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• More than 6000 languages:

→ 45% oral

→ 43% endangered or vulnerable

→ differences in culture, vocabulary

→ differences in morphological 
complexity, syntax, tonality, word order…

But also…

→ regional varieties (dialects) 

→ L2 speakers

→ sign languages



The Long Tail of Data
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CASE STUDY: TRANSLATION BETWEEN SIMILAR LANGUAGES

Catalan: Què diu aquesta frase? 

Spanish: ¿Qué dice esta oración? 

Galician: Que di esta frase? 

Portuguese: O que esta frase diz?
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CASE STUDY: INDIAN SUBCONTINENT

এই বাক্যটি কী বেল? ಈ ವಾಕ್ಯ ಏನು ಹೇಳುತ್ತದೆ?આ વાક્ય શું કહે છે?

यह वाक्य क्या कहता है?

ਇਹ ਸਜ਼ਾ ਕੀ ਕਿਹੰਦੀ ਹੈ?

ഈ വാചകം എന്താണ ്പറയുന്നത?് हे वाक्य काय म्हणते?

यो वाक्यले के भन्छ?ఈ వాక్యం ఏమి చెబుతుంది? ෙමම වාක්‍යය පවසන්නේ කුමක්ද?

• Phonetic and Orthographic Similarity 
• Transliteration and Cognate mining 
• Character-level translation

Issues: text normalization, tokenization

http://anoopkunchukuttan.github.io/indic_nlp_library/


CASE STUDY: ENGLISH-CHINESE

what does this sentence mean?

Best WMT system: The NiuTrans Machine Translation Systems for WMT19, Li et al. 2019

这句话是什么意思？
這句話是什麼意思？
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tokenization?

Best WMT system: The NiuTrans Machine Translation Systems for WMT19, Li et al. 2019

这句话是什么意思？
這句話是什麼意思？

Character-based decoding can help 
 when translating to Chinese (Bowden et al, 2019)

http://anoopkunchukuttan.github.io/indic_nlp_library/
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CASE STUDY: ENGLISH-CHINESE

what does this sentence mean?

Another idea: Modeling sub-character information
这句话是什么意思？
這句話是什麼意思？

Neural Machine Translation of Logographic Languages 
Using Sub-character Level Information, Zhang and Komachi, 2019.

http://anoopkunchukuttan.github.io/indic_nlp_library/


CASE STUDY: ENGLISH-CHINESE
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CASE STUDY: ENGLISH-CHINESE

what does this sentence mean?

Another idea: Modeling sub-character information
这句话是什么意思？
這句話是什麼意思？

Character-level Chinese-English Translation 
through ASCII Encoding, 
Nikolov et al., 2019.

http://anoopkunchukuttan.github.io/indic_nlp_library/
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CASE STUDY: ARABIC

what does this sentence mean? ماذا تعني هذه الجمله؟
Issue: Root-and-Pattern morphology 

Solution: Morphological Analysis and Disambiguation

http://anoopkunchukuttan.github.io/indic_nlp_library/
https://pdfs.semanticscholar.org/e0de/d31d9ebab0a0ea0531edd909328b62276324.pdf


CASE STUDY: ARABIC

what does this sentence mean? ماذا تعني هذه الجمله؟

Handling dialectal data:

http://anoopkunchukuttan.github.io/indic_nlp_library/
https://www.aclweb.org/anthology/W19-1424.pdf
https://www.aclweb.org/anthology/W19-1424.pdf


CASE STUDY: COMPLEX MORPHOLOGY (E.G. FINNISH, TURKISH)

What about linguistically-informed segmentation?

http://anoopkunchukuttan.github.io/indic_nlp_library/
https://www.aclweb.org/anthology/W19-1424.pdf
https://www.aclweb.org/anthology/N19-1154.pdf
https://www.aclweb.org/anthology/N19-1154.pdf
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USING RELATED LANGUAGES

How can you choose a related language  
for cross-lingual transfer?

1. Intuition (maaaayyybe ok)
2. Geography (could be misleading)

http://anoopkunchukuttan.github.io/indic_nlp_library/
https://github.com/LauraMartinus/ukuxhumana


USING RELATED LANGUAGES

How can you choose a related language  
for cross-lingual transfer?

1. Intuition (maaaayyybe ok)
2. Geography (could be misleading)
3. Typological Features

http://anoopkunchukuttan.github.io/indic_nlp_library/
https://github.com/LauraMartinus/ukuxhumana
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USE           FOR 
EVERYTHING!!1!

