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http://www.youtube.com/watch?v=6TWJaFD6R2s
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Outline

e How languages can differ from English
e Multilingual large pre-trained models
e Datasets and Benchmarks

e Language-specific ASR techniques
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We need to process (as many of) the languages of the
world (as we can).
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Example: Speech Translation

“Hello” \
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Most of the models we have seen in this class have been
trained with only English data.
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Languages vary
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Languages can
have
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Writing system

Alphabet

Semanto-Phonetic

Syllabic Alphabet

Abjad

Scripts
Roman
Greek
Cyrillic
Korean
Chinese
Devanagari
Thai

Tamil

Arabic

Hebrew
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Adapted from Tan et. al, 2010
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https://ieeexplore.ieee.org/document/5277680/

Languages can
have
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The pitch of the word changes the
meaning of the word
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English I don’t know what to do

Languages can

Jordanian Arabic Jec! g3 o jle e
have

Palestinian Arabic Jael g 5

Emirati Arabic Sl b G pma

Modern Arabic Jadl 13l ale) Y

Egyptian Arabic al deel e (e

Tunisian Arabic B PN

Algerian Arabic b sle L

Kuwaiti Arabic Sl $8 50 L

Image from Bani-Hani et.al,
2017
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http://et.al

Languages can
have
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Puedo hablar en esparnol.

Or | can speak in English.

Or | can speak en los dos.
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Languages can
have

Stanford

University

Low Resource

67%

European

English
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NLP Solutions by Language

Population Size of Languages

3 Billion Speakers

Low Resource

European

10% 1 Billion Speakers

English

430 Million Speakers
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Multilingual large pretrained speech models
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Multilingual versions of English-only models: wav2vec 2.0 XLSR

Shared Transformer
encoder

Shared quantizer

Shared CNN
encoder

Speech signal
In any language
(e.g. English)

Stanford
University

e / ENEEE.

Transformer
Masked

Image from Conneau et.al, 2020

e Trained on
Multilingual
LibriSpeech,
Common Voice and
BABEL

e (56,000 hours)

' e s ' e 53 languages:

XLSR-53
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https://arxiv.org/pdf/2006.13979

Multilingual versions of English-only models: wav2vec 2.0 XLSR

Multilingual quantized latent speech representations () L atent
English _ mUItiIinguaI
° o Chinese
< j\\\ speech
L representations

are theorised

Image from Conneau et.al, 2020
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https://arxiv.org/pdf/2006.13979

Multilingual versions of English-only models: wav2vec 2.0 XLS-R

Unlabeled speech

———— -,

e Trained on XLSR
/7 Muttilingual s oo N datasets and Vox
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i 6.6k hours - 107 fangs " \ 1k hours - 17 langs " 4361000 hours
'\ Youtube speech  / '\ Phone conversations
N i . '~ -’
bl < e T o -
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/ VoxPopuli 3
372k hours - 23 langs |
N Parliament speech 7
Q\ '/
S ST ) ot Image from Babu et. al, 2021
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https://arxiv.org/pdf/2111.09296

Multilingual versions of English-only models: wav2vec 2.0

XLS-R

Unlabeled speech

hm e — e

o T R
~ '/ \!
£ \, / CommonVoice
- ) )
! LibriSpeech 1 U 7k hours - 60 langs )

'\ 50k hours - 8 langs A \ Read speech /]

‘<. Readbooks ~. s
NN S - SO -’
il ‘\‘. ."/- \~\.
¢ VoxLingua107 7 BABEL N

i 6.6k hours - 107 fangs ! \ 1k hours - 17 langs 1
'\ VYoutube speech '/' *\ Phone conversations ‘/'
b AT R, s
RN | e © S S S (S e
s .

/ VoxPopuli N
\ 372khours - 23 langs )

BN Parliament speech 7

| Self-supervised pre-training |

| Model fine-tuning

? (ﬁﬁmwa@éec 20 /é](LS—R

Transformer;
Masked

NN

. Recognition ' Translation Classification
Tyt K e
Transformer

Image from Babu et. al, 2021

e Tested on ASR and AST (Automatic Speech Translation)
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University
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https://arxiv.org/pdf/2111.09296

Multilingual versions of English-only models: mHuUBERT

Acc;ustic'lelmtDisoove’rwyFSéygjem e Trained specifically for speech translation
e.g., K-means on : .
| L i e e i | n “Textless Speech-to-Speech Translation
=y on Real Data” (Lee et. al, 2022)
Transformer |
- e Trained with the 100,000 hour subset of
(] Wik sk [isq [ ] [ ]| .
,‘ | CNN Encoder VOX POpUIl
-
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https://arxiv.org/pdf/2112.08352
https://arxiv.org/pdf/2112.08352
https://arxiv.org/pdf/2106.07447

