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The Languages of the World

* More than 6000 languages:

— 45% oral

A traditional Kyrgyz manaschi &
performing part of the Epic of Manas at

a yurt camp in Karakol
Image Source: Wikipedia
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The Languages of the World
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The Languages of the World

* 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
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CASE STUDY: TRANSLATION BETWEEN SIMILAR LANGUAGES

Catalan: Queé diu aquesta frase?
Spanish: ;Qué dice esta oracién?
Galician: Que di esta frase?

Portuguese: O que esta frase diz?
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CASE STUDY: INDIAN SUBCONTINENT
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* Phonetic and Orthographic Similarity
e Transliteration and Cognate mining
e Character-level translation

Issues: text normalization, tokenization



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

CASE STUDY: ENGLISH-CHINESE

EosEetEER?
ﬁ/ﬂ -LE/_\EE'T-I_/A\ /%\/E&E\?

what does this sentence mean?

Best WMT system: The NiuTrans Machine Translation Systems for WMT19, Li et al. 2019
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CASE STUDY: ENGLISH-CHINESE

EosEetEER?
ﬁ/ﬂ -LE/_\EE'T-I_/A\ /%\/EL‘;E\?

what does this sentence mean?

Very high resource, but:
logographic writing system —> huge vocabulary
tokenization”

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

Best WMT system: The NiuTrans Machine Translation Systems for WMT19, Li et al. 2019
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CASE STUDY: ENGLISH-CHINESE

L/j HEE'T—I_ = =N /L:\
S\(/j -LE/_\E'H_/A\ = /l_;\

what does this sentence mean?

Another idea: Modeling sub-character information
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CASE STUDY: ENGLISH-CHINESE

EBaEEEEER?
what does this sentence mean? L/Dj nég'f‘ﬂ%_i,;a\
ﬁ/ﬂ -LE/_\E'T-I_ Al%\/&)\?

Another idea: Modeling sub-character information

Neural Machine Translation of Logographic Languages
Using Sub-character Level Information, Zhang and Komachi, 2019.
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CASE STUDY: ENGLISH-CHINESE

EosEetEER?
ﬁ/ﬂ -LE/_\EE'T-I_/A\ /%\/E&E\?

what does this sentence mean?

Another idea: Modeling sub-character information

Character-level Chinese-English Trans!
through ASCII Encoding,
Nikolov et al., 2019.
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CASE STUDY: ARABIC

what does this sentence mean? Sdleall sia oiad Iile
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CASE STUDY: ARABIC

what does this sentence mean? Saleadl sia il lile
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CASE STUDY: ARABIC
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CASE STUDY: ARABIC

what does this sentence mean? Sdlaall sia gias lile
Issue: Root-and-Pattern morphology

Solution: Morphological Analysis and Disambiguation
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CASE STUDY: ARABIC

what does this sentence mean? Sdleall sia oiad Iile

Handling dialectal data:
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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?

Words He admits ti shoohing girlfriend

BPL He admits to sho@ @ aoting gir@ @ | @@ mend
Marfessor He admit@ @ s to shoot @@ ing jnrl @ @ frend

Characters | He _admits _ta_shooting _givlfriend

Table 2: Example with different segmentations.
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USING RELATED LANGUAGES
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USING RELATED LANGUAGES

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

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

1. Intuition (maaaayyybe ok)
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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)

NOT SURE IF AFRIKAANS OR BUTCH
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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)
3. Typological Features
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Make it multilingual!
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Make MLMs
highly
multilingual

Apply them |

on the other
6400
languages

Train them
on 100
languages

6400
languages

Dominant
Written (Latin)

Standardized
high(ish)-resource

Local

Oral
non-Standardized
Very low-resource
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Going Beyond the top-100 Languages

Train on all the internet (GPT-47?) — incidental multilingualism
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Train on all the internet (GPT-47?) — incidental multilingualism
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Going Beyond the top-100 Languages

Train on all the internet (GPT-47?) — incidental multilingualism
or
Explicitly collect data in many languages and upsample low-resource ones
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Getting Data - Internet Crawling

