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Multimodal LLMs: speech

LLMs can now deal with text, images, video and speech!

@ OpenAl Whisper

canary-1b-v2

Go gle Gemlnl 2.5 Pro

Microsoft PH|-4 2 Mev.\Fac\]Qvec 2.0




Common Speech tasks

Automatic Speech Recognition (ASR):

Speech In, text out

Text-to-Speech (TTS/Speech Synthesis): Text in, speech out

Voice Morphing: Speech in, speech out

Automatic Speech Translation: Speec

N 1N, speech out

Language ID: Speech in, language name out

Speaker ID: Speech in, speaker name out

Diarization: Speech in, a script (who talked when) out
Voice Activity Detection: audio in, output: speech regions




Automatic Speech Recognition

The task: Map from a wavefile to a text string.

How do we do it; Transformers! Plus encoder-decoder!




Conversational speech is harder than you realize

/

&

A piece of an utterance A piece of an utterance
without context with context




Why are accents hard?

A word by itself The word In context




A metric for errors: Word Error Rate (WER)

Insertions + Substitutions + Deletions

Word Error Rate = 100 X% : :
Total Words 1n Correct Transcript

= (length-normalized) Minimum Edit Distance

Reference: Um | left this phone upstairs last night
Hypothesis: My sister her phone it stores less nine




We'll need a metric for errors:

Word Error Rate — 100 x Insertions + Substitutions + Deletions

Total Words 1n Correct Transcript

Use MInEditDist to compute best alignment of reference and
hypothesis, then count errors;

Reference: Um lleft this --- phone -- upstairs last night
Hypothesis: My -- --- sister her phone it stores less nine
Score S DD S | I S S S

WER =100Xx9/8 =112.5



We use WER despite many problems

Isn't semantically aware

»  Doesnt distinguish between function words (of, they, he, she) and
more important content words

Not necessarily comparable across languages (assumes a
shared notion of words)

Requires really careful text normalization detalls
»  Spelling conventions must be identical

«  Apostrophes for contractions like ‘can't’,

* Lots of non-standard words uh-huh/m-hmm/




Librispeech

Read speech from public domain audio books LibriVox
_atest version (Multilingual Librispeech) has
* 44,000 hours of English

* 6,000 hours of German, Dutch, French, Spanish, Italian,
Portuguese, and Polish.




Common Voice

Common Voice

Multilingual crowdsourced dataset

33,000 hours In 133 languages

Still read speech, but anyone can record utterances

Noisier than LibriSpeech
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FLEURS: Parallel speech and text in 100+ languages

Speech version of FloRes-101 benchmark

2009 sentences extracted from English Wikipedia and

translated into 101 other languages, with 3 read recordings
of each sentence

12 hours of speech per language.

zzzzzzzzzzzzzzz



https://arxiv.org/pdf/2205.12446

CHIME

Audio in difficult situations

CHIME 6: ASR of
conversational speech In
real home environments




Modern word error rates

English Tasks WER%
LibriSpeech audiobooks 960hour clean 1.4
LibriSpeech audiobooks 960hour other 2.6
Switchboard telephone conversations between strangers 5.8
CALLHOME telephone conversations between family 11
AMI meetings 11
Sociolinguistic interviews, CORAAL (AAE) 16.2

CHi1MESG6 dinner parties with distant microphones
Sample tasks in other languages
Common Voice 15 Vietnamese

Common Voice 15 Swahili
FLEURS Bengali

Chinese (Mandarin) Tasks
AISHELL-1 Mandarin read speech corpus
HKUST Mandarin Chinese telephone conversations




Automatic Speech Recognition

As we'll see, ASR still fails for many tasks and domains
* Nolsy speech
»  Multiple overlapping speakers
»  Low-resource languages
»  Some speakers (children, old people, people who stutter)

Can't fix what we don't understand!
» Understanding errors can help inform how to fix them

We should build speech technology that works well
for everyone!




Some basic ethics when working on speech technologies

¢

Don't record
someone without
their consent

In California, all parties to any
phone conversation (or any
live confidential conversation)
must give their consent to be
recorded.

