 
different task.

Build speech recognition system using recorded phone calls,
then tune it to use as an airline reservation hotline.

ASRER IRCV
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Multi-Round Transfer Learning for 
Low-Resource NMT Using Multiple 

High-Resource Languages
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Methodology - NMT

𝑋, 𝑌;Raw source and target sentences.

Given source sentences 𝑋 = 𝑥1, ⋯ , 𝑥𝑖 , ⋯, 𝑥𝐼 and target sentence 

Y= 𝑦1, ⋯ , 𝑦𝑖 , ⋯, 𝑦𝐼

Standard NMT models usually factorize the sentence-level translation 

probability as a product of word-level probabilities：

𝑃 𝑦|𝑥; 𝜃 =  𝑗=1
𝐽

𝑃(𝑦𝑖|𝑥, 𝑦<𝑗; 𝜃)

𝜃 is model parameters, 𝑦<𝑗 is partial translation.
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Methodology – Transfer Learning

We take the 𝐿3 → 𝐿2 as parent and 𝐿1 → 𝐿2 as child language pair. 𝐿3 and 

𝐿1 are source languages of parent and child ,respectively, 𝐿2is the target 

language for both.

𝜃𝐿3→𝐿2
= {< 𝑒𝐿3

,𝑊, 𝑒𝐿2
>} while 𝑒𝐿3

and 𝑒𝐿3
source and target 

embedding of parent model, 𝑊 is parameters. 

  𝜃𝐿3→𝐿2
= argmax

𝜃𝐿3→𝐿2

𝐿 𝐷𝐿3
, 𝜃𝐿3→𝐿2

train the parent model 𝑀𝐿3→𝐿2

Then fine-tune the child model 𝑀𝐿1→𝐿2
with parent model 𝑀𝐿3→𝐿2

:

𝜃𝐿1→𝐿2
= 𝑓(  𝜃𝐿3→𝐿2

), while 𝑓 is initialization function.
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Main Idea

• we aim to deal with the problem of how 
to make full use of these corpora of 
highly related multiple languages, to 
increase the translation quality of the 
child model.

• Increase the similar even identical words 
between parent and child language by 
using unified transliteration method.
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Original Transfer Learning

• The original TL transfers parameters of parent model
into child model.

𝜃𝐿3
=   𝑒𝐿3

,𝑊, 𝑒𝐿3

 𝜃𝐿3→𝐿2
= argmax

𝜃𝐿3→𝐿2

𝐿(𝐷𝐿3→𝐿2
, 𝜃𝐿3→𝐿2

)

𝜃𝐿1→𝐿2
= 𝑓(  𝜃𝐿3→𝐿2

)

[Barret Zoph et al., 2016]
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Modified Transfer Learning

• The modified TL transfers parameters of parent model
into child model from one parent with different domains.

[Passban et al., 2017 ]

𝜃𝐿3
` →𝐿2

= 𝑓(  𝜃𝐿3→𝐿2
)

 𝜃𝐿3
` →𝐿2

= argmax
𝐿3
` →𝐿2

𝐿(𝐷𝐿3
` →𝐿2

, 𝜃𝐿3
` →𝐿2

)

𝜃𝐿1→𝐿2
= 𝑓(  𝜃𝐿3

` →𝐿2
)
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Multi-round Transfer Learning

• The central idea of our proposed MRTL is to encourage
the child model receive more information from
different parent models.

𝜃𝐿4→𝐿2
= 𝑓(  𝜃𝐿3→𝐿2

)

 𝜃𝐿4→𝐿2
= argmax

𝜃𝐿4→𝐿2

𝐿(𝐷𝐿4→𝐿2
, 𝜃𝐿4→𝐿2

)

⋮ = ⋮

𝜃𝐿k+1→𝐿2
= 𝑓(  𝜃𝐿𝑘→𝐿2

)

 𝜃𝐿k+1→𝐿2
= argmax

𝜃𝐿k+1→𝐿2

𝐿(𝐷𝐿k+1→𝐿2
, 𝜃𝐿k+1→𝐿2

)

𝜃𝐿1→𝐿2
= 𝑓(  𝜃𝐿k+1→𝐿2

)
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Multi-round Transfer Learning

P1

C

P1

P2

C

P1

C

P2

C

P3

C

P4

C

P1

P2

P3

P4

C

(a) (b) (c) (d)

This work
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Language pairs

Language features of all languages used in our experiments
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Corpora

Characteristics of all languages parallel corpora.