Multilingual from the start: Whisper

Sequence-to-sequence learning

EN

TRANS-
CRIBE

o

Transformer _{
Encoder Blocks

—
Sinusoidal
Positional @—){9
Encoding A

—
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Log-Mel Spectrogram

cross attention

A
next-token
prediction

p————
MLP

cross attention

Y

} i

self attention

MLP

cross attention

self attention

MLP

cross attention

\ 4

self attention
A
g

A

SOT

EN [Tuge | 0.0 | Th

@

Tokens in Multitask Training Format

.0 | The |quick brown| =-*

Transformer
Decoder Blocks

Learned
Positional
Encoding

quick| """

Image from Radford et. al, 2022

“Multilingual and
multitask”

Trained with 680,000
hours of data

Training data is not
publicly available.
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https://cdn.openai.com/papers/whisper.pdf

What is the data distribution?
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How
multilingual are
these models?

wav2vec 2.0
XLSR

Stanford

University

Languages in wav2vec 2.0 XLSR

Non-English

English
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How
multilingual are
theses models?

wav2vec 2.0
XLS-R

Stanford
University

Languages in wav2vec 2.0 XLS-R

English

Non-English
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How
multilingual are
these models?

mHuUBERT

Stanford
University

Languages in mHUBERT

Spanish

English

French
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How
multilingual are
these models?

Whisper

Stanford

University

Languages in Whisper

Non-English

English

Translation
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Open Source Multilingual Datasets:
CommonVoice and Yodas
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Common Voice

English
® Hours >» Speakers
3485 93140
& validation Progress = Sentences
73% 1673433
e

CONTRIBUTE
Belarusian
® Hours >» Speakers
1794 8363
& validation Progress = sentences
97% 379505

3PABILb YHECAK

French
® Hours >» Speakers
1145 19584
& validation Progress = sentences
88% 1646292

CONTRIBUER
Luganda
® Hours >» Speakers
583 660
& validation Progress = sentences
76% 191407
e

YAMBAKO

Stanford

University

Catalan

® Hours >» Speakers
3838 35957

& validation Progress = sentences
73% 1214229

COL-LABOREU-HI

Esperanto
® Hours >» Speakers
1936 1758
& validation Progress = sentences
75% 180562
e

KONTRIBUI
Kabyle
® Hours >» Speakers
699 1560
& validation Progress = sentences
81% 182716
e

TTEKKI

Swahili
® Hours >» Speakers
1081 1459
& validation Progress = sentences
37% 134669
=Sa

CHANGIA

Kinyarwanda

O Hours D Speakers
2388 1134

& validation Progress = sentences
84% 1404853

FASHA, TANGA UMUSANZU

German
® Hours D Speakers
1412 19151
& validation Progress = sentences
94% 2056443
MITMACHEN
Spanish
® Hours > Speakers
2326 26107
& validation Progress = sentences
20% 1080695
=
COLABORAR
Persian
® Hours > Speakers
426 4453
& validation Progress = sentences
87% 55667
Sl

Multilingual living dataset

30,000 recorded hours covering 124
languages

Anyone can set up a Common Voice
page for their language

Anyone can record utterances for the
dataset

Dataset is noisier than LibriSpeech due

to less controlled recording
environments

28



Common Voice

Marathi Common Voice

Stanford

University

Kinyarwanda Common Voice
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https://commonvoice.mozilla.org/mr/listen
https://commonvoice.mozilla.org/mr/listen
https://commonvoice.mozilla.org/rw/listen
https://commonvoice.mozilla.org/rw/listen

Attempting to open source datasets: Yodas

Character Type

Stanford

University

IDEOGRAPHIC

LATIN
SPACE

CYRILLIC
K
HIRAGANA
DIGIT
GREEK
DEVANAGAR
HANGUL
MALAYALAM
KATAKANA
ARABIC
BENGALI

THAI

104 10° 10° 107
Count (log scale)

Image from WAVLab post

Lecture 12:
Speech Recognition Beyond English

CS 224S / LINGUIST 285
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Youtube-Oriented Dataset

for Audio and Speech

Result of a 6-month crawl
of YouTube followed by
alignment of transcript to
audio.

500,000 hours of data
across 140 languages.

