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Why speech representation learning?
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Speech Representation Learning

Why speech representation learning?

happy Fully supervised learning
PR * e l|abeled data is expensive
3 e Train a new model for each task
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Speech Representation Learning

Why speech representation learning?
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Self-Supervised Speech Representation Learning
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e Generative models e Contrastive models Predictive models

= Embedding models ¢ Multi-modal models

Mohamed, Abdelrahman, et al. "Self-supervised speech representation learning: A
review." IEEE Journal of Selected Topics in Signal Processing (2022).



SSL Speech Representation Learning Models

[ CPC ] HUBERT
[ wav2vec 2.0 ] WavLM
[ XLS-R ] BEST-RQ

Contrastive Models Predictive Models



SSL Speech Representation Learning Models
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Contrastive Learning: Intuition

Push away

Pull together
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Contrastive Predictive Coding (CPC)

context vector Ct
e A A A
O || GRU GRU GRU
(o] [o]
1= } } )

5 CNN layers
Stride: 5, 4, 2,2, 2] ‘/ CNN\ /CNN\ /CNN\ /CNN\ /CNN\ / CNN \

down sampling speech sampling rate: 16,000 H
C I : z
rate: 160 i P ’



Contrastive Predictive Coding (CPC)

context vector Ct Positive Pairs
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Future vectors in
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speech sampling rate: 16,000 Hz



Contrastive Predictive Coding (CPC)
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Contrastive Predictive Coding (CPC)

Method ACC
Phone Speaker
Classification Classification Phone classification
Random initialization 27.6
\ / MEFECC features 39.7
- CPC 64.6
[ Linear Model ] Supervised 74.6
4 4 4 4 4 Speaker classification
Random initialization 1.87
MECC features 17.6
A 4 4 4 4 CPC 974
[ CPC ] Supervised 98.5 ]

‘ + ‘ It performs well on both content and speaker tasks!




SSL Speech Representation Learning Models

[ wav2vec 2.0 ]

Contrastive Models



Wav2vec 2.0

context vector
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Transformer
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® masking




context vector

® (uantize
® masking

CNN

Wav2vec 2.0

Negative samples

Transformer
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SSL Speech Representation Learning Models
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XLS-R

context vector
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® Performance drop when
the size is the same as
wav2vec 2.0

LibriSpeech ASR results

dev test
Model clean other clean other
10 min labeled
wav2vec 2.0 LV-60K (0.3B) 3lF 350 321 34.5
XLS-R (0.3B) 33.3 398 34.1 39.6
XLS-R (1B) 284 325 291 325
1h labeled
wav2vec 2.0 LV-60K (0.3B) 13.7 16.9 13.7 17.1
XLS-R (0.3B) 708 | 23.7 16.8 24.0
XLS-R (1B) 13.2 17.0 13.1 17.2
10h labeled
wav2vec 2.0 LV-60K (0.3B) 5.7 9.2 5.6 9.4
XLS-R (0.3B) 8.3 151 8.3 15.4
XLS-R (1B) 59 10.5 5.9 10.6




® Achieve competitive
performance when
model size is bigger

LibriSpeech ASR results

dev test
Model clean other clean other
10 min labeled
wav2vec 2.0 LV-60K (0.3B) 37 350 321 34.5
XLS-R (0.3B) 33.3 398 34.1 39.6]
XLS-R (1B) 284 325 291 325
1h labeled
wav2vec 2.0 LV-60K (0.3B) 13.7 16.9 13.7 17.1
XLS-R (0.3B) 708 | 23.7 16.8 24.0
XLS-R (1B) 13.2 17.0 13.1 17.2
10h labeled
wav2vec 2.0 LV-60K (0.3B) 5.7 9.2 5.6 9.4
XLS-R (0.3B) 8.3 151 8.3 15.4
XLS-R (1B) 59 10.5 5.9 10.6




Multilingual LibriSpeech

#ft en de nl fr es it pt pl* Avg.
Full labeled data (h) 447K 2K 16K 1.1K 918 247 16l 104
Previous work -~
Pratap et al. (2020) | full 59 65 120 56 6.1 10.5 195 194 | 10.7
XLSR-53 10h 146 84 128 125 89 134 182 178 13
This work
XLS-R (0.3B) 10h 159 90 135 124 81 131 7170 139 128
XLS-R (1B) 10h 129 74 11.6 102 7.1 120 158 105 (109
XLS-R (2B) 10h 140 76 11.8 100 69 12.1 15.6 9.8 11.0

Achieve competitive performance when only using 10 hour labeled data



SSL Speech Representation Learning Models

HuBERT

WavlLM

BEST-RQ

\ S

Predictive Models



Predictive
Cluster 2 [Dog]

— Pseudo Labeling

Prediction

A (CIustering N

Student [ Encoder ] “%ee oo
P o 0

S




SSL Speech Representation Learning Models
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BERT % | o
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& | 07 | pre-defined
softmax A % | 0.1 | Vocabulary

Linear

A
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BERT
Modeling

) ) ) )

Devlin, Jacob, et al. "Bert: Pre-training of deep bidirectional transformers
for language understanding." arXiv preprint arXiv:1810.04805 (2018).