The “Vocab." and “# Word" represent vocabulary (word type) 
and word token, respectively
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Shared words

The shared words between each languages

The Ar, Fa, Ur, and Uy are converted with proposed unified 
transliteration method. Besides, shared word rate calculated as the 
division of shared word numbers to word type counts of the 
language in each column.
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Methodology – Unified Transliteration

The shared words between each languages

The second column “Original" represents prototype scripts of 
corresponding languages. Besides, the last column “Unified" 
stands for the converted format with unified transliteration 
method.
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Methodology – Unified Transliteration
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Experiment

 System : THUMT

Parameters ：

Dropout 0.1

Word Embedding 620

Hidden State 1000

Vocabulary : source 3w, target 29k

Other parameter we use the default 

parameters of THUMT

Preprocess 

Clear data use NiuTrans , Chinese 

segmenter use THULAC

Some processing tools designed by us

http://www.nlplab.com/niuplan/NiuTrans.YourData.html
github.com/thunlp/THULAC-Python
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Experiment

 GPU: 4 

GPU type: NVIDIA TITAN X (Pascal)

Training time : less than 3-4 days (include fine-tuning)

Corpus :

Parent : Open Subtitle2016 and Tanzil corpora

Child :  Chinese-LDC (CLDC) corpus

UNK replace : NO

 BPE : Yes
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Experiment

The Effect of unified transliteration method for MRTL.
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Experiment

The Effect of corpus size to child model in single fine-tuning.
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Experiment

The effect of parent language pairs to 
child language pair
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Experiment

Parent Language Selection

Different language family

Different domain

Different corpus size
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Experiment

The Effect of MRTL.
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Conclusions

We address the drawbacks of TL, which exploits only one parent to 

optimize the child model at a time. 

We mitigate the gap between parent and child language pairs at the 

character level.

We achieve transparency in network architectures, as well as in our 

method for neural network architecture. 

We observe meaningful discovery by sharing both source side and target 

side embeddings of parent models.
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Discussion on Bilingual Cognition in 
International Exchange Activities

Mieradilijiang Maimaiti1 and Xiaohui Zou1

1Department of Computer Science and Technology, Tsinghua University, Beijing, China
2 Sino-American Saerle Research Center, Beijing, China

ICIS2018, Beijing
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How to Understand: Three Types of 
Bilingual Information Processing?

Mieradilijiang Maimaiti1 ,Shunpeng Zou2,Xiaoqun Wang3 and Xiaohui Zou234

1Department of Computer Science and Technology, Tsinghua University, Beijing, China
2 China University of Geosciences (Beijing) 29 Xueyuan Road, 100083, China
3 Audio-Visual Building, Room 415, Peking University, 100871 Beijing, China

4Sino-American Searle Research Center, UC Berkeley 94720-3840, USA

ICCSIP2018, Beijing
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Motivation: human-machine translation

(Guoping Huang, Qcon2018)
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Motivation: human-machine translation

(Guoping Huang, Qcon2018)
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Methodology – three types of bilingualism

Narrow bilingualism 

Chinese – English 

Alternative bilingualism

Terminologies  and popular sayings 

Generalized bilingualism 

Mathematical  language of arithmetic numbers and natural language of Chinese 

characters
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Methodology

• Replacing 
• Switching
• Dropping
• Editing 
• Adding 
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Methodology
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Our work (Word segmentation)

[ This slide intentionally left blank ]

Not good as we expected
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Our work (Data Augmentation)

