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Outline

e How languages can differ from English

e Multilingual large pretrained models
e Datasets

e Language-specific ASR techniques
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There are over
7,000 known
languages in
the world.

Proportion of languages predicted to become sleeping in the next 40 years

Increase in
proportion of
sleeping
languages
in 40 years
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Image from Bromham et. al, 2022
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https://www.nature.com/articles/s41559-021-01604-y#Sec1

We need to process (as many of) the languages of the
world (as we can).
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Example: Speech Translation
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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

Stanford

University

CS 224S / LINGUIST 285
Spoken Language Processing

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

RLIIETL &Il The pitch of the word changes the
WEVE meaning of the word

e Yoruba provides an
Y 4 orthographic
W a "D, representation of tone, with

accents on vowels
representing low (grave)
and high (acute) tones. No
accents is for mid tone.

e Underdots differentiate

N vowels (o vs 0) or
Wa <) postalveolar articulation (s
VS S).
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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
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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 () Latent
English _ mUIti"ngual
° o Chinese
i f\\\ speech
L representations

are theorised

Image from Conneau et.al, 2020

Stanford 15

University


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

I LibriSpeech 11 Zkhours - 60 Jangs |

‘ 50k hours - 8langs *+ ' ‘ 1
\ \
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/" VoxLingua107 / BABEL N\
i 6.6k hours - 107 fangs " \ 1k hours - 17 langs " 4361000 hours
'\ Youtube speech  / '\ Phone conversations
N i . '~ -’
bl < e T o -
— e — . - \‘ - —
/ 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

| Model fine-tuning

Unlabeled speech | Self-supervised pre-training |
fooim e, RN £ Wav2vec 2.0 / XLS-R
4° Multilingual "~ , . )
4 ibriS V7 CommonVoice ) N
! LibriSpeech 1 U Zkhours - 60langs ) LT—_l %I I%l
\ 50k hours - 8 langs ;s N Read speech / T
\\\Read books// ~\\ //, e
e 9 - e Masked
¢ VoxLingua107 7 BABEL M
i 6.6k hours - 107 langs ) \ 1k hours - 17 fangs | @ (q) q
'\ Youtube speech Vi '\ Phone conversations /
A
------- = W= Vv V
7 . % 4
/7 VoxPopuli N, > CNN

" 372k hours - 23 langs )
X Parliament speech 7
-~ ~ - 7 <
_________ o

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

Multilingual from the start: Whisper

Sequence-to-sequence learning

EN TRANS-

o

crige | 0-0 | The |quick

rown ***

Transformer _{
Encoder Blocks

—
Sinusoidal
Positional @—){9
Encoding A

—
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Log-Mel Spectrogram

cross attention

A

p————
MLP

cross attention

Y

HIII

self attention

MLP

cross attention

self attention

MLP

cross attention

\ 4

self attention

A
g

A

next-token
prediction

SOT| EN |Gane| 0.0 | Th

@

Transformer
Decoder Blocks

Learned
Positional
Encoding

quick| """

Tokens in Multitask Training Format

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
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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

21



How
multilingual are
these models?

Whisper

Stanford

University

Languages in Whisper

Non-English

English

Translation
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Scaling up number of languages: massively multilingual
speech models
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Including more of the world’s languages: MMS

Speech-to-Text,

4 Text-to-Speech, o Language D e Pre-trained
LanguazEt wav2vec 2.0
1 . S models covering
; ) X ; $ 1,406 languages
e s e Asingle
» AN > % multilingual
&~~&.M < automatic speech
A A “\%?%%\?*‘ ' recognition model
AV. ;::)#%4 . for 1,107 languages
. %H....# U N, - e Language
, ’ 3 identification model
. for 4,017 languages
Pratap et. al, 2023
Stanford CS 224S / LINGUIST 285 Lecture 14:
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https://arxiv.org/pdf/2305.13516

Language specific adapter weights: MMS

T ey ) e MMS models (300 M, small and 1B, large) are
__ trained with every language
e Authors train Houlsby Adapters (Houlsby et. al,
2019) for each language.
e There is an adapter in each transformer block, after
the last feed-forward block.
e Each adapter constitutes an extra 2 million

Feed

B parameters.

—— 4 e Authors also train a linear layer with CTC loss for
Add & Norm

f_’(:*: each language vocabulary.
Multi-Head
Attention

L AFF

& J

Image from AdapterHub

Pratap et. al, 2023
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https://arxiv.org/pdf/1902.00751
https://arxiv.org/pdf/1902.00751
https://arxiv.org/pdf/2305.13516
https://adapterhub.ml/blog/2022/03/adapter-transformers-v3-unifying-efficient-fine-tuning/

An open source reproduction of Whisper: OWLS
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Chen et. al investigate scaling
laws for Whisper-style models
OWLS is a collection of 13
AST/AST models trained with
up to 360 000 hours of publicly
available data.