420,000 hours of
transcribed data

30


https://ieeexplore.ieee.org/document/10389689
https://ieeexplore.ieee.org/document/10389689
https://www.wavlab.org/activities/2023/foundations/

Benchmarking large models multilingually:
ML-SUPERB
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SUPERB Number of Parameters

287 = T SR l
° | i i I
q i | | |
Speech processing Universal o  ® 5 5 5
PERformance Benchmark : ! 5 5 5
2 ® . : | : :
g ‘ e e | |
O/ S L S e - —— :
S = . : : |
b 1 1 1 1
. | | | |
s ° % : | : :
_ .‘ 1 1 o 1 1
o : | i |
= T i ““““““““ s B |
e e | #
0 i l T )
oM 80M 160M 240M 320N
@ admin_baseline @ STaRHUBERT-S @ STaRHUBERT @ STaRHUBERT-XS @ STaRHUBERT-L @ IIITD @
® ARMHUBERT @ DPWavLM @@ DPHUBERT @@ data2vec-aqc Base @ CoBERT Base @@ ccc-wav2vec 2.0 Base @ LightHUBERT Small

@ data2vec Large @ data2vec base @ LightHuBERT Stage 1 @ WavLM Large @ WavLM Base+ @ WavLM Base @ FaST-VGS+
@ DistiiHUBERT @ DeCoAR 2.0 @ HuBERT Large @ HuBERT Base @ wav2vec 2.0 Large @ wav2vec 2.0 Base @ vqg-wav2vec
@ wav2vec @ Mockingjay @ NPC @ VQ-APC @ PASE+ @ APC @ modified CPC @ TERA
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ML-SUPERB

Multilingual Speech
processing Universal
PERformance Benchmark

Automatic speech
recognition and language
identification for 143
languages

Stanford

University

Method

HUBERT Base

HUBERT Large

Mandarin HUBER...

Mandarin HUBER...

Robust wav2vec 2...

Mono-ASR V

35.3

32.2

45.6

33.7

35.7

Multi-ASR (Normal) ¥

31.4

0o

43.2

39.6

3L

Multi-ASR (Few-shot) ¥

42.7

43.5

46.6

451

42.2

LID

86.1

64.1

85.3

573

721

33



Language-specific techniques
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Languages can
have

Stanford
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Writing system

Alphabet

Semanto-Phonetic

Syllabic Alphabet

Abjad

Scripts
Roman
Greek
Cyrillic
Korean
Chinese
Devanagari
Thai

Tamil

Arabic

Hebrew

napenda utambuzi wa hotuba
AQTPELW TNV AVAYVWPELOT OIALOG

Bu apva TaHux gypTau

rir
0l0
>

Ol Al

|-’I‘ [« I WS |
E2 BEIRA
HoITS STell IigdTeT Hol s

AUNDUNITFINAINA

1[[]
I

Ot

e

ol

O
A

BIT6oT CUE & SIRISSHTEH60 G
&) (I LY HIGm 60T

em‘ e o il sl Ul

AT 'IN'TANIX "IX
Adapted from Tan et. al, 2010

35


https://ieeexplore.ieee.org/document/5277680/

Using different
representations

Incorporating Pinyin for
Mandarin Chinese -
intermediary phonetic
representation

Stanford

University

s R — > oo — R —

l

I

|

recognition

transcription

Characters: 3t Ik L th E N & @
Pinyin+#T: tal deS biao3 xian4 ye3 geng4 jial quan2 mian4
Pinyin-T:  ta de biao xian ye geng jia quan mian

“-. Ioss ,-"

context representation (7

|

projection

gt 2NN}

comrasllvs
self-attention layers

quantized — Ar----#----- Beeccandonsannens e
repregenialion
latent representation

wav2vec 2.0

& CTC

Images from Yuan et. al, 2021
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https://arxiv.org/pdf/2108.01129

Languages can
have
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The pitch of the word changes the
meaning of the word

\Ané D WO <
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Tonal languages:
can we find tones in
the
representations?

Shen et. al find that
models behave similarly
to native and non-native
human participants in
tone and consonant
perception studies, but
they do not follow the
same

developmental trajectory.

Stanford

University

Non-tonal Tonal

1-
0.8 -
>
O
©
| -
8 0.6
o
<
0.4-

2 4 6 8 10 120 2 4 6 8 10 12
Transformer Layer

—e— FO

—e— English —e— Cantonese Viethamese

—e— MFCC French —e— Mandarin

Image from Shen et. al, 2024
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https://arxiv.org/abs/2403.16865

English I don’t know what to do

Languages can

Jordanian Arabic Jec! g3 o jle e
have

Palestinian Arabic Jael g 5

Emirati Arabic Sl b G pma

Modern Arabic Jadl 13l ale) Y

Egyptian Arabic al deel e (e

Tunisian Arabic B PN

Algerian Arabic b sle L

Kuwaiti Arabic Sl $8 50 L

Image from Bani-Hani et.al,
2017
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http://et.al

Next week!