BERT E _____ E X
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HUBERT
"\

Linear

I\

) ) ) )

Transformer

) ) ) )

/CNN\/CNN\/CNN\/CNN\

Hsu, Wei-Ning, et al. "Hubert:
Self-supervised speech representation
learning by masked prediction of hidden
units." IEEE/ACM Transactions on
Audio, Speech, and Language
Processing 29 (2021): 3451-3460.
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HuUBERT = ____. 4 codebook A
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1
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HUBERT
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SSL Speech Representation Learning Models
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Speaker Verification

EER (%) EER: equal error rate, the
HiERars Vox1-O  VoxI1-E  VoxI-H lowerthe better
ECAPA-TDNN [19] 1.010 1.240 2.320
ECAPA-TDNN (Ours) 1.080 1.200 2127
HuBERT Base 0.989 1.068 2.216
HuBERT Large 0.808 0.822 1.678
WavLM Base+ 0.84 0.928 1.758
WavLM Large 0.617 0.662 1.318 With speech denoising,
HuBERT Large* 0.585 0.654 1.342 WavLM performs better
WavLM Large™ 0.383 0.480 0.986 than HUBERT




SSL Speech Representation Learning Models
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BEST-RQ BERT-based ?pe(?ch Pre-tre?lnlng with
Random Projection Quantizer -

codebook A
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é A \cl c2 c3 c4c5 3
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Table 1. LibriSpeech results with non-streaming models. The LM used in our experiment is a Transfomer LM with model size 0.1B.

Method Size (B) No LM With LM
dev dev-other test test-other dev dev-other test test-other

wav2vec 2.0 (Baevski et al., 2020b) 0.3 2.1 4.5 22 4.5 1.6 3.0 1.8 33
HuBERT Large (Hsu et al., 2021) 0.3 — — — — 1.5 3.0 1.9 23
HuBERT X-Large (Hsu et al., 2021) 1.0 — — — — 1.5 2.5 1.8 2.9
w2v-Conformer XL (Zhang et al., 2020) 0.6 157 3.5 1.7 3.5 1.6 3.2 1.5 3.2
w2v-BERT XL (Chung et al., 2021) 0.6 1.5 2.9 1.5 2.9 14 2.8 1.5 2.8
BEST-RQ (Ours) 0.6 1.5 2.8 1.6 2.9 14 2.6 1.5 2.9

e Comparable to other Speech SSL models
® Teacher (clusters) is not necessary to be good
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Method Name Description URL Params ¥ MACs My ¢ v @¥v Ranks Score KSs 1 icr PRV ASR ER 1™