Don't use
someone’s speech
data without
consent. Especially
with synthesis/
voice cloning

Pt

Do consider
subgroup and
language bias in
systems

Poor performance on
subgroups e.g. hon-native
speakers. Many languages are
under-served relative to
English/Mandarin.

It might be fun, but it's creepy.
People get upset.

Use existing speech datasets

Slide adapted from Andrew Maas, cs224S!
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Why phonetics?
Understanding phonetics and speech production helps with:

. Interpretability

. Glves us a language to describe system internal
representations

Debugging.
If you can't describe the error you can't measure it.

. Generality

-or multilinguality, helps to know the space of
nossible speech sounds.




ARPAbet

An alphabet for transcribing American English phones
Developed for early English-focused ASR research

that dh aet
Thad thaed
bead biyd

clack klaek
clock klaak
supper s ah p axr
SUPEer S uw p axr




ARPAbet

A simple subset of the ARPAbet

http.//web.stanford.edu/class/cs124/arpabetsmall.html

The CMU Pronouncing Dictionary
http.//www.speech.cs.cmu.edu/cqi-bin/cmudict



http://web.stanford.edu/class/cs124/arpabetsmall.html
http://www.speech.cs.cmu.edu/cgi-bin/cmudict
http://www.speech.cs.cmu.edu/cgi-bin/cmudict
http://www.speech.cs.cmu.edu/cgi-bin/cmudict

Practice

stage: steydzh
hacky: haekily
Jackie

haste:

plaid



Practice

stage: steydzh
hacky: haekily
Jackie: jae kly
haste: heyst
played : pleyd



—nglish Vowels in ARPADbet

b d ARPA b d ARPA

1 | bead Iy 9 bode oW
2 bid ih 10 booed uw
3 bayed ey 11  bud ah
4 bed eh 12 bird er
5 bad ae 13  bide ay
6 body aa 14  bowed aw
7 | (baud), board ao 15 Boyd oy
8 pudding uh

From the UC Berkeley phonetics lab and Andrew Maas's C5224S Wir




IPA - International Phonetic Alphabet

ARPAbet only has American

CONSONANTS (PULMONIC)

®®® 2020 IPA

Bilabial |Labiodental| Dental ' Alveolar Postalveolar Retroflex | Palatal Velar Uvular | Pharyngeal | Glottal
. — K ?
English phones! oD b td  idcjkgas
asal m 17) n . n, ' n IJ N
. . . Trill B i R
»  Not used in multi-lingual TN N A R Y S o N O
Fricati Vv S Z X B
systems | N N R A
Approx v I ‘f[' j Lq
What we use instead for i : Lo
Symbols to the right in a cell are voiced, to the left are voiceless. Shaded areas denote articulations judged impossible.
phone’uc anal_ys| g SONSCHANTE (SONFULMONE) vowts |
Clicks Voiced implosives Ejectives . l' s (.cntral Back
. . O Bilabial 6 Bilabial Examples: close A8 y . .u b
« Int t | Phonet |
n e r n a I O n a O n e I C | Dental (f Dental/alveolar p, Bilabial \ o 2
Al h b t. ! (Post)alveolar f Palatal t,, Dental/alveolar S € .¢ 3.9 ¥ eO
p a e ' :i: Palatoalveol chlar k, Velar 9
|| Alveolar | 1 d Uvul S, Alveolar fricative Opea-mid S.mi 3.87/& 9

»  http.//en.wikipedia.org/wiki/Inter .
national_Phonetic_Alphabet o as@——asp



http://en.wikipedia.org/wiki/International_Phonetic_Alphabet
http://en.wikipedia.org/wiki/International_Phonetic_Alphabet
http://en.wikipedia.org/wiki/International_Phonetic_Alphabet
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Articulatory Phonetics
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How speech sounds are
made by articulators
(biology in motion)




How speech Is madel

1. Air come up from from the lungs
2. Makes the vocal cords vibrate

3. Resulting pressure waves shaped by tongue, mouth, lips

Figure from Ignite Healthwise, LLC Staff




Vocal Fold Vibration

. Air comes up from lungs

« Forcesits way through vocal
cords, pushing open (2,3,4)