ﬁ GEORGE MASON UNIVERSITY




Getting Data - Internet Crawling

ﬁ GEORGE MASON UNIVERSITY




Getting Data - Internet Crawling

OSCAR

‘roject on
Multilingual Resources for Machine
Learning
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Getting Data - Internet Crawling

Crawling the internet = Language ID
Currently 166 languages

Open Source Project on
Multilingual Resources for Machine
Learning
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Quality at a Glance:
An Audit of Webh-Crawled Multilingual Datasets
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An Audit of Webh-Crawled Multilingual Datasets
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Our Solution: Work with Communities
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Language map of Zambia
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Our Solution: Work with Communities

Language map of Zambia
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Our Solution: Make Existing Data ML-Usable
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Our Solution: Curation at Scale
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Our Solution: Curation at Scale

Let's get small, but high quality data
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Let's get small, but high quality data
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Our Solution: Curation at Scale

Let's get small, but high quality data

>350 languages

PRATHAM BOOKS

st Cryweaver

LIMIT: Language Identification, Misidentilication, and Tramdation using
Hierarchical Modds in 350+ Languapes
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Language ID at Scale

Benchmarking most popular models
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Language ID at Scale

Benchmarking most popular models
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Language ID at Scale

Benchmarking most popular models
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Languages are not Monoliths
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Languages are not Monoliths
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Languages are not Monoliths
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DialectBench
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DialectBench Results
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Minority Languages in X-lingual Communities
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Minority Languages in X-lingual Communities
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Minority Languages in X-lingual Communities

Linguistic Composition of lran Indo-Zusosan

Dominant language (e.g. Farsi) influences the minority one: g
Language Unconventional script Unconventional writing Conventional writing
Gilaki Persian S0l SESamson e oS il oS S 0B iy @
Kashmiri Urdu e s bl s la ot 28T An o
Kurmanji Arabic Is Joos 55,6 85k gl 2liesld s 538 ,85,L Uy (ol paliian
Sorani Arabic o b obdgd 8L 8y $5Li 2ASE, A o @ 305 olsasad 0,Ls 05 5Le saSey o e
Sindhi Urdu fjdbd/"/’fmd’&fdﬁsd’* b K il 5,188 soon Ladd e oy 4313 sae
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Case Study: Languages using Perso-Arabic Script

32

Language 6393 WP Script type Diacritics ZWNIJ Dominant
Azeri Turkish azb  azb Abjad v v Persian
Gilaki glk glk Abjad v v Persian
Mazanderani mzn men  Abjad v v Persian
Pashto pus  ps  Abjad v X Persian
Gorani hac - Alphabet X X Persian, Arabic, Sorani
Northermn Kurdish (Kurmanji)  kmr - Alphabet X X Persian, Arabic
Cenual Kurdish (Sorani) ckb  ckb Alphabet X X Persiun, Arabic
Southern Kurdish adh - Alphabert X X Persian, Arabic
Balochi bal - Abjad v X Persian, Urdu
Brehui brh - Abjad v X Urdu
Kashmiri kas ks  Alphabet v X Urdu
Sindhi snd ed  Ahjad v X Lirdu
Saraiki skr  skr Abjad v X Lrdu
Torwali tres - Abjad v X Urdu
Punjabi pnt  pnb  Ahjad v X Lirdu
Persian fae fa  Ahjad v v -
Arabic art ar  Abjad v X -
Urdu urd ur  Abjad v v -
Uyghur uig ug  Alphabet X X

Table 1: Perso-Arabic scripts of the selecred languages smdied in this paper. Columns 2 and 3 show the cades
of the languages in ISQ 639-3 and on their specific Wikipedia (WP). if available. The diacritics and zero-width
non-joiner (ZWNIJ) columns refer to the usage of diacritics (Harakaf) and ZWNJ as individual characters.
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Mitigating the Effect of Unconventional Writing
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Mitigating the Effect of Unconventional Writing
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Mitigating the Effect of Unconventional Writing

SP-BLEU
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Mitigating the Effect of Unconventional Writing

SP-BLEU
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Mitigating the Effect of Unconventional Writing

Train a Normalization model
(Encoder-decoder, self-attention based)
Evaluate its effect on Machine Translation
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(G N/ | GEORGE MASON
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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

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)

‘90s: Less constraints (vocabulary, speaking style)
First spontaneous ST systems (C-STAR, Verbmobil, Nespole,...)