(a) XLSR-n1 layer 15 (b) LD

Image from Bartelds & Wieling
2022
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https://aclanthology.org/2022.naacl-main.273/

Languages can
have

Stanford

University

Low Resource

67%

European

English
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NLP Solutions by Language

Population Size of Languages

3 Billion Speakers

Low Resource

European

10% 1 Billion Speakers

English

430 Million Speakers
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Making datasets

IrdyinSpeech: A
multi-purpose Yoruba
Speech Corpus

Stanford

University

Ogunrémi et. al, 2024

42


https://arxiv.org/abs/2307.16071

Making
monolingual
versions of large
pretrained speech
models

Stanford

University

HUBERT-TR: REVIVING TURKISH AUTOMATIC SPEECH RECOGNITION WITH
SELF-SUPERVISED SPEECH REPRESENTATION LEARNING

Ali Safaya *, Engin Erzin

KUIS AI Center
Computer Engineering Department
Kog¢ University

Using Radio Archives for Low-Resource Speech Recognition:
Towards an Intelligent Virtual Assistant for Illiterate Users

Moussa Doumbouya,' Lisa Einstein,'> Chris Piech?
! GNCode
2 Stanford University
moussa@gncode.org, lisae @stanford.edu, piech@cs.stanford.edu
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Different scripts
leverage CTC - no
need for huge
language model

Stanford

University
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Languages can
have

Stanford CS 224S / LINGUIST 285
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Puedo hablar en esparnol.

Or | can speak in English.

Or | can speak en los dos.

45



What is code-switching?

The mixing of words, phrases and sentences from two
distinct grammatical (sub) systems across sentence
boundaries within the same speech event.
(Bokomba, 1988)

I'll tell you exactly when | have to leave, at ten o'clock. Y
son las nueve y cuarto.

Stanford
University



Off-the-shelf multilingual models don’t work
well in this scenario.

Ogunréemi et. al, 2023

Stanford
University
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https://aclanthology.org/2023.calcs-1.8/

How can we improve the performance of large
multilingual models on code-switched data?

Ogunréemi et. al, 2023

Stanford
University


https://aclanthology.org/2023.calcs-1.8/

Data: South African Soap Opera Clips

Four South-African
languages
code-switched
with English

3 - 6 hours per
language

Ogunréemi et. al, 2023

Stanford
University


http://www.youtube.com/watch?v=b7VzEcI8LrA
https://aclanthology.org/2023.calcs-1.8/

Data: South African Soap Opera Clips

Lang par Train Dev Test Total
Eng-Zul 4.81h 0.13h 0.51h 5.45h
Eng-Xho 2.68h 0.23h 0.23h 3.14h
Eng-Tsn 2.33h 0.23h 0.30h 2.86h
Eng-Sot 2.36h 0.21h 0.26h 2.83h

Stanford

University



Model: wav2vec 2.0 XLSR

E Contrastive loss

/(( E\ Multilingual quantized latent speech representations
B LN I

Shared Transformer : Transformer
encoder

Shared quantizer

Shared CNN
encoder

Speech signal
In any language
(e.g. English)

by

Ogunrémi et. al, 2023

Stanford

University


https://aclanthology.org/2023.calcs-1.8/

Does incorporating language information help?

what if etholwa amaphoyisa kugala

<eng> what if </eng> <zul> etholwa amaphoyisa kuqala TAGS
</zul>
WHAT IF CASING

by

Ogunrémi et. al, 2023

Stanford

University


https://aclanthology.org/2023.calcs-1.8/

We fine-tune (with a CTC head) first on the language pair along
with additional data, then on the language pair itself

Step 1 Step 2

| CTChead | -é | CTChead |

*

*
[ Wav2vec2 encoder J { Wav2vec2 encoder }

language +  A: monolingual data language
pair B: the rest of the soap opera
corpus

pair

Stanford

University



We find that finetuning with utterances in the
same domain (soap opera data) but different,
neighbouring languages improve
performance over finetuning a single
language pair.

Ogunréemi et. al, 2023

Stanford
University


https://aclanthology.org/2023.calcs-1.8/

La nguage is napenda utambuzi wa hotuba
- Wa
varied
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Puedo hablar en espariol.

Or | can speak in English.

Or | can speak en los dos.

Stanford

University
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Surprisingly, all
you need to do Sequence-to-sequence learning — s

CRIBE

o

.0 | The |quick brown| ==+

A
next-token

is chuck a =
bunch of data
into a model. Tsmer

cross attention

Y

i i

self attention

}_ Transformer

= Decoder Blocks
cross attention

cross attention

self attention

MLP

self attention
. E==—aaa— _
A cross attention

Sinusoidal

Positional @—)@ self attention

Encoding A ;A—/ J
Learned

2 x Conv1D + GELU [« Positional
A Encoding

\4

SOT | EN |'Gune’| 0.0 | The |quick| =+

Log-Mel Spectrogram Tokens in Multitask Training Format

Stanford
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Thank You
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