« This causes alr pressure Iin glottis
to fall:

- when gas runs through constricted
passage, its velocity increases (Venturi
tube effect)

o  thisincrease in velocity results in a
drop in pressure (Bernoulli principle)

. Because of drop Iin pressure,

vocal cords snap together again
(6-10)

. Single cycle: ~1/100 of a second

ULLA Hea




Warning: gross video on next slide




Vocal Folds

Thanks to SPS, the Society of Physics students https://www.youtube.com/watch?v=wYnPA7IXFIU




Voicing

The vocal cords vibrate for some sounds
« All vowels

» "voiced' consonants like d/b/g/z/dh/m/n
But not for others

- t/p/k/s/th/ft

Exercise:

»  hold your hand on your larynx and say:
°  SSSSSSSSS VS 7277777777777777




Sagittal View
of Vocal Tract

— Nasal cavity

Hard palate

v‘m' | __— Soft palate
‘_‘,":aaaaa
w. a >
4 Q@aaagaaa?

) Tongue

Epiglottis
— Pharynx
Vocal cord
Larynx
— Trachea

Figure from OpenStax University Physics CC BY 4.0



Consonants and Vowels

N4
™

Consonants:
sounds with

audible noise produced by a
constriction

Vowels:
sounds without

audible noise produced by
a constriction



Vowels and the Tongue

USC SAIL

tongue

beet [iy] bat [ae] boot [uw]




Stop consonant example 'p":
passage Is closed, then released

Closure: Lips close so no air
escapes through mouth

Release: Air pressure builds
up behind closure, explodes
when released

*p, kb dg

P P
closure release

CS224S




upper teeth |
,., ‘fupp
- ‘ .

/ t@’ﬁg s

lower teeth :i%wer

X-Ray of Ken Stevens, labels from Peter Ladefoged’ s web site




20t Century Vocal tract movie (high
speed x-ray)

Figure of Ken Stevens, from Peter Ladefoged's web site at UCLA




USC's SAIL Lab
Shri Narayanan

USC SPAN

Modern
MRI
Analysis




English

USC's Signal Analysis and Interpretation Lab, Shri Narayanan




Tamil

USC's Signal Analysis and Interpretation Lab, Shri Narayanan




Oral vs Nasal Sounds

\




The Art of Language
Invention

. Fun, informative book
that includes phonetics
and phonotactics

. David Peterson Talk at
Google

Language

Invention

From Horse-Lords 1o
Dark Elves to Sand
Worms, the Words
Behind World-Building
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The waveform: resonances of the vocal tract

The human vocal tract as an open tube

Y .

i . )

closed open

7.5 om

'y
Alir In a tube of a given length will tend to vibrate at the
resonance frequency of tube.

Figure from Ladefoged (1962) p 117




Sound Is compression waves of air particles

Image: Dan Russell (2011)




Sound Waves are Longitudinal Waves

longitubinal (left—right) particle displacement

Particle
Displacement

Pressure

O pressure
Image: Dan Russell
O (2011)




Speech sound waves

The shape of the mouth enhances some frequences and dampens others

A little piece from the waveform of the vowel [iy]

Jﬂ\/\ﬁ/\ﬂﬂ\\/\/\nh/\ﬂj\ﬂ/\m/\ﬁ/\ﬂ/\ﬂ
ARYA BT IRYA VA S VA G VA AN VACAR VAR VAY

0.02283

-0.01697

0 0.03875
Time (s

X axis: time.