WavLM Large Microsoft M-P+VQ +... [} 3.166e+8 4.326e+12 98.. |67. |20L. | 21.. 258 1145 97.86 99.31 3.06 3.44 70.62
WavLM Base+ Microsoft M-P+VQ +... (<] 9.470e+7 1.670e+12 14. | 26.. |42. | 83.. 24.05 1106 97.37 99 392 5.59 68.65
WavLM Base Microsoft M-P+VQ +... @ 9.470e+7 1.670e+12 14.. | 26.. 42. 83. 20.95 1019 96.79 98.63 484 6.21 65.94
data2vec Large Cl Tang Masked Ge... (<] 3.143e+8 4.306e+12 38 1167 |0k | 2. 20.8 949 96.75 98.31 3.6 3.36 66.31
LightHuUBERT Stag... LightHuBE... | Once-for-Al... [<=] 9.500e+7 - - - - - 20.1 959 96.82 98.5 415 571 66.25
HUBERT Large paper M-P+VQ (<] 3.166e+8 4.324e+12 8:8:2 |62 | M0 | 21 19.15 919 95.29 98.76 3.53 3.62 67.62
data2vec-aqc Base | Speech La... Masked Ge... [<>] 9.384e+7 1.657e+12 14 | 25. | 41. | 83. 19.05 935 96.36 98.92 41 5.39 67.59
CoBERT Base ByteDance ... = Code Repr... (<] 9.435e+7 1.660e+12 iy |26 |4 | 83 18 894 96.36 98.87 3.08 474 65.32
HuBERT Base paper M-P+VQ (<] 9.470e+7 1.669e+12 T4 |26 |42 | 83 17.75 941 96.3 98.34 541 6.42 64.92
wav2vec 2.0 Large paper M-C+VQ (<] 3.174e+8 4.326e+12 38 |67 |70 | 2. 17.7 914 96.66 95.28 475 3.75 65.64
ccc-wav2vec 2.0 B.. | Speech La.. M-C+VQ (<) 9.504e+7 1.670e+12 T4.: | 26 | 42. | 838 17.45 940 96.72 96.47 595 6.3 64.17
data2vec base Cl Tang Masked Ge... (<] 9.375e+7 1.657e+12 14, | 25. | 41.. | 83. 16.85 884 96.56 97.63 4.69 494 66.27
LightHuBERT Small | LightHuBE.. | Once-for-Al... (<] 2.700e+7 8.607e+11 ZFdic. 18w | 23... | 435 15.45 901 96.07 98.23 6.6 8.34 64.12
FaST-VGS+ Puyuan Pe.. | FaST-VGS|. - 2.172e+8 - - - - - 147 809 97.27 98.97 7.76 8.83 62.71
wav2vec 2.0 Base paper M-C+VQ (<] 9.504e+7 1.669e+12 14. | 26. | 42. | 83 132 818 96.23 92.35 574 6.43 63.43
DistilHUBERT Heng-Jui C.. | multi-task .. - 2.349e+7 7.859%e+11 L2 |12 | 2805 | 385 11.8 7 95.98 94.99 16.27 13.37 63.02
DeCoAR 2.0 paper M-G +VQ (<] 8.984e+7 1.114e+12 9T | Kl |27 | 56 1.1 722 94.48 920.8 14.93 13.02 62.47
wav2vec paper F-C (<] 3.254e+7 1.086e+12 10 [V | 2% | B2 8.9 529 95.59 84.92 31.58 15.86 59.79

https://superbbenchmark.org/leaderboard



= WavLM Large » WavLM Base m Wav2vec 2.0 Large m Wav2vec 2.0 Base

The bigger, the better



= WaVLM Base - HUBERT Base - mOdlerd CPC - WavLM Large - HuBERT Large

Strong model performs better on all kinds of tasks
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Representation Weight Analysis

e Speaker tasks: b ) I 0.4
o ASV (Speaker Verification) :—2 ‘ .
o SID (Speaker Identification) i ; :
LDn _ -0.1
e Content tasks: 3
o ASR (Speech Recognition) o _ -0.0

1 1 1 1 1 1 1 1 1 1 I
o 1 2 3 4 5 6 7 8 9 10 11 12
Layers

o IC (Intent Classification)

(a) HUBERT Base

WavLM: Large-Scale Self-Supervised Pre-Training for Full Stack Speech Processing



Tasks

SID ASV SD KS ASR PR

Tasks
SID ASV SD K5 ASR PR IC SF

IC SF

Representation Weight Analysis
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Part 1 Summary: Speech Representation Learning
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Part 1 Summary: Speech Representation Learning

CPC HuBERT Speaker
- g Content
wav2vec 2.0 WavLM :> Semantics
) ’ Paralingustics
XLS-R BEST-RQ

® SSL Speech Models are versatile!

Contrastive Models Predictive Models e Different information is encoded
in different layer’s representation
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Textless NLP Project

—> ST system —» MWWWW

How are you? Speech Translation {RUFRE 2

Need Text Data! Cascaded System Error Propagation! \

ASR —» How are you? \‘

MT

TTS < 1{]‘(§?|]l%’? /Machine

Translation




Textless NLP Project

—> ST system  —» MWWW

How are you? {RUFRE 2

Textless NLP

Don’t need text data Adopt techniques in NLP

—> Encoder —» . . . .