The largest model is an 18B
parameter model.

Training data is 180 000 hours
publicly available labelled data
and 180 000 of cleaned Yodas
data.



https://arxiv.org/pdf/2502.10373

Open Source Multilingual Datasets
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Common Voice

Common Voice

Stanford

University

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
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Attempting to open source datasets: Yodas

LATIN
SPACE

for Audio and Speech

CYRILLIC

oK e Result of a 6-month crawl
HIRAGANA
DGt of YouTube followed by
g o alignment of transcript to
+ DEVANAGARI
§ HANGUL audio.
MALAYALAM
KATAKANA ® 500,000 hours of data
ARABIC
SR across 140 languages.
proerATHie e 420,000 hours of
THAI
o e o o transcribed data.
Count (log scale)
Image from WAVLab post
Stanford CS 224S / LINGUIST 285 Lecture 14:
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e Youtube-Oriented Dataset
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https://ieeexplore.ieee.org/document/10389689
https://ieeexplore.ieee.org/document/10389689
https://www.wavlab.org/activities/2023/foundations/

Attempting to open source datasets: Yodas
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e Youtube-Oriented Dataset for Audio and Speech

e Result of a 6-month crawl of YouTube followed by alignment of transcript to audio.
e 500,000 hours of data across 140 languages.
e Most of the data is in English.

Image from paper.
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https://ieeexplore.ieee.org/document/10389689

MMS-lab: New Testament in 1107 languages

TThis morning Tom was going to school. 2Suddenly, it started raining heavily. 3Tom had to go back home.

Alignment Step

Splits the long audio file into verse level segments

TThis morning Tom was going to school. 2Sudden|y, it started raining heavily. 3Tom had to go back home.

e Chapters are aligned with forced alignment.

e Background music is removed.
Pratap et. al, 2023

Stanford

University
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https://arxiv.org/pdf/2305.13516

New Testament in 1107 languages

MMS-lab

600 800 1000
Languages

400

200

200 A
5
0
5

Sinoy Jo JaquinN

Dataset distribution across languages.

Low quality samples are filtered out.

Pratap et. al, 2023
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https://arxiv.org/pdf/2305.13516

MMS-unlab
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e Data from the Global Recordings Network, “recordings of Bible stories, evangelistic messages,
scripture readings, and songs in more than 6,255 languages and dialects”.
Pratap et. al, 2023

Stanford CS 224S / LINGUIST 285 Lecture 14:
University Spoken Language Processing Speech Recognition Beyond English
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https://arxiv.org/pdf/2305.13516

FLEURS: Parallel speech and text in 100+ languages

e Speech version of
FloRes-101 benchmark

e Commonly used to
evaluate automatic
speech recognition and
automatic speech
translation in many
languages across new
model contributions.

e Covers a variety of
language families

<° Conneau et. al, 2022

Stanford

University
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https://arxiv.org/pdf/2205.12446

FLEURS: Parallel speech and text in 100+ languages

e Speech version of
FloRes-101 benchmark

e Commonly used to
evaluate automatic
speech recognition and
automatic speech
translation in many
languages across new
model contributions.

e Covers a variety of
writing systems.

Conneau et. al, 2022

Stanford

University
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https://arxiv.org/pdf/2205.12446

Language-specific techniques
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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

napenda utambuzi wa hotuba
AQTPELW TNV AVAYVWPELOT OIALOG
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Adapted from Tan et. al, 2010
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https://ieeexplore.ieee.org/document/5277680/

Using different
representations

Incorporating Pinyin for
Mandarin Chinese -
intermediary phonetic
representation

Stanford

University

l

®

pinyin —-— hanzi

l I |
recognition transcription

Pinyin ni hdo

Hanzi {RYF

English Hello!

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

Creating micro
languages when
you have multiple
scripts per
language

MMS authors treat different

scripts as different languages
when possible.

Stanford
University

Serbian (Cyrillic)
Serbian (Latin)

English

XBana
Hvala

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

y
wa o
QU
wa

40



Tonal languages:
can we find tones &
in the

representations?