Y axis: Amplitude = air pressure at that time
+. compression
0. normal air pressure,
-: rarefaction




She Just

sh Iy j ax S h ae dx| ax b ey b Iy

. Vowels vowels have voicing, regular peaks
. Stop consonants like "b" have closure followed
by release




The concept of a spectrum

Every complex wave can be represented as
a sum of sine waves of different frequencies

1

0 0.5
Time (s)

* One of 10 Hz (repeats 5 times in 0.5 seconds)
e One of 100 Hz




The concept of a spectrum

Every complex wave can be represented

as a sum of sine waves of different
frequencies

1

0°)
@

60-

0 05
S

Sound pressure level (dB/Hz)

N
o

 Oneof 10 Hz 2 5 10 20 50 100 200
e One of 100 Hz Frequency (Hz)

— 1




A wavfile frame and its spectrum

Part of the vowel ae in "had"”

0.04968

-0.05554

0 0.04275
Time (s)

N
o

level (dB/Hz)

—

0 1000 2000 3000 4000
Frequency (Hz)




Spectrogram: Spectrum + Time Dimension

400C

sh iy j ax S h ae ldx| ax b ey b iy

0 1.059

Sound pressure level (dB/Hz)

0 1000 2000 3000 4000
Frequency (Hz)




Summary steps : getting a frame of speech




Extracting a frame of speech

Window
25 ms

Shift ™ Window

ms | 25ms-|

.
-
-
-
-
-
-
-
-
-
-
-
-
_—

10
ms 25 ms




Windowing the frame




Mel-scale spectrum

Human hearing is not
equally sensitive to all
frequency bands

Less sensitive at higher
frequencies, > 1000 Hz

mels

.e. human perception
of frequency Is non-
linear:

0 2000 4000 6000 8000 1e+04
hertz




Mel Filter Bank Processing

. Mel Filter bank

Fine resolution at low frequencies
Less resolution at high frequencies

1

0.51

Amplitude

0

0w T 8K
NS Frequency (Hz) -

\‘ \\\ -
mel spectrum my T my My |

Mel-scale
energy




Mel Filter Bank Processing

. Mel Filter bank

. Fine resolution at low frequencies
. Less resolution at high frequencies

I
!

|

T i
t " '

é ZO-Pl M % {1{(4{{ 440
I 3
: =0 if ,
g‘z‘" W WWMW e i
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A convolutional layer

Passes a "kernel’ over the input to extract
features

Speech: 1 dimensional, slide kernel over signal
N time dimension

Images: 2 dimensional, slide kernel horizontally
and vertically over input




Basic assumptions

Input a sequence of vectors x, ... X;
Output a sequence of vectors z, . .. z; (same length t)

A kernel = small vector of weightsw, ... w,,

We'll convolve the kernel with the input
1. Flip the kernel left-to-right

2. Pass the kernel frame by frame (temporally) across the input
At each frame take dot product of kernel with input

3. The output is the resulting sequence of dot products




Basic assumptions

Input a sequence of vectors x, ... X;
Output a sequence of vectors z, . .. z; (same length t)

A kernel = small vector of weightsw, ... w,,
We'll convolve the kernel with the input

+—Hpthekerrettett—to-rght
2. Pass the kernel frame by frame (temporally) across the input
At each frame take dot product of kernel with input

3. The output is the resulting sequence of dot products




Intuition of convolution

What is convolution?

» Pass the kernel frame by frame (temporally)
across the input, at each frame taking dot product
with input

Convolution is finding regions in the signal
that are similar to the kernel

» The dot product is high when two vectors are
similar




Example

How to compute x * w.
* the convolution of

* asingle vector x
* with a kernel vector w of width (receptive field) k

Simplest case: Convolution with width-1 Rernel:

Zi=X;Wq Vj:l<j<t

(dot product is just scalar product)




input x[n]

kernel wlk]

output z[n]

[ I

______




input x[n]

kernel wlk]

output z[n]

—_—- - -




input x[n]

kernel wlk]

output z[n]

--------

—_—- - -

RIS RE
.

?

Z1 22 23 Zt



More complex example with a longer kernel

Convenient to have output length = input length

We pad the input by adding p zeros at the beginning and end
of the signal.

« We start the center of the kernel at the first element x1,

padding padding

S B P
e

input x[n]

X4




More complex example with a longer kernel

Convenient to define the kernel vector w as having an
odd number of elements of length k=2 p +1,

» center element has p elements on either side.