English psuedo text

Textless
Chinese psuedo text

\MMW%« Decoder 4—....4/ /




Textless NLP Project

® GPT: Speech Continuation
® BART: Speech Translation
® no LM: Speech Resynthesis

Textless NLP

Don’t need text data Adopt techniques in NLP

—»  Encoder —>....\‘

pSUGdO text Language
Model

\'*‘WWW* Decoder | — @ @ W @ <~ Y




Textless NLP Project

Speech Continuation

unit
LM Speech Translation

71 11 8 59 25 Discrete units
LSk & A & & dpselloiox) Resynthesis
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A A 4 A A

[ HUBERT ] Quantizer
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Textless NLP Project

{‘ I‘ Speech Continuation ]
unit

LM Speech Translation
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Generative Spoken Language Modeling

59 25 Discrete units
4 (pseudo text)

\
18
A A

71 11
K-means

quantize . i
A

8
\
L
bAoA

HuBERT

*
Pt e

Lakhotia et.al., arXiv 21’ 63



Generative Spoken Language Modeling

71 11 8 59 25 4 40 27 ..
quantize 4 A A 4 4 ) A A 4 A
i1l
A A 4 A A Decoder-only uLM
HuUBERT .
4 4 4 4 {
) 71 11 8 59 2
bt e

Language modeling on discrete units

Lakhotia et.al., arXiv 21’ 64



Generative Spoken Language Modeling

Pseudo-text to speech

4 40 27 ..
31289 Unit to Speech A A 4 A
Decoder ~

||||-|||.
*

Speech Decoder-only uLM
Only
Data ) oo - ®
Speech Continuation A A A 4 A A
71 11 8 59 2 H

Language modeling on discrete units
Lakhotia et.al., arXiv 21’ 65



Generative Spoken Language Modeling

Conditional Generation Unconditional Generation

4 40 27 ... 3 40 13 g8 9 13 ...
A A 4 4 A A 4 A 4 4 &
( N ( )
GSLM GSLM
_ J L J
A A 44 A
2 <BOS>

Lakhotia et.al., arXiv 21’ 66




Generative Spoken Language Modeling

ﬂ H Unconditional Generation
temperature = 0.3 [stuttering]

12 3

and to take in another path 13 8 9 13

and to take in another path 4 4 4 4 4

and to take in another path -

and to take in another path ... 1 2 3

ﬂ ﬂ ﬂ GSLM

temperature = 1.5 [babble] 1 ) 3
at the swing here as to motions out of the events not 4 4 4 4 4 4 4
time and abe he was any stump headed and flow any <BOS> 3 40 13 8 9 13

he’s the kiln are tama why do ye take the floor ...

Lakhotia et.al., arXiv 21’ 67



Generative Spoken Language Modeling

ﬂ m H Unconditional Generation

temperature = 1 12 3

but it is attendant from the people to defend himself from
this information pride of the potential in criminal activity a
curiosity and impetuosity of the world a war soon acquired

“Locally” coherent

4 40 13 8 9 13

R
GSLM

Lakhotia et.al., arXiv 21’

68



Generative Spoken Language Modeling

ﬂ m H Unconditional Generation

temperature = 1 12 3 4 40 13 8 9 13
but it is attendant from the people to defend himself from ‘ ‘ ‘ ‘ ‘ ‘ ~
this information pride of the potential in criminal activity a

curiosity and impetuosity of the world a war soon acquired

GSLM

sa8la= but it is attendant from the people to defend himself from this information pride of
the potential in criminal activity a curiosity and impetuosity of the world a war soon

acquired A A 4 A A
8 9

ENENRERREALERE  EREBNFFHESENSR

BR > AP ERERC > 2FICES - HRAFFOMELNZE EEE R sERRS]
BEF " Lakhotia et.al., arXiv 21’ 69




Textless NLP Project

Speech continuation
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LM Speech Translation
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Speech Resynthesis

Feature disentanglement

® C(Content
® Pitch
® Speaker

| Speech-to-Unit Model
: pre-trained on speech recordings

CPC |huBERT | VQVAE
n=160 n=320 n=160

I
I Pitch-to-Unit Model (VQVAE)
pre-trained on pitch sequence

Py | 4 * ResBlock+ VQ
| |
| |

ey | 9911122

1212124577
80808054...

T/ n units

i
i

Wav - T samples

23111..
o s S O | T/1280 pitch units
: Speaker Embedder :
| pre-trained on (speech, id) pair ! 1.2
| 3
! 3LLSTM i :
; > i ! » |10
[ Linear : 3.4
b e | -2
T=1, d-vector

Wav - T samples

AT, e
I HifiGAN
: Vocoder
ConvTranspose
DilatedResBlock

A

ConvTranspose
DilatedResBlock

A

/
\ /
[
\ /
\ /

A

ConvTranspose
DilatedResBlock
A

ConvTranspose
DilatedResBlock

S

Polyak, Adam, et al. "Speech resynthesis from discrete disentangled
self-supervised representations." arXiv preprint arXiv:2104.00355 (2021).