BERT

XLM-R

GPT-2

PaLM

Claude

GPT-4

Gemini

Choose our own adventure



Make it multilingual!
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NLP beyond 
the top-100 
languages
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Let’s make a plan
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Make MLMs 
highly  

multilingual

Train them 
on 100 

languages

Apply them  
on the other 

6400 
languages

Apply them  
on the *other* 

6400 
languages

Dominant 
Written (Latin) 
Standardized 
high(ish)-resource

Local 
Oral 
non-Standardized 
Very low-resource
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18

Train on all the internet (GPT-4?) → incidental multilingualism
or
Explicitly collect data in many languages and upsample low-resource ones



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Getting Data - Internet Crawling

19



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Getting Data - Internet Crawling

19



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Getting Data - Internet Crawling

19



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Getting Data - Internet Crawling

19

Crawling the internet → Language ID 
        Currently 166 languages



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Getting Data - Internet Crawling

19

Crawling the internet → Language ID 
        Currently 166 languages



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Getting Data - Internet Crawling

19

Crawling the internet → Language ID 
        Currently 166 languages

Very low quality for some languages 
langID far from perfect



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Getting Data - Internet Crawling

19

Crawling the internet → Language ID 
        Currently 166 languages

Very low quality for some languages 
langID far from perfect



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Work with Communities

20



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Work with Communities

20



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Work with Communities

20



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Work with Communities

20



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Work with Communities

20



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Make Existing Data ML-Usable

21

Printed books Handwritten notes



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Make Existing Data ML-Usable

21

Printed books Handwritten notes



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Curation at Scale

22



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Curation at Scale

22

Let’s get small, but high quality data



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Curation at Scale

22

Let’s get small, but high quality data



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Curation at Scale

22

Let’s get small, but high quality data



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

Our Solution: Curation at Scale

22

Let’s get small, but high quality data
>350 languages

0
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Benchmarking most popular models

M
A

C
RO

 F
-1

0.08

0.31

0.54

0.77

1

LANGID MODELS

CLD3 FRANC LANGID.PY OUR BASELINE

0.110.09
0.18

0.11



Dialects
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First large-scale benchmark 
10 tasks, 40 continua, 281 varieties
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Minority 
Languages



Minority Languages in X-lingual Communities
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Minority Languages in X-lingual Communities
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Source: 

http://www.farsinet.com/farsi/linguistic_composition_of_iran.html
http://www.farsinet.com/farsi/linguistic_composition_of_iran.html
http://www.farsinet.com/farsi/linguistic_composition_of_iran.html
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ئ ا ب ت ج
ح خ د ذ ر ز
س ش ع غ
ف ق ل م ن

ه و ی
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 ڑ 
 ں 
ے
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Urdu

Mazanderaniۊ ۋ Gilaki

ي ة
ˇ

وٙ ڎ ۉ یْ یٛ ۋ

�
وٗ
ۄ
ۆ
ےٚ
 ٲ
ٳ

Azeri Turkish

ٻ ٺ ڳ   
ٽ ٿ ڀ 
ڦ ڻ
ڱ
ڪ
 ھ ڙ
ڄ
ڇ
ڃ
ڍ ڊ 
ڏ ڌ   

            ؽ وْ ۆ ۇ

Sindhi

پ چ ک گ
Persian

Kurdish
Gorani

ڕ ڤ ڵ ۆ ێ
ھ ہ

Kashmiri

ژ

آ أ إ اَ اِ اُ ث ؤ
ص ض ط ظ



Minority Languages in X-lingual Communities

31

ئ ا ب ت ج
ح خ د ذ ر ز
س ش ع غ
ف ق ل م ن

ه و ی

 ٹ
 ڈ 
 ڑ 
 ں 
ے

Arabic

Urdu

Mazanderaniۊ ۋ Gilaki

ي ة
ˇ

وٙ ڎ ۉ یْ یٛ ۋ

�
وٗ
ۄ
ۆ
ےٚ
 ٲ
ٳ

Azeri Turkish

ٻ ٺ ڳ   
ٽ ٿ ڀ 
ڦ ڻ
ڱ
ڪ
 ھ ڙ
ڄ
ڇ
ڃ
ڍ ڊ 
ڏ ڌ   

            ؽ وْ ۆ ۇ

Sindhi

پ چ ک گ
Persian

Kurdish
Gorani

ڕ ڤ ڵ ۆ ێ
ھ ہ

Kashmiri

ژ

آ أ إ اَ اِ اُ ث ؤ
ص ض ط ظ

Dominant language (e.g. Farsi) influences the minority one:
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Language Unconventional script Unconventional writing Conventional writing

Gilaki Persian یته زون نم هيسه گه گيلکن اون جی گب زنن یته زوؤن ٚ نؤم هيسه گه گيلکؤن اۊن ٚ جي گب زنن

Kashmiri Urdu #"۔ $%&' (%) *+,"- .%/, . 0%1 "-2(%3 برٛور چھُ اکَھ وُرٲس4 جانوَر۔

Kurmanji Arabic قايمقام اامدي بةرثوا پارزكار دهوك دا قایمقامێ ئامێدیێ بەرسڤا پارێزگارێ دهۆکێ دا

Sorani Arabic هةر لة يةكةم شانؤوة ديارة فهديان دةويت هەر لە یەکەم شانۆوە دیارە فەهەدیان دەوێت