P

L — E :Xj+iWi+p

I=—p

*Z;- dot product of x[j-p:j+p+1]w

« So for a kernel w of a rece

otive fie

ith wl 0 :2p+1]

dof3, p-=1



——————————————

input x[n]

kernel wik] T T &
:W N | Z; = Z Xi+iWitp
O$k"1 i=—p
1
7. = z Xiyt1W;
output z[n] T : i=——1 -

Z1 Z2 23




——————————————

kernel w[K] I ! T p

Wo  Wk-1 Zj = § :Xj+iWi+p
¢
® 1
7 Z; = Z Xi+2Wi+2
output z[n] L

Z1 22 23




______________

input x[N]

kernel wlk] T ? T p

Wo Wk Zj = Z Xj+iWitp
¢
® 1
A— X oW
output z[n] T | 3 .Zl 1+3"Wi1+3
[=—




Convolution in Whisper

Receptive field is
3, SO kernel Is
compared to 3

frames of speech ~Window

25 ms

Shft T Window |

ms | 25ms-
| Shift = \Window

-
. -
-
-—-
. -
e
-

10
ms 25 ms

Whisper frame is 25 ms of speech, separated by
10 ms stride

So each kernel extracts 45 ms of speech




Input Is not one number per frame!

Conv layer input has 128 input channels, eachx®

» Each of the 128 values from the 128 log mel filters in
spectrum.

»  Kernel has separate vector for each of these input
channels

»  Kernel has depth 128
The convolution sums over those 128 dot products

Ci
Z = E x© x W
c=1




Output is 1024-dim embedding per frame

Convnet has 1024 output channels

dim 1024
1024
output
dimension dim 35 .
channels
dim 1 Vs
/ z, time—>
>
kernel 35 12
128
Depth ... 2
128
2 1
1 ot prgdugt
Width 3 wijth
kerpel 35
128 [ 1/
128 |
log mel
input 2 ’ /
channels
1 |
time—™>
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Many architectures for ASR

Encoder-decoder
Self-supervised + CTC

Speech encoder bolted onto LLM
backend




The Encoder-Decoder architecture for speech

Ouput: sequence of BPE tokens (or letters

Y1 Yo Y3 Y4 Y5 Yg Y7 Yg Yo Ym
It s time

<s>i t s t I m

Shorter sequence X X4 . X

. X
| |
/ Subsampling \
*

80-dimensional i ;
log Mel spectrum ' I’c
|

per frame
Feature Computation

f

Input: sequence of acoustic vectors X = X1, X2, X3..., Xt for each 10ms frames




Whlsper EN |‘Cres | 0.0 | The |quick brown

next-token
Radford, Alec, Jong Wook Kim, Tao Xu, Greg prediction
Brockman, Christine McLeavey, and Ilya 4 [ s ] D )
Sutskever. "Robust speech recognition via ~ |
large-scale weak supervision." ICML 2022 L__MF ) | L crossafienfion ]
[ selfattention | |  selfattention |
: : - = J
o |
e :
Q |
Transformer 4 R b= ' D\
Encoder Blocks ( MLP ) * [ MLP ) . Transformer
( self attention ] 8 (cross aftenfion ) Decoder Blocks
L ) 55—
(" ) [ selfattention |
( MLP J (. J
— 4 N\
[ self attention | ( MLP ]
- —F" Y, —
Sinusoidal | cross attention |
Positional @ [ self attention |
Encoding - J
L
/" 2xConviD + GELU "\ % 5 oe;trg?\il
Encoding
> SOT | EN [Xh 0.0 | The |quick| «..

Log-Mel Spectrogram Tokens in Multitask Training Format




Three architectures for large language models

Decoders Encoders Encoder-decoders
GPT, Claude, BERT family, Flan-T5, Whisper
Llama UBER']

Mixtral




What Is an encoder-decoder?