Speech Resynthesis

Spea ker information is removed Model  Quantized? Vocab.size Accuracy
. . . HuBERT - - 0.99
in the discrete units EL BT 7 % aut
HuBERT v 100 0.19
HuBERT v 200 0.29
HuBERT v 500 0.48
Multistream is required to CPC - - 0.99
_ CPC 4 50 0.19
perform resynthesis CPC v 100 0.32
CPC ¥ 200 0.34
CPC v 500 0.40

Speaker ldentification

Kharitonov, Eugene, et al. "textless-lib: A library for textless spoken language processing."
arXiv preprint arXiv:2202.07359 (2022).



Speech Resynthesis

Wav - T samples

:preAtrained on speech recordings i VOice CO nve rSion
i CPC | huBERT | VQVAE i |‘ . ||| ' '

1742124577 | . i el S
=P =160 n=320 n=160 — — I TRGAN [ " :
8080805 4... I Hifi Voi nversion

| Vocoder Dataset| Method | oice Conversio H

———————————————————————— T/ n units

P U ol GRS | i | | | EERLWERL| BER S| MOST [
| prevanedenplichsequence | | i VCTK| GT | 17.16 432 | 325 | 4.11+0.29 ||
| ! : DilatedResBlock :

'“:_’—'1—' 2a111 | = | — i CPC | 2222 16.11 | 046 | 3.5740.15
e o o s e : T / 1280 pitch units { DilatedResBlock : LJ HUBERT 19.09 12.23 0.31 3.71:t0.24
| Speaker Embedder | | T | VQ-VAE| 40.88 36.96 | 9.65 | 2.90+0.17
: pre-trained on (speech, id) pair | 1.2 1 DilatedResBlock |
I W | : ] i —— CPC | 2358 1598 | 4.83 | 3.42+024
— L i > 10 |\ DilatedResBlock | VCTK | HuBERT| 20.85 12.72 | 6.01 | 3.58 + 0.28
e : - J R SR | VQ-VAE| 36.88 29.44 | 11.56 | 3.08 £ 0.34

Wav - T samiXes T=1, d-vector

Replace the speaker embedding
with other speaker’s embedding



| Speech-to-Unit Model
: pre-trained on speech recordings

CPC |huBERT | VQVAE
n=160 n=320 n=160

Speech Resynthesis

P ( 4 * ResBlock+ VQ
|
|

: Speaker Embedder
: pre-trained on (speech, id) pair
I

-
»

1212124577 |
80808054..
T/ n units
9911122
23111..

T/ 1280 pitch units

1.2
3

: 3LLSTM
H +
: Linear

I

I

I

I

I

PO
Pitch-to-Unit Model (VQVAE)
pre-trained on pitch sequence

Wav - T samples

3.4
—2

T=1, d-vector

> 1.0 —

Wav - T samples

| HificGaN |
| Vocoder
ConvTranspose
DilatedResBlock
A\

ConvTranspose
DilatedResBlock

I

I

I

I

I

I

I

I

I

I

| ConvTranspose
: DilatedResBlock
I
I
I
I
I
I
I
I
I
|
I

ConvTranspose
DilatedResBlock

ConvTranspose
DilatedResBlock

J

MUSHRA

Speech Codec

80
HuBERT
365bps HUBERT
70 465bps
- VQ-VAE
800bps Opus
60 HuBERT 9000bps
415bps
LPCNet
50 1600bps
40
30
Speex
Codec2 4000bps
20 2400bps
103 104
Bit-rate

10°

Uncomp.



Textless NLP Project

Speech Continuation

@

[ Speech Translation ]

B8 S8 88
Quantizer
Encoder Decoder

4 v
,




Speech Translation: Unit BART

25

:
|

- N>
> N
> 3

mHuUBERT

T ) D

t

Es

\ Unpaired data y

BART pre-training

Encoder

reconstruction

20 1 7 32 25

A A 4 4 A
r N

Decoder

v,

L
el 2

corrupted unit sequence

Popuri, Sravya, et al. "Enhanced direct speech-to-speech translation using self-supervised
pre-training and data augmentation." arXiv preprint arXiv:2204.02967 (2022).
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Speech Translation: Unit BART

Es WWM | -
4 ) |

Paired data 20 11 32 25
| fine-tune 4 A 4 A 4
LA S BART
e Decoder
") Decoder
l \_ )
A A 4

wav2vec 2.0
Wav2vec 2.0 Encoder

En
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Speech Translation: Unit BART

11

\
L
A

> > N
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> N

mHUBERT

fine-tune /

-

~N

Paired data

Encoder

\.