Sindhi Urdu 568ٔ%9 $:%; <=%>'%? 5@",-AB%C D 56E F GH $%I GJG%K- GLA(M%N <= OP $%Q, $R  56 $8 5ST :%U مديني ڏانهن ھجرت وقت فقط ھيء گھرواري ساڻن گڏ ھئي

Persian تمن دریژ و لش ساق بیت پیاگه سر برزکە تەمەن درێژ و لەش ساق بیت پیاگە سەربەرزەکە

Dominant language (e.g. Farsi) influences the minority one:
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Train a Normalization model
    (Encoder-decoder, self-attention based)
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We Need to Handle 
Speech Input
With many slides from the


“End-to-end-ST tutorial” at EACL 2021

by Jan Niehues, Liz Salesky, Marco 

Turchi, and Matteo Negri



Speech Translation - History (before e2e)
Late ‘80s:  first proofs of concept 

Constraints to control language ambiguity (phonetics, syntax, 
semantics)
● Restricted vocabulary
● Controlled speaking style
● Narrow domain
● Offline processing ‘90s:  Less constraints  (vocabulary, speaking style)

First spontaneous ST systems (C-STAR, Verbmobil, Nespole,...)

2003-2006:  Less constraints (domain)
First open-domain ST systems (STR-DUST, TC-STAR, 
GALE)
● different scenarios (broadcast news, parliamentary 

speeches, academic lectures) 
● different languages (Zh, Ar, Es)

2006:  Less constraints  (operating conditions)
First  simultaneous translator 
(real-time translation of spontaneous lectures 
and presentations) 9



Speech Translation - History (the e2e era)
2005:  first ST corpora 

Small size/language coverage

2016-2017: first e2e ST models
(Duong et al., 2016, Berard et al., 2016, Weiss et al., 2017, ...)
encoder-decoder  architectures  based  on  RNNs

2018:  first e2e models at IWSLT
8.7 BLEU points below cascade ST solutions on En-De 

2020: the gap almost closed?
+0.24 BLEU on unsegmented En-De test data

2019:  significant gap reduction at IWSLT
1.6 BLEU points below cascade ST solutions on En-De

2019-2020: new ST corpora
Larger size/language coverage

2019: ST adaptation of Transformer
(Di Gangi et al., 2019)

10



Sec 1.2

Challenges in 
Translation of 
Speech

19



Challenges in translation of speech
• Audio challenges

- Multiple speaker
- e.g. Meetings
- Challenges:

- Overlapping voice
- Background noise
- Audio segmentation

20



Challenges in translation of speech
• Audio challenges
• Text-Speech mismatch

- Disfluencies
- Hesitations: “uh”, “uhm”, “hmm”,  
- Discourse markers: “you know”, “I mean”,… 
- Repetitions: “It had, it had been a good day”
- Corrections: “no, it cannot, I cannot go there”

- No punctuation
- Let’s eat Grandpa !
- Let’s eat, Grandpa !

21



Challenges in translation of speech
• Audio challenges
• Text-Speech mismatch
• Error propagation

- ASR errors worse after translation
- More difficult to compensate by human
- MT adds additional errors

Reden (engl. speeches)

Reben (engl. vines)

22



Challenges in translation of speech
• Audio challenges
• Text-Speech mismatch
• Error propagation
• Data

- End-to-End data:
- Growing amount but still limited

- Integration of other data types
- Speech transcripts
- Parallel data

23



Challenges in translation of speech
• Audio challenges
• Text-Speech mismatch
• Error propagation
• Data
• Partial information

- Online: Translate during production of speech
- Generate translation before full sentence is known

24



Traditional 
Cascade Approach



Traditional cascade approach

26



Traditional cascade approach

LM

phrase 
table

acoustic 
model

LM

Modular, pipeline approach

ASR, MT: isolated objectives

27

(Waibel et al. 1991; Vidal, 1997; Ney, 1999; Saleem et al. 2004; 
Matusov et al. 2005; Bertoldi and Federico, 2005; Quan et al. 2005; 
Kumar et al. 2014; IWSLT Eval Campaigns 2004—)



End-to-End ST
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Input

cat sat on matthethe

Interm.

Encoder (Recurrent, Convolutional, Self-Attention, …)

Decoder
the
cat
sat
on
the
matAttention Context Feed 

Forward

el
la

gato
gata

…
…
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   el gato se sientó en la afobra

Decoder

Encoder 1

Context 1
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Today: pre-training
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The SeamlessM4T model
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Today: data mining



ASR

Recap: Available data

MT

ST

(audio, transcript)(text, translation) (audio, transcript, translation)

128

Can we make use of this large 
amount of data?
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Mining Parallel Speech Data

59



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

SONAR Representations

60



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

SONAR Representations

61



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

SeamlessM4T Results

62



G
EO

RG
E 

M
AS

O
N

 U
N

IV
ER

SI
TY

SeamlessM4T Results
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tl;dr: it’s great