Enc-dec is useful when the input and output sequences
are very different

» different in length
 different in vocabulary
Written words are on average 1.3 tokens (BPE)

Spoken words 250 milliseconds = 25 frames of 10 ms
* SO speech can be 19 times longer (-25/1.3) than text




Whisper is a encoder-decoder transformer model

Text encoder-decoder

transformer for translation

Qutput
Probabilities
Linear
( )
Add & Norm
Feed
Forward
e \ Add & Norm
_ .
SR Multi-Head
Feed Attention
Forward 7 7 7 N x
—
Nix Add & Norm
,—»l Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
L T At
\_ J . _J)
Positional D & Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Whisper speech encoder-
decoder transformer

Sequence-to-sequence learning

EN

TRANS-
CRIBE

0.0 | The |quick

brown| ...

4 2\
MLP
self attention
\ —_— J
|l
1
Transformer Ve B\

Encoder Blocks

\ J
p- B
l MLP
self attention
. @ P
Sinusoidal A
Positional 1: b »(D
Encoding A

2 x ConviD + GELU

e

Log-Mel Spectrogram

=

cross attention

next-token
prediction

MLP
self attention

.
1

p

=

__self attention
\ /

~

Y

e D
——

cross attention

L self attention
4

-

A
g
A

SOT

EN

TRANS-
criee IRCIORIRThe

Tokens in Multitask Training Format

Transformer
Decoder Blocks

Learned
Positional
Encoding

quick| « .



Whisper encoder

r
| MLP J
[ | s:elf attLentio? | J

Transformer i )
Encoder Blocks | MLP J
| Csraenen )|+ Pass through transformer
f ( MLP ) ) blocks
| selfatéention |
. | - : o
Snusoidat @ « Add position embeddings
Encoding

» Pass through conv nets to extract
/ 2 x ConviD + GELU
features, downsample to every 20 ms
* Run a128-channel Mel
spectrogram, every 10 ms

Log -Mel Spectrogram




Output of Whisper encoder
The language modeling head

The output of the last block is an embedding
We need to instead get a distribution over tokens.

We multiple by a matrix that turns an embedding [1x1280]
into the vocabulary dimension [1 X 50,000]

Then we do softmax over that vector to get probabilities

EN 'S5e | 0.0 | The |quickbrown| ...

next-token
prediction
g N )
( MLP ]

|  cross attention |

|  selfattention |

N | J
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Whisper: Cross-attention in
the Encoder-Decoder
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Reminder of attention




Attention:

d;

c O

Q0 P 0

5 = n 5

0p)]

Layer k+1 o 4 ©W O O ®© O
e T = R A~ N SR

= U ©W O b 4 9

self-attention distribution

()
0p
0 -
Layer k 0 T ©
) O 0, © @)
S M G O () N
EH O +H S Q -

X1 x2 x3 x4 x5 x6 x7 xi

o;;j = softmax( X; - X)

was

was

TOO

tired



An Actual Attention Head: slightly more
complicated

High-level idea: instead of using vectors (like x; and x,)
directly, we'll represent 3 separate roles each vector x; plays:

query: As the current element being compared to the
preceding inputs.

key: as a preceding input that is being compared to the
current element to determine a similarity

value: a value of a preceding element that gets weighted
and summed



Attention intuition

c
Q )
% ~ D)
Layer k+1 o 3 8§ 5
G G - .
= O © O

self-attention distribution

B
Layer k 0
Q O O
e - -
i @) O
X1 x2 x3 x4 Xx

values

the

U1 the

c%MﬁKH

road
because

road
because

)
-

X6 x7 Xxi

was

was

(i eJe)

TOO

tired

tired



Attention: a;j = softmax( ;) V

Q
é:) I 0 ]Sl
S = oo 5 o 2
Layer k+1 ©» 4 © 06 o © O n o &
e e - “ G O Q ™ @) -
H O T O P 4 Q z D Y
self-attention distribution querg
Q
o 5 -
Layer k a0 T © 0
Q O O Q © O 0 O -
e — “ G @) Q ) O O -
i O O . S~ QO - = ) )
X1 X2 X3 x4 x5 x6 x7 Xxi
Veegs K1 k] k] Tkl [k [kl Tk ER

\/aLl/LCS \' \' \' \' \' \' Vv \'




How do we get 3 vectors q,, k;, v, for each x;?