[ This slide intentionally left blank ]

We have been doing corresponding experiments…
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Projects

• Project1: “少数民族网络舆情综合分析与云服务关键技
术研究及应用示范”

• Project2: “跨语言社会舆情分析基础理论与关键技术

• Project3: “面向三元空间的互联网中文信息处理理论与
方法”

• Project4:  “基于深度学习的维汉机器翻译”
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参与科研工作进展

• 国家科技支撑计划项目
• 项目名称：“少数民族网络舆情综合分析与云服务关键技术研究及应用
示范”

• 批准号：2014BAK10B03

• 状态：已结题

• 主要贡献：开发多语种网站数据采集器，并开发了维藏蒙-汉双向在线机
器翻译系统
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参与科研工作进展

• 国家自然科学基金重点项目
• 项目名称：“跨语言社会舆情分析基础理论与关键技术研究”

• 批准号：61331013

• 状态：未结题

• 主要贡献：开发了跨语言信息检索系统，分别爬虫了维吾尔语、藏语、蒙语
网站，调用了自主研发的小语种机器翻译接口实现跨语言搜索
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参与科研工作进展

• 973项目
• 项目名称：“面向三元空间的互联网中文信息处理理论与方法”

• 批准号：2014CB340500

• 状态：未结题

• 主要贡献：开发了神经网络维双向汉机器翻译系统，目前正在扩充到
“一带一路”沿线国家的几种语言之间的翻译
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参与科研工作进展

• 企业合作项目1
• 企业名称：北京捷通华声科技股份有限公司

• 项目名称：“基于深度学习的维汉机器翻译”

• 批准号：N/A

• 状态：快结题了

• 主要贡献：维-汉双向机器翻译引擎研发技术顾问，也就技术指导以及提供相
关的code。
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Copyrights

• 已发布
• 米尔阿迪力江·麦麦提，“维吾尔语人工词性标注及语料库构建系统”[简称：
维吾尔语人工词性标注平台]，登记号：2016SR031180

• 米尔阿迪力江·麦麦提，“维吾尔语自动词性标注系统”[简称：维语词性标注
平台]，登记号：2016SR052763

• 米尔阿迪力江·麦麦提，“维吾尔语自动词干提取与词性标注系统”[简称：维
吾尔语形态分析器]，登记号：2016SR379408

• 孙茂松，米尔阿迪力江·麦麦提，刘洋，栾焕博，“基于Python的多语种多文
种编码转换工具软件(1.0)”[简称：维蒙藏-汉(小语种)在线翻译系统]，登记号：
2019SR0110291

• 孙茂松，米尔阿迪力江·麦麦提，刘洋，栾焕博，“面向低资源语言的多语种
在线机器翻译系统(1.0)”[简称：小语种在线翻译系统]，登记号：
2019SR0108620

• 孙茂松，米尔阿迪力江·麦麦提，刘洋，栾焕博，“跨语言社会舆情分析在线
信息检索系统”[简称：小语种跨语言信息检索系统]，在申请



THU-2019 792021/6/21Mieradilijiang Maimaiti

Patents

• 已授权
• 米尔阿迪力江·麦麦提，刘洋，栾焕博，孙茂松，“一种基于无监督领域
自适应的神经网络机器翻译方法”，申请日：2017年03月09日，申请号：
201710139214.0，授权公布日：2017年08月11日，授权号：CN 
107038159 A

• 在审
• 孙茂松，米尔阿迪力江·麦麦提，刘洋，栾焕博，“神经网络机器翻译模
型的训练方法和装置”，申请日：2018年07月27日，申请号：
201810845896.1
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Conclusions

•Semi-supervised Learning

•Unsupervised Learning

•Pivot-based Methods

•Data Augmentation

•Data Selection

•Transfer Learning

•Meta Learning

•Morphological analyses

•Pos-tagging

•NER
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This inspiration comes from  Dzmitry Bahdanau @ ICLR2014 . 