Non-tonal Tonal

o
oo
1

Accuracy
o
(@)}

Shen et. al find that
models behave similarly
to native and non-native 0.4 -

human participants in

tone and consonant 0O 2 4 6 8 10 120 2 4 6 8 10 12
perception studies. 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

Languages can
have
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Making datasets

IrdyinSpeech: A
multi-purpose Yoruba
Speech Corpus

Stanford

University

Ogunrémi et. al, 2024

44


https://arxiv.org/abs/2307.16071

Making datasets

IrdyinSpeech: A
multi-purpose Yoruba
Speech Corpus

Stanford

University

e Multipurpose high quality speech dataset: TTS and
ASR

e 42 hours of data in total

e 80 volunteers recorded utterances in a
custom-made booth in Lagos, Nigeria

e One male and one female record 5 hours of TTS data

Dataset partition Hours of data No. of utterances
In-house ASR 26 hours 20000

Common Voice ASR 6 hours 5000

In-house TTS 10 hours 11 minutes 9000

Oguinrémi et. al, 2024
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https://arxiv.org/abs/2307.16071

Making datasets

IrdyinSpeech: A
multi-purpose Yoruba
Speech Corpus

Stanford

University

TTS:

e We train VITS models from scratch
e We also do continued pretraining of the Bible TTS model (also
a VITS model) trained on only male speech

D

O

D

O

VITS from scratch: Male Voice

Bible TTS continued: Male Voice

VITS from scratch: Female Voice

Bible TTS continued: Female Voice
Ogunrémi et. al, 2024

46


https://arxiv.org/abs/2307.16071
https://arxiv.org/pdf/2207.03546

Making datasets

IrdyinSpeech: A
multi-purpose Yoruba
Speech Corpus

Stanford

University

ASR:

We train a Conformer + RNN LM with ESPNet
We also finetune wav2vec 2.0 and add n-gram language
models

Model WER

Conformer + RNN LM 69.7

wav2vec 2.0 finetuned | 40.6
+bigram model | 27.6

+trigram model | 23.8

Ogunrémi et. al, 2024
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https://arxiv.org/abs/2307.16071

Making

“HuBERT-TR: Reviving Turkish Automatic Speech Recognition
with Self-supervised Speech Representation Learning”

her iki sanik da sucsuz oldugunu iddia etti

her iki sannik da suc¢suz oldugunu hita etti
her iki sanik da suc¢suz oldugunu hita etti
her iki sanik da sucsuz oldugunu hittaah etti

her iki sanik da sucsuz oldugunu idta etti
her iki sanik da suc¢suz oldugunu idta etti
her iki sanik da su¢suz oldugunu idda ettim

monolingual
versions of large
pretrained speech
Reference
models
XLS-R
0.3B
IB
2B
HUBERT-TR
Base
Large
Xlarge
Stanford

University

Safaya and Erzin, 2022
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https://arxiv.org/pdf/2210.07323v1

Different scripts
leverage CTC - no
need for huge
language model

Stanford
University

N
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Low resource language example:
Quechua
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Quechua

e Language spoken in Peru,
Ecuador, Bolivia, Argentina,
Colombia and Chile

e Roughly 10 million
speakers

e There are many language
varieties/dialects, some
more popular than others.

e Quechuaisan
agglutinating language

e Written using the Roman
alphabet

e Spanish words are
borrowed in Quechua

Stanford

University


http://www.youtube.com/watch?v=K2iYeGTwcU8

Improving Quechua ASR

Running example utterance:
Ground truth: Ima ninantaq awkaypata

English translation: What does this mean for evil?

Source: Bible verse

Stanford

University

O
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Current performance across models

WER (%)v
Whisper OOTB* (no forced decoder IDs) 326.34
Whisper OOTB* (with forced decoder IDs) 117.36
Whisper Fine-tuned (Spanish) 19.77
Whisper Fine-tuned (Japanese) 17.79
MMS OOTB* (Best quechua adapter) 49.24
MMS OOTB* (Worst quechua adapter) 84.43
MMS Fine-tuned 31.9

(Reinitializing all adapter layers)

*0OO0TB = out-of-the-box. This will be getting the model to transcribe without any intervention.

Stanford 53

University



Quechua performance before finetuning: Whisper

Ground truth

Whisper OOTB
(no forced decoder IDs)

Whisper OOTB
(with forced decoder IDs - ja)
(ouput is Japanese Katakana
which is transliterated to
Quechua)

Transcription
ima ninantag awkaypata

imaninantag, hau keipata.

WRICBAT= ToAAINEY
(imaninantaku aukaypatan)

Explanation / Translation Severity
What does this mean for evil? -
What does this mean... Very high
(restis unintelligible)
What does this mean for Medium

his/her evil?

-n suffix: applies a third
person singular possessive to
the noun “evil”

*OO0TB = out-of-the-box. This will be getting the model to transcribe without any intervention.

Stanford

University



Quechua performance before finetuning: MMS

Transcription

Ground truth ima ninantaq
awkaypata
MMS OOTB * imaninantaq
(Best quechua adapter - quy) hawkaypata
MMS OOTB * ima ninanta®
(Worst quechua adapter - qvo) jaucaipata

Explanation / Translation

What does this mean for evil?