We'll use matrices to project each vector x; into a
representation of its role as query, key, value:

* query: W2
¢ key: WK
* value: WV

q; =x;WY ki =xWK; v, =x,W"Y




Final equations for one attention head

— v W . wWK. v — v. WV
q; = x;W™; k; W™, v =x;W

q; - k;

/ dk we also normalize the dob Produ&&

score(X;, X ;)

0l softmax (score(x;,x;)) Vj <i

E OCijVj

J<1

d;




Parallelizing computation using X

We can pack the N tokens of the input sequence into
a single matrix X of size [N x d].
* Each row of X is the embedding of one token of the input.

* X can have 1K-32K rows, each of the dimensionality of the
embedding d (the model dimension)




Attention:

o = softmaX(VjSi
Vi
d; — ZOC,’jVj

J<1

Q = XW?. K=XWK: v =xwV

Thanks

for

all

the

fish

vl

v3

v4

v5

] = = =
e &1 61 6 B)-
@ A AN N N\ /



QKT

We can do a single matrix multiply to combine Q and KT’

ql-k1

ql-k2

ql-k3

ql-k4

q2-k1

q2-k2

q2:-k3

q2:k4

q3-k1

q3-k2

q3-k3

q3-k4

q4-k1

q4-k2

q4-k3

q4-k4

N




mask

I
12|
1

e

dkxN

ql-k1

qi-k3

ql-k4

q2-k1

q2:k3

q2:k4

q3-k1

g3-k3

q3-k4

q4-k1

q4°-k3

q4-k4

NxN




mask

q2

q3

q4

— Nxdk

K" QKT
2 8 & 2R | = |q1-k1|q1°k2|q1'k3|q1-k4
q2-k1|g2-k2 (q2-k3|q2-k4
q3-k1|q3-k2|q3-k3|q3-k4
dxN q4-k1|q4-k2|qd-k3|qa-ka
NxN

vi

v2

v3

v4

N xd

ai

a2

a3

a4
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Parallelizing attention

* Scale the scores, take the softmax, and then

multiply the result by V resulting in a matrix of
shape N x d
* An attention vector for each input token

.
A = softmax (mask ((\J/Z_k )) V




A regular transformer block
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Reminder. Whisper
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A encoder-decoder decoder-side block with
cross-attention
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Whisper encoder/decoder components
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Cross-attention

Attention in a decoder (or encoder) builds up a new
representation at layer | from layer |-1

- By attending to all the other tokens in |-1
Cross-attention in a decoder builds up a new
representation at layer [ from layer -1

- By attending to the encoder output + other tokens
in [-1)




Whisper encoder/decoder components
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Cross-attention equations

The output of encoder is Hgpe = h;....h,,  of shape [n x df

Cross attention takes the query from the decoder

Q= Hdecll— ]WQ
But the key and value from the encoder:

K= Hench; V — HencWV

So "attend to the speech input informed by the text
representation from my previous layer’

Multiplies them all together to get the attention value

KT
CrossAttention(Q,K,V) = softmax (Q ) Vv
vV di



Whisper: Cross-attention in
the Encoder-Decoder

Speech
Models
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Whisper training: Loss function

Standard language-modeling loss:

LCE ~ —logp(yl- | Y1o -+ Yi-1 X)

The probability of the next token y. given all the previous
tokens and the acoustic input X




Whisper traini

680,000 hours of mu
* |ncluding 118,000

ng: Data

tilingual and mu

nours from 96 ot

titask supervision

ner languages.

All the data is audio paired with a transcript
Scraped from the web, with lots of filtering

Broken into chunks:

* 30 second audio, paired with transcript of words



~

Multitask training data (680k hours)

Actually, It's
multitask training setup

English transcription
k “Ask not what your country can do for ---”

,_\? Ask not what your country can do for -

Any-to-English speech translation
k “El rapido zorro marron salta sobre ---”

3 The quick brown fox jumps over -

Non-English transcription
& ol o0 22 L2ictE R 2L

L= 4 ©
sl 2

7 oo 9o 22 oY HEL g0 He ..