20 1 7 32 25

A A 4 4 4
( )

Decoder

J

W

I\

20 11 7 32 25
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Table 2: Dev / test BLEU on all the datasets included in the “S2ST-syn” data. All S2UT systems are decoded with beam size 10. MOS
is reported with 95% confidence interval. (w2v2-L: wav2vec 2.0 LARGE)

En-Es Es-En
BLEU MOS BLEU MOS

ID Europarl-ST ~ MuST-C combined CoVoST-2  Europarl-ST mTEDx combined
Cascaded systems:

1 | S2T (w2v2-L)+TTS 33.0/326 3037301 | 3.80+£0.12 | 259/284 269/23.6 253/215 | 3534+0.14
2 | ASR+MT+TTS 28.9/28.8 36.4/34.2 - 3731338 3337291 293/[324 -
S2UT systems without pre-training:

3 | S2UT (w/o multitask) [4] 238/240 250/233 - 0.0/0.0 0.0/0.0 0.1/0.0 -

4 | S2UT (w/ multitasks) [4] 25.5/258 263/243 | 397+0.09 | 206/22.7 204/180 202/169 | 3.26 £+ 0.09
S2UT systems with model pre-training:

5 | w2v2-L 30.8/31.0 31.1/303 | 335+0.15 | 244/270 242/215 243/21.0 | 3.15+0.14
6 | w2v2-L + mBART (LNA-E) 30.1/30.4 31.0/28.2 - 244/27.1 24.0/214 23.6/21.1 -

7 | w2v2-L + mBART (LNA-D) 3227325 32.6/30.8 | 406 £0.10 | 27.3/30.2 29.0/264 29.6/25.2 | 2.81 £0.16
8 | w2v2-L + mBART (LNA-E,D) 30.6/31.0 31.3/29.3 - 268/29.6 276/252 24.7/223 -

9 | w2v2-L + mBART (full) 314/30.8 31.2/30.5 - 27.3/30.1 27.0/244 26.6/24.2 -

Speech to speech translation is competitive to cascaded systems
(Without any text supervision)
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< X

Speech Translation: UnitY

Speech Encoder
First-pass text decoder
Text-to-unit encoder
Second-pass unit decoder

Source language speech input
Target language text
Target language discrete units

Target language Unit

U 991 881 331333 873 683...

[ (target language)

]

e

A "
|

Second-pass

Y  Target language text A i

auxiliary task

X

[ (target language) ] 1 2
Y _This _is_the _first ... Text-to-unit (T2U)
. encoder
w
First-pass
text decoder

\ 11.,

Speech encoder

SN

(source language)

Source langauge speech



Unlabeled text
Unlabeled speech
labeled speech
paired speech

Speech Translation: UnitY

Text mBART (target language)
U 991 881 331333873 683...
<En> The question paper will ... punit

Transformer | | Transformer

encoder decoder =
f (target language) .
s e | Y This _is _the _first ... Text-to-unit (T2U)
encoder
Wav2vec 2.0 \A
e First-pass
— text decoder
Conrfac?kerdmer tu
% % % Speech encoder

' t
e b < D
Unlabeled X w
speech

(source language)



ASR-BLEU (1)

ID Model Encoder

dev dev2 test
A0  Synthetic target (Lee et al., 2022a) 88.5 894 905
Cascaded systems
Al ASR — MT — TTS LSTM (Lee et al., 2022a) 42.1 435 439
A2 LSTM (Jia et al., 2019b) 394 412 414
A3 LSTM (Jia et al., 2022b) - - 433
A4 LSTM (Lee et al., 2022a) 38.5 399 402
A5 REEl v ElR Transformer (Dong et al., 2022) 443 454 45.1
A6 Conformer 47.8 489 483
A7 Conformer wav2vec2.0 51.0 522 52.1
Direct systems (speech-to-unit)
Al7 Transformer (Lee et al., 2022a) - - 39.9
Al18 S2UT Conformer 46.2 476 474
Al9 Conformer wav2vec2.0 534 539 53.7
A20 UnitY Conformer 50.5 516 514
A21 Conformer wav2vec2.0 55.1 56.5 559




Speech-to-Speech Translation For A |
Real-world Unwritten Language

Single-pass decoder

Wav2vec 2.0
encoder

?

e e

(source language)

Unit mBART decoder

Two-pass decoder

Text mBART Text

decoder Encoder

Unit
Decoder

English

Hok->En (En text): _My _answer _is ...