What does this mean for traditions?

Awkay vs hawkay are similar phonetically
but very different semantically

What this means for traditions

*absence of -q suffix used for questions,
the sentence becomes declarative
Jaucaipata sounds like hawkaypata in
SPanish

Severity

High

High

*0O0TB = out-of-the-box. This will be getting the model to transcribe without any intervention.

Stanford

University
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Quechua performance after finetuning

Ground truth

Whisper Fine-tuned
(Spanish)

Whisper Fine-tuned
(Japanese)

MMS Fine-tuned

Stanford

University

Transcription

ima ninantaq awkaypata

ima ninantaq awkaypata

ima ninantaq awkaypata

ima ninantaq
awccaypata

Explanation/
Translation

What does this mean
for evil?

What does this mean
for evil?

What does this mean
for evil?

What does this mean
for evil?

Severity

None

None

Low
*Alternative regional
pronunciation
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La nguage is napenda utambuzi wa hotuba
- Wa
varied

Aatpelw TNV avayvwpelon optAiag

Lhe S48 oAl E0laHR
A\ HoITS Siell g TeT Hel Ies
Wa AUNAUNIFFINAINA

m6oT CU& & SIRISSHTEH60 G
&1 (15 LbL S Gm6dT

A2 e Ca el caf Ul

Puedo hablar en espariol.

Or | can speak in English.

Or | can speak en los dos.

Stanford

University
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Speech Recognition Beyond English
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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
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Surprisingly, all
you need to do
is chuck a
bunch of data
into a model.

And finetune it

with reliable
labelled data.
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How to train an ASR model for a
low-resource language
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How to train an
ASR model for a
new language

Things to consider:

e Amount of supervised
training data

e Amount of
unsupervised training
data

e Compute budget

e Language coverage in
existing multilingual
speech models

Stanford

University

Low compute | Medium High compute (can
(can’t compute (can | pretrain model from
finetune all finetune all scratch)
weights) weights)
Limited supervised | Trainan MMS | Try finetuning | Try doing continued
data (less than 100 | adapter any large pretraining of a large

hours)

speech model

speech model

Modest supervised
data (1000+ hours)

Finetune a
large
multilingual
speech model

Do continued
pretraining of a large
speech model

Large amounts of
unsupervised data
(3,000+ hours) and
any amount of
supervised data.

Try finetuning
or continued
pretraining of
selected layers

Try training your
favourite
architecture from
scratch
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Homework 4
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Part 1: Visualising representations of
large pretrained self-supervised speech
models
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Part 1: Visualising representations of large pretrained
self-supervised speech models

nnnnnnnnnn
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Part 2: Non-English ASR
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Part 2: Non-English ASR

v Inference example

Below is an example of how to get the WER of a loaded dataset:

This code runs inference with a single model for the test set of a single chosen language. You can use this as a starting point to run inference
and evaluations on different models and languages.

You can change the model you evaluate by changing the model name variable.

As an example, we will continue to use the Telugu test set from FLEURS.

© nmodel name =
# Load data and evaluator
task_evaluator = evaluator("aut i
tel test = load dataset("googl 3 ! r 3 '"test[:100]", trust_remote code=

task_evaluator.PIPELINE KWARGS. popi(v,i nc \iuvw,
assert incatic not in task evaluator.PIPELINE KWARGS

¢ Compute WER

results = task evaluator.compute(
model or pipeline=model name,
data=tel test,
input_column="audio",
label column="transcrif
metric="wer",

)

results
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Part 3: Fine tuning wav2vec2 with isiZulu
FLEURS data
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Part 3: Fine tuning wav2vec2 with isiZulu FLEURS data

v 3.10 Improve the model! (55 points)

Now that we have finetuned the model for isiZulu with wav2vec?, let's find ways to improve the word error rate even further.

You are limited to either using the provided checkpoint or its base model facebook/wav2vec2-x1s-r-300m. You are also limited to the data
of the FLEURS dataset.

You should expect to get a WER of less than 30%.
You can consider:

* Increasing your training data

* Incoporating a (large or small) language model to improve performance

* Doing LLM-based rescoring

* Examine the current errors the checkpoint makes and come up with ways to fix them.

The three students with the lowest WER will get full credit (55 points). Credit is capped at 50 for submission without the lowest WER.

Results to report for this section

A summary of the methods you tried, the corresponding WER you get across utterance lengths for each method and for each individual
language. Paragraph detailing why you think your method resulting in the lowest averge WER is the best.

We would like to see code of how you would run end-to-end transcription with your new method.
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Thank You
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