No speech
(}@ (background music playing)

B




Multitask training data (680k hours)

English transcription
& “Ask not what your country can do for ---”
Ask not what your country can do for -

Any-to-English speech translation
* “El rapido zorro marrén salta sobre ---”

The quick brown fox jumps over ---

Non-English transcription

No speech

A\ O'l |

— 1

flof S22t He{tt2d 2L §0 &2 -

o1y (o S2f LHHCIEH HFL Ha JH2 ..

(}@ (background music playing)

El

Sequence-to-sequence learning
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Tokens in Multitask Training Format
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Whisper (Multitask Training)

Language X=X . o
identification Transcription Time-aligned transcription
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Custom vocabulary / Voice activity % X — English Text-only transcription
prompting detection i Translation (allows dataset-specific fine-tuning)
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Whisper: task tags

Language X=X . o
identification Transcription Time-aligned transcription

e
T i ( N
™\ . . 2\
HeuEels b_egln text tokens gnd Eas bggln text tokens gnd
TAG time time time time |
PREV provious START ¢
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§
NO T A
CAPTIONS [ESNCLAIE TIMESTAMPSH text tokens
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EOT

i T L J |

o

Custom vocabulary / Voice activity % X — English Text-only transcription
prompting detection i Translation (allows dataset-specific fine-tuning)

(VAD)

[ special tokens ][ text tokens ][timestamp tokens]
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Whisper: Conclusion

Speech
Models




Speech recognition!

» Transformers work for speech as well as text!

» Speech transcription performance is good
enough to be useful in many practical
situations

* Huge improvements in technology in 10
years.




SO0 Is speech recognition solved?




Not yet. Whisper is much worse than
humans on slightly noisy speech

Supervised LibriSpeech models
Zero-shot Whisper models
Zero-shot Human (Alec)

- ldeal robustness (y = x)

-
————
———
—
-
-
-
-
-

Average WER on [Common Voice, CHIME-6, TED-LIUM] (%)

0 1 2 3 4 5 6 7 8
WER on LibriSpeech dev-clean (%)




And even worse on very noisy speech

Ground truth: "Allez, allez, allez, Whisper (Transcription): Allez, il vay

alleeeeez... Martinez! Qui vient de aller, ilvay aller, il vay aller, il vay

> - aller, |.vaya..er,!.vaya__er |_vay

saqver’.... Face a Randal Kolo Mulam. aller il va v aller. il va v aller il va v

Mais c'est fou ! Et ca repart de l'autre aller, il va y aller, il vay aller, ilvay

cote, et carepart de l'autre cote ! aller, ilvayaller, ilvayaller ilvay

aller, Il va Yy atler, I Va 'y aller, Il va )

aller, Il va Yy atler, I Va 'y aller, Il va )

O OIS Rt Iy, aller, ilva y aller, ilvay aller, ilvay
s 7 aller, Il va Y ater, itva 'y atler........

a0 FIFASTORE : tficial Merchandise

Whisper (Translation): Come on, come
on, come on, come on, come on, come
on, come on, come on, come on, come
on, come on, come on, come on, come
on, come on, come on, come on, come
on, come on, come on, come on, come
on, come on, come on, come on, come
on, come on, come on, come on,,............

Example from Tolulope Ogunremi



And only works on languages with enough data

Transcription performance on FLEURS dataset
(lower is better)

WER below 10 if 1000
hours of training data
(English, Spanish, French,
German, etc.)

40 -

i Low resource languages
(top left) have a WER

above 100 (Burmese, Lao,
Tajik)

Word Error Rate (WER)
N
o

=
o
1

@ igh WER for Chinese

r’ = 0.84

2-5 I 1 1 I I 1 1
0.1 1 10 100 1K 10K 100K 1M

Hours of transcribed audio




Speech recognition!

» ASR performance good enough to be useful
IN Many practical situations

» Huge improvements over last 10 years.

. But still fails on many tasks and domains

Noisy speech
»  Multiple overlapping speakers
»  Low-resource languages

»  Some speakers (children, old people, people who
stutter)




Whisper

Speech

Models