En->Hok (Mandarin text): _E#9 EZ 2 ...

(first-pass text)

[ Discrete unit ) No speaker
[ [32874490 information
- | 91.56 33 ...

(target language)
\_ J

https://about.fb.com/news/2022/10/hokkien-ai-speech-translation/
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AudiolLM

Go gle Research Philosophy Research Areas Publications People Resources

BLOG >

AudiolLM: a Language Modeling Approach to Audio
Generation

THURSDAY, OCTOBER 06, 2022
Posted by Zalan Borsos, Research Software Engineer, and Neil Zeghidour, Research Scientist, Google Research

https://ai.googleblog.com/2022/10/audiolm-language-modeling-approach-to.html



Aud i o LM Borsos, Zalan, et al. "Audiolm: a language modeling approach
to audio generation." arXiv preprint arXiv:2209.03143 (2022).

o

KFDW“

- i

Semantic tokens (with w2v-BERT)

[linguistic content, intonation]

Textless NLP is only modeling the
semantic tokens!

NN B S8
Quantizer
Encoder Decoder
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\Gteip-> -/




AudiolLM

unit Speech Continuation
LM

Semantic Token

(Pseudo Text)
BEEes |
Quantizer 508 .Acoustlc Token EREN
Encoder Codec Codec

Encoder Decoder

~ ! \




AudiolLM

unit Speech Continuation
LM
Semantic Token f
(Pseudo Text) / \
EEES |
Quantizer 508 .Acoustlc Token EREN
Encoder Codec Codec
Encoder Decoder
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Codec Model

______________________________________________

o !
_________________________________ ~ !
2 @) @) '
O ® |
12438 ... 59— (712138 ... 67 — 911652/ .- 84 Quantized Tokens
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I} g— [ N (0] o =
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Residual Vector Quantization



codebook 1
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A3 A2 A6

/ Encoder \
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Most important _

Quantized units

Défossez, Alexandre, et al. "High fidelity neural audio compression." arXiv preprint arXiv:2210.13438 (2022).
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nl |

prompt | generated piano

prompt: generated speech

Speech Continuation Music Continuation

https://ai.googleblog.com/2022/10/audiolm-language-modeling-approach-to.html



Overview

Speech Foundation Models
Part 2

Speech
Large Language Models

1. Textless NLP
2. AudiolM
3. VALL-E




VALL-E

Personalized

Text-to-speech (TTS) Model Speech

VALL-E

A4 4
o

Phoneme Conversion

f

Text
Prompt

Text for synthesis

t

Audio Codec Decoder

A
[ )

S
Neural Codec Language Modeling
? fr—
SRR
Audio Codec Encoder

I

E Acoustic
Prompt

3 second prompt

{econd enrolled recordlngj )
speaker, acoustic coherent




NAR: attend to all tokens Coj €1 Crj
x Z. LJ(‘)—I ‘-J;_l ? T T
AN
NAR Transformer Decoder
gEyEEE f g 1 Pt (.
X C 1
"{)_II:I I:I |:| I:I G%P EnC?dec Co1j-1  C115-1 e CT1:j-1 :
- NAR D j
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Allow attend  Disallow attend

Conditional Codec Language Modeling

Figure 3: The structure of the conditional codec language modeling, which is built in a hierarchical
manner. In practice, the NAR decoder will be called seven times to generate codes in seven quantizers.



VALL-E

® Beat state-of-the-art TTS system model WER  SPK
e Speaker similarity is high grounlilTrutSh - 22 0754
T : peech-to-Speech Systems
* ma!nta!n emotlo.n : GSLM 124  0.126
® maintain acoustic environment AudioL M* 6.0 i
- TTS Systems
Al YourTTS 7.7 0.337
VALL-E Audio Codec Decoder VALL-E 59 0.580
EEEEEEER VALL-E-continual 3.8  0.508
Neural Codec Language Modeling
S
f T
& o

Text for synthesis 3-second enrolled recording httpS://Va||e-dem0.github.i0/
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@ OpenAl Researchv  Productv Developersv Safety Company v Search

Introducing Whisper

s

https://openai.com/research/whisper



ultitask training data (680k hours)

English transcription
‘ “Ask not what your country can do for --"

D Ask not what your country can do for -

Any-to-English speech translation
‘ “El répido zorro marrén salta sobre --.”