2006: Less constraints (operating conditions)

First simultaneous translator
(real-time translation of spontaneous lectures
and presentations)




Speech Translation - History (the e2e era)

2005: first ST corpora
Small size/language coverage

2018: first e2e models at IWSLT

8.7 BLEU points below cascade ST solutions on En-De

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

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

2016-2017: first e2e ST models

(Duongetal., 2016, Berard et al., 2016, Weiss et al., 2017, ...)
encoder-decoder architectures based on RNNs

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

10
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Challenges in translation of speech

 Audio challenges
- Multiple speaker

- e.g. Meetings Q,’ _
- Challenges: s ]&L’,
- Overlapping voice t
- Background noise

- Audio segmentation

20



Challenges in translation of speech

e Audio challenges
e 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, | cannot go there”

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

21



Challenges in translation of speech

 Audio challenges
e Text-Speech mismatch
* Error propagation
- ASR errors worse after translation
- More difficult to compensate by human
-  MT adds additional errors

™

i Reden (engl. speeches)

g Reben (engl. vines)

22



Challenges in translation of speech

 Audio challenges
e Text-Speech mismatch
* Error propagation
e 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 m
Partial information

- Online: Translate during production of speech

- Generate translation before full sentence is known

Speech NN

Translation I

24
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Traditional cascade approach

decoder

Das ist ein Satz

ASR

Das ist ein Satz

=

/

decoder

This is a sentence

MT

2 models

WM Das ist ein Satz
v | v

decoder

decoder

|

Das ist ein Satz This is a sentence

SLT

1 model

26



Traditional cascade approach

Das ist ein Satz

=

LM LM
Das ist ein Satz This is a sentence
ASR MT
2 models

H ';' m“ pasis ein Satz Modular, pipeline approach

decoder
v

Das ist ein Satz This is a sentence

ASR, MT: icolated objectives

decoder

SLT

1 model

(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—) 27
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Encoder-Decoder with Attention

the cat sat on the mat




Encoder-Decoder with Attention

the cat sat on the mat




Encoder-Decoder with Attention

nput  (O000) (OO00) (0000 (0000 (0000 (0000

the cat sat on the mat




Encoder-Decoder with Attention
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Encoder-Decoder with Attention
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Encoder-Decoder with Attention
( Decoder )

Interm. ' . ' ' ' .

( Encoder (Recurrent, Convolutional, Self-Attention, ...) )
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Encoder-Decoder with Attention
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( Decoder )
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An Audio-Input model
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An Audio-Input model
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The SeamlessM4T model
(1) Pre-trained models

(2) Multitasking UNITY

Conformer

Speech Encoder N

Length
adaptor

Transformer

I ‘ Text Encoder -

X2T
(ASR, T2TT, S2TT)

|

S2S8T

(eIt
t

HiFi-GAN
Unit Vocoder

|

Transformer
Unit Decoder

Transformer
Text Decoder

|

Transformer
Text-to-Unit Encoder

g GEORGE MASON UNIVERSITY
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Recap: Available data
>
</

Can we make use of this large
amount of data?

ST
PO

(text, translation) (audio, transcript) (audio, transcript, translation)
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Mining Parallel Speech Data

Raw Audio

Arb Audio segments

Arb over segmented audio

Eng
Eng Audio Segments
[ -~
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T=1! c 1=
3C =)
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X
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0 | c— | | — - |
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L e “ 1=
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"ol ==
(=]
input segments over segmented output
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SONAR Representations

Segmented Text from NLLB
zzzzzizzz s
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Oversegmentad Audic
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SONAR
Text Encoders
L
Shared muftiingual and multimodal
embeddings space
,, SONAR /
Speech Encoders /.
L

S2TT Aligned Data
T

Other
resources

l

SeamlessM4T
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SONAR Representations

Multilingual Speach £

Multiingual Text

Multilingual Text /7

indialized with
}— NLLB 18
dacoder
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SeamlessM4T Results
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SeamlessM4T Results

tl;dr: it's great

g GEORGE MASON UNIVERSITY