D The quick brown fox jumps over -
Non-English transcription

& oo o0 22 LRI LB YD

7 oo 20 g2t aich= e 42 Yo ge -

rlo

No speech

(D (background music playing)

[T o

e 680,000 hours labeled data

e Multitask learning

Whisper

Sequence-to-sequence learning

EN T;Q.’;i 0.0 | The |quick brown| ..

f N

MLP
I
— 4
Transformer =)
Encoder Blocks
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— J
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Positional D
Encoding A

Log-Mel Spectrogram

cross attention
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prediction
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cross attention
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Tokens in Multitask Training Format
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Transformer
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Whisper Multitasking

Language identification

Speech recognition
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TRANSLATE

J

NO |

.

This i1s a book.

Speech translation

END

SPEECH J

Voice activity detection



Multilingual Speech Recognition Dataset Components Translation

Multilingual Speech X to English
Recognition Translation
(~120,000 hours) (~120, 000 hours)
Chinese Korean

German Chinese

Spanish Japanese

English

Speech Recognition

(~440,000 hours)

kmen
10K 1K 100 10 a 0.1 10 100 1K 10K
Hours of audio Hours of audio
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Search or jump to... Pull requests Issues Codespaces Marketplace

& openai/whisper  Public

<> Code

E_Y

%

|
in
B
Ea
B
(i
B
(i
B

19 Pullrequests 19 G Discussions () Actions

@ Security |~ Insights

main ~ ¥ 5Sbranches © 6tags Go to file

funboarder13920 fix condition_on_previous_text (#1224)

.github/workflows Python 3.11 (#1171)

data initial commit

notebooks Use ndimage.median_filter instead of signal.medfilter (#812)

tests Fix truncated words list when the replacement character is decode...
whisper fix condition_on_previous_text (#1224)

.flake8 apply formatting with black (#1038)

.gitattributes fix github language stats getting dominated by jupyter notebook (...
.gitignore initial commit

CHANGELOG.md Release 20230314

v 248becb last week © 11

Explore

® Watch 338

Whisper is open sourced!

- % Fork 4k v Starred 35.9k -

Add file ~ P About

import whisper
model = whisper.load_model("base")
# load audio and pad/trim it to fit 30 seconds

audio = whisper.load_audio("audio.mp3")
audio = whisper.pad_or_trim(audio)

# make log-Mel spectrogram and move to the same device as the model
mel = whisper.log _mel_spectrogram(audio).to(model.device)

# detect the spoken language

_, probs = model.detect_language(mel)

print(f"Detected language: {max(probs, key=probs.get)}")
# decode the audio

options = whisper.DecodingOptions()

result = whisper.decode(model, mel, options)

# print the recognized text
print(result.text)




USM: Universal Speech Model

® Pre-train: 12M hours / 300 languages
e Fine-tune: 1/7 of the dataset used in Whisper

language 1000 languages

e ) y b
BEST-RQ + Text-injection + RNN-T - Low Resource
ConfomerEncodar BEST-RQ + CTC - Long-form

L 3 L Supervised ASR loss ) LAS - Short-form and Speech Translation
s R ~ B

Unsupervised Pre-training Multi-Objective Supervised Pre-Training [ n-domain Fmet—r';unrgzgcvél;fh eespeene 1
& 4 S J
_———

Unsupervised Audio from High/Mid resource Unsupervised Task specific paired data

hundreds of languages, ~10M hrs supervised data Text data 28B
100h to 10k per sentences in over




On Speech input

K MLM loss over multiple \

codewords

index

( 3487..645 |

( 89721.23 |

([ 423714..4981 |
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t

Shared Encoder
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1
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Tokenization

On paired input

RNN-T Reconstruction
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T
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i
[ Shared Encoder ]
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Loss. : X
Speech embedding Text encoder
| Refiner ]
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On text input

RNN-T Reconstruction
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[ Text decoder ]

i
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Task Multilingual Long-form ASR Multidomain en-US  Multilingual ASR

Dataset YouTube CORAAL SpeechStew FLEURS

Langauges en-US 18 73 en-US en-US 62 102
Prior Work (single model)

Whisper-longform 17.7 27.8 - 23.9 12.8

Whisper-shortform! < - - 13.2¢ 11.5 36.6 -
Our Work (single model)

USM-LAS 144 19.0 298 11.2 10.5 12.5 -

USM-CTC 1307 187 267 12.1 10.8 15:5 -

e Fine-tune: 1/7 of the dataset used in Whisper
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Conclusion

Self-supervised Speech Models as feature extractor
Speech Large Language Model - Generative Al
Quantization is very important

How to efficiently use these speech foundation models?

(not covered today)
a. prompting
b. adapters



